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Abstract

The scope of this thesis work is motivated by implementation challenges of designing low-
power analog circuits for front-end amplifiers and area-efficient spike detector for neural
recording microsystems. The key challenge in the design of neural amplifier is large input
DC offsets associated with the electrodes. Neural signals superimposed on these offsets
saturates the amplifier’s front-end. One of the solution is to improve input linear range
in order to accommodate offset voltages of up to few tens of mV. First part of the thesis
proposes a sub-theshold OTA topology for the development of a nano-power local field
potential (LFP) recording amplifier with a high dynamic range specification. This work
also addresses the design criteria of power dissipation, area consumption, and the noise

performance.

The second part of the thesis presents a low-power neural recording front-end amplifier
with a band programmability feature for separation of extra-cellular neural spike and LFP
signal. This allows for the preconditioning of neural signals for delivery to subsequent
spike detection system. An improved version of neural recording amplifier configured as
LFP amplifier is also presented. The amplifier design focusses on minimizing low cut-off
frequency for filtering out large DC offset and low frequency noise. The performance of
amplifier is validated by implementing the LFP recording amplifier integrated circuit in
a commercially available 1.5 V 180 nm CMOS process. The measured results shows the
amplifier to be programmable for different mid-band gains while achieving a sub—10 mHz

cut-off frequency for low noise neural data processing.

Third part of this thesis proposes a novel spike detection algorithm capable of estimating
the instantaneous neural background noise. The objective is to develop a robust spike
detection system which yields a reliable performance under rapid variations of spike am-
plitude and firing rates. We describe an area efficient, low power subthreshold analog spike

detector circuit capable of adaptively discriminating neural spikes from background noise
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in real-time. The circuit implementation focusses on achieving an optimal performance
in terms of energy-efficiency and compactness. Simulations are conducted which estab-
lishes the robustness of the proposed technique in terms of detection performance when
compared to state-of-the-art. The algorithm implemented in analog CMOS circuit leads
to a low power consumption and occupies an area that fits well into a size of acceptable

standards.

The major contributions of this thesis are as follows:

Linearity improvement in a 1 V transconductor with a nonlinearity error of less than

0.5 % for the differential input signals of up to 1.2 V (peak-to-peak)

e A 0.8 V single-ended LFP amplifier with a THD of 1%@20.2 mV,,, having layout area

of 0.098 mm? while consuming 68.4 nW of power.

A 1.5 V programmable neural recording amplifier configured for LFP with a cut-off
frequency of 3 mHz having layout area of 0.086 mm? and power dissipation of less

then 10 pW.

e A 0.8 V automatic real-time spike detector with an adaptive threshold estimation

with power dissipation of 4.2 W and a layout area of 0.016 mm?.

Keywords: Linearity, operational transconductance amplifier, Dynamic range, Action
potential, Local field potential, ultra-low power circuit design, neural amplifier, weak inver-
sion, Spike detection, nonlinear energy operator, Extracellular neuronal recordings, Spike

train, Threshold selection.
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1. Introduction

1.1 Introduction to Neural Signal Acquisition

In recent decades, a considerable research effort has been put into developing an implantable neural
recording front-end system yet several challenges remain due to severe design constraints on power
and area efficiency. The simulations on the brain functionality leads to more sophisticated methods for
testing new technologies like drugs and neural implants. Over the last couple of years, neural implants
have become more significant in understanding human brain and in treating and monitoring various
neurological disorders. The implanted system should be able to record the neural activities at a high
spatial and temporal resolution for accurate and efficient processing of neural information. Brain-
machine interface (BMI) are devices that decode neural activity to provide control signals for external
devices, computers or neural prostheses. It enables communication between the human brain and a
machine with an ultimate goal of restoring full motor function for people suffering from conditions
such as spinal cord injuries or loss of limbs. One of the most important part of brain-machine interface
is the development of fully implantable micro-electrode arrays (MEAs) for monitoring extracellular
neural activities. Nordhausen [2] used high-density microelectrode array featuring a sensing area of
4 x 4 mm? that can record up to 100 extracellular neural signals simultaneously. The MEAs are
ideally implanted underneath the skull, reads out bio-potential signals from the brain and transmits
them via a wireless telemetry to a receiver outside the skull. It allows neuro-scientists to monitor and
manipulate neural activity and enables the control of neuro-prosthetic devices such as robotic arms.

Acquisition and processing of these bio-potential signals are an important task in biomedical sys-
tems. Action potentials (AP), or ”spikes”, generated electrochemically by individual neurons are the
fundamental neuronal measure for neurobiological experiments. These electrophysiological activities
are recorded by placing an electrode in proximity (~10 pm away) of an active neuron. Such voltages
are generated in the extra-cellular space in the current field outside the cell. Extra-cellular action
potentials look very much similar to the action potentials that are recorded intracellularly, but the
signals are much smaller (typically about 100 V). For recording single-unit neural activity, the tip of a
single electrode must be small enough to be able to resolve the size of a neuron (< 50 pm) [3]. Further,
for capturing an action potential with a high signal-to-noise ratio, it should be able to attenuate weak
signals emanating from nearby neurons especially in a densely populated neural environment (neural
somas of 5—15 pum diameter) [4]. A sharp-tipped micro-electrode of 50 pum has been reported [2]

that is capable of isolating these single units increasing signal-to-noise ratio of the recorded neural
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responses. The micro-electrode recording surface of 100 um diameter may cover an approximate spher-
ical distance of 50—350 pm [5]. BMIs utilize these electrodes to record extra-cellular activities in order
to control prosthetic devices with many degrees of freedom [6]. Temporal occurrences of spikes are
known to represent important information which allow BMIs to decode neural recordings into control
commands [7]. Neural recordings contain both the spikes and the background noise. In chronic neural
recordings, signal-to-noise ratio may vary drastically [8]. A technique usually employed is a spike
detection method to distinguish spikes from background noise. Spike detectors also reduce the data
rates which reduces bandwidth requirement for ADCs and bio-telemetry applications. Spikes are very
low in amplitude and contain large spectrum of neural information therefore these signals need to be
preconditioned before any further processing.

Adding on-chip CMOS circuitry to the passive micro-probe improves overall signal quality and
permits single-unit recording at a higher spatial resolution [9,10]. Therefore, it is desired to realize
neural front-end interface for signal acquisition. Fully-integrated signal acquisition systems typically
include a low noise amplifier for amplification of weak neural signal, a band-limiting filter to filter
either the spike or LFP bands for signal conditioning, a analog sample-and-hold and an ADC or
spike detector for signal processing on the same substrate as recording electrode. These designs have
relied heavily on analog techniques to implement front-end interface which mainly includes the neural
amplifier and bandpass filter [11,12]. The requirements on the design of such an interface are extremely

stringent, especially with respect to noise, integration area, and power consumption.

1.2 Analog Front-end Interface (AFE)

To realize an implantable neural data acquisition system with low-power wireless system and high-
speed data transfer, a feasible solution is to integrate analog front-end circuitry with micro electrodes
which can perform telemetry on bio-potential signals to a remote computer. Analog front-end circuits
for measuring bio-potential signal are implemented in CMOS technology using integrated circuit (IC)
since it offers low current consumption and dense integration. However, the nature of bio-potential
signal and the electrode-tissue interface poses several circuit design challenges on the front-end micro-
electronics. Weak neural signal measured by each electrode must be boosted first before passing signal
to data compression circuitry. Evidently, the signal processing block must be preceded by a neural

recording amplifier in the front-end.
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The amplified signal are transferred for further signal processing where they are converted to digital
domain in the signal processing block. The temporal feature of neural signal such as time instants
of spike occurrence encode important neural information [7,13] which is critical in interpreting motor
commands for BMI applications. Since the spike occurrence is sparse with firing rates typically between
10—100 Hz [11], data rate can be reduced by transmitting only the AP waveforms and their respective
time stamps. This compression of data is essential for integrated neural recording devices since it
decreases the data rate that must be handled by the subsequent low-power digital circuitry (data
converters) and permits increase in number of channels. Data compression is performed with the help
of spike detectors. A high performing spike detection system should be able to distinguish spikes from
the background noise. Correct detection of spikes largely depends up on the quality of extra-cellular
recording which ultimately depends on amplitudes of spikes relative to the background noise.

Figure 1.1 shows a typical architecture of a neural recording microsystem for a single channel.
It consists of three major blocks: (1) a low noise amplifier, (2) a band-pass filter, and (3) a signal
processing unit. Low noise amplifiers (LNA) are directly interfacing with the electrodes. The neural
signal in LNA is sensed differentially with respect to a reference electrode. The amplified signal is band-
pass filtered which defines upper and lower cut-off frequencies. The signal processing unit typically
consists of spike detector for achieving some level of data compression and subsequent reduction in

bandwidth requirement. Later on, the amplified and digitized data is relayed via a wireless telemetry

unit.
Signal ~—
e egtrode o— Fast AD Signal Processing
LNA BPF 2aOStKS/ Cl. & RF
Izleégtrrecl)ﬁgg + ( S Data Reduction Transmitter

Figure 1.1: A generic block representation of a single-channel neural recording microsystem.

We report a novel data reduction technique and discuss hardware efficient architecture for im-
plementing spike detection in real-time. This research work focusses on the design aspects of neural

recording front-end integrated circuit capable of acquiring neural activity over large number of chan-
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nels. We also describe low-power analog circuits that can be applied to many brain-machine interfaces.
1.2.1 Design Challenges of Data Management

A rapid development of highly integrated multi-channel recordings enables monitoring from hun-
dreds to thousands of neurons simultaneously. The raw data rates with these many numbers of
recording units are prohibitive in high volume. In addition, these systems have severe size and power
constraints which are limited in the amount and computation complexity of information that can be
processed [14]. A data reduction technique should be applied before transmitting neural recording over
a wireless channel [11,15]. Since neuronal spikes contain the relevant information therefore only spike
events needs to be communicated instead of entire raw data. With the spike firing rate of 50 times
per second and taking the spike duration to be 2 ms, a data rate reduction of only 10 times can be
achieved. Data can be further reduced by indication of only the presence or absence of neuronal firing
activity. Data transfer rates and power consumption can be reduced with different data management
approaches in neural recording microsystems.

In these schemes, on-chip circuitry performs the identification and the extraction of the incoming
neural waveforms, so that the system only focuses on active portions of recorded signal. Detection
of the presence of the spikes is demonstrated in [16]. A simple scheme which consists of defining an
amplitude threshold for locating the spikes in real time have been demonstrated [17,18]. Another data
compression approach employing wavelet transform is suggested in [19]. Other data reduction methods
consists of the software based spike sorting algorithms which indicate mere presence of spikes [20]. In a
very recent work on data compression, spike detection through amplitude thresholding is implemented
in analog domain. The energy and area-efficient successive approximation ADC is implemented and
converts only the detected spikes, decreasing the power dissipation and the amount of neural data
[21]. Another publication on spike sorting performs conditional spike detection, alignment, adaptive
feature extraction, and online clustering with sorting threshold self-tuning capability [22]. Various
data reduction schemes can be broadly classified into three types of approaches depicted in Figure
1.2. A pre-amplifier (LNA) stage is essentially used in all cases for amplifying pV level signal from

the electrodes.

(i) Approach A: sample and quantize the raw data and only transmit a clip of the waveform around

the spike (few approaches send features needed for spike sorting);
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Spike

Detection

Y

Spike

Detection

Figure 1.2: Block diagram for three degrees of data reduction.

(ii) Approach B: sample and quantize the raw data using conventional techniques;
(iii) Approach C: only transmit the spike times.

The reduction techniques of approach A offers a moderate data reduction and is performed in the
digital domain alongside approach B. The processing blocks in approach A can also be interchanged
by parsing of data around spike first and then digitize the information. In approach B the wideband
amplified neural signal directly passes through ADC and is a most straight forward technique for
digitization. These neural recording systems typically use sampling rates of 30 kS/s with resolution
of 15 bits producing data rates of over 45 Mb/s from a 100-electrode array [23]. Transmitting data
at such high rates over a wireless transcutaneous link requires more bandwidth and power which is
not feasible in a small-sized, implanted system. Approach C of spike detection offers highest data
reduction and is mostly performed in the analog domain, which we adopt in our present work. Analog
spike detection is considered as more power-efficient since the ADC would only need to run when there
are spikes, whereas in digital detection the ADC must constantly be running, since detection occurs
only after sampling.

When a neural information is processed in implantable systems, the primary objective is to establish
the real-time continuous streaming data across brain-machine interface while preserving variable wave
shape features so that the extracted bio-potential can be further utilized in subsequent processing steps.
For example, the time of occurrence, the maximum amplitude value, and the minimum amplitude

value are some of the essential waveform features that are important information in order to associate
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a biopotential signal with a specific neuron. For this reason, amplitude thresholding is specially
attractive for performing real-time detection due to its relative simplicity and implementation cost.
Therefore, in approach C, spike detection can be done by simple thresholding and, due to the limited
duration of the action potentials, transmitting data recorded for a few milliseconds combined with a
time-stamp is sufficient. This form of spike detection scheme can achieve ultimate data compression
for neural recordings, where only spike times or binned spike counts are transmitted [24].

It is customary to perform data management after the signal is passed through a neural amplifier
so as to amplify the signal for minimum detectable amplitude and to make detection less sensitive to
the background noise. Since the detection performance depend up on pre-processing of neural data
hence, the design considerations of a suitable front-end neural amplifier is crucial to a high-performing

neural data management system.
1.2.2 Design Challenges of Neural amplifier

The neural recording amplifiers are an indispensable part of the integrated CMOS circuit of micro-
electrode arrays and performs amplification of bio-potential signal through electrode-tissue interfaces
in the front-end of a neural recording system. Bio-potential signal recordings from extracellular mi-
croelectrode arrays consist of two components superimposed on each other: action potentials from
single and multi unit activity (spikes or AP), and slow varying field potentials (LFP).

Noise-Power-Area Trade-off: Extracellular AP and LFP measurements deal with weak signals
although the latter is highly invasive compared to the former. Because the neural signal to be recorded
has a very low amplitude (~ 10 ©V), it must be amplified before processing any further. Hence
it is imperative that the amplifier has to operate with ultra-low power while occupying a minimal
implantable area in a neural recording system. Simultaneously, because of very small amplitude of
neural spikes, the amplifier should also have a low input-referred noise (below 5 V,,s) with large DC
gain (greater than 30 dB). Lower power consumption cannot be attained without sacrificing the noise
or gain of the amplifier and the area efficiency. To access the trade-off between the power consumption
and the input-referred noise level in the design of a circuit, a noise efficiency factor (NEF) is defined

in [25] and is widely used to compare neural-amplifier designs:

210t
NEF = vy pmgt | —rtol 1.1
Unisrms \| 20 AT BW (1.1)

where vy rms, is the total input-referred noise of the amplifier, I;, is the total supply current, Ur

TH-2325_10610211




1. Introduction

is the thermal voltage KT'/q, and BW is the —3 dB bandwidth of the amplifier respectively. NEF is
a function of noise, bandwidth, and supply current. With a trade-off between noise and power the
best achievable NEF = 1. Since for attaining low noise, the amplifier requires more current supply,
the device dimensions needs to be increased. Moreover, capacitors occupy a dominant area of the
layout. It can be shown that the total input referred noise of OTA consisting of two differential pair
input transistors is inversely proportional to the load capacitance C7. The input-referred noise per
unit bandwidth of the OTA is 1)7212 ~ 2 X 2kT/(kgm) = 4kT/(kgm) where g, is the transconductance
of a single differential-pair transistor. For minimum input-referred noise, the transistors should run in
subthreshold, such that we have g,, = kIp/Ur. The parameter k, is the subthreshold gate coupling
coefficient of a MOSFET which has a typical value of 0.6—0.7. Assuming a first order roll-off of the

frequency response, the input-referred noise of the ideal OTA is expressed as
Vi ~ \| ———.BW (1.2)

Assuming upper cut-off frequency fir to be very large than lower cut-off, fr, BW = fy — fr ~
7/2.fu = gm/4CLAm1, where A1 is the mid-band gain of OTA (refer equation (4.2)). The input

referred noise integrated over bandwidth BW is expressed as

4kT

_— 1.
3CLAm (13)

Vni,rms ~

Therefore, the challenge in the design of implantable neural recording amplifier also lies in the tradeoff
between noise and layout area. Equation (1.1) and (1.3) suggests that the noise can not be reduced
without a lower limit since it has a trade-off with power dissipation as well as silicon area.

Electrode DC Offset: Another design challenge of neural recording amplifier arise from the variation
in the input DC offset voltage due to the electro-chemical interaction at the interface of electrodes and
living tissues. These offset voltages are superimposed on the actual voltage signal to be measured. It
can range up to several mV which can saturate the output of neural amplifier. Since the time constants
associated with neural front-end are large therefore for a large input fluctuation, the amplifier may
stop amplifying and it takes a long time to return to its normal bias voltage. The front end of neural
recording systems are not well equipped to handle large DC offset or the "baseline drift”. A capacitor
in series with the amplifier input terminal can overcome the problem by absorbing any dc fluctuation

at the input and increasing the dc gain while also decreasing the input referred noise. For these many
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reasons, the conventional amplifiers employ a large capacitor or the bank of capacitors placed at the
input of recording channel. However, these integrated capacitors cannot have very large values as it
would increase chip area which decreases number of recording channels. It may also decrease input
impedance degrading the common-mode rejection ratio. Further the capacitors cannot be scaled with
technology. Therefore, a circuit solution is highly needed that is able to grant the necessary signal
swing for the application and cater to the restrictions of noise and size specifications.

It is required for such amplifier design to be robust to large signal fluctuations with a high linear
range and simultaneously the ability to filter DC offset with lower input referred noise. To counter
this situation, we can either increase the DC gain or increase the dynamic range of amplifier. With a
constant demand to reduce device size and weight without effecting recording quality, the challenge to
meet these design specifications in such amplifiers continues to grow. In order to meet these challenging
specifications, a topological configuration has been proposed which finds suitability for the present
application. In this thesis work, the signal processing approach presented is predominantly analog
in nature. The amplifier and processing blocks are realized with analog circuits. Analog circuits are
desirable for the neural front-end design as it provides more flexibility of choosing design variables
and allows the input-output behavior of CMOS transistors to be better utilized for an optimum

performance of power and area computations.

1.3 Motivation and Problem Statements

The scope of this research is motivated by the implementation challenges of neural recording system
which includes the design of a spike detector circuit and a suitable neural pre-amplifier. We identi-
fied the following shortcomings/problems in the existing amplitude threshold based spike detection

Systems.

(i) The presence of spike in the neural data stream biases the estimate of the background noise even
when the firing rate is moderately high (~ 50 Hz). The firing rate severely effects the overall

accuracy of those measurements and subsequently the spike detection performance.

(ii) The background noise estimation are sensitive to the morphological features of spike and their
temporal occurrences as a result the performance of these detectors shows partial or total depen-
dence up on the voltage magnitude, inter-spike interval and variability in wave shape of incoming

spike.
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(iii) The adaptive threshold of the conventional NEO-based algorithms [1, 26, 27| is derived from

a low-pass filter. These algorithms achieve best performance only within a specific range of

filter cut-off frequencies. The detection circuit performance is also sensitive to process and

temperature variations.

Further, for proper functioning of spike detectors, low-power neural pre-amplifiers are very cru-

cial, since one such amplifier is required before a spike detector circuit for each electrode. Hence

the amplifier design should adhere to the following implementation challenges:

(a)

Since the detectable spikes have small amplitude (~ 1-10 V) therefore it is essential to
amplify them up to an adequate level (> 1 mV) over the frequency band of interest (from

sub-1 Hz to 10 KHz) while keeping low distortion and a low input referred noise.

The area of on-chip neural recording system should be kept to minimum since it is limited

by the pitch of MEAs whose width generally varies between 200—400 pm [28].

The overall power dissipation of a multi-electrode neural recording implant must be re-

stricted (80 mW /cm?) to prevent excessive heating of brain tissues [29].

The neural recording amplifier should have adequate dynamic range to convey neural spikes

/ LFPs with offset voltages as large as 10 mV in amplitude.

Random DC offset and flicker noise have to be reduced to prevent saturation of the bioam-

plifier.

1.4 Thesis Contribution

This thesis aims at the design of low voltage, area efficient analog spike detection circuit and a

low voltage, low noise neural amplifying device for data acquisition for a fully implantable neural

front-end.

The proposed algorithm improve the detection performance by providing more accurate

background noise estimation. As in the existing amplitude threshold based spike detection algorithms

[1,17,18,26,27], we assume in this thesis that: (1) there are no overlapping spikes (2) High frequency

artifacts have been eliminated (3) Baseline interference have been filtered out. The major contributions

of the thesis are presented in the following five chapters.
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1.4 Thesis Contribution

1.4.1 Chapter - 2

In this chapter we propose a 1 V transconductor in strong inversion region with a nonlinearity
error of less than 0.5 % for the differential input signals of up to 1.2 V (peak-to-peak). we talk
about improvement of input linear range to cope with offset voltages of up to 10 mV for biomedical
instrumentation. We propose an operation transconductance amplifier (OTA) suitable for neural
amplifier and discuss design principles which caters to our requirement. The performance of OTA is

also validated by realizing a neural amplifier with the proposed OTA.
1.4.2 Chapter - 3

In Chapter 3, we propose an ultra low power, low noise amplifier for recording local field potential
signal. The OTA that is introduced in chapter 2 is used as a core structure to develop low noise
amplifier for a bandwidth of 2 to 200 Hz. The chapter presents the design technique which optimizes
gain with respect to size and power consumption. It achieves a gain of 31.7 dB of gain while consuming
68.35 nW of power with a dynamic range of 68 dB. It also presents a very low noise resulting in noise
efficiency factor near its theoretic limit and well above the background noise from electrode site (15

-20 uVrms)-
1.4.3 Chapter - 4

The focus of chapter 4 is on the interface between the neural tissue and the amplification of
neural signals prior to detection. Hence, we incorporate band programmability feature to the existing
amplifier so as to record either low frequency LFP (1 Hz — 300 Hz) or extra-cellular high frequency
spikes (300 Hz — 6 KHz) without sacrificing noise or gain requirement. A g,, —C band pass filter stage
is used to tune the corner frequencies to pass only the signal band of interest and to make the noise
independent of the supply current. The gain is then boosted with the help of a high gain amplifier
stage to obtain a gain of more than 70 dB. Both the stages contribute minimal noise so they can be
neglected in overall noise calculations.

The later part of this chapter describes a modified scheme of the first-stage amplifier design used
for LFP recording so that the low-frequency noise can be suppressed. The main design target therefore
lies in minimization of the achieved high-pass corner frequency so that the cut-off frequency can be
brought down into sub-Hertz range. For validating the design concept, the post layout simulations

are presented to verify the feasibility of proposed design. A proof of concept is given by fabricating
TH-2325 10610211
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two prototype amplifier microchips in 0.18 um CMOS process. The second prototype configured for
LFP has a low cut-off frequency of 3 mHz having layout area of 0.086 mm? and power dissipation of
less then 10 uW. The amplifier is suitable for applications ranging from neuro-prosthetics to seizure

monitors.
1.4.4 Chapter - 5 and 6

A neural spike detection technique is discussed in chapter 5. A spike detector ideally converts
spike events into digital domain and allows for the reduction in data rate by transmitting only the
relevant information. The objective is to develop a robust spike detection system which yields a reliable
performance under rapid variations of spike amplitude and firing rates and can be area efficient. An
adaptive algorithm is proposed which is capable of detecting spikes in real-time with the high firing
rate of up to 100 Hz.

Finally, in Chapter 6, the performance is evaluated using realistic simulations of extracellular
recordings which establishes the robustness of the proposed technique compared to state-of-the-art.
The algorithm is implemented in analog CMOS circuit. Analog design techniques are discussed which
leads to a 0.8 V automatic real-time spike detector with an adaptive threshold estimation with power

dissipation of 4.2 W and a layout area of 0.016 mm?.

1.5 Organization of the Thesis

This thesis is organized as follows.

Chapter 1 states the problems studied in this thesis and the motivation behind these problems.
This chapter highlights the data management schemes for data reduction and design challenges of
existing neural recording amplifier. This chapter also summarizes the thesis contributions and provides
a brief outline of the thesis organization.

