
MODULAR HIGH-DR ARTIFACT-RESILIENT

WEARABLE EEG HEADSET WITH DISTRIBUTED

PULSE-BASED FEATURE EXTRACTION AND

MULTIPLIER-LESS NEUROMORPHIC BOOSTED

SEIZURE DETECTION

ALIREZA DABBAGHIAN

A DISSERTATION SUBMITTED TO

THE FACULTY OF GRADUATE STUDIES

IN PARTIAL FULFILLMENT OF THE REQUIREMENTS

FOR THE DEGREE OF

DOCTOR OF PHILOSOPHY

GRADUATE PROGRAM IN ELECTRICAL ENGINEERING AND COMPUTER

SCIENCE

YORK UNIVERSITY

TORONTO, ONTARIO

WINTER 2024

c© Alireza Dabbaghian, 2024



Abstract

Wearable electroencephalography (EEG) headsets have emerged as a promising technol-
ogy with the potential to revolutionize outpatient diagnostics. These devices offer real-time
insights into the neurological activity of the brain, paving the way for more precise and per-
sonalized treatment strategies. One of the critical factors in the success of these diagnostic
headsets is their energy-efficient design, especially for long-term recording applications.
Typically, diagnostic headsets consist of multiple active electrodes (AEs) equipped with

embedded electronics for functions like amplification and quantization. These electrodes are
connected to a central back-end (BE) unit responsible for data processing and, if needed,
wireless transmission. A comprehensive analysis of the current state of the art in this field
reveals that power consumption in systems with a sufficiently high dynamic range (DR) ana-
log front-end (AFE) and a data-driven classifier, such as a nonlinear support vector machine
(NL-SVM) for seizure detection, is mainly dominated by three main components: the AFE
(48%), AE-to-BE data communication (26%), and the signal processing required for seizure
detection (21%). This underscores the necessity of taking a holistic approach to enhance the
efficiency of these key components for an overall energy-efficient design.
This study presents design, development and experimental characterization of a channel-

count-scalable modular fully-flexible platform which achieves motion-artifact-resilient 80dB-
DR EEG recording and highly-accurate, energy-efficient seizure detection. The innovation
lies in a series of strategies that collectively result in a remarkable 72% reduction in over-
all power consumption: 1) performing feature extraction (FE) in each AE (i.e., distributed)
resulting in 99% reduction in AE-to-BE data communication power, 2) using an ultra-low-
power pulse-based method for FE resulting in 92% reduction in its power, 3) performing
classification using a neuromorphic multiplier-less boosted-SVM that achieves a compara-
ble accuracy to a resource-intensive NL-SVM while consuming 98% less power, 4) adopting
an auto-ranging scheme in the AFE that leads to >17dB DR improvement, 5) employing
an AE-specific-boosted distributed feed-forward common-mode rejection (CMR) enhance-
ment method achieving >80dB CMRR in the presence of 1MΩ AE-to-AE input impedance
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(Zin) mismatch (89dB without mismatch), and 6) an AE-specific electrode-tissue impedance
(ETI)-correlation-based circuit for motion artifact detection and suppression.
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Chapter 1

Introduction

1.1 Motivation

Epilepsy, one of the most common neurological diseases globally, affects approximately

70 million people worldwide [1]. It manifests as recurrent synchronous bursts of electrical

discharge in the brain, commonly referred to as seizures [2]. These seizures differ signifi-

cantly between individuals in terms of occurrence rate, duration, magnitude, and symptoms.

Currently-available options for epileptic patients include pharmacological solutions [3, 4],

surgery [5, 6], and neuro-stimulation [7, 8]. Effectively monitoring the occurrence and sever-

ity of seizures represents a valuable approach that can substantially enhance the effectiveness

of all these solutions.

For patients under medication, the dosage and frequency of drug administration should

ideally be specifically tailored based on the severity, frequency, and type of seizures experi-

enced. Current practices involve using the patient’s diary entries and responses to behavioral
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questions as tools for prescribing the correct dosage of medication [9]. However, this sub-

jective approach has substantial drawbacks, for example, the risk of overlooking seizures

occurring during sleep and a lack of precise information for infants.

Brain resection surgeries are performed to remove a segment of brain that is believed

to be where seizures are originated for a specific patient. Accordingly, it requires the accu-

rate positioning of the seizure focus, which is typically established through various imaging

techniques. Considering the highly-infrequent occurrence rate of seizures (e.g., from a few

per day to once a week), patients are often subjected to methods that induce seizures, such

as sleep deprivation and photic stimulation, while being tethered to a recording setup for

continuous monitoring, which is exceedingly discomforting for the patient and could result

in extended hospital stays (i.e., burden on healthcare system).

In the neurostimulation treatment approach, being patient-specific is critical. This per-

sonalized approach ensures that the therapy is precisely configured to address individual

neurological conditions, optimizing its effectiveness and minimizing potential risks. In this

method of treatment, a specific setting would not fit all patients, necessitating the adjust-

ment of various stimulation parameters for each patient. This process requires long-term

recording of brain activity and real-time processing of the acquired data to tailor the treat-

ment accurately and ensure the effectiveness of the stimulation.

Based on the above, the significance of patient-specific adaptiveness resonates profoundly

across all these treatments, serving as the foundation of their effectiveness. Given the spo-

radic nature of seizure occurrences, maintaining continuous and long-term monitoring of

2



the patient’s neuronal activity becomes imperative. Another critical factor in the monitor-

ing process involves enhancing the spatial and temporal resolution, thereby facilitating the

precise detection of seizure manifestations. Additionally, the solution should be minimally

intrusive and non-invasive, minimizing disruption to the patient’s daily life.

Electroencephalography (EEG) recording is a good candidate for fine-tuning each of these

treatments methods as it provides the high spatial and temporal resolution and large spatial

coverage. However, a clinical EEG recording practice involves precise placement of several

electrodes based on a standardized method (e.g., 10-20 system) by a trained EEG technol-

ogist, injection of adhesive conductive gels to the electrode for better (i.e., physically-stable

and low-impedance) connection, tethering the patient to a recording setup to save and dis-

play the acquired data, and post-experiment cleaning of the patient scalp and the electrodes

[10–13]. Additionally, it is required to perform a review and analysis of the entire recording,

conducted by a skilled technician under the guidance of an epilepsy specialist. This time-

consuming and demanding process has limited the use of clinical EEG recording such that

the wait times for a conclusive EEG test could take up to a few months.