Chapter 2 proposes the design of an operational transconductance amplifier (OTA) in weak
inversion region for improvement of linearity and investigates the implementation of a typical single-
ended neural amplifier with respect to the size and dynamic range features.

Chapter 3 describes an improved design of an ultra low power, low noise amplifier for recording
of local field potentials (LFP) and provides a better noise-power trade-off capability.

Chapter 4 introduces band programmability into a low power analog front-end interface with

an additional feature to record neural spikes and LFP signal separately. This chapter also describes
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two versions of LFP amplifier with a very low cut-off frequencies and presents proof of concept by
fabricating microchips using 180 nm CMOS process.

Chapter 5 and 6 describes a real-time neural spike detection scheme by proposing an area-efficient
algorithm and its low-power analog design implementation for better performance.

Chapter 7 concludes this thesis with a summary of the work done and includes some suggestions

that may be investigated in future research.
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2. A Linear CMOS Transconductor For Neural Recording Amplifier

2.1 OTA Design Techniques

Operational transconductance amplifier (OTA) is an important building block in integrated continuous-
time filters. As the device sizes scale down, conventional saturation based OTAs face design challenges
in terms of linearity and output impedance. OTA design techniques such as non-linearity cancela-
tion [30] and adaptive biasing techniques [31] are commonly used to improve the linearity performance.
However, it suffers from significant second-order harmonics partly from the saturation operation of
MOSFETSs and partly because of device mismatch due to process variation. For circuit to operate
in weak inversion, bump linearization technique [32] can be used to extend the linear range. This
attenuation technique achieves linear range extension by attenuating the input signals (i.e., via bulk
driven transistors or two transistors in series). However, this attenuation technique increases the in-
put referred noise, which disqualifies this technique from being applied to biomedical circuits such as
electrocardiography, cochlear implants or neural signal recording applications where the noise perfor-
mance is of prime importance. We presented an adaptive biasing scheme for linearization of CMOS
transconductor in [33]. Such linearization techniques are more suitable for transistors working in
strong inversion. Furthermore, the class of input signals which can be processed is limited since the
requirement of fully balanced signals is needed for the squaring circuit to function properly hence this
technique may not be useful for application of OTA requiring single-ended operation.

The work reported here focusses on low voltage, low noise OTA design which can be used as a basic
amplifier for invasive extracellular neural recording microdevices designed to record neural activities
within the cerebral cortex. Figure 2.1 illustrates the block diagram of an implantable neural recording
microsystem comprising of several recording probes attached to a signal preconditioning module, a
neural processing unit which is a part of analog preprocessing block, an A/D converter, and a wireless
interfacing module. In this work we propose a very low voltage symmetrical OTA implemented with
two differential pairs in parallel asymmetric multi-tanh configuration [34]. The proposed structure
utilizes a DC shifting technique which exhibits linearity for a wide common-mode input range. Later
on the OTA has been utilized to implement a neural recording preamplifier used in medical diagnostic
method like electro-encephalography (EEG) and magnetic resonance imaging (MRI). The detailed
noise analysis is also presented for the OTA followed by simulation performance and comparison of

our neural preamplifier with other similar biopotential amplifier designs.
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Figure 2.1: Analog front-end of implantable neural recording site.

2.2 Low power Circuit Design

The device sizing rules result from designer specifications for a specified function and its perfor-
mance validation e.g. regarding mismatch or channel length modulation. These specifications refer
to transistor geometry parameters (width, length, area) and electrical transistor quantities (e.g. tran-
sistor drain-source voltage). Traditional analog design methodologies typically require iteration for
example Square Law technique employed for conventional OTA design have a limited scope since as
we move towards submicron devices the design equations become more inaccurate and cumbersome
because of difficulty to achieve an optimum performance level in terms of power consumption. A
more sensible approach to interpreting the MOS transistor can be based on the level of inversion (or

inversion coefficient, IC'). The inversion coefficient can he expressed in simplified form as:

Ip

1= win

(2.1)

where Ig is a process dependent current given by the expression given in (2.4). The best method
of interpreting the inversion coefficient is via the efficiency of the transconductance, g,,/Ip. By
evaluating g,,/Ip against Ip a lot of insight can be gained into MOS transistor where MOS transistor
behavior are contained in two asymptotes - the weak inversion asymptote, where g, /Ip approaches the
thermal voltage limit of transconductance efficiency, and the strong inversion square law asymptotic
limit, where the slope in this plot is —1/2. In the region where these two asymptotic limits cross,
the interpolation region of moderate inversion exists between these two limits. g¢,,/Ip based design is
more reliable technique since it employs design charts (or spreadsheets) measuring device performance
for all operating regions to accurately size transistors. It can thus very well link the design variables
(9m, fr, IDp, etc.) to specification like gain, bandwidth, and power consumption.
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Figure 2.2: Intrinsic Gain Stage with M; saturated

A single-MOS circuit, shown in Figure 2.2(a), consists of a saturated common source MOS loaded
by a capacitor, C'r,. The objective is to find gate width, W and drain current, Ip so as to achieve
a prescribed gain-bandwidth product wr. Let’s consider a small signal equivalent where a constant
current source g, Vi, is in parallel with the output conductance g; and the load capacitor C'r,. The
gm represents the transconductance of Mj. At high frequencies, C, acts like a short circuit path and
all the current delivered by the current source flows through the capacitor. The output is given by

Vout = (—1/jwCL) X gmvin. Hence AC gain can be given as

Av,ac = —gm/[jwClL (2.2)

At low frequencies, the capacitor C, is practically open circuited so that the current flows through
the output conductance gq . As a result, vout = —gmvin/gq. Hence DC gain is expressed as A, pc =
—9m/gq. Figure 2.2(b) shows the frequency response of the intrinsic gain stage. The cut-off angular
frequency is, w, = ¢g4/Cr while the transition angular frequency is, wr = ¢,,,/Cr. In order to achieve
a desired transition frequency fr one has to fix the drain current and W/L ratio. g, is already
fixed by the expression ¢, = wrCr. To connect the drain current Ip and the W/L ratio to the
transconductance g,, one has to use square law method in strong inversion where 8 = uCox (W/L)

28Ip
n

and g, is expressed as g, = . Thus W/L can be expressed as

w ng2, 1

L 2uCoz Ip

(2.3)

The above equation suggests that gain-bandwidth product can be held fixed by proper choice of (W/L)

& Ip product. In weak inversion, the drain current can be represented by means of an exponential
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expression [35]:

v
Ip = Igexp (nyi) (2.4)

where, I's = 2nuoCoxUp?. The transconductance is given by

Ip
m = ——— 2.5
g nUT ( )

where Up stands for £T'/q and k for the Boltzmann constant. To attain the desired wp, the minimum
drain current must be equal to I'p = nUrg,,. This equation shows that the drain current in weak
inversion alone fixes the gain-bandwidth product while the aspect ratio has no influence at all. It is
noticeable that equation (2.2) is not valid for lowest drain currents while equation (2.4) is only valid

for low drain currents.
2.2.1 g, /Ip Design Methodology

The foregoing discussion suggests that the g,,,/Ip ratio does not depend on the gate width, W [36]
either in strong or in weak inversion region. Therefore, the drain currents achieving a prescribed
gain-bandwidth product can be derived from the expression given in (2.6). The numerator consists of
the transconductance given by g, = 2x frCy, while the denominator has the transistor’s g,,,/Ip ratio.
This ratio is derived from a device having similar electrical characteristics and whose gate width W*
and gate length L* are known:

e __ 9 (2.6)

(gm/ID)*

Once the the drain current is known, width can be calculated from the proportionality:

(2.7)

Equations (2.6) and (2.7) together form a set of parametric equations that determines Ip and W
which helps in achieving the gain-bandwidth product which is fixed by ¢,,. In few circuit design
methods, gain-bandwidth product is fixed by Ip. In this case g,, and W can be evaluated from the
above two equations. A general g,,/Ip design rule starts by fixing the specifications to optimize for
example: gain and transition frequency in order to determine the unknowns that are MOS devices
sizes W and L. The universal g,,,/Ip as a function of Vyrpp = Vs — Vp characteristic of the CMOS
technology under consideration (0.18 um) is considered here [37]. Having the following data assumed

to be provided by the designer: gain-bandwidth product, fr, slew rate, overall gain A, the design
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Figure 2.3: A generic design flow.

methodology is as follows:

(i) The drain current of each transistor of the OTA is determined from the specified total supply
current g along with the current mirror multiplier ratio m. Choice of m depends upon the

stability of the OTA since it also directly multiplies fr and slew-rate as well.

(ii) Choosing the values for g,,/Ip, Verr is determined for each transistor from the experimental

gm/Ip versus Vgppp curves.

(iii) Then, with the Vgpp value found in point 1, the W/L of each transistor is found. The intended

values of g,,/Ip are chosen accordingly to their effect on the OTA performance.

The maximum value of g¢,,/Ip we may choose is limited on one hand by the weak inversion
maximum value of the technology (about 25 V! in bulk MOS transistors) and on the other hand

by the stability requirements because as we increase g,,/Ip, with fixed current, the transistor sizes
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and parasitic capacitances are increased and the phase margin is reduced. A generic design flow is

illustrated in Figure 2.3 in the form of a flow chart.
2.2.2 Parameter Extraction Methodology

The accuracy of device characteristics and prediction of the performance of a circuit depends not
only on the device model but also on the parameter values being used [38], [39], [40]. Hence, the
procedures employed to extract the device model parameters are of prime importance. The important
part in (2.6) is to setup the parameter, g,,/Ip which enables to sweep the transistor through all modes
of operation. It can be derived experimentally from (2.8) by storing the drain currents measured from

real transistors with W* and L* known a priori in look-up tables.

gm \ " 1 . 1 dip* d "

Other method is to derive drain currents from advanced MOS models such as BSIM ! which allow
reconstructing drain currents very close to real values. In the present work, BSIM3v3 device parameter
sets were extracted from a series of device I — V characteristics for 0.18 pm process technology.
The parameters are determined sequentially in the region of operation where they have there most
significant influence on the MOSFET I — V' characteristics. In the first step to determine the level of
inversion we note down the process parameters like geometry range, voltage range, and temperature

specifications from model files of UMC 0.18 ym CMOS process.

0.18um < Lpgs < 50um
— Geometry range:

0.24pm < Wpgrs < 100um

0V < Vgs,ps < 1.8V (£10%)
— Voltage range:

—1.8V < Vg <0V
— Temperature range: —55°C' ~ +125°C'
The MOST semi-empirical model description used in this work comprises a look-up table of the

following data:

(i) gm/Ip as function of the effective voltage Vgrp. The dependency of g, /Ip with W, Vpg is

slight and in a first approximation it can be neglected if narrow devices are not used.

!BSIM (Berkeley Short-channel IGFET Model) [41] refers to a family of MOSFET transistor models widely used in
integrated circuit design available in public domain
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Figure 2.4: Simulated Ip — Vs plot for different gate widths.

(ii) Early voltage, V4 and Vpg sqt, intrinsic voltage gain A,, and transconductance gy, as function

of Vgrppr . The variation with W is very slight and it is not considered here.

(ili) Normalized capacitances Cjj, with ij = gs, gd, gb versus Vgpp and the variation of transition
frequency, fr due to intrinsic capacitances. The spread with W and Vpg is reasonably small

and it is not included in a first approximation.

(iv) Thermal noise parameters as function of Vgpp. The variation of noise parameters with W can

be neglected in the first approximation.

(v) Flicker noise parameters versus Vrppp, at the RF working frequency. The dependency of Kp

with W and Vpg is very low and hence not considered here.

The parameter extraction starts by varying input voltage, Vg rr and the transistor width W such that
the channel current Ip remains constant and Vgrpp — W parameters will be extracted from graphical
representation of Figure 2.4. By holding a drain current to a fixed value allows a designer to choose a
range the inversion coefficient IC' = Ip/[Is (W /L)] (or Vgpp which ever is convenient) in which the

OTA performance can be observed in different operating regions and suiting to his design needs.
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2.2.3 Design Leverages in Moderate Inversion

One major limitation of the traditional symmetrical OTA operating in weak or moderate inversion
is its narrow differential linear input range. A low voltage, low power operation of MOSFET is
achievable by exploiting the subthreshold regime or weak inversion region. Nevertheless, designing
CMOS circuits with devices in weak inversion have to compromise on the device shape factor resulting
in large gate capacitance, low bandwidth, and high DC leakage [42], [39]. Moderate inversion offers
a compromise of high (g, /Ip) ratio, lower Vpg sq+ voltage and moderately high bandwidth necessary
for power efficient, low voltage design. A relatively simple MOSFET model valid in all regions of

operation: weak, moderate, and strong inversion is approximated from the EKV MOS model [43] by

IDngS[ln <1+exp{“(VG ;(‘Z)_VSDT (2.9)

where Up = kT/q is the thermal voltage, S = Y the width to length ratio, x (= 1/n) is the
gate coupling coefficient and represents the coupling of the gate to the surface potential. n is the
constant parameter depending on the technology (typically 1.5 near weak inversion), while Ig is
the subthreshold current-scaling parameter strongly dependent on the temperature given by Ig =
2nuCozU%. Coq is the gate-oxide capacitance per unit area, u is channel carrier mobility. The MOS
transistor biased at weak side of moderate inversion must comply with the following requirement: —72
mV < Vgpr(=Ves — Vi) < 40 mV, Vpg > 3Ur for weak saturation while Ip can be evaluated from
the condition Ip < ZnKn'%UT2, where K,,” = 11,C, is a transconductance parameter of an n-channel
MOS transistor.

Although operation below the strong inversion region leads to a lower bandwidth, there are several
advantages when frequency is not a major consideration. If the differential input stage uses wide
channel devices, it is easy to bias these devices into the moderate or weak inversion region and achieve

several additional advantages.
(i) The higher voltage gain results from operation below the strong inversion region [44].

(ii) The low device power dissipation results from the low value of quiescent drain current. This

feature has been used in several early low-power designs [45,46].

(iii) The harmonic distortion decreases. It is appropriate to minimize distortion introduced by input

stages since succeeding stages will amplify any first stage distortion.
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Figure 2.5: The inversion coefficient presented as a number line.

(iv) The output resistance of the devices at the input stage increases which results from the low
drain currents. This further limits the bandwidth and allows the compensating capacitor to
have a smaller value. While the low bias current of the first stage decreases the slew rate of the

amplifier, the smaller value of compensating capacitor offsets this effect.

Examining performance tradeoffs over design choices of the inversion coefficient provides guidance on
the optimal region and level of inversion for a given application. Figure 2.5 introduces the inversion
coefficient and identifies the weak-, moderate-, and strong-inversion regions and subregions along with
the corresponding Vgppr values. It presents design choices for the inversion coefficient along a number
line and summarizes values of W, WL (gate area), gm/Ip, Avi, fri, VDS sat, and Vgpp for n held
fixed at n = 1.4 and Up = 259mV at T = 300K. The performance tradeoffs considered are for native
devices having no resistive source degeneration. Source degeneration lowers or degenerates g,,, drain-
referred thermal- and flicker-noise current, and drain mismatch current, while raising the drain output
resistance. Additionally, source degeneration increases gate-referred thermal-noise voltage due to the

presence of thermal noise in the source resistance and raises the drain voltage necessary for operation
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Figure 2.6: Topology of a double differential amplifier and comparison of total harmonic distortion with a
single differential amplifier

in saturation due to the voltage drop across the source resistance. Device performance predictions

must then be modified when source degeneration is present [47].
2.3 Transconductor For Bio-potential Amplifier

Recently, portable medical devices for health care management are required. This necessitates
the design of a low-power and compact medical devices. For processing of biopotential signals, ultra
low-power and fully-integrated active filters too are required. Since the biological signals are in the
range of 14V - 100 mV, while frequencies may range from 10 mHz up to 100 Hz, a large time constant
is required for low frequency active filters in order to process the biological signal. For limitation
of power and size, the operational transconductance amplifier used in active filters, is required to
have a very low transconductance. If an active low-pass filter is designed whose cutoff frequency is
lower than 10 Hz, then the OTA transconductance needs to be lower than 1 nA/V. Additionally, the
transconductor should have a high linearity to avoid distortion of the biological signals.

OTAs with differential pairs biased in lower inversion regions such as weak or moderate inver-
sion regions are preferred in biomedical applications. It provides low power consumption, a low g,

transconductance, a high (g,,/Ip) ratio with a reasonable performance. Because of these features,
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it finds suitable use in efficient implementation in low frequency continuous time filters, for example
from sub-10 Hz frequency range up to 10 KHz. Continuous-time linear filtering for applications such
as bionic ears, is one class of analogue circuits for which subthreshold CMOS design is more challeng-
ing. Traditional differential pairs operating in weak inversion offers a linear range of few tens of mV.
Several techniques for extending the linear range of differential pairs in weak inversion such as source
degeneration via resistor/diodes, attenuation and nonlinear cancelation have been suggested in the
literature [48-50].

A two-transistor differential amplifier has a very limited input range when used as a linear transcon-
ductor in low power applications. When input differential voltage v4,,, becomes greater than around 55
mV, the total harmonic distortion of the output current exceeds 1 percent as shown in Figure 2.6(b).
The transconductor chosen for the design of the neural amplifier is based on the double differential
pair topology [51]. It consists of two differential pairs having unequal sized transistors connected
in parallel. The output is connected to a single current mirror with current bias, Ij;qs as shown in
Figure 2.6(a). The basic idea of linearization is to give each differential pair operating in parallel
an appropriate input offset voltage and a tail current in such a way that the combined input/output
characteristic of those two pair has a flatter slope. An unequal-sized MOSFET transistors with differ-
ent aspect ratios also behave the same as that of an equal-sized pair with a DC offset applied. This
difference in size is defined as the scaling factor m which is used to increase linearity of the circuit.
For a minimum distortion at zero differential-mode voltage Vy,,, = VZ-+ — V..., the scaling factor M is
chosen as approximately four [51]. In this case the two drain current curves partially linearize each
other when they are added together. In distortion analysis, it is observed that THD is a monotonically
increasing function of differential input voltage Vj,, which is shown in Figure 2.6(b). As compared to
a single differential amplifier, the dynamic range of double differential structure is enhanced, allowing
an increase of input differential voltage swing to 90 mV for achieving same distortion performance.
The same technique can be extended to more number of input stages to further increase the linear

input range.
2.3.1 Proposed scheme

Figure 2.7 shows the basic schematic of the proposed OTA operated in subthreshold. The proposed
OTA consists of transconductor with two asymmetric differential pairs implemented by transistors

Miq-Myp and Ma,-Moy, connected in parallel. The effect of unequal sizing of the transistor pairs is to
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Figure 2.7: Subthreshold OTA with symmetric multi-stage balanced operation.

create an intentional voltage offset [34]. To further increase the input linear range, single diffusor is
used as a means of source degeneration with each differential pair. The conductivity of the diffusor
is determined by the respective W/L ratio and the applied gate potential, V. The proposed circuit
is thus a large-signal transconductor, where transconductance g,, can be tuned through the control
voltage V. The differential current Iy can be obtained in terms of differential input voltage, Vg, =

+ —
‘/in - V;n as

Vdm 1 Vdm 1
Iy =1 h —1 I h | 2.1
0 BIAS tan <2nUT + 5 nm> + Ipras tan (2 nm (2.10)

where m is the relative W/L ratio of the transistor pairs. A possible criteria for optimizing the
linear range is maximal flatness [30]. With one degree of freedom, we can set the first nonzero derivative
of g, equal to zero. Now setting second derivative equal to zero, we find that the only positive root
occurs at m = 2+ /3. Approximating m = 4 introduces equal and opposite input differential voltage
offset resulting in maximum nonlinearity cancelation in transistor pairs M, and Mo p.

Without additional hardware, it can be observed with a single supply differential amplifier circuit
that the active load is operable only when the common-mode (CM) voltage is near to the positive
supply rail while it starts to switch off as CM voltage is close to the ground voltage. This results in

a reduced input common mode range and causes signal distortion. To avoid distortion and to get the
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maximum signal swing requires a DC shifting of the input signal which can be done by either inserting
a battery at input of the active load or by adding complementary symmetry transistors where the
signal can be worked with rail-to-rail operation. The first method would require an additional circuitry
simulating a battery while the second option may increase hardware complexity in order to avoid any
dead zone condition.

A viable option is to use a two-transistor self-cascoded structure with a common gate configuration
which can be treated as a single composite transistor. The composite transistor formed with two series
connected n-type or p-type MOS transistor having the same well is an important configuration for
subthreshold circuits [52] as depicted in Figure 2.8(a). Noting that Vps, = Vigsa — Vase, equating the
drain currents, Ips, and Ipg, with voltage Vpg, applied so that M is in weak saturation, we obtain
the following relationship:

(W/L),

Vbse = Urln |:1 + W] (2.11)

Note that the drain-source voltage of saturate transistor is independent of gate-source voltage.
Moreover Vpg, is not effected by a changing Vpgp. The composite transistor structure is implemented
in Figure 2.7 where pMOS device pairs M3,-Msp,, Msq-Ms, and Myq-Myy, Mgq-Mgp form a composite
transistors while common gate transistors Mgz, and My, function as level shifters. This forces drain
voltage of differential pairs to be equal since drain voltages of M3, and My, are equal and constant
thus ensuring an optimal match for each of differential stages Mi,-Ms, and Mip-Mop. As the active

load and the differential amplifiers are biased at the same potential therefore the voltage Vpgs, is

Vpssa = Upln {1 + 2%] (2.12)
3a

An analogous expression can also be obtained for Vpgse. The expression for the third order

harmonic distortion for M 2 can be derived by expanding equation (2.10) through Taylor series:

Vam [ 4Am 2\ [ Vam \°
2nUr (m + 1)2 3 2nUr

Since HDj3 is defined as the ratio between coefficients of 3"%order harmonic and the fundamental

1] 4m 21 / Vam \>
HD3:4‘2—3’ (2 i ) (2.14)
(m+1) nUr

8m
(m+1)°

Iy = (2.13)

By choosing m = 4, the maximum input differential signal can be computed for a given H D3 specifica-

tion. Thus the multi-tanh scheme gives better improvement in linearity as compared to a conventional
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(a) n/p-type composite transistors. (b) Small signal model of the proposed OTA.

Figure 2.8: Circuit schematic for composite transistors and small signal analysis of neural amplifier

differential amplifier design.
2.3.2 Noise Analysis of G); OTA

The input gate-referred thermal noise voltage density is mainly dominated by the self-cascode
current mirror devices M7 g and the current drivers Mjg 15 since one or more of these transistors are
operating in strong inversion for the same drain current flowing through these devices. The input
transistor pair, Mj 2 and the composite transistor pairs M3_g which lie along the signal path also
contribute to thermal noise. Noise from the tail current sources Mji_14 and its external reference
device is canceled-out since they are largely common-moded. The OTA input-referred thermal noise

voltage, power spectral density (PSD) is given by equation (1.10).

(n )219 L (n );,g 3 4 (n )gg 5 4 (n );g L (n )1(2)9 10 (2.15)

v%TA’th = 2(4kT)

Here kT is the product of Boltzmann’s constant and absolute temperature. (nl');, (nI')5, (nI')5, (nI'),,
and (nI),, are the products of the substrate factor, n, and thermal noise factor I' for respective devices

where IT' is expressed as
1,2
5+ zIC
r=2_3— 2.1
1+ 1IC (2.18)

I" is expressed in terms of inversion coefficient factor IC' of the EKV model [53], given by

I I
D =D (2.19)

1 = i Conln (W)L) ~ Is (W/L)
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with symbols having their usual meaning. To obtain the noise level the input referred thermal noise
density can be integrated over the bandwidth Af = fo — f1. Equation (2.15) integrated in the desired

band of frequency, namely fi to fo gives

f2
SKTAf
VO2TA,t,th = /U%TA,thdf = G%\/[ Z(nr)igmi (2.20)
fi :

where ¢=1,2,3,5,7,10. The input referred flicker noise voltage PSD for the OTA is given by

9 1 [ 2K 192, % K302, Krs5955 Ky19m7 K 110910 (2.21)

VOTAF = A F + + +
OTAT ™ Con f LWL, GYy — (WL)3GY, — (WL)5GR — (WL):GR,  (WL)yGy
In the given equation Ky; is the flicker noise factor and is a process-dependent parameter, f is the

operating frequency, and G is the output transconductance of the OTA given as:

Gu =1 b (2.22)
T02(9m6b+ggo6b)

Integrating flicker noise density over the desired bandwidth gives

f2
2 fo Kfigzm'
VO2TA,t,f B /U%TA,fdf = mlﬂ (E) Z WL), (2.23)

)

fi
The total input referred noise of the OTA consisting of both thermal and flicker noise power spectral

density integrated over the bandwidth defined by Af = fy — f1 can be computed as

2
V,ioTA = ; [%(nr)zgmz + 2%,0(52/?\51) [((VJ;%;:} (2.24)
As seen from the above equation, for low frequency applications the flicker noise component dominates
the noise spectrum. The total input referred noise of the proposed G OTA is minimized by operating
input devices M 5 in weak side of moderate inversion for high transconductance efficiency gm1,2/Ip12

and high transconductance gain g,,1 2, while operating non-input devices, M3_19,15 in strong inversion

side of moderate inversion for low ¢,,s/Ipg and gms.
2.3.3 Common Mode Feedback for the G;; OTA

A CMFRB circuit should ideally be designed to have a very small impedance for the common-mode
signals but transparent for the differential signals. Taking care of this feature helps in reducing har-
monic distortion components and improve THD and H D3 response of the circuit. In a generic neural

recording system, differential amplifiers are used to measure the potential of each signal electrode

TH-2325_10610211

30



2.3 Transconductor For Bio-potential Amplifier

with respect to a large, low-impedance reference electrode. Such a differential amplifier should have
a high common-mode rejection ratio to minimize interference from common-mode 60 Hz power line
noise that is nearly equal at all locations on the body. Also a large common-mode input operating
range is deleterious to low-power operation because it makes a large power-supply voltage necessary.
Therefore as the amplifier is not intended for very large voltage swing the common-mode feedback is
chosen to be implemented by differential-difference amplifier structure [54] which uses four identical
transistors to average and compare the common-mode voltages.

The complete CMFB-OTA having a single supply voltage of Vpp = 0.8 V is demonstrated in
Figure 2.9. The transconductance gain of CMFB is kept optimally higher in order to minimize the
common-mode noise voltage of OTA. Nevertheless, transconductance gain can be reduced for input
transistors Migqp.c,q thereby reducing (/L) ratios of the MOS transistors and by increasing the bias
current source, I thus securing linearity to some extent. The difference between the common mode
voltage and V,..r is amplified by the error amplifier Mg and output current is fed back to the gate of
OTA source transistors. The non-dominant poles caused due to the internal nodes of CMFB appear
at much higher frequencies than the dominant pole at f; and can be neglected. Even though the
topological structure of OTA circuit is a standard sub 1 V design suitable for low power biomedical
signal processing, the sizing of the devices used in circuit plays crucial role for achieving low noise and
low power simultaneously. The overall circuit of CMFB-OTA gives a core current consumption of 96.4
1A, with input device drain currents of 7 uA and power consumption of 77.1 pW which excludes bias

reference current and voltage sources.
2.3.4 Self-cascode structure

The symmetrical OTA output stage is implemented with Mz, and Mg, ; self-cascoded structure
which are meant to increase the output resistance without having extra voltage headroom. Self-
cascode is the new technique, which does not require high compliance voltages at output nodes [55].
It provides high output impedance to give high output gain and so it is useful in low-voltage design.
By using such composite structure at the output stage, the circuit can have much larger effective
channel length and much lower effective output conductance. The lower transistor M, is equivalent to
a resistor, whose value is input dependent. For optimal operation, the W/L ratio of upper transistor
My, is kept larger than that of lower transistor M,. For the composite transistor to be in saturation

region My have to be in saturation and M, in linear region. In the Figure 2.9, the aspect ratios of M7,
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Figure 2.9: Proposed Common mode feedback symmetric OTA.

and Mg, cascode devices are kept much larger than that of M7, and Mg, rail devices for obtaining high
output impedance without sacrificing common-mode linear range operation suitable for low voltage
application. From (2.22), if kys is defined as 1/ro2 (gmeb + ggoos), Where 142 > 1/(go6p + gmes), then
krr < 1. The output transconductance of OTA, Gy is considered nearly equal to the transconductance
of the input pair devices because self-cascode structures have approximately unity current gain, hence
GuM = gm1 = gma-

Maintaining constant bias currents and supply voltages permits optimization of each transistor of
OTA to operate in weak side, center, or strong side of moderate inversion depending on their aspect
ratios. For each device to work in their intended region of operation, the transistor sizing (W/L),
saturation current (Isq:), channel length (L) and width (1) is determined from inversion coefficient
factor (IC') described in [53]. The central part of OTA consists of a differential input pair implemented
with a gate driven input topology. Gate-driven operation as compared to bulk-driven offers a higher
transconductance and a low input referred noise which is desirable for high gain OTA circuits working
in low voltage, low noise applications. Evaluating output resistance of the OTA in terms of ks from

AC model of OTA given in Figure 2.8(b) gives:

1+ k‘M
Rout = 2.25
" gosy (1 + kar) + ggosvkar (225)

Since the voltage gain, A, gqc = Gar X Rout, it can be deduced from equation (2.22) and (2.25) that
the gain of the proposed OTA can be maximized by operating input pair M o devices towards weak
inversion region (lower IC) while operating output devices M;5_g towards strong inversion region
(higher IC).
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2.4 Simulation Results of GGj; OTA

The proposed symmetrical OTA terminated with a 7 pF of load capacitor was simulated in Cadence
Spectre of standard UMC 0.18 pm CMOS process technology operated at 27°C'. The threshold voltages
of nMOS and pMOS transistors are 315 mV and 498 mV respectively. The OTA design considers
multi-tanh input transistor pairs Mi, 2, and My 95 to be perfectly matched and working towards the
weaker edge of moderate inversion region. Large transistor dimensions are maintained at the input
(in multiple of 10um/10um) to ensure minimal flicker noise pushing flicker noise corner frequency to

sub-hertz range.

Table 2.1: Operating Point of devices in OTA

Devices W/L (pm) | gm/Ip (V1) | IC
Miq,2q 10/10 23.83 0.40
My 2 40/10 23.77 0.40
Msq 4a5a6a | 700/0.8 18.72 1.10
Mspapsoeo | 160/0.8 924.95 0.36
Mrq84 20/2 15.07 2.20
Mg 160/2 23.09 0.47
Mio 15 10/2 11.94 4.19

Measurement and characterization of MOS technology is provided by transconductance efficiency
(9m/Ip) and can be described as a quality factor for producing desired level of transconductance at
a given level of drain current. It is maximum in weak inversion, decreases modestly in moderate
inversion, continues dropping in strong inversion. (g.,/Ip) can be generalized in terms of inversion

coefficient IC' which is valid for all region of operation and is given by

9m _ 1
Ip  nUp (VIC +0.25 + 0.5)

The operating region can be defined with respect to the inversion coefficient; the device operating in

(2.26)

weak inversion will have IC' < 0.1, for device operating in moderate inversion, 0.1 < IC < 10, while for
the devices operating in strong inversion, /C > 10. Table 2.1 shows device dimensions and operating

point of MOS devices in the proposed OTA circuit. Figure 2.10 shows the frequency response of
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Figure 2.10: Simulation result of the gain and phase plot of symmetric G; OTA.
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Figure 2.11: THD and HD3 simulation of symmetric OTA.
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2.5 A Neural Amplifier using proposed transconductor

OTA-CMFB structure having the open loop DC gain as 31.6 dB and a unit gain bandwidth of 202.3
KHz with 90.18° of phase margin.

The OTA-CMFB circuit draws 96.38 pA of current operating with a single supply of +0.8V. The
linear input range is extended by using DC shifting and current cancelation technique. The measured
input linear range as shown in Figure 2.11 is 157 mV for HD3 < 1% which is sufficient for neural
recording and can be suited to other biomedical applications [56] [57]. The maximum signal swing
was observed from 0 to 500 mV while the measured transconductance gain was 17.85 uA/V. The Gjs
value is relatively high because of the increased Ip; o since it is the product of g,,/Ip and Ip where

gm/Ip ratio for input devices is chosen high owing to the operation near weak inversion region.
2.5 A Neural Amplifier using proposed transconductor

Neural signal from extra-cellular recording are very weak in amplitude (varying from 10 pV to 500
1V). As a result amplification is needed before they can be further processed. Since neural recording
system is a classical problem in neuro-scientific studies, many different neural amplifier topologies
have been suggested in literature such as [58-60]. A low noise pre-amplifier is required for increasing
the signal level from few pVs to more than a mV with minimal addition of noise. Such amplifiers are
typically designed to be AC-coupled in order to remove DC electrode offset of the order of 10 mV
depending on type of electrode used. These amplifiers have typical gains ranging from 50—200, with

the bandwidths varying from 4—10kHz, and input-referred noise from 2—10 pV [23,61].
2.5.1 Neural Amplifier Design

To measure the validity and feasibility of the proposed OTA topology, a preamplifier using our OTA
was designed for neural prosthetic application. A neural amplifier is conventionally implemented either
as a double-ended (DCCA) [62] or as a single-ended capacitively coupled (SCCA) preamplifier [63].
We have used the latter approach for our preamplifier design as depicted in Figure 2.12. It consists
of a closed-loop gain along with a low-frequency pole using a capacitive feedback network and a
combination of MOS-bipolar pseudo resistor M,_. which is made highly resistive through proper gate
voltage biasing. The pseudo resistor elements are used because they offer a very high incremental
resistance of the order of 10 G2 and occupy a very small silicon area which can be used to set a very
low high-pass corner frequency (~ 1 Hz) suitable for bio-medical circuits. Here these pseudo resistors

are replaced by the equivalent resistance 7., whose value is set by the tuning voltage Viun.. Capacitor
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Figure 2.12: Circuit schematic of single-ended capacitively coupled neural amplifier with pseudo-resistive
feedback resistor re,.

C; is used to filter DC baseline interference and Cy sets the lower cut-off frequency. The closed-loop
gain of the amplifier is A, = —Z¢/Z;, where Z; = 1/sC; and Zy = 1¢q/(1 + sreqCy). Using Laplace

transform the voltage gain can be expressed as

e

Aol 1+ s1¢4C

(2.27)

Since req > 1/5C;,1/sC}, the transfer function of the neural amplifier can be approximated as

Ci
Ay(8) =~ ——= 2.28
@~¢ (228)
The lower cut-off frequency of bandwidth is given by
1
= 2.29
WL G (2.29)

Thus wy, can be tuned using this gate voltage Vi,ne to control the impedance in the feedback and
enabling selection or rejection of slow wave action potentials. The low-pass cutoff frequency due to

the loading effect at the output of the Gy OTA is governed by the dominant pole frequency wy .

Gu
wy = A0, (2.30)

where A, is the mid-band gain.
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Figure 2.13: Input-referred noise density of OTA and SCCA.

2.5.2 Simulation Results of Neural Amplifier

Thermal noise of MOS device is nearly unchanged as channel length increases since Gj; has
little effect on changing L but the flicker noise decreases as the square of increasing channel length.
Thus optimization of input referred noise can be done by increasing gate area of input devices while
maintaining Ip; o and IC (corresponding to gn,/Ip > 23) at a constant level. The noise spectral
density at low frequency rolls-off as 1/f2 instead of 1/f if it is a flicker noise. An input-referred noise
spectral density of our SCCA configured neural amplifier shows a significant amount of low-frequency
noise as compared to that of Gy OTA as shown in Figure 2.13. The consideration of the noise
contribution due to pseudo-resistor MOS transistor in Figure 2.12 is important in the design of neural
amplifier as it appears at the front-end stage of the amplifier which is the most critical stage. To
analyze its noise, let’s calculate a part of the amplifier’s input-referred noise that is contributed by
pseudo-resistor MOS transistor, M,. A circuit schematic illustrating this situation is shown in Figure
2.14. For simplicity, let’s assume that M, have the noise current density as % and incremental

resistance 7.4 since they are biased at the same operating point. The input-referred noise contributed
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Figure 2.14: A schematic for calculating the input-referred noise from noise of M,.

by M, is calculated to be

2
way B Teq 2.31
Un,m Zn,M' <1 s STein) ( : )

The transistor M, is biased in subthreshold such that the high-pass cutoff frequency of the amplifier

is below 1 Hz. Therefore, the thermal noise in M, can be approximated by [42]

2 =2alp (1+ e V/U) ~ gl (2.32)

since their drain source voltage Vs is approximately zero and Ip is the channel current of M, if
it is in saturation. For the frequency range of f > 1/(277¢,C;), the input-referred noise in (2.31) can
be approximated by

Un,in = (271_)2.02 ﬁ (2.33)

which agrees well with the 1/f? rolloff at low frequency of the noise spectral density in Figure 2.13.

By performing noise analysis as shown previously it was evident that the low frequency noise that
rolls-off as 1/ f2 is due mainly to the filtering of the thermal noise in M, .. Therefore in order to reduce
this low-frequency noise in the pass-band, the saturation current of M, . should be made very small,
thus M,_. should have as small gate-source voltage as possible. By setting the gate-source voltage
of M,_. such that the high-pass cutoff frequency of the amplifier happens at a very low frequency,
the thermal noise of these pseudo-resistor MOS can be filtered out well before the frequency band of
interest.

Simulation results of the input referred noise power spectral density is shown in Figure 2.15. With
the positive gate voltage of Viyne = 0.5 V applied to transistors M, . the parasitic BJT behavior sets

in the lateral path along source, well and drain giving high incremental resistance of the order of peta-
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Figure 2.15: Input-referred noise density simulation by Cadence Spectre.

ohms. The noise calculation was done by using flicker noise parameters from the parameter extraction
of nMOS and pMOS transistors using BSIM3v3 model and were evaluated as K = 1.06 x 1072° V?F
for NMOS and Ky = 9.07 x 1027 V2F for PMOS. The integrated input referred noise was found to
be 24.16 uV/v/Hz over (0.1 - 9.0) KHz bandwidth.

The integrated noise voltage can further be decreased by tuning input device drain currents to
higher values since it is inversely proportional to the increasing drain current for a fixed inversion
coefficient and channel length. However, thermal noise could not be lowered beyond a limit since the
bias current was kept in control in order to limit overall power consumption within 77.1 yW. This
meets the requirement of multichannel neural recording devices with modern MEMS arrays (like the
one described in [64]) providing approximately 100 electrodes and a power dissipation limit of 10 mW,
each channel must consume less than 100 4W, although it doesn’t include shared resources on a chip
such as analog-to-digital conversion, power regulation, control, and telemetry circuits.

Even though the design using proposed OTA topology achieves maximum power-noise trade-off,
the OTA used was actually not very power efficient since large portion of total current was wasted in
current mirrors (Appendix 3.3). This is why W/L ratios should be chosen with utmost care so as to
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Figure 2.16: Gain and phase plot of the neural preamplifier.
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Figure 2.17: Frequency response of the amplifier with three different settings of the tuning voltage Viyne.
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Figure 2.18: PSRR response of the neural preamplifier.

obtain minimal of noise without sacrificing much of supply current and hence the power consumption.

Simulation results of the frequency response of the preamplifier transfer function is shown in Figure
2.16. With the input capacitor C; = 6 pF and the capacitor in feedback Cy = 100 fF, the mid band
gain was found to be 34.5 dB over a bandwidth of 2.9 Hz to 9.2 KHz. The lower 3-dB frequency can be
tuned via Viupne voltage by varying the effective channel conductance in the feedback loop. Figure 2.17
shows the transfer function of this amplifier measured at two gate voltage control settings of Viyne,
resulting in high-pass poles at 3.0 Hz and 7.8 Hz while the low-pass corner frequency and the flat
band gain remaining unaltered. The total harmonic distortion (THD) stays below 1% for differential
input less than 9.11 mV. This level of input signal is larger than a typical action action potential (<
500 pV). For larger input amplitude, THD can be increased by raising the supply voltage and trading
with power consumption. The simulated result of power supply rejection ratio is calculated as the
ratio of the differential-mode gain to the gain from power supply to the output. The common mode
rejection as shown in Figure 2.18 was measured and was found to be better than 43 dB. Substituting
the simulated values of total current, bandwidth, and input referred noise, the noise efficiency factor

(NEF) of the neural amplifier was found to be 91.4. The layout of the amplifier occupies an estimated
TH-2325 10610211
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Figure 2.19: Layout of the designed neural preamplifier.

area of 0.094 mm? and is depicted in Figure 2.19 (pads and routing details not shown). A 100-channel

2 in a 0.18-um

system made from our amplifier will consume a silicon die area of less than 10 mm
process and power of only 7.71 mW allowing for large scale implantable neural recording system and
which is also at par with the existing VLSI bioamplifier design standards [62,64,65].

The comparative performance of neural recording amplifiers based on fully-integrated design is
shown in Table 2.2. The amplifiers taken for comparison in Table 2.2 were designed in CMOS with
the power consumption per channel in the range of microwatts with no off-chip components. The

CMOS design in this work provides the lowest power supply design having comparable power level

and the overall gain with very low distortion components.

2.6 Conclusion

A fully differential OTA with common-mode feedback was designed as a basic amplifier for neural
pre-amplification. Current cancelation, source degeneration, and DC-shifting techniques were used for
linearity improvement of the OTA while self cascode structure was employed at the output stage to
further enhance the DC gain. A 0.8 V CMOS biosignal amplifier used in neural recording application

was successfully designed and simulated. The single-ended capacitively-coupled neural preamplifier
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Table 2.2: Summarized Performance and Comparison with CMOS Neural Amplifiers

Parameter [66] [67] [62] This work
CMOS Technology 1.5pum 0.35pum 1.5pum 0.18um
Supply Voltage 1.5V 3.0V +2.5V 0.8V

DC Gain 42.5dB 38.1dB 39.5dB 34.5dB

Operating frequency | 22Hz-6.7KHz | 1.4Hz-8.5KHz | 25mHz-7.2KHz | 3Hz-9.2KHz

Input referred Noise 20.61Vyms 14.40 Vs 2.2uVims 241644 Vyms
Noise BW 10Hz-10KHz | 1.4Hz- 8.5KHz | 0.025Hz-7.2KHz | 100Hz-9KHz
THD — 1%@2.4mV,, 1%@12.4mV,, | 1%@9.1mV,,

Power Consumption 0.8uW 6uW 80uW T7.1uW

configured for recording action potentials gave an input-referred noise of 24.16 ¢V while consuming
77.1 uW of power and having flat-band gain of 34.5 dB over a frequency range of 2.9 Hz to 9.2 KHz.
By maintaining proper g,,/Ip ratios, input MOS devices in the proposed design are operated at the
edge of weak and moderate inversion region and non-input devices towards strong inversion region so
as to achieve maximum power efficiency and an optimal flicker noise voltage PSD while operating on a
limited power supply. The power supply can also be increased to more then 1 V in order to maintain
large overdrive voltages in some above-threshold transistors to minimize their noise contributions.
The proposed OTA topology can be employed for recording neural signal from 3 Hz to 9 KHz in low

voltage, low frequency, and low THD neural preamplifiers.
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3. A Nano-power Instrumentation amplifier for LFP Recording

3.1 Trends in Neural Sensors IC Design

Single-unit action potential or neural spikes supplements for the most direct information about a
neuron offering the highest signal fidelity. This approach, however comes at the cost of increased safety
risks owing to higher invasiveness as compared to other sensor modalities like electroencephalography
(EEG) and electrocorticography (ECoG). With the same electrodes that used to measure single-unit
spike activity (SUA), low-frequency signals in 1 Hz-200 Hz range known as local field potentials
(LFP) are often persistent, even after single-unit activity has subsided, and has proved to be useful
in some brain-machine interfaces (BMI), e.g, those used in paralysis prosthetics [68]. The intracranial
population LFP signals are more robust for chronical recordings since they are less susceptible to
tissue fibrosis around electrode tips which causes increase in impedance between neuron and electrode
leading to signal degradation over a period of time. Few studies have also conjectured that LFPs
can be measured even in the absence of spikes [69]. Unlike single-unit activity where spike-sorting is
inevitable, LFPs can be decoded directly from the raw signal [70].

Field potentials recorded on dura mater or subdurally are localized within 250-400 pm in the
vicinity of recording micro-electrode where >95% of LFP signal originates [71]. Therefore multi-
electrode systems for recording LFPs placed entirely within the skull would have to incorporate a large
number of neural amplifiers (of the order of 1000, with each signal electrode having a dedicated neural
amplifier). Investigations show that while spikes require fewer channels in an implanted electrode array
to encode direction of hand reaching movements, the behavioral information can by encoded by LFPs
with fewer channels than that of spike data [68]. By simultaneously recording neuronal activity from
a large number of neurons, the mapping of neural codes becomes more effective, resulting in a better
decode performance thus allowing the neural prosthetic device to reach 3D targets more accurately.
For implementing such high density multi-electrode systems, the heat dissipation in the brain should
be minimized which makes ultra-low power and area-efficient amplifier design more challenging. Since
LFP carries important information [72,73], the LFP activity must be isolated from the neural signal
before spike detection is performed to identify time of spike events of individual units. Hence LFP
band can be segregated from neural spike for feature extraction at the front-end circuit by filtering in
10-100 Hz range.

The current trend in the design of a neural sensor integrated circuit is to simultaneously achieve a

minimum noise efficiency factor and low power dissipation which is governed by the input referred noise
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Figure 3.1: Schematic of a neural amplifier for LFP recording.

and quantization resolution of analog-to-digital converters (ADC). These constraints in the specifics of
individual circuit blocks of the analog front-end ultimately restrict the number of recording channels
in an implantable neural recording microsystem [29, 74, 75]. Motion artifacts and interferences can
also cause electronics to saturate thus further posing challenge on front-end microelctronics. To
overcome these limitations the neural amplifier system programmed to record either spikes or LFPs
must exhibit a wide dynamic range. In this work the design of an ultra-low power neural recording
amplifier configured for recording local field potential is presented. Under a specified power and
area limitation the amplifier design is optimized to have an output dynamic range large enough to
convey LFPs in the range of £1 — 10 mV in amplitude and to meet the subsequent ADC quantization
resolution requirement and also to make the amplifier system more robust to artifacts.

In the previous chapter, it was observed that despite increasing allowable signal swing, the dis-
advantage of using continuous-time CMFB circuit was that the common-mode detector reduced the
DC gain. Moreover, transistors used in common mode circuit contribute to the thermal noise level
in addition to the power consumption of the overall circuit. Since bio potential signals are weak in
nature and indistinguishable from electrode noise, input-referred noise is more crucial to the first stage
of neural pre-amplification. Also, because the bio-potential signal has a relatively small signal swing
(of the order of millivolts) therefore by trading output linear range with the input-referred noise and
power consumption, the proposed OTA can be redesigned with a single-ended topology while omitting
the CMFB circuit. This would help achieving a better compromise between power, noise, and circuit

area. In this chapter, a 0.8 V symmetrical operational transconductance amplifier (OTA) is designed
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which is implemented with two differential pairs in parallel asymmetric multi-tanh configuration. The
OTA structure utilizes a DC shifting technique which exhibits linearity for a wide common-mode input
range. The design methodology and noise analysis used in the OTA is also described which serves as

the main building block of the bioamplifier for achieving an efficient power-noise-area tradeoff.

3.2 Low power Low noise Neural Amplifier

For recording bio-potential signals a capacitively coupled amplifier is commonly adopted for the
neural front-end preamplification. Whereas a double-ended capacitively coupled input (DCCA) [62]
is a typical implementation of neural amplifier we have resorted to single-ended capacitively coupled
(SCCA) configuration [63] for our amplifier design as depicted in Figure 3.1. The capacitive feedback
network consists of MOS pseudo resistor elements M . which is made highly resistive through a

suitable gate voltage biasing creates a high pass corner frequency given by

1
roCy

wr, =2nfr, = (3.1)

where Cy is the capacitor in feedback loop and r, is the equivalent resistance of series connected
bipolar-MOS elements. The variable gate voltage Viyne of MOS pseudo-resistors also provide band-
tunability for recording cortical LFPs in different activity regions [68]. The neural recording signals
are connected to the single-ended neural preamplifier via input capacitor C; in order to decouple large
DC polarization signals arising from electrode and tissue junction and to enable the neural signal of
interest. This also removes any requirement of large off-chip components since high-resistance elements

can be implemented in a smaller chip area. The mid-band gain is given by

c;/C A
- 1 ey AN % (32)
1+ oL (1 n @) f

Vo
Ay = |2

Vin

where A, 4. is the DC gain of the transconductor used to realize the neural amplifier while the dominant

pole wy due to load capacitor Cy, governs the low-pass corner frequency.