Furthermore, standard EEG recording is typically conducted for about an hour, whereas

a neurologist might require a more extended EEG monitoring period, for example, 72-hour

EEG episode. However, conventional setups are not suitable for such a long-term EEG mon-

itoring, thus put a significant burden on the healthcare system and completely disrupt pa-

tient’s life. Additionally, long-term monitoring generates a substantial volume of data, mak-

ing the interpretation a lengthy process.
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Figure 1.1: Conceptual overview of a wearable EEG recording device with seizure detection capa-
bility for long-term application

All the factors mentioned above point to the necessity for a wearable technology, such

as a headset, designed for EEG recording. The ideal device would be portable, lightweight,

comfortable, and easy to set up for long-term monitoring. In addition, considering the large

amount of data generated during long-term monitoring, it is desirable to incorporate an al-

gorithm that could analyze raw EEG data to identify potential seizure events.

An equally crucial aspect that emphasizes the importance of such a device is the poten-

tial for reducing secondary injuries in epileptic patients. These injuries, resulting from a lack

of consciousness during seizures, can range from head trauma, choking, drowning to cuts,

bruises, and burns. By integrating a seizure-detection algorithm into the EEG monitoring

device, an alert system could be established to notify either the patient or the caregivers

about impending seizures, thereby minimizing the risk of secondary injuries. Fig. 1.1 shows

a conceptual overview of such device that monitors patients EEG while let them continue
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their daily activities.

1.2 Design Requirement

The design requirements for the device are influenced by a combination of factors. Primarily,

the quality of the recording plays an essential role in determining the necessary specifica-

tions. The electrodes employed in the recording process also significantly impact the system

requirements, adding another layer of complexity to the equation. Finally, the size of the

device and its ergonomic design contribute to the overall set of requirements, ensuring not

only optimal functionality but also user comfort.

1.2.1 Recording Quality: Noise, Artifacts, and Dynamic Range

For a device designed to monitor EEG signals and perform diagnostic tasks on the record-

ings, the most critical design target above all others is high-quality(HQ) signal acquisition.

HQ recording in the context of EEG data acquisition is characterized by several critical

attributes. Firstly, it refers to achieving a high Signal-to-Noise Ratio (SNR), which is cru-

cial for distinguishing neural signals from background and electronic noise, enabling precise

and reliable analysis. Secondly, HQ recording implies resilience to mismatch across various

recording pathways from different electrodes, ensuring uniformity and consistency in data

capture. Thirdly, it requires robustness against interference, guarding the integrity of EEG

signals against contamination from external sources. Lastly, it encompasses the system’s abil-
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Figure 1.2: (a) The main sources of motion artifact and (b) the commonly applied solution to this
problem.

ity to resist noise artifacts, such as those caused by muscle movements or eye blinks. These

techniques are vital for the accurate reflection of neural activity in the EEG data, minimizing

any potential distortions. The collective goal of these elements is to deliver high-fidelity EEG

data that forms the foundation for accurate neurological evaluations and diagnoses.

Frequency range and amplitude of the EEG signals typically falls within the range of

0.5Hz to a few 100Hz and 10µV to few 100µV. To capture a signal with such a low ampli-

tude, it is essential to design a recording system with sufficiently-low noise. As discussed in

[14], a system featuring an input-referred noise (IRN) of less than 1µVRMS (i.e. 6.6µVp−p for

less than 0.1% of the time [15]) is necessary for reliable performance.

A major challenge in wearable EEG recording is motion artifact. As shown in Fig. 1.2(a)

it affects the recording process in two ways, wire movements and electrode-skin relative

movement. The first problem, in the same way as any environmental noise can add artifacts

to the recorded signal. As shown in Fig. 1.2(b), a commonly applied solution involves using

"active electrodes" (AEs). These AEs are passive electrodes with active electronic circuits

attached to them to amplify EEG signals at the recording site before forwarding them for

further processing [16–18], which would virtually mitigate the effect of wire movements. How-

ever, relative movement between the electrode and skin leads to variations in electrode-skin

impedance, which would results in artifacts on the recorded signal that could be as large
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Figure 1.3: Electrode-Skin interface model

as 100mV, resulting in the required input dynamic range (DR) for the recording circuit to

exceed 80dB. As these artifacts are added to the signal at the input (i.e., before the am-

plification) they cannot be removed/attenuated through the use of active electrodes in the

system. The intricacies of this challenge and its resolution will be discussed in details in

Chapter 3.

1.2.2 Electrodes, Input Impedance, and DC Offset

The common choice for wearable EEG recording is the dry-contact electrode, as it elimi-

nates the necessity for gel injection, thereby minimizing the preparation time for recording.

However, this advantage is accompanied by certain associated costs. To focus on these costs,

an initial electrical characteristics of dry-contact electrodes is required. Fig. 1.3(a) depicts

the electrical model of an electrode-skin interface for dry-contact electrode. The DC voltage

generated by the half-cell potential, typical in both dry and wet electrodes, exhibits variabil-
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ity across electrodes in the range of −300 mV to +300 mV [19]. This DC voltage generally

is presented on top of the EEG signals as an offset and should be filtered out, otherwise will

be amplified and saturate the output of the recording amplifier.

Compared to wet electrodes, dry electrodes have a higher electrode-skin interface impedance,

potentially reaching a few MΩ. As depicted in the Fig. 1.3(b), the EEG signal degradation

occurs at the recording input due to the voltage division between the amplifier’s input

impedance and the electrode. Therefore, the input impedance of the device should be as

high as possible to minimize this degradation. On the other hand, a high input impedance,

as illustrated in the Fig. 1.3(b), results in an increased power line 60Hz noise. According

to [20] the amplitude of power line noise impedance could be in the order of 100mV. This

necessitates a Common Mode Rejection Ratio (CMRR) of 80dB, given the low-amplitude

nature of EEG signal (typically 10µV-1mV) and the substantial induced power line noise.

Considering that any electrode impedance mismatch (∆ZELEC) between two channel results

in CMRR of 20 × log( ZIN

∆ZELEC
), to achieve CMRR of 80dB the input impedance should be

higher than 10,000 times of electrode impedance mismatch. Therefore, if we consider an

electrode impedance mismatch on the order of 1MΩ (i.e., the reasonable assumption for

dry-contact electrodes), it necessitates that the input impedance be higher than 10GΩ.

1.2.3 User Comfort: Battery Life, Wireless Connectivity

Considering that the ultimate goal of developing the described wearable technology is to

enhance the quality of life for individuals with epilepsy, the use of the device should not ad-
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versely affect the daily life of the patient. As such, a device with lower power consumption is

more desirable for the patient, as it necessitates less frequent charging among other benefits.

The battery, with a reasonable size and weight for a wearable device, has a capacity of ap-

proximately 500mAh, enabling it to power the device for a week while maintaining a current

consumption of less than 3mA. This translates into a current budget of 100µA per channel

(including recording, processing, and communication) in a system featuring 30 channels.