Gu
A, Cr,

wy = (3.3)

3.2.1 Neural Amplifier’s OTA Topology

Figure 3.2 shows a schematic of the single-ended OTA operating in weak inversion region. The

circuit topology consists of a transconductor implemented by two asymmetric transistor pairs M Nq,-
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Figure 3.2: Schematic of the single-ended low-power OTA.

M Ny and M Noo-M Nop, connected in parallel with equal tail currents. The transistor pairs are
unequally sized so as to create an intentional voltage offset resulting in a minimum distortion level. The
differential current I of the multi-tanh doublet in terms of differential input voltage, Vg, = Vint —Vin—

is given as

Viam 1 Vam 1
Iy = Ig tanh —1 Ig tanh | 4
0 B tan (QnUT —+ 5 nm> + Ip tan (QnUT 5 nm) (3.4)

where the constant scalar m is the relative aspect ratios of the transistor pairs. By taking approximate
value of m = 4 for maximally flatness condition introduces opposite input voltage offset resulting in
maximum nonlinearity cancelation in transistor pairs M Ny, and M Ny, [30].

The composite transistor structure sharing the same well [52] is implemented in Figure 3.2 where
pMOS device pairs M P3q-M P3p, M Pso-M Psp, and M Pyo-M Pyy,, M Pgo-M Py, form a composite tran-
sistors while transistors M P3, and M Py, function as level shifters. The constant and equal drain
voltages of M P3, and M Py, causes drain voltage of input differential pairs to be equal thus ensuring
an optimal match for differential stages M Ny,-M No, and M Nyp-M Nop. With the voltage Vgps, of

composite transistor applied such that M Ps, operates in weak saturation the voltage Vsps, is

(W/L)3b:| (35)

Vspsa = Urln [1 +2
(W/L),

a

By employing composite transistor structure the need for common-mode circuit is also eliminated.
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Also the offset bias scheme increases the linear range and dynamic range. It also minimizes the
effective number of transistors that contribute noise. The output stage of OTA is implemented with
M Ngqp self-cascoded structure. The W/L ratios of M Ny, and M Ny, cascode devices are kept much
larger than M N7, and M Ng, rail devices which reduces channel length modulation and enhances DC

gain without losing on the output voltage swing suitable for low voltage application.
3.2.2 AC model

The AC model of the proposed OTA is represented with equivalent small signal model of all
elements along signal path. By taking advantage of the symmetry, the proposed OTA of Figure 3.2
can be replaced with the 7 equivalent model as shown in Figure 3.3. G is defined as the output

transconductance of OTA and is given as:

Im6b + Jo6b T Jo2

As seen from (3.6), G/ is nearly equal to the transconductance of the input pair devices because
current mirrors consisting of self-cascode structures route signal currents from the input pair drains

to the OTA output with nearly unity current gain. Evaluating output resistance of the OTA gives:

Imeb + Gobb T o2
Im6bgosh + 9o2906b + Go8b9o2 + Jo6bJo8b

Rout = (3.7)

It is clear from the voltage gain, A, 4., which is product of the Gy, from (3.6) and Ry from (3.7)
that A, 4. of the proposed OTA can be maximized by operating input pair devices at low inversion
coeflicients when biased more towards weak inversion region for high gm12/Ip12 and gm12, also
combined with operating output devices Ms_g at long channel length for obtaining lower output
conductance. From small signal analysis the input tranconductance is given by ¢gm2 = gm2a + gm2p
while the output resistance due to channel length modulation is 7,2 = 1/go2 = (7024 || To26). The DC

gain can be obtain by ignoring all capacitances in the circuit.

Av,dc = Im2 (38)

9o6b+9osb.
Yo2 <9m6b+goab> T Gosb

The OTA’s dominant pole frequency is found to be

_ Im
RPN (R #

Im6bT9o6b
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Figure 3.3: Small signal model of symmetric OTA for AC analysis.

The parasitic capacitances due to the increased number of nodes caused by level shifter arrangement
do not deter OTA’s dominant pole location and is still decided by the load capacitor Cr. As gp <

(gme6b + Yoeb), the dominant pole frequency can be approximated to fq = gma/27A, 4.CL.
3.2.3 Noise Analysis of OTA

The input transistor pair, Mo, self-cascode current mirror devices M N7g, current drivers
M Nip,13 and the composite transistor pairs M P3_g which lie along the signal path contribute to
thermal noise. The tail current sources M N11_12 and its external reference device does not contribute
to noise owing to common-mode cancelation. The OTA input-referred thermal noise voltage, power
spectral density (PSD) is given by

To— 8GK_2T > (nD);gmi (3.10)

Moy
where 1=1,2,3,5,7,10. Here kT is the product of Boltzmann’s constant and absolute temperature.
(nI'), (nI')5, (nI')5, (nI');, and (nI);, are the products of the substrate factor, n, and thermal noise

factor I' for respective devices where I' is expressed as

1,2
5 +31C
r=2_3- 11
1+1C (3:.11)
I" is expressed in terms of inversion coefficient factor IC of the EKV model [53], given by
I I
Ic b =P (3.12)

- 2nuCoUr? (W/L)  Is(W/L)
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3. A Nano-power Instrumentation amplifier for LFP Recording

with symbols having their usual meaning. To obtain the noise level the input referred thermal noise
density can be integrated over the bandwidth Af = fo — f1. Equation (6) integrated in the desired

band of frequency, namely fi to fo gives

f2

[ SKTAf

Viram = /U%TAJhdf = Wz (nI');gmi (3.13)
f ‘

The input referred flicker noise voltage PSD for the OTA is given by

LA 2 Kig?
2 flgmz
- -].4
UOTA,f Comfc%w El : (I)[/'L)l (3 )

In the given equation Ky; is the flicker noise factor and is a process-dependent parameter, f is the
operating frequency.
Integrating flicker noise density over the desired bandwidth gives

f2
2 P Kyig2,
2 _ 2 _ mi
Voray = /UOTA,fdf = —C'ozG?W In <E) Z L), (3.15)

%

I
The total input referred noise of the OTA consisting of both thermal and flicker noise power spectral

density integrated over the bandwidth defined by Af = fy — f1 can be computed as

V=S 295 [4KTAf(nF)¢ In (f2/f1) Kfi:| (3.16)

e G?\/] 9mi Cox(W/L)Z

For low frequency applications the flicker noise component dominates the noise spectrum hence

7

the total noise can be reduced by employing larger transconductance gain for input devices M N; 2 and
by increasing gate area (W x L). Further reduction in noise level can also be achieved by decreasing
the g, for non-input devices by using lower input bias current Igras of OTA or optimally reducing

gate area dimensions.
3.2.4 Noise Analysis of Neural Amplifier

The noise of the resulting neural amplifier configured as single-ended OTA in Figure 3.2 can be
evaluated using the equivalent noise model as shown in Figure 3.4. The noise power density of the
pseudo-resistor having equivalent resistance of r, is represented by % = 4kT'r, as the thermal noise.
The input referred noise PSD of the proposed OTA % which is given by the sum of equation (6)

and equation (10), is placed as a noise source at the input of the noiseless OTA. The noise spectrum

TH-2325_10610211

52



3.2 Low power Low noise Neural Amplifier

Figure 3.4: Noise model of the neural preamplifier.

of the resistor vZ, p(f) is shaped by low-pass characteristics:

v2 o (f) = bk ~ ?(ﬁf (3.17)
T a2 i @upracp] A

The input noise spectral density of the OTA is calculated as

L4 Gi 2+ 1 1
Cy 2n fr Cy

Therefore, the total input noise spectral density of the neural amplifier is the sum of equation

2
Un,0TA

3.18
o (3.18)

Uign,OTA(f ) =

(3.17) and (3.18). The pseudo-resistor has thermal noise PSD m with power characteristics of
brown noise (1/f2) while the OTA noise is increased due to capacitive transformation. The second
term in equation (15) can be ignored since spectrum of m is only significant at much lower
frequencies (f < (fr/Ay)) than the band of interest where the flicker noise components of OTA are
decades lower than that of m.

The corner frequency f. can be obtained by equating thermal and flicker noise components as

given in (3.19).

CffL Ug, R(fc)
fo= RV 3.19
Cit O \ 02 opalfe) (349

where va oralfe) = 16kT/3gm12 (if the amplifier is designed so that C; > Cy and gm1,2 > gmi, i =
3,5,7,10) has a flat spectrum at f.. v% ora(fe) has thermal noise characteristics at f. since the corner
frequency of v2 7 ,(f) is much lower than v2, o7 4(f). It is worth mentioning that the high-pass cutoff

frequency of the gain stage should be kept as low as possible.
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Figure 3.5: Transfer function of the amplifier configured for recording LFP.

3.3 Measurements of Local Field Potentials

The proposed symmetrical OTA was simulated in Cadence Spectre of standard UMC 0.18 pm
CMOS process technology operated at 27°C. The design assumes multi-tanh input transistor pairs
M Ni4.2q and M Nyp 95 to be perfectly matched and working in the deep weak inversion region. Sim-
ulation results of the frequency response of the preamplifier transfer function is shown in Figure 3.5.
The capacitors were sized for the mid band gain of 31.7 dB in the desired frequency band of 10 Hz to
100 Hz with a phase margin of 58.35°. The lower 3-dB frequency can be tuned via Vi,,e voltage by
varying the effective channel conductance in the feedback loop. The amplifier was adjusted to have a
high- and a low-pass cutoff frequency of 3 Hz and 164 Hz respectively for LFP-suitable configuration.
The total current of our amplifier was measured to be 85.4 nA, corresponding to a power consumption
of 68.4 nW from a 0.8 V supply. With the positive gate voltage of Viyne = 0.5 V applied to transistors
Mgy, the parasitic BJT behavior sets in the lateral path along source, well and drain giving high
incremental resistance of the order of peta-ohms. The measured current voltage relationship is shown
in Figure 3.6. This high-resistance element can be realized in a small area thus eliminating the need

for large off-chip components.
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Figure 3.6: Measured I — V characteristic of MOS-bipolar element.

The comparison of measured input-referred noise spectrum of neural amplifier configured for
recording LFP and input referred noise of designed OTA from simulation are shown in Figure 3.7.
An input-referred noise spectral density of our SCCA configured neural amplifier shows a significant
amount of low-frequency noise as compared to that of Gy OTA. The total input referred noise of
neural amplifier was found to be 5.62 uV,,,s, when integrated from 1 Hz to 0.1 kHz of bandwidth.
The measured noise efficiency factor (NEF) [25] for LFP recording is evaluated as 6.33. From the
noise analysis of neural amplifier shown previously it was evident that the low frequency noise rolls-off
as 1/f? which is due to the filtering of the thermal noise in M, .. Thus in order to reduce this
low-frequency noise in the pass-band, the saturation current of M,_. should be made very small, so as
to have as small gate-source voltage of M,_. as possible. By setting the gate-source voltage of M,_.
such that the high-pass cutoff frequency of the amplifier happens at a very low frequency, the thermal
noise of these pseudo-resistor MOS can be filtered out well before the frequency band of interest.

The simulated total harmonic distortion (THD) at 1 KHz stays below 1% for differential input
less than 20.2 mV showing there by an improvement in linearity due to current cancelation and DC-

shifting techiniques employed in the OTA design. This level of input signal is larger than a typical
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Figure 3.7: Comparison of simulated input-referred noise spectra for the amplifier configured for recording
LFP (smooth curve) and G,, OTA (dashed).
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Figure 3.8: PSRR measurement of the neural amplifier configured for recording local field potentials.
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Figure 3.9: Layout of the designed neural preamplifier.

field potential amplitude level (< 10 mV) [74]. The dynamic range of our amplifier assuming 1%
distortion is approximately 68 dB. The simulated result of power supply rejection ratio is shown in
Figure 3.8 and is calculated as the ratio of the differential-mode gain to the gain from power supply
to the output. The measured PSRR exceed 54 dB over the range of 3 Hz to 0.15 kHz which is due
to low DC gain at low frequency through increase of impedance of the feedback network so that the
supply ripple does not get transmitted in the frequency band of interest.

The three capacitances in integrated circuit constitute a total capacitance of 17.1 pF. The layout
of the amplifier occupies an estimated area of 332 pm x 296 pym (~ 0.10 mm?) and is depicted in
Figure 3.9 (pads and routing details not shown). The input, load and feedback capacitors consume
approximately 30% of the layout area. A 100-channel system made from our amplifier will consume

2

a silicon die area of less than 10 mm~ in a 0.18-um process and power of only 6.8 W allowing for a

large scale implantable neural recording system.
3.4 Conclusion

An ultra-low power CMOS biosignal amplifier used in LFP recording application was successfully

designed and simulated. The single-ended capacitively-coupled neural preamplifier driven with a
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Table 3.1: Performance Comparison with Neural Preamplifiers Configured for LFP

Parameter [12] [76] This work
Supply voltage 28V 15V 0.8V
Total current 743 nA *800 nA 85.4 nA
Gain 40.9 dB 35 dB 31.7dB
Bandwidth 0.39-295 Hz 1-825 Hz 3-164 Hz
Input-referred noise 1.66 uVims 1.8 uVims 5.62 11Vyms
Noise efficiency factor 3.21 - 6.33
Max. Signal (THD) | 1%@Q7.2 mV}, | 1%@8 mV,, | 1%@20.2 mV,,
Dynamic Range 63.7 dB 66 dB 68 dB
PSRR 75 dB 60 dB 54 dB
Area 0.16 mm? ** 2.1 mm? 0.098 mm?

*Includes 8 recording channels **Includes reference and biasing circuits

single 0.8 V supply offers a flat-band gain of 31.7 dB over a frequency range of 1—164 Hz. The
neural amplifier gave an input-referred noise of 5.62 pV while consuming 68.35 nW of power and
occupied less than 0.10 mm? of silicon area. While working with the lowest supply voltage this work
is a significant improvement with respect to power consumption, dynamic range, and chip area when
compared to [12,61]. A comparison between this work and a related work of [12] is shown in Table
3.1.

The layout of LFP preamplifier is designed to implement in a CMOS integrated circuit where the
LFP output can be further digitized by integrating a unity gain buffer and ADC to complete the
quantization process. The integrated amplifier circuit will have a minor effect with respect to the
overall input referred noise, power or quantization accuracy in a practical neural front-end making
these low power area-efficient CMOS circuits crucial in building high density multi-electrode array for
subdural implant. Such amplifier circuits may be useful in deep-brain stimulator BMIs for studying
and treating various neuro-degenerative diseases especially Parkinson’s disease and power-efficient

experimental neurological systems.
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4. A Band-Tunable Neural Recording Amplifier with Spike/LFP Separation

4.1 Neural Recording Modalities

The spectrum of recorded bio-potential data typically include biosignals of different frequencies:
Towards lower frequency range from less than 1 Hz to 300 Hz, local field potential (LFP) is dominant
which is due to the summation of synaptic currents within a 1-5 mm of extracellular space. At a
higher frequency from a 300 hertz to a 6 kHz, the signal consists of extracellular spikes from neurons
in close vicinity of the electrode [12,75]. Both these biopotential signals viz., local field potentials
and extracellular spikes are important for information decoding in BMI systems. Moreover, these
signals are often superimposed with the DC offset due to electrode-tissue interface which should also
be eliminated in order to avoid saturation of front-end amplifier. Some of neural recording parameters

for different signal readings at electrode are given in Table 4.1:

Table 4.1: Summary of neural recording parameters

Signal Source Amplitude Frequency range | Spatial Resolution
Local Field Potentials 0.5—5 mVy, 1 Hz — 300 Hz 0.2 mm
Extra-cellular Action Potentials | 0.01-0.5 mV,, | 300 Hz — 6 KHz 1 mm
EEG (surface) 0.5—100 uVy, | 0.4 Hz —30 Hz 3 cm

While action potential (AP) or spike recording through micro-electrode arrays offers higher spatial
resolution, it has to compromise with the tissue fibrosis which results in signal degradation over the
certain period of time [77]. LEFPs have less spatial resolution than single-cell microelectrode recordings
but they have the advantage of lesser susceptibility to chronic measurement issues. Recent studies have
demonstrated that LFP signals can encode the information for BMI necessary for building an effective
neuroprosthetic device [69, 78]. Some researches have reported using LFP recordings for decoding
voluntary movement activities and in predicting sub-thalamic nucleus neural spikes during deep brain
stimulation for understanding neuro-degenerative pathologies which also enhances the development
of neural-to-electronic interface [79,80]. The spectrogram of LFP recordings in the planning and
execution period indicates a significant increase in the power spectrum above 15 Hz during reach
task movement [68]. Choosing a particular measurement approach requires consideration of various
constraints including spacial resolution, power requirement, and desired information content.

In the following sections, we shall be focussing on the major design aspects for neural front-end in-

terface which includes AC-coupled, closed loop neural pre-amplifier followed by a band-limiting analog
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filter, a high-gain post-amplifier and a post-processing stage for digitization. It also discusses band pro-
grammability feature of a neural recording amplifier for sifting spike signals from low-frequency local
field potentials for delivery of high-frequency spike signal to the following block which is a spike detec-
tor. Most of brain activities related to neurological diseases occur in «, 3,7, § frequency range [75,81].
Therefore, focus of this work will be to shift the 3-dB high-pass corner frequency of neural amplifier
into sub-Hz range. This would filter out the DC offsets at the inut due to electrode potentials. The
design constraints of the previously designed LFP amplifier are addressed and later on low power
analog design techniques are discussed for the improved version of LFP amplifier. A prototype design
of LFP recording amplifier implemented in 180 nm CMOS process and experimentation results are

also presented which characterizes circuit implementation and validates the design method.

4.2 Motivation for spike/LFP Amplifier

Since biomedical signals require quite different amplification levels and bandwidths, programmabil-
ity becomes mandatory with respect to both gain and bandwidth. Size and power becomes two major
concerns for implantable neural recording systems. A recording system is desired which can acquire the
entire biosignal spectrum of interest while rejecting DC offset. In the field of biomedical electronic sys-
tems, the acquisition devices for neural signal recording, typically consists of an capacitively-coupled
instrumentation amplifier (CCIA). CCIA is a key element, which senses and amplifies the neural
signals such as Electrocorticography (ECoG), Electroencephalogram (EEG), action potential, local
field potential (LFP) etc., through electrode-tissue interface. The neural signals acquired by micro-
electrodes are very small in amplitude (1 ©V to 0.5 mV range, depending on the distance from the
electrode and on the size of cell) and are accompanied with local field potential, neuronal background
noise and other electrical disturbances from electrode-electrolyte interfaces. Therefore, the design of
CCIA should necessarily include filtering circuitry along low noise signal amplification whose input-
referred noise should be below 10 pVrms. It is important to be mentioned that the acquisition process
should preserve the information contained in the original signal. Thus the front-end system should not
introduce any form of noise that can distort the information. The power consumption of the neural
interface circuit should also be kept low (<1-2 W /channel) since the CCIA has to be integrated
with microelectrodes which has short thermal path to the neural tissues. Simultaneously, small area

per recording channel is also important so it can be scalable to a high channel count system for its
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suitability in high performance BMI systems.

The previous design of low-noise amplifier for recording local field potential can be employed for

amplifying neural signals including neural spikes in 100 Hz to 6 KHz range. For this, the functionality

of the previously designed LFP amplifier needs to be extended to record these signals. However, in

order to develop this architecture into a fully implantable system for detecting neural potentials, the

design of this amplifier has to meet certain challenges:

(i)

(i)

(iii)

4.3

Operation with high supply voltage is preferred since a low supply reduces overdrive voltage in

some above-threshold transistor which increases noise contribution.

For real-time recording of bio-potentials, there can be a shift in the amplitude scale at the input,
therefore, calibration of equipment is important for its accurate determination owing to which

the front-end amplifier should have an adjustable gain feature.

It is required to increase the upper cut-off frequency since the LFP amplifier is designed to
operate up to 170 Hz which can only record LFP signals. Whereas the bio-potential signals at

other frequency bands (neural spikes) will be attenuated.

In the previous design, the lower cut-off frequency of LFP amplifier is high (> 3 Hz) because of
which a significant part of low frequency neural activities which lie near 1 Hz frequency range is
lost. The lower cut-off frequency should be extended to below 1 Hz since most of neural diseases

occur at frequencies in <1-30 Hz band.

Finally, in many applications it is desirable to separate LFP from neural spikes. In our applica-
tion, the amplifier should also have a tunable bandwidth while interfacing with spike detection
circuit in order to eliminate local field potentials which can interfere with the subsequent spike

detection circuit.

Front-end Amplifier Design

The front-end of neural interface forms a crucial part of spike detection. The microvolt level of

biopotential signal (~ 10 V) at the electrodes and large frequency spectrum from below 1 Hz up to

several kilo hertz present in the neural signal mandates the design of an analog front-end interface. A

gain of the order of 1000 and a reconfigurable bandwidth is required in order to make neural signal
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Figure 4.1: The channel architecture of proposed neural signal processing chain: a cascade of pre-amplifier, filter,
post-amplifier, and back-end processing blocks for data reduction and waveform digitization.

suitable for the spike detection. Due to poor noise performance of CMOS circuits, the pre-amplification
stage should also have a low input-referred noise.

In most of neural recording front-end systems, a high-gain instrumentation amplifier (IA) is used
after the micro-electrode. This stage is followed by either an ADC and a bio-marker extraction
circuitry or a simply a spike detector for neural signal digitization. The channel architecture neural
processing signal chain is shown in Figure 4.1. The raw signal picked-up from micro-electrodes is
processed at the first stage of analog front-end (AFE). AFE mainly consists of three stages: (1) a low-
noise gain stage, (2) bandwidth limiting stage, and (3) programmable gain stage (Figure 4.4). Later
on the amplified and filtered signal is processed at the back-end for spike detection and digitization.
The tuning parameters are also outlined along with the corresponding block. The pre-amplifier stage
mainly determines the noise-power trade-off. This stage can be designed so that an input-referred
noise below 10 ©V,ms can be traded with a sub-micro Watt power while providing a moderate gain of
30 to 35 dB. Gain should not be very high for this stage as the frontend will saturate for large signal
input. The subsequent stages of amplifier are designed for high gain and high swing. On the other
hand, if the gain is very low it may raise the noise requirement for the following stages. A low-power
G, — C filter stage can be tuned for upper and lower cut-off frequencies with a negligible addition to
the input-referred noise. The third stage is designed for providing an additional gain of over 40 dB

from DC to 6 KHz so that the neural signal can be further processed by a threshold comparator for
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spike detection. The voltage threshold V7, is usually set by a spike detection algorithm for reducing
detection errors. Important information contained in the amplified neural signal can also be preserved

for A/D conversion and waveform digitization.
4.3.1 Design of the Pre-amplifier Stage

For pre-amplifier stage, a generic topology of single-ended OTA-based neural signal amplifier with
capacitive feedback [14,82,83] is adopted. The scheme used for our pre-amplifier is analogous to
the one used in earlier chapter. For achieving lower cut-off frequency a very high value of feedback
resistance is required (of the order of Giga-Ohm). Previous design of LEP amplifier consists of three
series transistors in feedback circuit. Equivalent resistors of such high values can be implemented by
means of MOS devices however the corresponding range of linearity is limited. A series combination
of identical pseudo resistors can be replaced for a better linearity [84]. However, as the number of
MOS elements increases the overall noise contribution also increase. The increase in total noise power
is due to noise contribution of the individual pseudo resistors which consists of MOSFET thermal
noise and Flicker noise. This trade-off between dynamic range and noise suggests there is an optimum
choice for the number of transistors used in neural amplification. The figure showing the effect of the
choice of the number of MOS elements on linear range of current-voltage relationship of MOS bipolar
element and total input referred noise in 4.2(a) and 4.2(b).