Additionally, it is required to incorporate wireless communication capabilities to facilitate

data transfer to mobile phones or computers. This component is identified as a significant

consumer of power, which could potentially exceed the allocated power budget. To mitigate

this, implementing on-chip processing can substantially alleviate the burden on wireless data

throughput and, consequently, its power consumption. Despite the integration of on-device

processing, a prominent challenge remains the power consumption associated with transfer-

ring data from each AE sensor to the central unit for further processing and communication.

This is further elaborated in chapter 4, where we introduce the concept of in-AE processing

as a strategic solution to reduce power consumption of AE-to-BE communication.

1.2.4 Embedded Diagnosis

So far, all of the requirements have been discussed are related to a conventional wearable

EEG recording. To tailor the wearable EEG recording for patients with epilepsy, a seizure

detection feature needs to be incorporated. Incorporating seizure detection algorithms yields

a few notable advantages. Most importantly, it enables automatic and timely notification of

an upcoming/occurring seizure event to both the patient and their caregiver, significantly
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Table 1.1: System level char of EEG recording

CIRCUIT LEVEL
Dynamic Range >80dB

IRN 1µVRMS

Band Width 0.5-500Hz
Input Impedance >10GΩ(@DC)

SYSTEM LEVEL
Active Electrode Yes
Offset Tolerance ±300mV

CMRR >80dB
Power/Ch 100µA
APPLICATION LEVEL

Number of Wires Low
Wireless Communication Yes
Data-Rate Reduction Yes
Seizure Detection Yes

reducing the incidence of secondary injuries. Additionally, it does automatic seizure logging

(occurrence, start and end time, etc.) for the doctor, significantly reducing the expert analysis

time and patients wait times. Furthermore, the seizure detection algorithm can analyze

the raw data, selectively transmitting only essential signal information. This optimization

effectively minimizes the communication data rate. Of course, adding these necessary features

to the system pose additional constraints on the budgeting of the overall available power,

making an energy efficient implementation of seizure detection algorithm vital. Table 1.1

provides a summary of the system-level requirements for a wearable EEG recording with

seizure detection.
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Table 1.2: Comparison of commercially available EEG Recording Devices

Company Model #Ch Dry/Wet Structure Battery Image

g.tec [21] g-nautilus 32 Hybrid Active 10 hrs

Emotiv [22] EPOC Flex Gel 32 Dry Passive 9 hrs

ABM [23] B-alert statx 20 Wet Passive 8 hrs

NE [24] Enobio 32 Dry/Wet Passive 5 hrs

open BCI [25] - 16 Dry Passive 8 hrs

Cognionics [26] Quick-32r 32 Dry Active 8 hrs

mbt [27] Smarting Pro 32 Dry - 10 hrs

IMEC [28] - 8 Dry Active 8 hrs

Muse [29] Muse2 5 Dry Passive 5 hrs

Neurosky [30] MindWave Mobile 1 Dry Passive 8 hrs

11



1.3 Review of Prior Art Challenges

There have been many attempts to develop commercialized wearable EEG recording devices

over the past decades [21–30].

1.3.1 Application-Level Challenges

As summarized in Table 1.2, the number of channels offered by these devices ranges from a

single channel to as many as 128. Due to this and also to variations in their recording pre-

cision, compactness, and spatial extent, these devices have distinct applications in various

fields such as entertainment, sports, and healthcare. Nevertheless, there are some common

challenges for all these wearable devices. Primarily, there is a trade-off between the accu-

racy of the device and its size (i.e., active electrode systems generally are bulkier than the

passive ones). Additionally, the system’s size and its complexity, in terms of interconnecting

network, grows rapidly with the number of recording electrodes. Furthermore, none of these

devices currently have the capability to record for periods extending beyond 10 hours, which

is inadequate for the described outpatient monitoring and diagnostic applications.

In addition to these shortcomings, there are several other challenges that are common

in the state-of-the-art commercial and academic wearable EEG devices. A significant num-

ber of these challenges relate to the analog front-end circuit and how its performance, and

consequently the EEG recording quality, is degraded due to various sources of noise, inter-

ference, mismatch, distortion, and artifacts. In the following, we will explore the application-
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and system-level challenges and examine how these have been addressed in existing literature.

1.3.2 System-Level Challenges
1.3.2.1 The Ability to Mark Seizure Episodes

An essential aspect of our proposed device is its ability to process recorded data for patient-

specific seizure detection. This function not only alerts patients or caregivers prior to seizure

onset, thereby mitigating the risk of secondary injuries but also limits the volume of data

requiring transmission. Such reduction is pivotal in decreasing the power consumption of the

data communication block, a major consumer of power in these systems.

In terms of seizure detection, various systems are reported in literature [31–33] that

are engineered for ultra-low power operation. These systems range in complexity from ba-

sic linear SVMs to more complex convolutional neural networks and non-linear SVMs [34].

A significant challenge in these systems is balancing accuracy with power consumption in

the hardware implementation of the chosen algorithm. Moreover, due to the fact that the

computation is done in a centralized fashion in all reported prior art, these structures face

scalability issues. This issue and our proposed solution to address it are further discussed in

more details in chapter 4.

1.3.2.2 Reducing the Number of Wires

Conventional wearable EEG monitoring resemble their clinical counterparts, employing a

centralized architecture in which all electrodes are connected to a main back-end unit for
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signal amplification digitization, and processing. This significantly limits the scalability of

the system in terms of channel count and prevents practical implementation of high-density

EEG recording systems (e.g. 10-10 recording system with 73 electrodes).

Investigating various architectural and system-level ideas to reduce the number of re-

quired wires when scaling channel counts of an EEG system is an active research area. One

approach to reduce the number of wires is to digitize channels outputs and send the seri-

alized data on common bus [35] to avoid increasing the number of wires. The issue with

this implementation is the large power consumption of the communication block (e.g., the

communication block power is comparable with the rest of the system even for a 8-channel

structure reported in this work). In [36], authors propose another approach to reduce the

number of wires, in which, each channel analog output is multiplied by a different frequency

and therefore, they can be transmitted the analog data on a single wire without interference.

Although they could achieve the minimum reported number of wires however this technique

resulted in an order of magnitude increase in the power consumption. This issue and our

proposed solution to address it are further discussed in more details in section 2.2.

1.3.3 Circuit-Level Challenges
1.3.3.1 High Common-Mode Rejection Ratio

As mentioned, one frequently employed approach utilizes active electrodes (AEs) to amplify

EEG signals directly at the recording site before transmitting them for subsequent processing

unit. Although this approach boosts the signal-to-noise ratio, it has limitations. Consider-
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ing the single-ended nature of AE (i.e., each individual electrode is directly connected at

the recording circuitry), the amplification, which involves both the EEG and common mode

(CM) signals, forces a limit on AE’s voltage gain to prevent saturation, negatively impacting

the SNR and interference resilience. Also due to variations in AE-to-AE voltage gain and

electrode-skin impedance at the first stage, achieving a high CMRR would not be possible

for the overall system. Attempts to route an unamplified reference signal to all AEs for

differential amplification have proven ineffective, remaining susceptible to noise and inter-

ference. Additionally, performing the common-mode signal removal in the digital domain

after digitization often fails to meet CMRR requirements due to ADC’s resolution limits and

input impedance variation. This issue and our proposed solution to address it are is further

discussed in more details in chapter 2.

1.3.3.2 Motion Artifact Removal

As mentioned before, the EEG recording device need to maintain its functionality as the pa-

tients perform their normal daily activities. Any physical activity of the patient (e.g., talking,

chewing, walking, etc.) could cause electrode movements which results in motion artifacts

that is a fairly-large and relatively random undesired variations in the signal’s magnitude

and DC level. Therefore, removing the effect of these motion artifacts is one of the main

challenges in wearable EEG recording devices.

Traditional digital signal processing (DSP)-based pattern recognition algorithms, effective

for extracting motion artifacts in bio-signal recordings like ECG [37–39], are not suitable for
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EEG due to its lack of specific signal patterns and larger motion artifacts compared to EEG

signals. Additionally, recording the EEG signals in the presence of motion artifact require

using power-hungry high-dynamic-range and high-resolution ADCs [35, 40]. Alternatively,

subtracting an estimated motion artifact from the amplifier’s input signal is common, but

this can lead to instability and signal distortion due to feedback loop latency constraints, af-

fecting motion estimation algorithm complexity and resulting in poor correlation with actual

EEG signals [41]. This issue and our proposed solution to address it are further discussed in

more details in chapter 3.

1.4 Thesis Objective

The primary goal of this thesis is to design and develop an innovative wearable diagnostic

device tailored for outpatient epilepsy monitoring. This device aims to embody the technical

specifications listed in Table 1.1, including circuit, system, and application levels. Further-

more, it is crafted to tackle several significant challenges inherent in the current landscape

of epilepsy monitoring technologies.

At the circuit level, the device targets a dynamic range greater than 80dB, ensuring it

can accurately capture a broad spectrum of electrical signals generated by brain activity. It

aims for an input-referred noise (IRN) of less than 1µVRMS to minimize signal distortion and

enhance the clarity of the readings. The bandwidth is designed to be between 0.5 to 500Hz,

accommodating the full range of relevant neural signals. Additionally, an input impedance

of over 10GΩ at DC is specified to reduce signal loss and interference.
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Moving to the system level, the design incorporates active electrodes to improve signal

quality and fidelity. It targets an offset tolerance of ±300mV and a common-mode rejection

ratio (CMRR) of over 80dB, which are crucial for filtering out unwanted noise and interfer-

ence from the environment. The power consumption per channel is targeted to be less than

100µA, enabling long-term use for the device without compromising its performance.

At the application level, the device results in a user-friendly, scalable and customizable

design with minimal number of wires, thereby enhancing patient comfort and compliance. It

integrates wireless communication capabilities to facilitate data transmission and real-time

monitoring without the constraints of physical tethering. Furthermore, it features data-rate

reduction and seizure detection algorithms, making the device not only efficient in monitoring

neuronal activities but also proactive in alerting patients and caregivers to potential seizure

episodes. In the following we highlight each of the existing challenges and our proposed

solution.

1.5 Existing Challenges and Proposed Solutions

• Challenge: Traditional wearable EEG monitoring devices employ a centralized ar-

chitecture, with all electrodes connected to a central unit. This structure tends to be

bulky, uncomfortable, and lacks scalability with an increasing number of channels.

Proposed Solution: The novel EEG monitoring device we have designed minimizes

the number of required wires, thus improving both the user’s comfort and the device’s

scalability. We have achieved this by incorporating both the recording front-end and

the digital processing unit directly within each AE in a distributed manner.
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• Challenge: Existing wearable EEG devices suffer from issues related to motion arti-

facts, which can significantly distort the recorded EEG signals, leading to inaccurate

readings and analyses.

Proposed Solution: To combat this issue, our device employs a level-crossing tech-

nique that prevents amplifier saturation and minimizes the impact of motion artifacts.

Additional blocks have been incorporated to remove motion artifacts based on ETI

measurements while ensuring the highest possible signal integrity. This solution is de-

scribed in details in Section 3.3.1.

• Challenge: In wearable EEG devices, achieving an high CMRR (i.e., >80) is a crucial

but challenging due to the AE to AE gain and ETI mismatch.

Proposed Solution: To address this challenge, our design incorporates a novel in-

AE CMRR enhancement technique that is robust against AE to AE gain and ETI

mismatches. Our solution is described in details in Section 3.3.1.4.

• Challenge: Traditional EEG devices require to transmit and process the raw data

from all channels in the central processing unit for seizure detection.

Proposed Solution: To overcome this, our proposed device features a novel in-channel

feature extraction approach, along with our innovative boosted linear SVM classifica-

tion technique (described in details in Section 4.1 and 4.2) which enables the system

to perform distributed processing with low power consumption.
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1.6 Proposed System-Level Architecture

Given the power consumption profile of traditional EEG recording systems as depicted in

Fig. 1.4, it is evident that the analog front-end (i.e. two stages of amplifiers and bias gener-

ator circuits) block accounts for the largest share of power consumption. Following closely

is the power utilized by the communication link between the active electrode and the digital

backend. In light of this distribution, and towards achieving the goal of developing a channel-

count-scalable energy-efficient wearable device, we employed various circuit- and system-level

techniques to achieve the targeted signal acquisition and processing performance while (a)

minimizing analog front-end’s power consumption , and (b) reducing data communication

power by integrating processing capabilities within the active electrode itself, thus lowering

the data transmission rate.

The developed device is composed of several blocks, as presented in the top-level con-

ceptual block diagram in Fig. 1.5. This includes an array of active electrodes (AEs), as well

as modules dedicated to seizure classification, wireless communication, and common-mode

feedback to the body.

Each AE comprises of two parallel paths for EEG recording and ETI measurement which

is used for motion artifact removal. It also includes a digital signal processing unit performing

feature extraction to mark the seizure episodes. This structure is a novel approach towards

distributed signal processing and allows for greater scalability and flexibility. Lastly, the

output from all channels is used to make the final seizure versus non-seizure decision. The

details of the implementation of the discussed blocks are elaborated in Chapters 3 and 4.
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Figure 1.4: Power consumption profile of traditional EEG recording systems.

Fig. 1.5 also shows the interface of the active electrodes with each other through shared

wires and to the common units among all the active electrodes. In addition to the AEs, this

system hosts three mini-PCBs where the first board is called the CM board and is respon-

sible to realize the DRL loop. The details of the DRL loop is discussed in section 2.2.2. The

second one is responsible for wireless data transmission to the mobile device and the third

one is the classifier IC which is elaborated in section 4.2.