From these figures it is evident that increasing number of series transistors improve the linear
performance over a larger range of voltage swing applied across them, but it also contributes to the
thermal noise of the amplifier. Therefore, only two transistors M, and M, are considered (instead
of three transistors) in the feedback path. A modified schematic of Figure 3.1 is reproduced in
Figure 4.3(a) for AC analysis. These pMOS transistors work as MOS-bipolar devices collectively
termed as pseudo-resistor. With application of a very small Vg, the transistors operate as a parasitic
source-well-drain p-n-p bipolar junction transistor (BJT) equivalent to a diode-connected BJT. r,
denotes the incremental resistance of M, ; when there gate-source voltage is close to zero. The loading
effect at the output node of neural amplifier is modeled as Cr,, a parasitic capacitance connected
between v, and incremental ground. To analyze the operation of neural amplifier, we adhere to a
feedback amplifier approach. Figure 4.3(b) shows a preliminary block diagram which describes the
operation of feedback amplifier. The feedforward gain G is the open-loop gain —A(s) of amplifier,
where —A(s) = G x (ro || (1/5Crp)). The transfer function K and H denote the input voltage
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(b) input-referred noise spectrum.
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Figure 4.3: Circuit schematic for small signal analysis of neural amplifier

divider and feedback voltage divider gain given by Z;/(Z¢ + Zin) and Z;, /(Z + Zin) respectively.
K and H can be derived by substituting the input impedance Z;,, = 1/sCj, and feedback impedance
Zy =1q/(1+ sr,Cy) as

STaCm
K p—
=T (Cin +Cy) @)
H(s) 1+ ST’aCf

1t srq (Cin + Cy)
Towards the operation of amplifier where the frequency w > 1/(rq x (Cin + Cy)), H can be

approximated as Cy/(Ci, + Cy). Neglecting channel length modulation (output resistance r, >
1/sCrp), the open loop gain —A(s) = Gy,1/5Crp. The voltage gain of the neural amplifier can be

obtained as

Una -G _E 1
Huals) = = K9G = “ w1y (/e 42)
s7.Cin 1 )

- 1+ sraCf'l + (SCLp/Gml)[(Cm + Cf)/Cf]

The expression in (4.2) contains a high-pass and low-pass transfer function. The expression (Cy, +
Cy)/Cy can be defined as a midband gain A,,; of the neural amplifier. This equation suggests that
the lower cut-off frequency is governed by the combination of feedback capacitor and pseudo resistor
and is situated at fnq = 1/27r4Cf. The higher cut-off frequency which is due to the parasitic

load capacitor is given by frav = Gm1.Cy/2m(Cip + Cp).Crp. At a mid-band frequency where
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1/1.Cf < w < Gm1.Cy/(Cin + Cy).Crp, the gain of the neural amplifier can be approximated as

C;

H,.(s) = ;s

(4.3)

A high-level schematic of a three-stage neural front-end system along with corresponding OTA
topologies is described in Figure 4.4. The first stage of analog processing chain consists of a pre-
amplifier which mainly determines the noise performance of a neural recording channel. This stage is
designed with a low input-referred noise and is implemented through a differential-input capacitively-
coupled instrumentation amplifier (CCIA) first used in [62].

The amplifier is AC coupled to the micro-electrodes through C;, to decouple front-end DC offset
arising from electrode-tissue interface. The use of on-chip capacitor creates the high-pass corner
frequency and eliminates the need for external components. The pseudo-resistive elements M, ; along
with the capacitance C in feedback path creates a high-pass corner frequency given by wy, = 1/(r, %
Cy). CCIA also acts as a reconfigurable high-pass filter. The high-pass corner frequency can be tuned
with the bias voltage Vy;qs at the gate terminal of pseudo-resistor. The low-pass corner frequency is
determined by the 3 dB roll-off of the OTA of CCIA. The ratio of feedback capacitance, C'y = 140 fF
and the input capacitance C;, = 10 pF sets the mid-band gain of the preamplifier to approximately
34 dB. The value of Cj, is chosen sufficiently high in order to avoid tissue fibrosis leading to signal
distortion and to reduce the silicon area. The lower input referred noise may be obtained at the cost
of higher drain current but severe power constraint on implantable devices imposes the direct limit on
increasing the current bias.

The expanded view of Figure 4.4(a) depicts the basic schematic of G,,1 operational transconductor
amplifier (OTA) of first stage preamplifier design. At low frequency, the CMOS transistors exhibit a
1/ f power spectrum as noted in Figure 3.7, therefore the key challenge is to reduce the 1/f noise low.
Cascode topologies are impractical because of the low supply voltage, hence two NMOS differential
pairs with PMOS loads in parallel are employed. Hence the same OTA configuration used for LFP
amplifier can be utilized for gain and band programmability and can be applied generally to neural
sensor interfaces. The transconductor employs a multi-tanh scheme implemented by differential pairs
Miqp and Moy, p, having equal tail currents. The unequal sizing of input transistors is chosen in order
to maximize the linear operation of the transconductor. The series transistor structure formed by

common gate configuration of Ms3_g ensure constant and equal drain voltages of differential pairs. A
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37 dB), (b) 2"? stage: tunable bandwidth limiting

1) and (c) 3" stage: high-gain amplifier (A,3 =43 dB).

Figure 4.4: System block diagram of the three-stage analog front-end interface and OTA topologies for (a) 1%¢

stage: capacitor-coupled instrumentation amplifier (4,1

Sta‘ge7 (G’m,Q X 1/CL
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4.3 Front-end Amplifier Design

Table 4.2: Operating Points For Transistors In The G,,,; —OTA with Ij;,s1 = 0.2 A

Devices | W/L (um) | Ip(nA) | gm/Ip (V7') | Vas — Vr (mV)

Miq,24 100/8 36.51 32.57 -165.8

Mip 2 400/8 152.6 32.5 -164.4
Mo asace | 100/4 | 378.6 22.88 66.1
Mspapspes | 400/8 | 191.8 25.61 125.8

M7484 140/2 329.3 31.01 -146

My s 400/4 329.3 32.45 -162.9
Mo1oapem | 10/8 190 23.71 94,5

single-ended output current of OTA is drawn from self-cascode structure Mg, which increases the DC
gain without any substantial loss of voltage swing. The transistors are sized so as to increase g,,/Ip
ratio (by operating in weak-inversion region) of input differential pairs while reducing g,,/Ip ratio of
non-input devices by driving them into a higher moderate inversion regime. The input referred noise
power spectral density including flicker and thermal noise of the transconductor in Figure 4.4(a) is

expressed as

——  _4kT
V2 =225 > Vigmi

2
G 5 (4.4)
— 1 Krig?, '
2 fi9mi

=2
m G Couf — (W;L;)?

<

where i =1,2,3,5,7,10. The value of ~ is 2/3 for devices operating in strong inversion and 1/2x in
weak-inversion. W, L, C,,, f; are gate width length, oxide capacitance density, and process-dependent

flicker noise factor respectively. The output transconductance G,,; of OTA is given by

gm?2 ~
Gm1 = 11 92 = gm2 (4.5)

Im6b+Jo6b

The total noise of first stage OTA is contribution of both flicker and thermal noise.

2 22 2
VpoTAl = Vnin T Vg (4.6)
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Figure 4.5: The transfer function of pre-amplifier. Midband gain is 38.2 dB, and the high frequency roll-off occurs at
6.9 kHz. Low-frequency roll-off occurs at 13.9 Hz.

If r, is replaced with a real resistor then its noise spectral density is given as
Un 2 = 4kTr, (4.7)

The total input referred noise is because of the contribution of OTA and the resistor

Uin2 == 'Uin,r2 = Uin,OTAlz (48)

where vm,rz and vip o1 412 are similar to equations (3.17) and (3.18) respectively. Table 4.2 shows the
dimensions of devices. The input differential pair transistors M 2 are sized with a large W/L ratio
so as to push them into deep weak inversion region, maximizing their g,,/Ip ratio. The transistors
in biasing circuit M3 456,78 are sized with small W/L ratio to operate them in moderate inversion
region instead of strong inversion to save power. This also contributes to lowest thermal noise and an
improvement over the LFP amplifier noise. This improvement in noise is evident from Figure 4.9(b).
The bias current is set to 0.2 A, giving devices M, 24,1520 sSmall drain currents of 36 and 152 pA.

Total power consumed by the pre-amplifier stage including current source is 1.9 uW.
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4.3.2 Design of the Filter and Gain Stage

To circumvent noise-power trade-off and to make the instrumentation amplifier more robust to
noisy environment, another stage of g,, — C based bandpass filter is added as shown in Figure 4.4 (b).
This stage is added to independently shape the pass-band of the preamplifier without effecting input
referred noise. With the addition of the filter stage, the neural amplifier can be configured to either
amplify local field potential signal (4 Hz — 300 Hz) or record the neural spikes (300 Hz — 6 KHz) to
facilitate spike detection. The transfer function of the filter stage is given as

vf sCs R, 1

H = . 4.
f(s) Vg 1+ sCsRs 1+ SCL/Gmg ( 9)

For higher operating frequency in which 1/7,Cf < w < 1/CR, the transfer function of the neural

amplifier and filter stage can be expressed as

vy Cz SCSRS 1
A _ % _ G | 4.1
na,f(s) - Cf 1+sCsRs 1+ SCL/Gm2 ( O)

wm

Since action potential signal contains most of energy in 300 Hz—6 KHz band therefore preamplifier
should be designed to reject signal outside this band. This can be carried out by changing the value of
time constant Cs R, where Ry is the equivalent resistance of a floating high-valued resistance composed
of two back-to-back pMOS transistors connected in series. The value of Rs can be controlled through
the gate voltage Vyiiter tune With respect to the drain current which provides a wide tuning range.
The high-pass corner frequency is set by fr = 1/27CsRs. The upper cut-off frequency is given by
fu = Gma/27Cr.

Figure 4.4 (c) shows the third stage of AFE which is a high-gain amplifier loaded by a large input
capacitance C, of the following stage (viz. an ADC). The gain of this stage is equal to (1 + Rg/R7).
Ry is a large fixed pseudo-resistor defined by a diode connected Mg that sets the input common-
mode voltage of the OTA. For the third stage, a current-mirror OTA is used which is suitable for
driving capacitive loads. In order to maximize the the closed-loop gain of the amplifier, a high-
transconductance OTA should be used. For this reason the input differential transistors are biased in
strong-inversion side of moderate inversion which also helps to achieve low noise at lower bias current.
It also serves setting the high-cutoff frequency larger than the input neural signal bandwidth.

A band-limiting stage allows the preamplifier to adjust the 3-dB bandwidth without compromising
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62 um

235 um

Layout area of 3-stage programmable front-end amplifier consisting of (a) the instrumentation amplifier

Figure 4.6

and (b) band limiting filter and high gain stage.
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The transfer function of neural amplifier after filtering stage. Programmable high-pass filter pole shown

Figure 4.7

15 Hz, 124 Hz, and 318 Hz at tuning voltage of 390 mV, 160 mV, and 120

at three different cut-off frequencies, fup

mV respectively.
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Table 4.3: Operating Points For Transistors In The G,,2 and G2 OTA with Ip;qs20 = 5 pA and Ip;qs3 = 0.1

A
Devices W/L (pm) Ip gm/Ip (V7Y | Vgs — Vp (mV)

My11,p21 1/1 15.57 pA 36.35 -324.23
Miy12 522 4/1 361 pA 35.85 -273.7
My b3 80/0.2 245.2 pA 25.79 493.58
M1 pi2 50/4 376.9 pA 36.23 -297.85
Mo 0.24/4 | 4.97 pA 35.72 -262.15

M1.q 100/3 | 257.6 nA 24.19 95.8

M3, 94,65 66,99 6/6 | 257.6 nA 22.17 -2.0
My7 48,410 1/6 947.8 nA 7.8 2992.9
Myem 0.24/6 | 100 nA 6.57 -275.7

on the low input-referred noise of first stage while the noise contribution from bandpass filter remain
insignificant. The transconductor employed in the design of OTA is a parallel asymmetric differential
pair as shown in the inset of Figure 4.4(b). The high- and low-pass corner frequency can be adjusted
by varying Viiter,tune and transconductance of OTA. The third stage of amplification includes linear
gain stage. The OTA is implemented with a current-mirror transconductor topology whose gain can
be programmed through bias current Ij;40 from 27 dB to 33 dB. Post layout simulations were carried
out separately for the neural amplifier at the first stage and band-limiting and gain amplifier at the
second stage. The layout area occupied by first stage is 235 x 141 pm while the layout area of second
stage is 108 x 62 pm when designed in Cadence UMC PDK as shown in Figure 4.6(a) and 4.6(b)
respectively.

A mid-band gain of 80 dB, an input-referred noise of 5 uV,,s (10 Hz — 6 kHz), a programmable
high-frequency cutoff from 100 Hz to above 6 kHz, and a tunable low-frequency cutoff from 300 Hz
down to 10 Hz are some of the important functional specifications measured for this circuit. The
high-pass corner frequency f;, can be controlled with the time constant 7, = Rg x Cs. Figure 4.7
shows programmability of high-pass corner frequency at three different voltage settings of Vyjiter tune-

At control voltage of Viier,tune = 120 mV, 160 mV, and 390 mV, the cut-off frequencies are 318 Hz,
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Figure 4.8: Magnitude response of different stages of FEA namely CCIA, band-limiting filter stage, and high gain

stage. FEA can be configured to record either (a) spike in the frequency band 100 Hz to 6 KHz or (b) local field potential
in the range 14 Hz to 100 Hz.
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Figure 4.10: Monte Carlo analysis of pre-amplifier with a 1 pF load capacitor when the bandwidth was tuned for (a)
high pass corner. (b) low pass corner.

124 Hz, and 15 Hz respectively. Mid-band gain and high cut-off is constant at 36.8 dB and 7.8 KHz
respectively. Low-pass corner frequency can be controlled with the time constant 77 = C1./Gp2. The
load capacitor Cf, can be varied through which the low-pass corner frequency fyy can be programmed.
The transconductance G,,2 can be also varied but since thermal noise is inversely proportional to
the transconductance, therefore value of transconductance of second stage cannot be lowered beyond
certain value. For this reason, bias current at the first stage should be kept fixed and should not be
adjusted for decreasing input referred noise. There is also a reason why first stage can not be chosen
for setting of fyy. The combination of pseudo-resistor r, and capacitor C'y determine the lower cut-off
frequency in the first stage. The thermal noise is contributed by a large value of pseudo-resistor r,.
Noise of the first stage should be the lowest since it will be amplified in second and third stage of AFE.
Consequently to reduce the noise contribution due to this pseudo-resistor, the product of 7, and CYy
should be less then the product of 5 and Cy so that the pole due to second stage becomes dominant
for setting the low-cutoff frequency of AFE amplifier.

The composite transfer curve is illustrated in Figure 4.8. The transfer characteristics at different
stages of FEA are depicted in Figure 4.8(a) and 4.8(b) for two different configurations: spike and LFP
recording. It is shown that by tuning Viier tune voltage, the FEA can be switched between two modes

for recording either LFP or neural spikes. The first stage gain is set to 36.8 dB with a band of 6 KHz.
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At the second stage, the low-pass filter pole can be tuned for recording high frequency spike by setting
the load capacitor to 1 pF. For the load capacitor of 10 pF, the bandwidth can be reduced to 100 Hz
which is suitable for recording of LFP. The third stage adds the gain of 43 dB without modifying the
bandwidth resulting in the overall gain of over 80 dB.

Table 4.3 shows the dimensions and operating points of devices in G,,2 and G,,3 OTA. The input
transistors Mpi1 p12,p21,522 in the filter stage are biased in deep weak inversion region. The transistors
in biasing circuit M3 4 56 are operated in moderate inversion region. Total power consumed is 1.9 uW.
The pre-amplifier presented in this work was designed and simulated in 0.18 pm CMOS process. AC
analysis of AFE output in typical process condition and in all the four process corners as well as at
different temperature is shown in Figure 4.9(a). Figure 4.9(b) shows the input-referred voltage noise

1/2 at 100 mHz while noise is

spectrum. The noise analysis shows the flicker noise of 38 ©V,,s/Hz
below 500 nV at 1 Hz. Since the CCIA stage is designed for a fixed bandwidth therefore Monte-Carlo
simulations with post-layout extracted parasitics were carried out to verify the sensitivity of the first
stage amplifier circuit to the device mismatches. Figure 4.10 shows a one thousand runs of Monte
Carlo simulation of the high pass and low pass cut-off frequency at room temperature of 27 °C. It can
be seen that the histogram in Figure 4.10(a) exhibits a narrower spread of frequency with a standard
deviation (o) of 0.21 Hz around a mean value of 10.8 Hz. The histogram in Figure 4.10(b) also has a
standard deviation of 49.9 Hz for a mean of 4.4 KHz. Both the analysis for the low and high cut-off
frequency shows the effectiveness of the proposed configuration for setting the bandwidth of the CCTA

stage.
4.3.3 Design of the Spike Detector Stage

Real time spike detection is an essential requirement for developing brain machine interfaces. Neu-
ral amplifiers are directly interfaced with the electrodes and are typically succeeded by spike detectors
or analog-to-digital converters (ADC) for digitizing the recorded signals. In the proposed channel
architecture in Figure 4.1, the output of the post-amplifier is connected to a voltage threshold com-
parator that performs binary spike detection. Spike detection is the process of identifying that an
extracellular spike event has occurred which has been recorded by the neural amplifier system. Spikes
carry important neural information. To reduce the amount of data transfer only spike information
needs to be conveyed. This reduces bandwidth requirement of back-end processing viz, ADC, mul-

tiplexer, and wireless telemetry. After detection of spikes following are three degrees of bandwidth
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reduction in an increasing order: (i) transmit a portion of the waveform around the spike, (ii) transmit
morphological features needed for spike sorting, (iii) only transmit the spike times. The later case
offers ultimate bandwidth reduction which is used in our spike detection method.

One of the major challenges for a Spike detection system is to be able to adapt to the varying rate
of incoming spike as it can drastically vary from 10 Hz up to 100 Hz. Hence spike detector should
be robust with respect to changing firing rate patterns. Simultaneously, it should precisely be able
to distinguish spike events with respect to the background noise. Robustness is necessary because of
varying noise sources, firing rates, and SNR fluctuations. For implantable devices, these spike detector
should also occupy less silicon area. An area-efficient algorithm is proposed whose design and circuit

implementation are discussed in detail in the Chapters 5 and 6.

4.4 LFP Amplifier with a Modified Pseudo Resistor

In recent studies, LFP from intracortical region is shown to be useful in decoding kinematic
parameters viz. position and velocity for controlling external devices and neuro-prosthetics [85-87].
However the usefulness of LFP signals is often masked by low frequency noise. In addition to low-
frequency noise, suppressing the electrode induced DC offset voltage while leaving the LFP signal
(from 10 mHz to 300 Hz) untouched represents a considerable circuit design challenge in an integrated
device, since this requires the implementation of a high-pass cut-off frequency well below 1 Hz. The
design of such an amplifier should start by lowering the input-referred noise. The main source of
noise of the front-end amplifier is the OTA and the pseudo-resistor present in the first stage (CCIA)
which significantly contribute to the overall input-referred noise of the amplifier which was derived
for first stage amplifier noise analysis in equation (4.8). The first stage OTA noise can be minimized
by increasing the transconductance G,,; through transistor sizing. For minimizing noise contribution
from the pseudo-resistor, we note from equation (3.19) for a similar CCIA configuration, that f. should

be as low as possible. Simplifying (3.19), we obtain the corner frequency f. for first stage of FEA as

1 | 3Gm
-~ 4.11
J 21 \| 2Cin%rq (411)

Since f, is inversely proportional to Cjy, /T, therefore r, need to be chosen as large as possible (Cj,
can not be increased as it will decrease the input impedance) so that the high-pass corner of CCIA

stage can be pushed into sub-Hertz range. Also, local field potentials are small of the order of tens of
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Figure 4.11: Effect of adding bias circuitry to MOS pseudo element (a) Modified on-chip pseudo resistor added to
CCIA stage. (b) Linear range enhancement.

1V and have lower bandwidths of less than 200 Hz which make them susceptible to excess noise. At
such low frequency flicker noise is dominant therefore 1/f and popcorn noise needs to be eliminated
in order to prevent signal loss at lower frequencies and to filter out low frequency noise. For realizing
the lower 3-dB corner frequency of the amplifier in the sub-hertz range, a high-pass filter having large
Cy and r, values is embedded with the front-end neural amplifier. The lower high-pass pole frequency
is determined by the combination of feedback capacitor C'y and resistor r,. As described in Chapter
3, the larger value of r, can be realized with pseudo resistor elements. As a design trade-off between
high gain and low corner frequency and because of the area limitation, the value of Cy is typically
chosen to be in the order of 100 fF, which requires r, to assume a large value (> 10 GQ).

The high resistance r, is implemented with pseudo resistors which can be realized by biasing the
gate voltage of pseudo resistors in a very small area without requirement of bulky passive resistors.
An important property of a gate biased pseudo resistor element is that it can be tuned to the required
bandwidth which allows for attenuation of the low frequency offsets and also produces a lower high-
pass pole frequency to filter out low frequency noise and to correct for process variations. Neural
amplifiers reported by Horiuchi et al. [88] and Olsson et al. [66] used gate controlled NMOS pseudo
resistor to achieve tunable low-cutoff.

In the LFP amplifier of Figure 3.1, the resistive component r, is realized with gate-biased PMOS
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transistors. The device acting as a pseudo resistive bipolar element is biased in weak inversion region.
Assuming Vsg = 0, the effective resistance is exponentially dependent on its Vi in weak inversion
region therefore it is essential to maintain a stable dc bias. The drawback of these pseudo resistors is
that although the resistance is constant through a voltage range of —0.5 to 0.5 V but V¢ of MOS
device depends upon the voltage Vgp across it as a result there effective resistance is hard to control.
This makes Vs sensitive to the changes in input offset voltage and process variations which limits
the linear range. The pseudo resistor r, can also be realized with diode-connected MOSFET M, and
My, as shown in the first stage of Figure 4.4. It can maintain a stable DC operating bias point for the
OTA but it is not tunable. The value of these pseudo resistors are process dependent and has low
linearity for large output swings. Moreover, the DC current flow through these transistors as a result
their transconductance increases which increases their noise spectral density.

To reduce the sensitivity of fixed-Vizg pseudo-resistors, the gate can separately be controlled by
another biasing circuit consisting of transistor M.. The resistance of pseudo resistive element is
increased by setting gate of the MOS transistor to a suitable voltage bias where the device is operated
in subthreshold. The drain-source leakage current is very low while the drain bulk current dominates
the device’s behavior. MOS bipolar element has a much higher impedance than a weak inversion MOS
transistor. For increasing the resistance value, the Vgg for transistor M, and should be decreased.
For Vgg & 0, the resistance of the device is of the order of tera-Ohms which is due to the low leakage
current of the transistors in 0.18 um SCL technology. This further decreases the low-cutoff frequency
of the amplifier. Figure 4.11(a) shows the feedback resistor r, implemented with MOS bipolar pseudo
resistor element (MBE) with biasing arrangement. The resulting improvement in linear range of MBE
is shown in Figure 4.11(b). This scheme has a suitable linearity over the desired frequency band. The
scheme also shows less sensitivity to process variations, common-mode variations and offset voltage of
OTA.

CCIA1 was designed with fixed biasing of pseudo resistor. While in CCIA2, the double tunable
pseudo resistor are utilized as feedback element. The frequency response of the two configurations
were simulated in Spectre simulator with SCL PDK. It is observed that there is an improvement in
bandwidth of FEA as shown in Figure 4.12(a). The neural preamplifier is seen capable of amplifying
low frequency signal in the range of 0.3 Hz to 6 KHz while rejecting large DC offset at the electrode-

tissue interface. The noise performance in Figure 4.15 shows that the randomly generated electrode dc
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Figure 4.12: Improvement in Frequency response and noise of FEA simulated in SCL PDK. (a) Lower corner frequency
lowered to 100mHz. (b) Lowering of flicker noise at low frequency.
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offset is reduced and flicker noise of circuits are attenuated in the front-end stage preventing saturation
of neural preamplifier. However, it is observed that the noise level is higher than the expected value
in SCL PDK. The results indicate that thermal-noise PSD increases by as much as a factor of 100
above the expected value for a 0.18 um process. The reason can be given from the comparison result
given in Figure 4.15 where the thermal noise is inherently higher for a single NMOS transistor in case
of SCL foundary. The difference in excess thermal-noise measurements can be attributed to the high-
flicker-noise corner frequency present for short-channel devices operating at high levels of inversion.
This explains the input referred noise is thus much higher in Figure 4.28 when compared to UMC
PDK though the flicker noise is much improved with the suggested scheme.

AC analysis of AFE output in typical process condition and in all the four process corners is shown
in Figure 4.13(a). By maintaining a constant temperature, the worst case corners yield 42 and 48 dB
of gain magnitude. Since the CCIA stage is designed for a programmable bandwidth with a cut-off
frequency in sub-Hz range therefore Monte-Carlo simulations were carried out to verify the sensitivity
of the LFP amplifier circuit to the device mismatches. Figure 4.13(b) shows a one thousand runs of
Monte Carlo simulation of the high pass cut-off frequency at room temperature of 27°C. It can be seen
that the histogram exhibits a standard deviation of 16.2 mHz around a mean value of 18.5 mHz. Both
the analysis for the process corners and low cut-off frequency shows the effectiveness of the proposed

configuration for bandwidth programmability of the LFP stage.

4.5 Prototype Results

In this section, we describe experimental measurements of the two versions of our neural ampli-
fier. For carrying out frequency-response measurements, swept-sine technique is used with an input

amplitude of 10 mV.
4.5.1 CMOS Circuit Realization and Packaging

We fabricated the prototype neural amplifiers (CCIA1 and CCIA2) in the 0.18 gum two metal, one
poly CMOS process of SCL (Semi-Conductor Laboratory) foundry. The amplifiers were designed for
an approximate gain of 40 dB, setting Cj, to 20 pF and to Cy to 200 fF. Both Cj;, and Cy were built
as polypoly capacitors for maximum linearity. The bandwidth-limiting load capacitor were connected
externally with a value of 100 pF. The amplifier circuits use 0.86 mm? of active silicon area, and 61.5%

of this area is taken up by capacitors. All capacitors are implemented using metalinsulatormetal (MIM)
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Figure 4.13: Improvement in Frequency response and noise of FEA simulated in SCL PDK. (a) Lower corner frequency
lowered to 100mHz. (b) Lowering of flicker noise at low frequency.
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Figure 4.14: Transient response of CCIA2 for amplitude of 50 ¢V (a) input neural waveform (b) amplified output.
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Figure 4.15: Noise comparison of two foundries.

capacitors. Figure 4.16 illustrates the finished layout of CCIA1 based neural amplifier along with bond
pads. The CCIA2 based neural amplifier also has a similar structural layout. The core part of the
layout which includes amplifier and capacitors is surrounded by the guard rings (shown with thick,
heavy lines). The corresponding die microphotograph of a 1.112 mm x 0.932 mm chip containing a
single amplifier is shown in Figure 4.17(b) out of which the active area is 0.056 mm?. A small outline
package (SOP) was used to encapsulate the integrated circuit chip with bond wires and pads. The
pin diagram of amplifier chips packaged in a 14-pin SOP along with there dimensions are provided in
Figure 4.18. Detailed pin description for CCIA1 and CCIA2 are given in Figure 4.19(a) and Figure

4.19(b) respectively.
4.5.2 Test Setup

Both amplifiers are tested separately on custom-made PCBs (printed-circuit board) . A schematic
diagram of one of the PCB is shown in Figure 4.20(a). The schematic diagram is same of other
PCB except for minor changes. All power supply lines and the common mode signal have a DC
decoupling capacitor to ground to provide a low-resistance path to the disturbance. These decoupling

capacitors are built using 0.1uF connected in shunt. The 0.1uF capacitor provides a low-resistance
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Figure 4.16: Final layout recommendation of the pre-amplifier (CCIA) chip along with bond pads placed for power
supply and input-output connections.

Figure 4.17: Microphotograph of 1.112 x 0.932 mm chip containing a neural pre-amplifier (a) CCIA1. (b) CCIA2.
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Figure 4.18: Pin diagram of 14-pin SOP-packaged neural amplifier chip.
Pin Description Pin Description
Pin | Bond | Pad Pad Pin | Bond | Pad Pad Pin | Bond | Pad Pad Pin | Bond | Pad Pad Pin | Bond | Pad Pad Pin | Bond | Pad Pad
No. | Finger | No. Name No. | Finger | No. Name No. | Finger | No. Name No. | Finger | No. Name No. | Finger | No. Name No. | Finger | No. Name
1 1 10 VP1 6 6 = — 1] 11 6 | vouT 1 1 11 VP1 6 6 - —— i (1 B 6 | VCON
[2] 2 - - 7 7 2 VREF 12 12 | === — 2 2 —--- - 7 7 2 VREF 12112 7 VouT
3 3 13! VDD 8 8 3 IBIAS 13| 13 | -=- e 3 3 14 VDD 8 8 3 IBIAS 13| 13 | - uess
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B & [e= 0| B | om| 5] 5 |- 0 10 |-~
Remarks:- 1. Package pin/Bond finger no. 2, 5, 6, 9, 10, 12 & 13 are NC. Remarks:- 1. Package pin /Bond finger no. 2, 5, 6, 9, 10 & 13 are NC.
2. DiePadno.1,4, 57811, 12& 15are NC. 2. DiePadno.1,4, 589,12, 13 & 16 are NC.

(a) (b)

Figure 4.19: The pin description showing configuration and function of the packaged neural amplifier chip representing
(a) CCIAL and (b) CCIA2.
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Figure 4.20: Die photograph and PCB (a) Schematic diagram of the custom PCB (b) Populated test board with IC
mounted.

path for low frequency signal. Frequencies above these are decoupled using 20 pF on-chip decoupling
capacitor. All external passive components are 0805 surface mount devices. The packaged IC was
then mounted on a custom-designed 59 x 47 mm printed-circuit board. The layout of the PCB is
shown in Figure 4.20(b). A two-layer PCB is used for cost reasons. The bottom layer of the PCB is
used as a ground plane for noise immunity and strong ground connection. The traces between SMA
connectors and pins of the test-chip are micro-strip lines with 50 Ohms of characteristics impedance.
They are terminated with a 50-Ohm resistor right next to the pin to minimize any refection. The
differential input traces are symmetrical and are of equal length. In actual circuit testing one of the
input terminals (v;,) was connected to PCB ground. The signal supply was provided from the other
terminal (v;;) We have tested CCIA with closed-loop amplifier topology to ensure gain uniformity
without the need for calibration. The functionality of amplifier was tested by populating the PCB
using discrete components. Figure 4.21(a) and 4.21(b) respectively shows the set-up of the experiment
for various electrical measurements carried out at SCL Chandigarh and at centre for Nano-Technology
(CNT) in IIT Guwahati.

The measurement setup for characterizing the neural preamplifier ICs is shown in Figure 4.21.
The test setup for frequency response and distortion analysis is shown in Figure 4.21(a) which was
carried out at SCL. Chandigarh. The remaining tests including noise measurements were done at IIT

Guwahati whose setup is shown in Figure 4.21(b).
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Figure 4.21: Test setup for electrical measurement of PCB containing neural amplifier chip at (a) SCL and (b) CNT.

4.5.3 Measurement Results of CCIA1

The circuit design and integrated circuit layout of the neural amplifier stage was also done using
SCL PDK. The neural amplifier performance was evaluated in Spectre simulator (Cadence tools).
CCIA1 based neural amplifier layout as shown in Figure 4.17(a), was also simulated for post-layout
results in HSpice using the standard 0.18-um CMOS process with BSIM3v3 model. The analog power
supply is set to 1.5 V. An external voltage reference of 0.75 V is used for biasing which is generated
off-chip. Figure 4.22 presents the input (A3 channel) and output (A4 channel) waveforms of CCIA1
connected as a 30 dB gain for a power supply of 1.5 V. The input is a 1-kHz sinusoidal signal of about
12-mV amplitude. Voltage gain of instrumentation amplifier can be programmed with the change in
bias current. Figure 4.23 shows the measured magnitude response of CCIA1 in the spike-recording
setting for four different gains for a bias current setting of 50 nA, 200 nA, 250 nA, and 300 nA. The
midband gain can be adjusted from about 28 dB to 37 dB with the increase in bias current from 50
nA to 300 nA. The upper and lower corner frequency is constant throughout this range. The lower
3-dB corner frequency is 0.8 Hz. While upper corner is at 1099 Hz without any capacitive loading.
Due to the presence of large parasitic capacitance of band pads, the gain magnitude was found to
have been reduced by several dBs while the power consumption increased significantly. Bandwidth is
lowered because of secondary poles due to parasitic capacitances of output pad.

Since the designed CCIAL1 is targeted to record LFP signal, our instrumentation amplifier can be
configured to record field potentials in the range 1 — 300 Hz by introducing a load capacitor C'r,. Figure

4.24 plots the measured frequency response of CCIAL1 for a load capacitor Cf, of 100 pF when the bias
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Figure 4.22: Amplifier input (A3 channel) and output (A4 channel) waveforms at a 1500-mV power supply. Measured
output gain of CCIA1 based neural amplifier chip at Ipas1 = 80 nA.
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Figure 4.23: Measured transfer characteristic spectrum of CCIA1 with adjustable gain for a bandwidth of 0.8—1099
Hz.
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Figure 4.24: CCIA1 configured as LFP amplifier at Ipiqs1 = 200 nA with load capacitor Cr, = 100 pF.

current is set to 200 nA. The load capacitance should be larger than both feedback capacitance and the
parasitic capacitance of the OTA, so that the dominant pole of the OTA is determined at the output
node given by fyr = Gm1/27Apm1(Cr + Cpr). The mid-band gain A,,; is around 31 dB. The lower and
upper corner frequency are noted as fr, = 0.8 Hz and fy = 300 Hz respectively. Power consumption is
about 4942 nW. It may be noted that as Cy is very small, it is required to be well above neighboring
feedback parasitic capacitances. Despite the fixed Cj, and Cy, the mid-band gain was lower than
design value. It is inadvertently caused by large parasitic capacitance Cp,¢ due to bond pads (> 5 pF)
and also because of fringing field effects. Dynamic range was much reduced due to output noise from
sources including interference from power supply and electrically or magnetically induced interference.
Linearity performance is illustrated in Figure 4.25. The figure shows the frequency response plot of
CCIA1 for a 200 Hz input tone with 190 mV,, amplitude. It can be seen that the third harmonic is

about 48 dB below the fundamental.

4.5.4 Measurement Results of CCIA2

Another set of experiments were performed with the CCIA2 chip. The microphotograph of CCIA2,
implementing a bias control circuit for the pseudo resistor is shown in Figure 4.17(b). For this

prototype chip, the tuning voltage Vi, was set to 1.0 V. For LFP operation, the bias current of
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91



4. A Band-Tunable Neural Recording Amplifier with Spike/LFP Separation

Tek Run - — — - — - - - M 40.0ms - - _ Trig'd
) _ : ; " ol ;
. . g & 200.000 Hz —-21.26 dB
@ 600.000 Hz —69.81dB

Ad400.000 Hz A48.55 dB

@ i1oomv )
@ 20.0d8 7 62.5 Hz ) .
[ value Mean Min Max Std Dev e . i . - - — .
@D Frequency —-—-.Hz No period found [Z 2008 ] [250k5/5_ ] [ ﬁﬂﬁmv]
@ Amplitude  191.2mV_ 193.6m_ 31.73m_ 333.0m  72.40m J 100k points

Figure 4.25: Measured output distortion of CCIA1 based neural amplifier chip. HD3 =48 dB

CCIA2 was increased to 140 nA. The post layout simulation of frequency response of CCIA2 is
plotted in Figure 4.26(a) for a bias current settings of 140 nA. The fabrication result of CCIA2 for
same bias current is presented in Figure 4.26(b). The simulated and experimental results are in good
agreement. The mid-band gain was found to be 26.65 dB. The 3-dB bandwidth is noted as 1 KHz.
The gain magnitude and unity-gain bandwidth is low due to presence of large parasitics as well as the
interconnect non-ideal components together with the ESR protection circuits of pads, and bond wires
forming various parasitic RLC circuits. As a result, the current bias has to be increased to achieve
the same voltage gain as the simulated result due to which there is an increase in power dissipation
which is found to be 9.03 pW.

To configure the amplifier for recording LFP signal the load capacitor value was increased to Cp, =
100 pF. The measured result of CCIA2 for bias current of 140 nA is plotted in Figure 4.27. The lower
corner frequency was shifted down to 3 mHz. This filters out any DC offset added by the surface
electrodes. The lower corner frequency was also found to be lower than expected which is because
of the feedback capacitive effect in the equation fr, = 1/2n(Cf + Cp¢) Ry, where Cpy is the parasitic
capacitance in feedback. The upper corner frequency was found to be 340 Hz. Such high value of
load capacitor Cf, was chosen due to large value of parasitic capacitance (Cpr, ~ 40 pF) at the output
of OTA. A high-cutoff frequency should not to be ideally realized in the first stage since it needs an

external capacitor. Since only first stage is realized for LFP configuration, therefore our amplifier
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Figure 4.26: (a) Simulated (post-layout) frequency response of CCIA2. (b) Measured output gain of CCIA2 based
neural amplifier chip at Ipias1 = 140 nA without load capacitor.
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Figure 4.27: Measured output gain of CCIA2 based neural amplifier chip at Ipias1 = 140 nA with load capacitor of
100 pF.

does need an external passive component to define the frequency response of the CCIA2 amplifier.
Nevertheless, it is possible to replace the external passive components of the CCIA stage with the
MOS based capacitors integrated in the next prototype AFE IC.

A comparison plot of the measured input-referred noise spectrum for zero input signal of CCIA1
and CCIA2 in the LFP-recording setting is shown in Figure 4.2(b). Integrating the input-referred
noise spectral density curve from 1 Hz to 300 Hz for both the amplifiers yield a total input-referred
noise of 9.64 and 5.11 uV,,s with a amplifiers bias current of 200 nA and 140 nA respectively. It
is interesting to note that with the improvement of bias configuration CCIA2 has a better noise
characteristics than CCIA1 even at lower bias currents. However, the overall noise curves for both the
amplifiers are somewhat higher than the simulated results. It is due to increase in thermal noise due
to inadvertently high parasitic capacitances (of the order of pF) which have exceeded the designed
feedback capacitance. Moreover, the noise models available from SCL are not very accurate and the
intrinsic device noise parameters are inherently high in the reported documents. This discrepancy can
also be confirmed from a comparison of foundries given in Figure 4.15. The scaled-up noise is also

due to noisy environment inside the laboratory where these tests were conducted. The experiments
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Figure 4.28: Comparison of input noise spectrum of CCIA1 and CCIA2 showing lowering of flicker noise of CCIA2
at low frequency.

were carried out in an unshielded environment which is depicted in a photograph of the test setup in
Figure 4.21. This made the system more susceptible to interferers such as 60 Hz noise, which impact
the measured noise performance. Another concern is the coupling noise from the connecting wires,
cables and power supply instruments that have also made a significant contribution to the increase in
the overall noise. Despite these differences, the order of improvement in input referred noise of the
proposed CCIA2 circuit when compared to CCIAL is found to be the same as the simulated results.
Table 4.4 summarizes the comparison of the measured parameters of this AFE chip with those of
reported AFE IC works. It can be seen that the proposed AFE IC offers technical merits of lowest cut-
off frequency, reduced power consumption, reasonable low layout area yet offers comparable measured
results of the critical performance parameters such as noise and dynamic range. Although the proposed
front-end interface implementation is not fully integrated with CCIA stage but it is justifiable in terms

of performance in the context of the IC realization of the previous state-of-the-art devices.
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Table 4.4: Performance Summary and Comparison with Prior Work

This work
Parameters [89] [90] [91] [81] [92] [93] (CCIA1/2)
Cross-
Folded | coupled | Chop amp | Chop amp | vCO Double
Topology cascode | + ADC + ADC + MADC) | + NLC | self-biased | diff-amp
spike- spike- spike-
Signal LFP LFP LFP LFP LFP LFP LFP/LFP
Technology 180 65 65 130 40 180 180
(nm@V) @1.8 @0.5 @0.5 @1.2 @1.2 @0.5/1 Q1.5
Area/Ch.
(mm2) 1.7 0.013 0.025 0.018 0.135 0.098 0.086
Power/Ch.
(LW) 2 5.04 2.3 9.1 7 15 5/9
Bandwidth (Hz)
Low cut-off 0.05 10 1 1 1 0.4 0.8/0.003
High cut-off 100 300 250 5K 200 9.2K 310/340
Noise BW (Hz) | 0.05-100 | 10-300 1-500 1-1K 1-200 0.4-9K 1-300
In ref
Noise (V) 1 4.3 1.3 4.2 5.2 5.18 9.6/5.1
Peak input 5mV 3.5mV | £0.5mV 1 mV,, +50 mV - 20 mV
SFDR (dB) 60 40 52 50 79 75 48
Zin(MQ) 8 0 28 0 0 0 0

4.6 Conclusion

This work presents a micropower front-end amplifier for neural signal recording. The amplifier
can be configured to record either neuronal spikes or local field potentials. A band-pass filter stage is
added to the gain stage with a constant current bias. By varying the bias current of the gain stage,
noise can be lowered without effecting the total bandwidth as the pole due to the load capacitor
is located at a higher frequency than the pole provided by the filter stage. This allows bandwidth
tunability through bias voltage of the filter stage while maintaining same supply current at the first
stage. Changing the bandwidth in this manner makes the amplifier suitable for spike recording which
eliminates LFP signals and aids in the subsequent low-noise spike detection. In the second part of the

chapter, the first stage amplifier is configured for recording LFP signals in the band 1—300 Hz. Since
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the frequency band of LFP signal extends below 1 Hz where most of epilepsy related neural activity
occur [81,94], the second version of the amplifier is designed using a biasing technique to push the
high-pass corner frequency into sub-hertz range.

Both the amplifier versions were realized in the form of a fully integrated circuit. Experiments
were conducted to verify the chip functionality and performance. Measurement results have shown
that with a gate bias voltage configuration of the pseudo resistor, the amplifier chip can achieve a
high-pass corner frequency as low as 0.003 Hz without using off-chip capacitors which is the lowest cut-
off frequency reported till date. The measured noise was, however much higher then expected value.
Much of the increase in noise level is attributed to the IC manufacturing process which in itself is not
controllable. It needs better modeling for analyzing, understanding and potentially optimizing the
effect of technology parameters on the performance. This would greatly reduce the design uncertainty
and allow to design the chip more precisely for the expected power and noise levels. For other
parameters, the fabricated micro-chips used for measurements and the experimental tests validated
the consistency of test results. Our amplifier may be useful in BMI applications for neural prosthesis

and epileptic detection systems for chronic monitoring.
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5.1 Introduction to Spike Detection

Brain-machine interface (BMI) enables communication between the human brain and a machine
(e.g., computers) with an ultimate goal of restoring full motor function for people suffering from con-
ditions such as spinal cord injuries or loss of limbs. One of the most important part of brain-machine
interface is the development of fully implantable micro-electrode arrays (MEAs) for monitoring extra-
cellular neural activities. Nordhausen [2] used high-density microelectrode array featuring a sensing
area of 4 x 4 mm? that can record up to 100 extracellular neural signals simultaneously. Action poten-
tials (AP), or spikes, generated electrochemically by individual neurons are the fundamental neuronal
measure for neurobiological experiments. The time instants of spike occurrence encode important neu-
ral information [7,13] which is critical in interpreting motor commands for BMI applications. Spike
detection allows BMI to transmit only the useful information contained in the spike waveforms and
their respective time stamps while ignoring data between the spikes. To achieve this data reduction,
it is necessary for a high-performance spike detection to clearly discriminate neural spikes from the
background noise.

Spike detection must be very accurate because missed detection errors propagate through the
system as missed neural spike. False detections also propagate through the system as incorrect in-
formation. A systems that transmit windows of data around the spike often use lower thresholds
to increase detection performance, but the lower the threshold the higher the power dissipation and
required bandwidth which can cause a bottleneck in wireless data transmission so care must be taken
when selecting the thresholds. One solution is to monitor the bandwidth and adjust the thresholds
to maximize its utilization while remaining within the power limits. In addition, the spike wave
shape needs to be preserved as it enables on-chip feature extraction required for treating neurological
disorders such as seizure detection system for epileptic patients [95]. Section 5.4 presents the spike

detection strategy and the algorithm.

5.2 Basic Problems in Spike Detection

Extracellularly recorded spike trains are invariably corrupted by variability of noise. Noise is
present from various sources in the recorded signal. These sources are Johnson noise from individual
electrodes, field potentials from distant active populations of neurons, and EMG signals from entire

body. Another problem may be the variation in the level of background noise. If the background noise
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remains constant, the classifications will be consistent throughout the trial. If the background noise
level fluctuates, there will be many more misclassifications especially during high levels of noise.

Often encountered problem is the variability of spike wave shape [96,97]. During recording, the
electrode drifts slowly to a new position as the neural tissue settles in response to pressure from the
advancement of the electrode. This results in a gradual change in the shapes of the action potentials.
These variations are dependent on position of recording electrodes, individual cell geometry, and
distribution of ionic currents. Hence, the detection of spikes in noisy extracellular environment is a
challenging problem. There are many reported algorithms that carry out the task of spike detection
and are classified as supervised and unsupervised, manual or automated. In this work, our focus is on
spike detection methods that are automated and unsupervised.

Also the spike height can vary greatly if there are other neurons in the local region that generate
action potentials of significant size [96]. If the peak of the desired unit and the dip of a background
unit line up, a spike will be missed. The spikes may have a sharp negative going transition, but the
time phase and peak amplitude vary significantly. Hence, using digital filters, or frequency domain

methods becomes difficult.

5.3 Literature Survey

It is well known that for obtaining best spike detection performance, it is important to capture
multiple waveshape features so that extracted biopotential information can be utilized in subsequent
processing steps [96,98]. The essentials waveform features may include the time of occurrence, the
maximum and the minimum amplitude value that can be associated with a specific neuron. Neural
data processing is usually performed after the signal is amplified and filtered in a neural amplifier so

that it is less sensitive to noise and occupies large dynamic range.
5.3.1 Spike Detection Methods

Various spike detection methods are adopted which compete for a high detection performance
while restraining power consumption, area, and computational complexity within a specified limit.
A bilateral amplitude threshold detection is discussed in [99] which was previously validated in [15]
and [100]. This scheme allows preservation of biopotential waveshapes. However, capturing complete
waveshapes require large SRAM memory blocks which require addition silicon area and increases

complexity. Wavelet transform methods such as matched filtering [101], principal components [102] are
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based on template matching which require prior knowledge of spike shape and cannot be classified as
unsupervised detection algorithms. Moreover, these methods require significant memory management.
Other digital algorithms for spike detection and classification [103-109] are unsupervised but they are

sophisticated and require high-speed computing.
5.3.2 Spike Detection with AT Method

For designing of implantable neural recording microsystems with more number of recording chan-
nels where size and power are two major concerns it becomes necessary to minimize the complexity
and the amount of signal processing on the implant. Therefore, such detection methods cannot be
employed in this type of system and spike detection is typically performed by simple thresholding or
Amplitude Threshold (AT) triggering method. It is a conventional scheme for measuring the neuronal
activity in the presence of background noise where the spikes are detected whenever the amplitude of
a neural signal crosses a threshold level [110,111].

Chandra [112] and Olsson [113] have described AT method by choosing a predetermined and fixed
threshold on the basis of statistical characteristics of the neural signal. This method is simple in terms
of hardware implementation; however, their performance is very sensitive to the background noise.
Bharti [114,115] has also adopted the amplitude threshold method. The analog detection technique
uses few processing blocks although the power dissipation is high. Moreover, the detection performance
is not discussed. Harrison suggested a spike detection scheme, in which the threshold level is adaptively
set according to the standard deviation of background noise [14]. Although, the scheme adapts to the
background noise reasonably well, it is not robust with respect to varying occurrence-rate of spikes.
Besides, when there are large-amplitude spikes, the background noise estimation further departs from
the real value. As reported by Quiroga, the noise estimation may deviate as much as twice of its real
value with a moderate firing rate of 40 Hz [116]. It may be mentioned that, in practice, the occurrence
rate of the spikes may vary from 10 to 100 Hz depending on the activity of neurons [64,117].