1.7 Dissertation Organization

The organization of the dissertation is as follows. The second chapter presents the design,

development, and experimental characterization of the first generation of our active elec-

trode (AE) IC for wearable ambulatory EEG recording. The proposed architecture features

in-AE double common-mode (CM) rejection, making the recording’s CMRR independent of
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typically-significant AE-to-AE gain variations. Thanks to being DC coupled and needless of

chopper stabilization for flicker noise suppression, the architecture yields a super-TΩ input

impedance. Such a large input impedance makes the AE’s CMRR practically immune to

electrode-skin interface impedance variations across different recording channels, a critical

feature for dry-electrode ambulatory systems. Signal quantization and serialization are also

performed in-AE, which enables a distributed system in which all AEs use a single data bus

for data/command communication to the backend module, thus significantly improving the

system’s scalability. Additionally, the presented AE hosts auxiliary modules for (i) detection

of an unstable electrode-skin connection through continuous interface impedance monitor-

ing, (ii) dynamic measurement and adjustment of input DC level, and (iii) a CM feedback

loop for further CMRR enhancement.

The Third chapter presents the design, development, and experimental characterization of

the second generation of our active electrode (AE) IC for wearable ambulatory EEG record-

ing. This architecture not only has the features of the first-generation IC but also incorporate

1) adopting an auto-ranging scheme in the AFE that leads to >17dB DR improvement, 2)

employing an AE-specific-boosted distributed feed-forward common-mode rejection (CMR)

enhancement method achieving >80dB CMRR in the presence of 1MΩ AE-to-AE input

impedance (Zin) mismatch (89.2dB without mismatch), and 3) an AE-specific electrode-

tissue impedance (ETI)-correlation-based circuit for motion artifact detection and suppres-

sion.

The Fourth chapter presents the software- and hardware level implementation of our
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novel energy-efficient seizure detection technique. Our proposed technique includes in-AE

pulse-based implementation of the widely-used spectral band energy (SBE)-based feature ex-

traction and a classifier using a combination of neuro-inspired computation idea and adaptive

boosting to enhance classification efficiency. This chapter discusses the theoretical aspects of

the proposed structure as well as simulation and experimental results of our fabricated IC

in 180nm TSMC technology. This chapter also presents our envisaged top-level integration

of the system.

The last chapter concludes the dissertation, summarizing the key contributions and pub-

lications resulting from this research. It also outlines future work trends and suggestions

for further advancement in the field of wearable EEG recording headset and the related

applications.
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Chapter 2

An Active Electrode with In-Channel

Boosted CMRR for Distributed EEG

Monitoring

2.1 Introduction

Over the past few years, several wearable EEG monitoring headsets have been developed,

aiming to provide a fast, low-cost, and medically-relevant alternative to the existing tech-

nology, thus facilitating the widespread use of EEG monitoring for both in-patient and out-

patient care [41–43]. As shown in Fig. 2.1(a), similar to the clinical bench-top systems, most

conventional wearable EEG monitoring devices have a centralized architecture, in which all

electrodes are connected to a central unit that performs signal amplification, filtering, quan-

tization and digital signal processing [37–39]. To enable quick setup time and comfortable
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use, these headsets use dry (i.e., gel-free) electrodes, which comes at the cost of having a less-

stable electrode-skin contact with a significantly higher interface impedance. This, together

with the physical distance between the passive electrodes and the data acquisition module

result in the already-weak sensed EEG signals to be significantly distorted by various noise

and interference sources before reaching the central unit’s recording amplifiers.

A widely-accepted solution for this issue is using "active electrodes" (AEs), i.e., electrodes

that have electronic circuits directly attached to them (as shown in Fig. 2.1(b)) to amplify

EEG signals at the recording site before sending them to the central module for quantiza-

tion, processing, wireless communication, etc. [19, 40, 44]. This increases the signal-to-noise

ratio (SNR) of the recorded signal, thus reduces the impact of noise/interference. Since the

amplification is done at the electrode site, an AE’s amplifier typically has a single-input

architecture, resulting in amplifying both the site-specific neural signals and the signal com-

mon among all electrodes (i.e., the common-mode (CM) signal). Routing an un-amplified

reference signal (sensed at a reference electrode) to all AEs to enable differential amplifica-

tion does not solve the problem as it will be prone to noise/interference in the same way

as signals picked up by passive electrode. Additionally, since the CM signal could be signifi-

cantly larger than the neural signals, AE’s voltage gain will be limited to small values (e.g.,

∼10 V/V) to avoid amplifier saturation, which reduces the SNR improvement, hence, limits

the aforementioned resilience to interference. It should be noted that EEG recording has

very little practical value without removing the CM component, which makes CM rejection

a critical design requirement. In this structure, CM rejection is performed in the central unit
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in digital domain (after digitization) but cannot met the CMRR requirement, mainly due to

the AE-to-AE voltage gain and electrode-skin impedance variations.

The other important challenge with the centralized architecture is the number of wires

required for connecting different components of the system, which constraints system’s scal-

ability. Recently, there has been an increasing interest in high-density EEG (HD-EEG) as

it provides a higher spatial resolution for recording and allows for detecting more localized

events compared to standard EEG [45, 46]. With the centralized architecture, the number of

required wires for HD-EEG could cause significant SNR degradation due to various interfer-

ence, noise, and cross-talk. The high wire count also increases the system’s complexity, thus

makes debugging/repair a serious challenge, and results in heavier/bulkier wearable device.

This has motivated for investigating new architectures/techniques for better scalability. Re-

ported solutions include (i) integration of all channels on a single flexible PCB substrate

that allows for high-density shielded wiring [43], (ii) using frequency modulation (FM) to

send data from all channels on a single wire, which reduces the wire count, but at the cost

of a increasing power consumption significantly [36], and (iii) to include an analog-to-digital

converter (ADC) in each AE and connect the digitized output of all channels to one data
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bus using a digital interfacing protocol, as conceptually shown in Fig. 2.1(c) [35]. While

using the last method reduces the number of wires and eliminates the system vulnerability

to noise and artifacts, the CMRR degradation due to chip-to-chip variation remains an un-

solved challenge.

Fig. 2.2 shows simplified illustrations that represent the commonly-used approaches for

CMRR improvement in wearable EEG recording systems. In the first approach (Fig. 2.2(a)),

the amplified signals coming from different AEs are fed to a differential amplifier in the

central backend, with the second input of the amplifier connected to either the signal from

another AE (i.e., bipolar recording) or the signal from a reference AE (i.e., monopolar record-

ing). Despite a limited CMRR improvement due to differential recording, considering the dry

electrodes’ significant impedance mismatch (∼MΩ) and the AEs’ voltage gain mismatch due

to chip-to-chip variations, there will be a substantial difference between the amplified CM

signals at the output of different AEs. This difference is further amplified by the differential

amplifier, resulting in an overall CMRR that is unacceptably low. Additionally, due to AEs’

relatively-small voltage gain (reason was explained above), the recordings are still susceptible

to various noise and interference, which could further degrade the CMRR.