Here it is shown that taking the standard deviation of the signal (including the spikes) could lead
to very high threshold values, especially in cases with high firing rates and large spike amplitudes. In
contrast, by using the estimation based on the median, the interference of the spikes is diminished
(under the reasonable assumption that spikes amount to a small fraction of all samples) when the

voltage threshold (vpy,) is set to
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Figure 5.1: Estimation of noise level used for determining the amplitude threshold.

g
vy, = 4op; 0 = median { 0.|672J15} (5.1)

where Si is the bandpass-filtered signal and o, is an estimate of the standard deviation of the
background noise [118]. To demonstrate this, we considered a segment of 1 sec of background noise
taken in-vivo (Available: http://web.mit.edu) with a standard deviation of 0.147 and having 30 spikes
of same class with different firing rates. Next, we eliminated a 2 msec of window around the spikes to
obtain a pure noise data. Figure 5.1 shows that for noise alone (i.e., zero firing rate), both estimates
are equal, but as the firing rate increases, the standard deviation of the signal (conventional estimate)
gives an increasingly erroneous estimate of the noise level, whereas the median estimate from (5.1)
remains close to the real value. But median based methods [116] require extensive computation that
are difficult for hardware realization.

In order to further improve spike detection performance, NEO (non-linear energy operator) pre-
processing along with adaptive thresholding have been suggested by Holleman [26] and Koutsos [27].
However, detection performances are not reported in these papers. NEO algorithm exploits the in-

stantaneous frequency and amplitude information of the input signal. This approach enhances signal-
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to-noise ratio (SNR) and thereby improves the spike detection performance even under low SNR
conditions [119]. In a recent work by Yao [1], a spike detector is proposed which estimates background
noise by filtering NEO coefficients. The background noise estimation improves considerably, still, it is
sensitive to the spike firing rate. For the spike firing rate of 50 Hz, the background estimate deviates
by 20 times its real value. A NEO spike detection algorithm proposed by Yang is based on digital
processing for calculation of threshold level in real-time [120]. The method performs accurately over
a significant range of spike firing rate. However, the accuracy performance shows a slightly decreasing
trend for firing rates greater than 40 Hz. In general, it is quite a bit of challenge to improve spike
detection performance over a wide range of firing rates. A more robust methodology needs to be
developed to extenuate these effects on the adaptive estimation of threshold value for larger variations

in spike firing rates.
5.4 A Real-Time Spike Detection Algorithm

We present a robust method for the adaptive setting of threshold in real-time which is nearly
independent of the input spike firing rate as well as the variations in spike amplitude. An algorithm
is proposed which can eliminate spike waveforms from the raw data by means of energy-of-derivative
method. The instantaneous background noise measured from the spike-eliminated data allows setting
the adaptive threshold for spike detection. The improved performance of the proposed spike detector

may be attributed to the following factors:

e The absence of spike attained by spike elimination technique makes it possible to maintain an

unbiased estimate of the background noise and improves the accuracy of those measurements.

e The background noise estimation is independent of incoming spike amplitudes and their varia-

tions.

e The adaptive threshold is less susceptible to different filter cut-off frequencies and thereby over-

coming the limitation of conventional NEO-based algorithms [1,26,27].
e [t provides closed-loop stability to the adaptive threshold circuit without the need for calibration.

Figure 5.2 illustrates the fundamental blocks of the proposed CMOS detector in which a detailed
schematic of the adaptive spike detection technique is described. The continuous-time neural data-set,

vin(t) is passed through a preprocessing block. The preprocessor implements the energy-of-derivative
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Figure 5.2: System block architecture of single, positive threshold based adaptive spike detection circuit.

function (ED), ¢(.). The ED method is an approximation of the conventional non-linear energy
operator (NEQO). It is used for accentuating spike shapes with respect to the background noise in
the presence of large baseline variations [121]. Energy-of-derivative method is particularly appealing
because it can be implemented using simple hardware, keeping the complexity relatively low. This
makes it more suitable for low-power analog implementation. ED algorithm processes the continuous-

time signal z(t) according to the equation

slao] = (210 5:2)

As shown in Figure 5.2, adaptive threshold vry, is applied to the pre-processed waveform 1) [v;, (t)]

in the decision- and window-generation block. The location of spike event is determined from the
threshold crossing mark as described in [122]. The threshold level vy, is set above the background
noise activity so as to reduce false detections. Upon crossing the threshold level, a spike event is
detected which generates a control signal denoted by ¢¢on:. The spike indicator signal ¢.on¢ controls

the spike cancellation process.
5.4.1 Spike Elimination Strategy

The procedure adopted for spike elimination (referred here as spike elimination technique or SET)
is illustrated with the timing diagram of a neural waveform in Figure 5.3. The neural signal v, () in
Figure 5.3(a) shows a single spike of duration t3 — ¢;. It is delayed by T, (= to — t1) in Figure 5.3(c).
The time delay Ty is introduced to hold the original waveform, for the duration which includes the
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Figure 5.3: Spike detection strategy. (a) Input AP waveform, v;,, with duration (t3—¢1). (b) Preprocessed AP, 9 (vin)
showing the detection location at threshold crossing, t2. (c) vin after a time delay of Ty = t2 — t1. (d) waveform v,, with
the canceled spike. Discrimination window (t4 — ¢2) is generated upon threshold crossing.
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e

Threshold LPF
Comparator

Figure 5.4: Circuit schematic of the adaptive threshold biasing loop.

time elapsed from the onset of AP activity to the threshold crossing point and the post-processing
time of the window generator block. This operation preserves waveform integrity. 7 is determined
from the average duration of the part of AP waveform happening before the detection point. The
duration of AP onset to the threshold crossing was empirically estimated to be 390 usec while the
post-processing time of comparator and window generator was around 20 psec making up a total delay
of Ty = 410 usec.

The delayed waveform vy, (t — Ty) is fed to a digital switch for spike cancellation. With each
threshold crossing of preprocessed waveform (marked by the time instant 5 in Figure 5.3(b)), a control
signal ¢cont of Ts = t4 — to (= 2 msec) duration is asserted. This duration is set in confirmation with
a typical spike length in order to adequately delimit the action potential of the incoming neural
waveform. The spike cancellation block annuls a 2 msec window around the action potential in the
delayed version of the original signal leaving only the noisy background activity, v, as depicted in
Figure 5.3(d). The start time and stop time of the annulling process is controlled by the ¢eon: pulse

which bears the timestamp of each spike occurrence.
5.4.2 Adaptive Threshold Generation

Figure 5.4 shows the schematic for the generation of adaptive threshold through a proportional
feedback control mechanism. The threshold voltage is derived from the ”spike-free” signal v, (SNR =
0 dB) which is obtained at the output of spike elimination block. A continuous threshold comparator
compares the amplitude information of v, with its extracted root mean square (RMS) value v, 54 to
generate a binary stream vy, comp. Because the spike peaks are absent, the average value of vy, comp is

the RMS value of v, which is equivalent to o, the standard deviation (std) of the background noise.
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Figure 5.5: Flowchart of algorithm for adaptively setting threshold, vy, based on v, stq and optimized scaling
parameter Kop¢.
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A low pass filter (LPF) in the subsequent stage computes a weighted moving average of vy, comp. The
average value vy, rms, at the filter output varies in proportion with the duty cycle of vy comp signal.
As the duty cycle increases, vy yms approaches the maximum value Vpp. The averaged voltage level
Un,rms 15 subtracted with V;, 4 which is preset to one std of background noise. An output voltage
Un,std proportional to the difference between the two voltages is fed back to the threshold comparator.
The feedback loop is stabilized as the difference in the magnitude of noise voltages becomes negligible.
The estimated RMS noise vy, sq is scaled by a constant kg so as to float over the background noise.
The scaled value directly sets the adaptive threshold vry for spike detection. This threshold value
is used for online data compression where the raw neural signal is transmitted whenever a spike is
detected.

The flowchart of proposed algorithm for adaptively setting threshold based on vy, s1¢q and optimized
scaling parameter k. is outlined in Fig. 5.5. The variable V,, 44 is defined as Vpp times the standard
deviation o, of the background noise. vy, stq and vy, are initialized to V;, g and ko x V;, o4, respectively.
The dashed box shows the spike cancellation process. As a spike is declared by the decision logic,
the delayed neural signal v, (t — T;) is annulled for a duration of ¢.ons pulse. The ON time of ¢cont
pulse is specific to a one cycle time of action potential which is Ts. Next, v, (¢t — Ty) is assigned to
a variable v,. The spike-eliminated waveform v,, when compared with its standard deviation v, sq
gives a pulsed output vy, comp. The digital signal vy, comp is filtered within system pass-band to provide
a running average Uprms. Unrms i compared with voltage V, 4 to produce a proportional voltage
Un,std for threshold comparison with vy,. v, ¢ scaled by kgp times sets vy, as an adaptive threshold
level which updates its previous value. kqp¢ is the optimum value of ky determined empirically for the

best detection performance.

5.5 Conclusion

A real-time adaptive threshold detection scheme using background noise estimation by the method
of spike cancelation is presented. A linear phase delay filter need to be designed so that the neural
waveform integrity could be preserved. Most of the conventional NEO based spike detection methods
need a low-pass filter to improve detection performance. The proposed algorithm is based on spike
cancelation scheme. The elimination of spikes makes the neural data free of spikes which should

make the detector performance less sensitive to the choice of filter cut-off frequency. This would
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also suggest that the performance of spike detection should not vary with the increase in the spike
firing rate. The next chapter deals with the implementation of algorithm with CMOS circuits. The
topologies implementing individual building blocks should be carefully chosen and circuits should be

properly designed such that the resulting layout should occupy less area and consume less power.
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6. An Area-Efficient CMOS Spike Detector Circuit

6.1 Circuit Implementation

The input neural signal v;, is assumed to be amplified by the gain of more than 1000 (60 dB) prior
to the detection stage so that the neural signals to be processed should have full-scale amplitude in 100
mV range. The operational transconductamce amplifiers (OTAs) implementing the building blocks of
the detector are designed in weak inversion region. This allows ultra-low power operation over a lower
range of bandwidth (1 Hz - 8 KHz) which is suitable for most bio-potential signals. In this chapter
low power circuits are described which implements the spike detection scheme proposed in previous
chapter. Simulation results validates the performance of the adaptive algorithm. The detection
algorithm, when implemented as analog CMOS circuit achieves small size providing a low power
realization of the scheme. We show that our topology offers a reliable spike detection performance at
firing rates in excess of 100 Hz. The system implementation is described in Section 6.1. Section 6.2
presents the detailed simulations and performance comparison with reported spike detectors. Finally,

Section 6.3 draws the conclusion on this work.
6.1.1 Adaptive Threshold processor

Figure 6.1 shows the delayed signal, v;,(t — T,) fed to a digital switch S; for spike cancellation.
Upon receiving ¢eont signal, it performs a switching operation by grounding v, (t — T,) signal for a
period equal to T from the onset of the positive phase of ¢con:. This switching action removes the
spike within a window of duration T with each detection threshold crossing. This ensures that only
noise part remains so that the voltage threshold comparator B receives only the background noise v,,.
Comparator B compares the noise signal v, with voltage level equivalent to its standard deviation
Un,std and outputs a binary signal vy, comp With a duty cycle Tygsy. The average value of this binary
waveform is calculated by the local averaging filter whose output vy, ;ms varies in proportion to its
duty cycle.

The local averaging filter shown in Figure 6.1 is a single-input lossy integrator consisting of three
OTAs having very low transconductances. The transconductor elements are implemented with a cross-
coupled differential pair similar to the topology shown in Figure 6.3(c). MOS transistors employed in
these transconductors are used to set the low-pass cut-off frequency of filter. The transfer function of

the filter can be written as

Un.,rms dm2 gm1 A
His) === =" = 6.1
) Vncomp  9m3 gm1 +8C1 1+ s/wy (6.1)
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Figure 6.1: A low-pass g,, — C filter for local averaging of v, comp signal and feedback circuit for adaptive
threshold adjustment and scaling.

where A is the mid-band gain. Frequency w, of the averaging filter is suitably chosen to adapt to
the background noise and to smooth out the spurious transients present in noise voltage v,. The
transconductance, g,,1 can be tuned with the help of bias current Ig so that f,, can be varied in the
range of 1—70 Hz. Figure 6.2 depicts the plot showing linear variation of frequency f. with the change
in bias current. f, is given by

_Wn _ Gmi

f”_%_%rcl

(6.2)

The differential stage consists of transistors Mj_4. The input nMOS devices M; and My compares
the available time-averaged voltage v, rms With the reference voltage V;, s14. The reference voltage is
predefined to Vpp times the RMS value o, of the background noise. A fixed bias [ sets the output
current Iy through the load resistor Ry. The current I, is converted to vry and vy, g4 by driving
across a series combination of load resistor r1 = (kg — 1)Rr, and ro = Ry. The voltage v, stq equals
one standard deviation (o,) of the background noise. vry is typically set to kg = 1 to 3 times the
Un,std value from the baseline. The resistor [7;, is implemented with an nMOS transistor operating in

deep weak inversion. It offers a linear resistance of 10 K€ and also saves chip area.
6.1.2 Spike Enhancement Stage

The block diagram of energy-of-derivative (ED) pre-processor (inset of Figure 5.2) is shown in

Figure 6.3(a). The hardware implementing ED pre-processor consists of a differentiator cascaded to a
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Figure 6.2: Variation of low pass cut-off frequency low-pass g,, — C filter with the change in the bias current.

squaring circuit. A g,,-C based differentiator (Figure 6.3(b)) calculates input signal’s first derivative.
It assesses the slope of the neural signal by preemphasizing fast changing signal components which
exceeds user-defined threshold. The differentiator circuit comprises of three transconductance blocks
Jm1, 9gm2, and g3 along with one grounded capacitor C5. The transfer function of the differentiator
circuit is given by

Vdiff  Gm2 sCo
¢ ff(S) Vin 9m3 sCy + gm1 (6 3)

The transconductances are implemented by an ultra-low power OTA consisting of two cross-coupled
N-type differential pairs whose circuit schematic is shown in Fig. 6.3(c). For realization of the
differentiation function, the OTAs are configured by grounding bulk terminal of input transistors
Mi 234 so that vy; = vys = 0. The differential current ig in terms of differential input voltage

Vx = Ux1 — Vx2 can be obtained as

1 1
io = Klgtanh [ —X— + ZInm ) + KIgtanh [ —%— — “1lnm (6.4)
277,UT 2

where Ur = kT'/q is the thermal voltage and n denotes the subthreshold slope of MOS. Ip is the

bias current, m is the aspect ratios of transistor pairs Mjo and Ms34, and the constant scalar K
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is the aspect ratio of the transistor pair M7g9. The value of the scaling factor m is chosen as 4 in
order to introduce equal and opposite input differential voltage offset for the maximum nonlinearity
cancellation thereby enhancing the linearity of the OTA.

The differentiator is followed by a squaring circuit which evaluates energy of the signal proportional
to its amplitude and frequency. The voltage squaring is achieved through analog multiplication. The
topology in Figure 6.3(c) is configured for implementing a four quadrant multiplier by driving the
gate and bulk terminals of the device based on the design suggested in [123]. For normal operation
of MOS transistors M 234 source-bulk and drain-bulk junction should be reverse-biased and vx =
vx1 — vx2 < Vr/k and vy = vy1 —vy2 < Vp/(1 — k). By using above conditions, the output current

19 can be shown to be the product of two inputs.

Ip.K2

= —4‘/72 NS 'S (65)

10

where k(= 1/n) is the gate coupling coefficient. A simulation result reported in Figure 6.3(d)
shows a segment of raw neural waveform in the lower trace being applied to ED function. The upper
trace shows the ED method successfully pre-emphasizing spikes from the neural signal. By providing
correct discrimination of spikes from the background activity it makes the selection of threshold level
for determining the location of spikes to be a trivial problem. The ED method also enables accurate
detection of spikes even at lower SNR values. Processing by derivative method improves spike detection

rate while reducing false detection of spurious spikes.
6.1.3 Decision and Window Generation

A low power comparator based on a regenerative track and latch operation is used to implement
Comparator A. The same topology is also used to implement comparator B. Comparator A determines
the time at which the positive going edge of 1(v;,) at the node v equals the positive threshold voltage
V7, at the node v_. Comparator A provides a binary pulse Viomp 4 at the output, which carries the
location of the detected spike.

With the arrival of the positive edge of Viomp 4, the time-window generator is triggered. Figure
6.4 shows block scheme used to generate the detection window. The SR flip-flop changes to a ’high’
state switching-on the transistor My which quickly discharges the capacitor Cye. The output pulse
Viiew consists of a constant slope due to capacitor charging whose slope is given by AV, /At =

VbD-9ds,p/Csiew- The Schmitt trigger following the capacitor is implemented with transistors Myi_3
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Figure 6.3: Major building blocks for implementation of the energy-of-derivative (ED) algorithm (a) The pre-
processing stage (b) A g, — C based differentiator circuit (c) The topology of cross-coupled OTA used for the
realization of differentiator and four-quadrant multiplier (d) ED preprocessor used for initial signal enhancement
generates high SNR signal at the squarer output.
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Figure 6.4: Implemented schematic of window generation. The detected pulse Viomp triggers the window
generator which outputs 2 ms window discriminator, ¢cons-

and Mp;_3. It modulates the pulse width by converting the analog voltage stored in Cy,, to the pulse
timing of output signal Vpyps. The width of sampling pulse Vpw s, should be long enough for the
following serial counter so as to clock through a 2 msec pulse at the serial output. The Vpy as signal
is converted to a gated clock pulse, Vgox. It is then fed to a 5-bit binary ripple counter clocked at 16
KHz (signal CLK). A positive impulse (¢cont) of 2 msec duration is generated by the counter which
resets after 32 clock cycles from the time an AP is detected. The window generation process rejects
any positive threshold crossing that occur within 2 msec from the detection point. A 62.5 usec clock
is chosen to make sure it is greater than the overall propagation delay of digital sequencing blocks.
The length of detection window can also be altered by varying the frequency of 5-bit counter in order

to properly delineate the detected AP waveform.
6.1.4 A Linear Phase Delay Filter

A seventh-order all-pass filter was designed for a linear-phase response over the bandwidth of
interest. The filter introduces a constant delay Ty to equalize for the time-shift the AP waveform
undergoes from the instant of threshold crossing. The time of the onset of AP, which is the closest
zero value preceding the detection point has been empirically determined to be ~ 390 usec. The filter
is made up of a cascade of a first-order all-pass filter along with three biquadratic all-pass section [124]

yielding a phase delay of 410 usec. The transfer function of first-order and the biquad section is [124]

@sC’—gl

H =
1(5) g sC +q1

(6.6)
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— 52072 C —
HnH(s):g—a «Z a + 50 g2n+1 — g2ng2nt1 (6.7)
9o s°C* + sCgont1 + goangon+1
where integer n = 1,2, and 3. Group delay T;(w) is defined as Ty(w) = —g—z where 0(w) is the

phase component of the filter transfer function. The transfer function of (6.6) is implemented with

£ T = [ D
o = s - % |-
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Figure 6.5: (a) Cascaded seventh-order all-pass filter. (b) A triple-output schematic of symmetric OTA with
Viune is used to implement the filter blocks.

three OTAs and a single capacitor C. For implementing the polynomial of (6.7), four OTAs and
two capacitors of same value C' is required. The seventh-order continuous-time OTA-C filter based on
cascaded topology [124] is shown in Figure 6.5(a). The filter section employs OTAs with a single-ended

input and grounded capacitors minimizing the effect of parasitic poles that cause excess phase shift.
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Figure 6.6: Frequency response and corresponding group delay of seventh-order all pass filter.

Grounded capacitors absorb parasitic capacitance and require less area as compared to floating once.

Figure 6.5(b) depicts the schematic of symmetrical OTA used to realize all-pass filter sections. The
three outputs at vg1, vz, and vos have different transconductances tuned by sizing respective W/L
ratios of cascoded transistors. Cascoded output stage is chosen to increase the output impedance
of OTA. The transistors with small geometry are used to reduce parasitic capacitance and input
referred noise. Figure 6.6 shows the group delay and frequency response of the Tth order filter.
Transconductances of OTA were tuned to give a linear phase response yielding a constant delay
bandwidth of up to 5.4 KHz with an overall phase delay of 410 4+ 5% pusec while consuming a power
of 1.5 uW. This delay bandwidth (300 Hz to 5.6 KHz) contains most of the neural energy hence is
suitable for the present application. The filter offers a slight amplification however the waveform is
not distorted which is evident from the delayed response shown in Figure 5.3(c). The filter design
provides an adjustable phase shift by tuning the bias current of transconductors g and ggp41 (K = 2,
4, and 6) with a delay bandwidth trade-off.

To evaluate the filter performance we note that the design of symmetrical OTA is crucial in

minimizing the total input referred noise of the filter. The input-referred thermal-noise voltage, power
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spectral density of the OTA can be evaluated as

16kT
- <1+5g’”2 + 2Im6 +2gm7> (6.8)
3gm1 dmi1 dmi1 9mi1

2
vy.ora(f)
For the filter operating at biopotential frequencies, noise contribution of the cascode transistors can be
neglected. The input referred noise voltage of this OTA can be minimized by increasing the transcon-
ductance of input transistors M; and M| such that gm1 >> gm2, gme, and gn7. These transistors
should be sized so as to have a maximum transconductance efficiency (g,,/Ip) while the non-input

devices are designed to operate in strong inversion where g,,/Ip ratio is minimum. The minimum

signal-to-noise ratio for an error free spike detection can be derived as

(6.9)

SN Rpin = 201log (M)

EAPmin

where EAP,,,; and EAP,,;, are representations of the value of maximum and minimum amplitude
of extracellular action potential, respectively. According to the specifications of neural signals recorded
extracellularly minimum and maximum signal levels are 30 'V and 200 ¢V, respectively in amplitude.
This gives an minimum SNR of 22.5 dB above which the filter processes the neural signal without
distortion. From (6.9), the minimum acceptable input referred noise, vy, yms for a given input signal

Vin,rms can be derived as

Vin,rms
Unrms = 1 SNR(dB)/20 (6.10)

For a signal amplitude of 200 mV (p-p) at the filter input and a SNR of 22.5 dB, the maximum allowed
noise referred to the filter input should be 5.3 mV,,,s. The RMS noise voltage of filter was found to
be in pV range which is below the safety margin value as calculated from (6.10). It denotes the filter
noise to be insignificant as compared to in-band system noise, hence design constraint on the input

referred noise of delay filter can be relaxed.

6.2 Validation of Method using Synthetic Data
6.2.1 Test Data

For the simulation of the proposed spike detector and comparison with other spike detection meth-
ods synthetic neural signal constructed from the real recordings were used. Synthetic neural signals

are preferred over recorded extracellular signals since it provides ground truth about timestamps of

spikes. Synthetic signals also allow for the noise amplitude and spike firing rate to be varied accord-
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Table 6.1: Power Consumption Of Blocks

Block Power dissipation (nW) Percentage
Differentiator 29.55 0.58
Multiplier 608.5 11.87
Comparator (x2)  1938.8 37.81
Window generator 749.4 14.62

gm — C filter 0.29 0.006

Gain stage 0.031 0.0006
Delay filter 1800.3 35.12

ing to the test requirement. The dataset was obtained by superimposing the real neural spikes on
to a noisy background by the method described in [125] and is available from the public database
(http://nit.felk.cvut.cz/~wildjl/ssc). The level of background noise is measured by its standard de-
viation with reference to the spike amplitude being normalized to one. For a different noise level and
uniform firing rate distribution, a total of 5 traces are considered according to the noise standard
deviations of 0.1, 0.15, 0.2, 0.3, and 0.4. Later on, each trace is synthesized with firing rates varying

from 0 Hz up to 100 Hz in accordance with realistic neural recordings.
6.2.2 Hardware Performance

The designed circuit operating at 0.8 V supply was simulated in 0.18 pym CMOS process using
Cadence Spectre simulator. The layout of the adaptive detector circuit integrated in UMC 0.18-
CMOS process is shown in Figure 6.7. The overall circuit fits within an effective area of 150 x 119
pm? (excluding pads and routing details). This constitutes only 9.9% of the 400 x 400 ym? area
allotment per channel [64] which is typically allocated for interfacing circuits in multichannel devices
to fit within the pitch of a microelectrode array (MEA). The chip area is dominated by comparator,
delay filter, and window generator circuits which occupies approximately 81% of the total area. Table
6.1 shows the individual power consumption of the building blocks of the proposed spike detector.
The delay circuit consumes 35% of total power while occupying 11% of the silicon area. The whole

spike detector dissipates 5.1 yW and occupies 0.018 mm? per channel.
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6. An Area-Efficient CMOS Spike Detector Circuit

umeil

150 um

Figure 6.7: The layout of the proposed spike detector circuit.