Fig. 2.2(b) shows an alternative solution where the signals are digitized in the AE before

being sent to the backend (i.e., the architecture shown in Fig. 2.1(c)). Digitizing the record-

ings eliminates the noise/interference concern, but the voltage gain mismatch concern is still

present. Also, since the ADC is quantizing both the EEG and the CM signal, it is required to

cover a large dynamic range. This should be achieved without generating substantial noise
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at the ADC’s input, as it is preceded by a low-gain amplifier. Considering the above design

criteria and the limited power budget of each AE, the ADC’s quantization resolution will

be highly constrained. This makes the approach significantly less attractive as its CMRR

improvement is limited by the ADC’s resolution.

In this chapter, we will present the design, development, and experimental characteriza-

tion of a two-stage active electrode architecture with CMRR enhancement in both stages.

The architecture conducts CM sensing and rejection early on in the signal path (without de-

grading noise or input impedance) to prevent CM amplification, and consequently avoid (i)

forcing a small maximum voltage gain to prevent output saturation, (ii) CMRR dependency

on AE’s gain, resulting in its degradation by AE-to-AE mismatches.

The proposed architecture is also immune to electrode-skin interface impedance (ZESI)

variations across different AEs, thanks to its super-TΩ input impedance. Such a high impedance

is achieved by (i) DC coupling to the electrodes, and (ii) leveraging relaxed area requirements

to suppress flicker noise through increasing the gate area and avoiding chopper stabilization.

The DC coupling is possible and does not make the performance dependent on input DC

levels, as the proposed architecture is inherently tolerant to ±350 mV input DC variations.

Furthermore, and we have integrated auxiliary circuits to boost this range up to ±500 mV.

Through a feedback loop, we also have loose control on the scalp DC level, which prevents

the variations to surpass the circuit’s tolerance thresholds. We have experimentally shown

the efficacy of the proposed architecture in rejecting common-mode signals in the presence

of significant AE-to-AE mismatch.
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Each AE also integrates block for (i) detection of an unstable electrode-skin connections,

(ii) power line noise/interference removal feedback loop, and (iii) responsive dynamic ad-

justment of large DC level variations at the input. The CMRR-enhanced amplification in

each AE is followed by blocks for quantization, data serialization, and digital interfacing.

Together, they enable a fully distributed EEG recording architecture that requires a small

number of wires (independent of the number of AEs) to connect all AEs together and to a

backend module for wireless data transmission.

2.2 System- and Circuit-level Implementation

In this section, we will explore several key subjects regarding the main challenges and con-

straints in the circuit and system-level design of the proposed active electrode and how we

propose to overcome them.

2.2.1 Centralized vs. Distributed CMRR Enhancement

Fig. 2.3 analytically compares the in-AE CMRR enhancement of a distributed solution with

in-backend CMRR enhancement of a centralized architectures. As shown in Fig. 2.3(a), in

the centralized scheme, the input signal (i.e., EEG + CM) is amplified at each AE and then

subtracted from the amplified signal from the reference electrode in the central backend. In

the absence of AEs’ gain mismatch (i.e., G1 = G2 = ... = GREF ), this architecture could

yield an infinite CMRR, assuming an ideal backend differential amplifier. However, even a
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slight gain mismatch could drastically degrade the CM rejection performance. Quantitatively

speaking, considering the expression for VOUT in the conventional design, we have,

CMRR = 20× log(Adm
Acm

)

= 20× log( A.G1
A.(G1 −GREF )) = 20× log( G1

∆G).
(2.1)

Based on this equation, only a 1% gain mismatch (∆G) results in a CMRR as low as 40 dB.

This means that to achieve a commonly-accepted 80 dB CMRR, the gain mismatch between

the two AEs must be smaller than 0.01%, which is practically impossible considering the

chip-to-chip variations. It should be noted that G1 and GREF also account for the signal

attenuation resulted from voltage division between the amplifiers’ input impedance and

the significantly-high impedance of dry electrodes (i.e., |ZIN/(ZIN+Zelec)|). Therefore, any

mismatch between different electrode-tissue impedances affects the ∆G as well. Moreover,

as shown in Fig. 2.3(a), both the EEG and the CM are amplified in each AE, which changes

the biasing point of the input transistors and therefore, significantly increases the required

linear input range for the backend differential amplifier, thus its power consumption. The

AEs’ gain cannot be reduced below a certain level without their output signals being more

susceptible to line interference.

The first part of our proposed solution for in-AE CMRR improvement is shown in

Fig. 2.3(b). The idea here is to calculate the common-mode voltage through passive capacitive

averaging, and to make this voltage available to all AEs through a shared wire among them.

In each AE, this voltage is used as the negative input of differential amplification, which
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results in effectively removing CM as early as possible in the signal path. As shown, to

ensure that the CM is not amplified in AE, it is designed in a way that the signal from each

recording electrode is amplified by a gain of 1+G, while the calculated CM is amplified by

-G, resulting in the site-specific EEG to be amplified while the CM is fed through with a

unity gain. It is critical for effective CM rejection that both -G and 1+G are realized using

the same circuitry to avoid any gain mismatch.

2.2.2 In-AE CMRR Double Boost

Fig. 2.4(a) shows the circuit schematic of the idea described above. The negative feedback

ensures that the two inputs of the low-noise operational transconductance amplifier (LN-

OTA) are equal (i.e., V1 = VEEG−1 + VCM). The CCM included in each channel are all

connected together and the common node is biased through a resistor (RCM). This capacitive

structure yields the average of input signals of all electrodes (i.e., the common mode signal)

at its common node that is connected to the resistor. The high-pass pole is set by CCM and

RCM to ensure that the averaged signal is not filtered out. Fig. 2.4(b) shows the bode plot

of VCM estimation transfer function for a 10-channel structure. The cutoff frequency of this

filter is calculated as 1/(2πNRCMCCM), where N is the number of channels. In this structure

we have RCM =250 MΩ and CCM=250 pF which results in the cutoff frequency of 2.5/N

(e.g. 0.25 Hz for a 10-channel device) which is safely below the required high-pass pole of

the recording front-end.

As highlighted in Fig. 2.4(a), the presented circuit results in a non-inverting amplification
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for the input signal (i.e., VEEG + VCM) with a voltage gain of 1 + |ZF/ZCM | (i.e., 1 + G1),

and an inverting amplification for the VCM with a gain of -|ZF/ZCM | (i.e., −G1). Here, ZF is

defined as the total feedback impedance (i.e., ZRF
||ZCF

, and ZCM is the impedance of CCM .