6.2.3 Detection Performance

The performance of the noise estimation accuracy of our algorithm can be determined by subjecting
it to synthesized waveform at different threshold level with varying firing rates. In our experiment with
synthesized signals, we define SNR as the ratio of peak-to-peak amplitude of mean spike waveform,
Vs pp and twice the standard deviation of noise, V;, ¢ in accordance with [126]. It may be mentioned
here that the background noise is the RMS value of the neural and other noise signals. The equation

for SNR is given as
Vs,pp

SNR = —2>+——
2 x Vn,std

(6.11)

The synthetic data stream having maximum firing rate of 100 Hz is applied as the test input. In
Figure 6.8, the effect of firing rate on the background estimate for three different standard deviations of
noise are presented. The simulation results are plotted by normalizing the noise estimate with respect
to the true background noise obtained at zero firing rate. Each subplot shows the background noise
estimates at two different low pass corner frequencies. It may be mentioned that the tunable corner
frequency set in the integrated local averaging filter is denoted by f, as given in (6.2). It is observed
that for a low noise standard deviation of 0.1, the background estimate, at conventional frequency of
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Background estimate

Firing rate (Hz)

Figure 6.8: Background noise estimate based on different values of f,, with increasing firing rate for noise
standard deviation of 0.1, 0.2, and 0.3. The noise estimate is apparently insensitive to the variations in f,
especially under high noise conditions.

fn being 2 Hz, increases monotonically with the firing rate. When the corner frequency reaches f,
= 65 Hz, comparatively lesser variations are observed above the normalized background noise. This
estimation error is further decreased at the moderate noise level of 0.2. At higher noise level of 0.3, the
background estimate is apparently independent of the variation of f,, and remains constant within 20%
of the true background estimate up to the firing rate of 100 Hz. Setting the cut-off frequency above
65 Hz makes the background estimation noisy. These observations demonstrate weak dependence of
the proposed technique to the variations in filter frequency in high noise recording environment and
its robustness to adapt for higher firing rates.

The relative performance of spike detection methods are evaluated using false positive ratio (FPR)

and false negative ratio (FNR).

FPR — number of false alargls (6.12)
total number of detections

FNR — number of missed spikes
 total number of actual spikes

(6.13)
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6. An Area-Efficient CMOS Spike Detector Circuit

To minimize the erroneous inclusion of noise and maximize the detection of true spikes we find an
optimum value of threshold level. The threshold scaling parameter kg determines the ratio of threshold
voltage to the background noise level. If the value of kg is set to be very small then there will be more
number of false detections whereas for a larger value of kg, the number of missed spike may increase.
To decrease the number of false detections, we attempt to find an optimum value of kg, denoted as
kopt- The impact of the correctly and falsely detected spikes on detection performance was analyzed.
The simulation results for the false positives and false negative detections versus positive threshold
amplitude per o, were noted. This was done under worst case noise scenario. The detection error
was plotted by sweeping the threshold value by varying ko (= 1—3). To quantify the total detection
error, we define the error rate as the average of the number of false positive noise detections and the
number of false negative misses.

FPR + FNR 9

Detection Error = 100 (6.14)

Figure 6.9(a) shows the average error rate evaluated in percentage derived from the false negative
rate and false positive error over different values of ky. The total error rate reaches a minimum value
of ko which represents an optimal multiplier for evaluating the performance of our spike detector. It
is observed that this trend is consistent for all the noise standard deviations. To demonstrate the
validity of these results the detection accuracy was evaluated for SNR values varying from 2 to 7. The
accuracy of the proposed algorithm is defined following [117] and is given in terms of correctly and

falsely detected spikes as

TP
TP + FP + FN

Accuracy = (6.15)

where TP is the number of true positives, FN is false negative due to the number of missed spikes,
and FP is number of false positives due to detection of noise as spikes. As depicted in Figure 6.9(b),
our algorithm achieved the detection accuracy of more than 90 % for SNR level greater than 5.0 when
ko was set to the value of 2.25. For this value of kg, the accuracy performance remained insensitive to
cut-off even when f,, was increased from 2 Hz to 65 Hz for the entire range of SNR. For ky = 2.0, the
accuracy was sensitive to filter cut-off frequency. It was observed that he performance decreases by 2 %
at LPF cut-off frequency of 65 Hz for higher SNR values. While, as the cut-off was decreased to f,, =

2 Hz the accuracy degraded by 8 % for the same range of SNR. However, as a performance trade-off,
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Figure 6.9: (a) Percentage error deduced from FPR and FNR as a function of gain multiplier, kq. (b)
Tllustration of the accuracy of SET method at LPF cut-off frequency of f,, = 2 Hz and 65 Hz for gain multiplier
of kg = 2.25 and 2.0.
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Figure 6.10: Performance comparison with the reported NEO based methods (a) False positive ratio with
noise level. (b) Missed spike rate with noise level.

accuracy showed slight improvement towards lower SNR values. Similar results were observed for the
values of kg other than 2.25. Hence, for performance comparison with the given data set, we choose
kopt = 2.25 as an optimum value of scaling parameter, so that vy, = kopt X Uy, sta-

The detection performance achieved with the present technique has been compared at the frequency
of f, = 2 Hz and 65 Hz with implementations of a similar reported ED based spike detector (SPD)
circuit by Yao et al. [1] and a conventional NEO thresholding method reported in [119]. Figure 6.10
shows the performance comparison of our spike detector with different noise standard deviations, o,
being normalized to the spike amplitude. For false positive error, it can be noted from Figure 6.10(a)
that the detection performance at f,, = 65 Hz is better than the performance at f, = 2 Hz especially
at high noise standard deviation indicating that at lower SNR level, a higher cut-off of f,, = 65 Hz is
able to better track the background noise variation. The false positive detection rate is found to be
even better as compared to Yao’s work at lower noise level. For false negative rate the number of spike
misses increased significantly with the increase in noise level above 0.2 as shown in Figure 6.10(b). A
possible reason is because the detection method considered here is based on single positive threshold
determination. This results in more number of spikes being missed for events where the negative phase
of action potentials have a higher SNR value than the positive phase. For the cut-off frequency of

fn = 2 Hz, the FNR performance of our method is marginally better, since the threshold estimate
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Figure 6.11: (a) Spike detection accuracy of the proposed method compared with SPD based technique [1]
at different firing rates. (b) A comparison of background estimation of SET based method with Yao’s method
for the case of 0, = 0.1. The proposed method shows only slight dependence and stays almost constant with
increasing firing rates.

was less noisy and as a result there were less probability of spike misses. We have also compared with
the supervised NEO algorithm as a reference method. The conventional NEO thresholding performed
better for both FPR and FNR as there were less number of false detections even at higher noise levels.
However, this NEO-based method does not provide adaptive threshold estimation.

To show robustness against the firing rate, we have evaluated the accuracy performance of SET
thresholding method and also compared with the simulations of latest reported SPD based spike
detector proposed by Yao in [1]. The detection accuracy was measured for the noise standard deviation
of 0.1 with average firing rates varying from 20 to 100 Hz which is presented in Figure 6.11(a). The
accuracy of the proposed method reaches more than 95% for firing rate greater than 80 Hz. For f,, =
65 Hz, as the firing rate decreases from 80 Hz to 20 Hz, the accuracy of SET method falls to 91%
while the accuracy for f, = 2 Hz stays above 95 % even for lower range of firing rates. The reason
for this is that the true positives decrease when the firing rate is low. However, at higher cutoff
frequency, the number of false negatives comparatively increase causing accuracy to decrease at lower
firing rates. For firing rates above 80 Hz, the true positives for both the cut-off frequencies increase
significantly as compared to false detections. Hence, the accuracy improves with the firing rate and
tends to approach unity according to (6.15). At these firing rates, the accuracy performance for

both the curves apparently overlaps and shows increasing trend well above 100 Hz. The thresholding
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Figure 6.12: 3D representation of detection accuracy of the proposed algorithm with different noise level and
firing rate for (a) f, = 65 Hz (b) f, = 2 Hz. SNR varies from 3 to 7 while firing rate from 20 to 100 Hz.
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Table 6.2: Design Comparison With Reported Spike Detectors

Parameters [27] [122] [127] [120] [114] This work
Technology 180 180 130 130 180 180
(nm@V) @1.8 @1.8 @1.2 @1.2 @=£0.9 @0.8
Area/Ch. (mm?)  0.03 0.07 0.41 0.021 N/A 0.018
Power/Ch. (uW) 1.5 0.78 85 0.05 47 5.1
Feature NEO NEO EC-PC NEO N/A ED
Adaptive threshold Yes No No Yes Yes Yes
Signal integrity Poor Complete Poor Poor  Poor Complete
Domain Analog Analog  Analog Digital Analog Analog

method of [1] provides better detection accuracy performance at lower firing rates. But there were
more number of missed spikes as the firing rate increased. The improvement in performance of the
proposed method can be quantified by comparing the background estimation of two algorithms for
on = 0.1. As depicted in Figure 6.11(b), our method shows comparatively less dependence on firing
rates while the background estimate of Yao’s method deviates by more than a factor of 10 at the firing
rate of 60 Hz.

Figure 6.12 shows detection accuracy of our algorithm for different SNR and firing rate pairs at the
LPF cut-off frequency of 65 Hz and 2 Hz. It is observed from both the figures that the performance
shows consistent improvement for higher firing rates. The algorithm achieves overall accuracy of an
average of 85 % for SNR values ranging from 4 to 7. The accuracy for f,, = 2 Hz in Figure 6.12(b)
decreases rapidly for SNR < 3 while the performance in Figure 6.12(a) is slightly less sensitive to noise
level. It suggests that the detection performance at f,, = 2 Hz is a better choice for detecting neural
signals with densely distributed spikes as it shows minimum dependence on firing rate activity. At
65 Hz cut-off, the detection performance decreases only slightly at lower SNR levels indicating that
SET method is more robust to background noise variations. We have also measured the dependence
of threshold estimate on the rate of AP depolarization preceding each spike. We found that there was
no observable effect on detection accuracy for interspike interval greater than 1 ms.

In Table 6.2, design comparison of this work with NEO based architectures [27, 120, 122] and
a recently reported exponential component-polynomial component (EC-PC) based method [127] is

presented. In terms of chip area, the present design while operating at a low supply voltage of 0.8

TH-2325_10610211

129



6. An Area-Efficient CMOS Spike Detector Circuit

V occupies a small silicon area per channel. Overall, the proposed spike detector presents a high
detection performance having a moderate power consumption with an area efficient design approach.
The performance of the proposed design is at par with the existing design work, hence the design finds

suitability for multichannel implantable neural data acquisition systems.

6.3 Conclusion

A circuit implementation of real-time adaptive threshold detection algorithm is presented. The
detector is able to successfully detect spikes under high spike firing rate conditions. The detection
strategy preserves neural waveform integrity with a linear phase delay filter. Our results indicate
that the detector performance is insensitive to the choice of cut-off frequency especially at low SNR
conditions. The detector also maintains the accuracy of background noise estimate for spike firing
rate of more than 100 Hz. The proposed algorithm has been implemented in a compact analog
CMOS integrated circuit. The total area occupied by the circuit is 0.018 mm?, so it is suited for
array implementation. The power consumption per channel remains within the tolerable limit of 800
W /mm? [29]. This provides opportunity for the technique to be adopted in multichannel implantable
systems. An integrated multichannel device using such detector would also have room for the inclusion
of other circuits (amplifiers, filters, etc.). Potential applications of the proposed design are neural
prosthetics systems for brain-machine interface and low power online seizure detection and prediction

for implantable devices.
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7. Summary and Conclusions

7.1 Summary of Contributions and Discussions

The basic objective of this dissertation is to present a new method which can automatically access
the threshold level for a real-time spike detection system. Any on-chip spike detecting algorithm must
deal with the fact that spike firing rate along with amplitudes and shapes change with time with
a slight movement of electrode array in the tissue [128]. Our objective is therefore, to reduce the
detection errors caused by these changes on the performance of the spike detector. Furthermore, spike
detection circuits designed for neural implants are heavily dictated by size and power limitations.
Several software-based spike detection techniques developed during the past few decades are quite
computationally intensive and power consuming [17,113,129]. In this work, an adaptive algorithm for
unsupervised spike detection has been proposed which is simple to realize and whose circuit imple-
mentation occupies small area. CMOS circuits are designed to calculate the standard deviation such
that the threshold value is adaptive to the noise level. The algorithm is robust to the spike firing rate,
their amplitude and shape. Low power, area efficient analog circuits to implement the algorithm have
also been discussed. The proposed algorithm is evaluated using synthetic neural signals based on real
extracellular recordings. The test results show better performance with other known threshold-based
spike detection methods. The hardware feasibility is demonstrated with a low cost and an area-efficient
circuit implementation for use in multi-channel neural recording implants for BMI applications.

Since the real extracellular recordings are in ¢V range while the signals required for spike detection
should be in mV range, therefore a neural amplifier is also designed to pre-condition the spike level
from few pVs to 10s of mVs. The first part of the dissertation presents the design and analysis of an
implantable neural amplifiers for recording weak potentials produced in the brain which includes high
frequency spike and low frequency LFP signal. The later part of this design work proposes a band-
programmable three-stage analog front-end (AFE) interface with the aim to reduce current supply
and noise. It receives neural signals from microelectrodes, and delivers the preconditioned signal to
the following block in the recording path, which is a spike detector circuit. Its main function is to
separate spike and LFP signals which can reduce low frequency interference for a subsequent spike
detection circuit. Cadence simulation and circuit analysis have proven that this circuit is suitable for
the spike as well as LFP recording.

The first stage of AFE interface describes the design of a capacitively-coupled neural amplifier. To

prove its design feasibility, two fully-integrated CMOS first-stage amplifiers for LFP recording with
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mid-band gain of around 37 dB and 25 dB have been demonstrated. The first prototype LEP amplifier
based on fixed pseudo resistive-feedback version has the bandwidth ranging from 4 Hz to 210 Hz. The
second prototype circuit is also an LFP amplifier which is an improvement over the first one. A biasing
technique with a pseudo resistive feedback was utilized in the design of the neural amplifier to help
minimize 1/f noise and reject the DC offset and polarization effects introduced by the measuring
electrodes. The modified pseudo resistive-feedback version can achieve the high-pass cut-off frequency
of 3 mHz Hz with a passband of 340 Hz whilst operating in the reduced supply voltage of 1.5 V. The
experiments carried out endorse the effectiveness of the proposed scheme. These properties make it
practical to cascade them to the post-amplifier (second and third stage of AFE) designed in section
4.3.2 to form a total 55 dB neural amplifier. Both amplifiers were designed with a 0.18 pm CMOS
process. The quiescent power dissipation of the first-stage amplifiers is less than 10 4gW under 1.5 V

power supply.

7.2 Suggestions for Future Research

In this section we provide some possible directions for further research in this dissertation:
7.2.1 Performance improvement of Spike Detector

For further improving the performance, the Spike detector can be designed to support the detection
of and biphasic spikes. To be more robust in the detection of biphasic spikes, two separate threshold
levels can be used. An additional comparator circuit can be used: one for positive spikes and the other
for negative spikes. Similar algorithm can be used for negative threshold thus creating the positive
and negative thresholds symmetrically around the zero offset level. This approach would cover a wide
range of input signal having both positive and negative phase of spikes. The present work is for a
single positive threshold spike detection system. However, in practical systems, the major issue is the
detection of biphasic spikes in neural signal for reducing the detection errors. The present work can
be extended for detection of biphasic spike systems with the addition of single voltage comparator
which may support detection of spikes with negative phase. The spike detector may include the core
circuitry for calculating the upper and lower spike detection thresholds based on the standard deviation
and mean of each neural channel as shown in Figure 7.1. The schematic can replace the comparator
block in Figure 5.2 with v;, = ¥(¢). The calculated voltage vry act as a positive as well as negative

threshold level which may be symmetrically set around the baseline of the neural signal. Having the

TH-2325_10610211

133



7. Summary and Conclusions

Figure 7.1: Proposed circuit schematic for positive and negative detection of spike.

flags Poy = Non = 1 puts the spike detector in biphasic detection mode. It may then detect neural
spikes by comparing the current sample to the previously calculated threshold. This would result in
a two-fold performance improvement. However, this performance improvement will come at the cost

of layout area as it requires addition of a comparator circuit.
7.2.2 Suppressing Noise Glitches in Spike Detection

The performance of spike detector largely depends upon the layout plan of the analog building
blocks. Since the layout contains both the analog and digital signals therefore the floor plan of the
spike detector chip should employ mixed-signal layout technique [27] to help minimize digital signals

from disturbing the sensitive analog signals.

(i) The noisy clock generator should be placed far away from the input analog filter and preamplifier
circuits. This helps to minimize the weak input signals from being disturbed by the switching

noise of the clock generator.

(ii) A large decoupling capacitor should also be placed close to the preamplifier and analog filter so

as to provide better on-chip supply decoupling for both circuits.
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A. Voltage Threshold Comparator
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Figure A.1l: Schematic of track and latch comparator.

Figure A.1 presents the threshold detection comparator design based on track and latch operation.
The comparator determines the time at which the node Vjn equals the positive threshold voltage
Vrg. It includes three stages — input differential stage, latch stage, and output buffer stage. The
first stage consists of source-coupled differential pair M; and M» that uses positive feedback to provide
increased gain. This stage amplifies the input signal to improve the comparator sensitivity. It increases
the minimum input signal with which the comparator can make a decision and isolates the input of
the comparator from switching noise (often called kickback noise) coming from the positive feedback
stage. This also serves to reduce the input referred latch offset voltage. The transconductance sets
the gain of the stage, while the size of M; and M, determines the input capacitance of the comparator
where g1 = gme. To maximize the unity gain frequency of the amplifier, the input devices use
short gate lengths Wi /Ly = 6um/0.7um. The tail current is nominally set to 1 pA. The positive
feedback latch stage (My_7) is used to determine which of the input signals is larger and amplifies
their difference. A controlled amount of positive feedback is used to effectively increase the input
devices transconductance and hence the overall gain. The differential gain of positive feedback gain
stage is given by

pn(W/L), 1

Ars = pp(W/L)y 1 -« (4-1)

TH-2325_10610211

136



0.9 Vdd=0.7V
- _Vdd=l.OV

o
(o0}
T

o
w
T

0.1
. L J_L I———’ 1

-6 -4 -2 0 2 4 6
Differential input voltage, Vp - Vn ) %107

Figure A.2: DC sweep response of comparator.

where o = (W/L); /(W /L), is the positive feedback factor responsible for increasing the gain. A
reasonable value of a is 0.75 which increases the gain by a factor of 4. The practical value of « is
determined by the value of load device dimensions and is 0.9 due to mismatches because of the process
variations. The single-ended output swing of the low-swing gain stage is roughly 500 mV. This dc
level has to be shifted down with a diode-connected PMOS device to have a larger swing while still
keeping the input devices in saturation.

The output buffer stage consists of a level converter followed by an inverter which gives the digital
output. It converts the output of the latch stage to a full scale digital level output (logic 1 or logic
0). The inverter stage is of class AB type so that it should accept a differential input signal and not
have slew-rate limitations. Class AB output stage also ensure low distortion. One advantage of the
level converter shown is that because it is based on inverter, it has peak transition current that is
significantly high than the static current (0.1 pA) in the buffer stage. This behavior allows for fast
rise/fall times resulting in lower jitter sensitivity.

Input offset voltage originates from preamplifier and the latch. It results from the transistor

mismatches such as threshold voltage Vg, internal node capacitances and output load capacitance
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Figure A.4: Transient response of comparator to AP input for positive and negative threshold detection.
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variations, which deteriorates the accuracy of these comparators. Offset voltage is simulated by
sweeping the input signal difference (V, — V},) for two supply voltage values of 0.7 V and 1.0 V as
shown in Figure A.2. The measured difference value were noted as 0.98 'V and 39.01 pV respectively
at which the output of the comparator reaches to mid supply. The low values of offset voltages
were due to a large preamplifier gain which trades with the speed of comparator. The measured
propagation delay was 1.2 psec which is sufficient for measuring the changing levels of fast varying
neural background noise. Figure A.3 shows an exponential rise in power dissipated by comparator as
the supply voltage increases. The simulated power performance demonstrates that the comparator
can yield the desired output over a wide range of supply voltage values (e.g., 0.4 V to more than 1.5
V). It consumes 821.7 nW at a near threshold supply of 0.7 V while a power of 1.001 pW at 0.8 V.
However, the comparator is operated at an optimal voltage of 1 V (3.405 W) so as to maintain the
required bandwidth and to avoid distorted transient waveform.

The simulated transient response of the comparator for two different settings of threshold is shown
in Figure A.4. The incoming action potential waveform is applied to the input of the comparator with
a near threshold of 0.7 V supply, which is compared with the positive and negative detection threshold
voltage of 30 mV. This gives a digitized output of 0.7 V peak pulse value as the input crosses the

threshold mark.
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Figure B.1: CMOS implementation of a four quadrant Gilbert cell multiplier with bulk input.

The core of differential multiplier consists of two cross-coupled N-type differential pairs as shown in
Figure B.1. The analog multiplication is achieved by driving the gate and bulk terminals of the device
based on the design suggested in [123]. All the four input transistors are operating in subthreshold
region. For normal operation of MOS transistors M 2 34 source-bulk and drain-bulk junction should
be reverse-biased and Vx = vy — vg2 < Vp/k and Vy = vy1 — vy2 < Vp/(1 — k). By using above

conditions, the output current ig can be shown to be the product of two inputs.

Ip.K?

= 74‘/72 NS (B1>

10

The factor & is the reciprocal of the slope factor n ( k£ = 0.6 in bulk CMOS processes). Vr is the
thermal voltage. MOS multiplier working in sub threshold region has the advantage that the current
levels are typically orders of magnitude lower than devices biased above threshold. This allows the
present design methodology to achieve a very low power dissipation of 0.401 uW while operating
on a 1 V power supply. The design presents an approximately 700 mV of linear range as depicted
in Figure B.2 and can be further enhanced by using linearization techniques at subthreshold [32].
The linear range can be extended by various methods viz. source degeneration, gate degeneration and
bump linearization. In these multipliers transconductance is directly proportional to the drain current.

However these linearization techniques were not adopted in the present work since the biopotential
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Figure B.2: Simulated DC transfer function.

signal being dealt here lies well within 200 mV range and hence our multiplier characteristics suffices
for the same.

Figure B.3(a) shows a 2 msec of transient analysis of multiplier with a 50 KHz sinusoidal signal
applied across differential input Vx and a 1KHz signal at the back gate differential input V3. The
output waveform resembles a analog modulated waveform with a +28 mV peak amplitude operating
at 200 nA tail current. The analog multiplier can also be utilized for squaring the signal often useful
for nonlinear processing in biomedical applications. Figure B.3(b) shows the simulated time response
of the analog multiplier for a frequency doubling operation. The squaring operation can extract a
measure of the energy of signal equivalent to the product of the square of the signal amplitude and
that of the frequency [130]. The operation is however sensitive to noise since a clean signal can be
corrupted by an additive zero mean Gaussian noise therefore a proper linear filter has to be inserted
before applying squaring algorithm. The output of squarer is fed to a first-order low-pass G,, — C
filter. The filter is implemented with an OTA based on two asymmetric differential pair topology.
The OTA is biased in weak-inversion region so as to choose high-pass corner frequency below 100
Hz. This attenuates any high-frequency oscillation emanating from the squarer block leaving only an
integrated output. This is equivalent to the averaged-out DC waveform in real-time, thus adapting
to time-varying level of noisy background voltage. The power consumption of the first order low pass

filter is 434.3 pW when run on 1 V of power supply.
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Figure B.3: Simulated output waveform of multiplier as amplitude modulator and frequency doubler
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