Based on the above analysis, the amplifier’s output is

VO1 = (1 + CCM/CF )VEEG + VCM . (2.2)

This results in the CMRR to be

CMRR = 20× log(1 + CCM/CF 1), (2.3)

which is independent of any AE-to-AE gain mismatch and as large as voltage gain of the

closed-loop amplifier. However, achieving∼80 dB gain from the presented single-stage closed-

loop amplifier without sacrificing other performance metrics (e.g., area, bandwidth, etc.) is

practically impossible. Given that low-frequency high-pass pole of the closed-loop amplifier

is set by 1/(CF×RF ), to be able to record sub-Hz EEG, CF cannot be made smaller than

a certain level without requiring extremely high RF values that are impractical to imple-

ment with a stable value under a reasonable signal swing, even using best pseudo-resistors

structures [47–50]. On the other hand, area constraints set a maximum value for CCM . Con-

sidering that the voltage gain is proportional to CCM/CF , the above two constraints set the

upper limit for this stage’s gain, motivating for a second amplification stage.

It is important to note that amplifying the first stages output will not improve CMRR
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as it includes both VEEG and VCM terms. As such, the second amplification stage should also

subtract VCM from the input before amplification. Fig. 2.5 shows the circuit implementation

of the proposed two-stage amplifier. As shown, AE’s CMRR is further improved by connect-

ing the calculated CM to the non-inverting input terminal of the second stage as well. This

ensures that the VCM term at the output of the first stage is not amplified in the second

stage, resulting in VOUT to be

VOUT = VCM − (CCOUP/CF 2)(1 + CCM/CF 1)VEEG. (2.4)

As a result, the overall CMRR of the two-stage amplifier will be 20log((CCOUP/CF 2)(1 +

CCM/CF 1)).

Fig. 2.5 also shows that the calculated VCM is fed back to the scalp to further improve

the AE’s CMRR. The feedback circuit is named DRL as it works based on the same princi-

ples as the popular driven right leg (DRL) feedback loop used in ECG recording [51]. The

feedback loop improves CMRR by 20×log(ADRL), where ADRL is the gain of the DRL path
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set to 100 V/V. Without the CMRR boost achieved through the second amplification stage,

the DRL loop gain had to be increased by at least an order of magnitude, which results in

instability in dry-contact electrodes due to their large interface impedance variations [19].

2.2.3 DC Offset Tolerance

While the DRL loop provides some control on the skin’s potential, the input DC level at dif-

ferent AEs’ could vary by ±300 mV [19]. For a conventional differential DC-coupled recording

front-end architecture, such large variations could significantly degrade the amplification gain

and linearity. However, in the presented AE architecture, the first stage OTA’s input termi-

nals are tied together by the negative feedback, removing the need for additional circuitry for

DC offset removal. Also, the OTA’s output DC level follows its inputs, thanks to a pseudo

resistor (represented as a resistor enclosed by a rectangle) which establishes a DC path. As

such, the above-mentioned DC variations could only impact the AE’s performance if they

result in extreme changes in the OTA’s open-loop gain (e.g., by causing significant input

CM DC variation) such that the AE’s closed-loop gets affected, hence causes amplification

nonlinearity. By limiting the first stage gain to 50, as shown in our THD measurement results

in Fig. 2.6 an input DC offset tolerance of up to ±350 mV is achievable before linearity starts

to decline (i.e., THD>0.5% for 2 mVpp sine input). Furthermore, the second amplification

stage, which experiences a larger signal swing, is AC-coupled to the preceding stage and

therefore, biased with the optimal voltage. Given that the OTA operates within a negative

feedback loop (i.e., the gain is set by CCOUP/CF 2), the nonlinearity issue associated with the
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pseudo resistor could only pose a problem if it affects the high-pass pole. To circumvent this,

we have designed the pole conservatively to ensure that any changes in the pseudo resistor

will not affect the recording.

2.2.4 OTA Design and Flicker Noise Reduction

Since the first-stage OTA is directly connected to the electrodes, it sets the AE’s input-

referred noise and input impedance (ZIN). To compensate for the high impedance of dry

electrodes (Zelec), it is crucial for the active electrodes’ common-mode rejection ratio (CMRR)

to have a very high input impedance (ZIN) that is orders of magnitude higher than the elec-

trode impedance. This ensures that the voltage division ratio (|ZIN/(ZIN + Zelec)|) remains

relatively constant, regardless of variations in ZIN or Zelec. This is one of the most common
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issues in recently-reported wearable EEG recording systems. In the presented design, such

high ZIN (e.g., >1 TΩ at DC) are achieved by directly connecting the electrodes to the gate

terminal of OTA’s input transistor. We intentionally did not use chopper stabilization as it

results in ZIN degradation and will require positive-feedback impedance boosting loops that

come at the risk of instability and the cost of additional power consumption. Additionally,

the use of the OTA in negative feedback effectively makes the inputs of the OTA equal to

the VX voltage (drain of the tail PMOS, as shown in Fig. 2.7). This equality ensures that

the voltage across the CGS is zero, which practically eliminates this capacitor’s effect on the

input impedance. It should be noted that, this feature is inherent to the presented single-

ended structure. If a differential configuration was implemented, the VX would have become

a virtual ground, leading to non-zero voltages across the CGS. Furthermore, we opted for

PMOS input transistors, which allowed us to connect the source and bulk together. This

connection mitigates the effects of the CGB and results in a higher input impedance.

In this design, we leveraged the relaxed area requirement (only one recording channel

per chip, thus area scalability is not a concern) to reduce the in-band flicker noise. Fig. 2.7

shows the detailed circuit schematic of the LN-OTA used in this work as well as all transis-

tors’ size ratio and a list of main contributors to the overall integrated input referred noise

(IIRN). To minimize IIRN, we aimed for maximizing the gm of the input transistors (i.e.,

M1, M2) with respect to the gm of M3, M4 and their mirrored transistors, M3b and M4b.

As all these transistors share the same bias current, we need to maximize the gm/ID for the

input transistors and minimize it for M3, M4, M3b, and M4b. To achieve this, the W/L of
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the input transistors and L/W of M3, M4, M3b and M4b are increased such that the input

transistors operate in deep weak inversion and the rest in strong inversion.

To further reduce the flicker noise, the gate areas of all the transistors are increased [52].

To achieve our targeted IIRN (i.e., <1 µVrms), the length (L) of M3, M4, M3b and M4b needs

to have a higher value than the maximum set by the technology (i.e., 20 µm in 180 nm

TSMC Technology). As a result, three transistors were connected in series to increase the

effective gate area and reduce the combined gm/ID. In addition to above, we considered

other factors such as the phase margin (for M3, M4, M3b, M4b) and the input impedance (for

M1,M2) of the OTA in sizing the transistors. This OTA draws 3 µA current from the supply

voltage which is divided equally between the 4 branches. The M1 and M2 transistors has gm

of 20 µS. Also, the open-loop DC gain of the OTA is 68 dB. For the second-stage OTA, since

it receives the amplified version of the EEG signal as the input, its noise requirement is more

relaxed compared to the first stage, thus a low power (LP) current-mirror OTA (UGBW:

6.3 kHz, power: 1 µW) was employed.

2.2.5 Lead-Off Detection

A common issue with using dry electrodes in ambulatory wearable EEG recording is unsta-

ble electrode-skin connection. This could be due to many reasons (e.g., physical motion [53])

and results in the electrode’s signal to be partially or fully corrupted, which could have an

adverse effect on the accuracy of CM estimation using the circuit presented in Fig. 2.5. To

prevent this, as shown in Fig. 2.8(a), a lead-off detection block is integrated in each AE that
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measures the electrode-skin interface impedance (ZESI) in real time, and upon detection of

an abnormally high impedance, disconnects the AE from common-mode signal calculation

circuit (loop L1 in Fig. 2.8(a)). As shown, a 3-bit push-pull current-mode digital-to-analog

converter (IDAC) is used to source/sink 10 kHz (i.e., out of EEG frequency band) square-

wave current pulses to/from the electrode. The resulted high-frequency voltage waveform’s

peak-to-peak value is correlated with the ZESI ’s magnitude. As shown, this waveform is fed

to a closed-loop amplifier (HF-OTA, BW>10 kHz) and then quantized before being fed to

digital blocks for peak-to-peak calculation and thresholding.

Considering the fact that dry electrodes have a wide range of size and shapes (hence,

impedances), to make the presented design universal, we added a 2-bit mode-selection signal

(AE-specific) that controls the range of currents that could be generated by the 3-bit IDAC.

This allows for using the same impedance measurement circuit for different types/shapes

of dry electrodes. Using this approach, the IDACs can generate currents with a range of

10-500 nA in magnitude with 2+3 bits resolution.

2.2.6 Input DC Level Correction

As discussed previously, large DC level changes at the electrode could cause nonlinear am-

plification. In addition to the electrode-specific DC offset, electrostatic charges generated

on the skin due to many different reason (e.g., patient movement) could also significantly

change the static DC level. Additionally, while the current pulses injected to the skin (for

ZESI measurement) are designed to be charge-balanced and biphasic, it has been shown that
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they could also result in charge accumulation on the electrode-skin interface in the long term,

causing electrode and tissue damage [54].

We have reused part of the lead-off detection circuit to construct another feedback loop

(L2, as shown in Fig. 2.8(a)) that is used for input DC level correction. Given that the high-

frequency closed-loop amplifier used in the lead-off detection circuit has a resistive feedback

path, the average of its output signal represents the DC level at the electrode. As shown in

Fig. 2.8(a), the DC control loop calculates the digitized recorded signal’s average and checks

if it is within a safe range of operation by comparing it with programmable upper/lower

threshold values. Upon detection of an unsafe DC level, the IDAC controller makes subse-

quent adjustments to the current pulses duty cycle (i.e., creates an intentional imbalance

in current pulses) to cancel the DC variation. Using this method, our measurement results

show an increased tolerance of DC level variation from ±350 mV to ±0.5 V.

2.2.7 Digitization and Digital Interface

Fig. 2.8 also shows the signal quantization and communication blocks used for sending the

digitized data from different channels to the central unit using the same bus. An ultra-low-

power 12-bit SAR ADC (ADS7042) is used for quantization with a sampling period of 990 µs

(the ADC samples at the negative edge of CS). The digital output is serialized using SCLK,

and is turned into a series of 14 bits as shown by SDO in Fig. 2.8(b), starting with two suc-

cessive zeros followed by 12 bits of data in each period of the CS.

As shown, CS and SCLK are shared among all channels. When SCLK is high, all
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Figure 2.9: Chip micrograph of the proposed recording front-end including the two-stage amplifier
and blocks for lead-off detection and DC adjustment.

ADCs’ output are valid and represent the same bit position (i.e., the ith bit of the 12-bit

output word). This allows for time-multiplexing the ADCs outputs to send their data bit by

bit on a single communication line. The time-multiplexing is done using a tri-state buffer in

each channel which is controlled by the ENi signal shown in Fig. 2.8(b). ENi has the same

frequency as the SCLK but its duty cycle is 1/(2×fSCLK×(N + 1)), where N is the number

of channels. Each ENi is delayed by one duty cycle in order to established a proper scalable

serializing for all channels.

2.3 Experimental Measurement Result

Fig. 2.9 shows the chip micrograph of the presented active electrode IC, designed and fabri-

cated in a 180nm standard CMOS technology. The performance of different blocks and the

entire system are validated experimentally. Fig. 2.10(a) shows the measured voltage gain of

the active electrode versus frequency, confirming a mid-band gain of 52.7 dB and a bandwidth

of 0.2-400 Hz. Fig. 2.10(b) presents the experimental noise measurement results, showing an
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Figure 2.10: Measured (a) gain and bandwidth, and (b) input referred noise of the presented AE.

integrated input referred noise of 0.67 µVrms for the 0.5-100 Hz range. As shown in Fig. 2.11,

we have measured the noise in different values of DC offset. The result shows that the IIRN

only experiences noticeable changes for DC offset voltage larger than 0.5 V and stays almost

constant within this range.

In the experimental setup, we utilized a Keysight digital multimeter (34465A) that can

measure current with a resolution down to the picoampere (pA) level. We modulated the

input voltage in a range between 0.8 V to 1 V, incrementing in steps of 20 mV. Throughout

these variations, the multimeter registered a current measurement that fell below its 1 pA

precision. From this observation, we concluded that our input impedance surpasses 1 TΩ at

DC. Furthermore, when we employed a 60 Hz sine input during our trials, we established
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Figure 2.12: Measured AE’s CMRR without and with a 1MΩ ZESI mismatch showing <5 dB
degradation at 60Hz.

that the input impedance was measured at 5.5 GΩ.

The experimental measurement results shown in Fig. 2.12 validate the performance of

the proposed design in effective suppression of common mode signals. The plot shows that

the structure could achieve a CMRR of 82.2 dB (measured at 60 Hz) when inputs of the two

active electrodes are directly connected to the same signal, which represents the situation

when there is no mismatch between the interface impedances. In the second (more impor-

tant) test scenario, a 1 MΩ resistor was added at the input of one of the AEs to intentionally

create a mismatch between the two AEs in terms of electrode impedance, to emulate a real-

istic situation that could occur for EEG recording with dry electrodes [55]. Our results show

that the CMRR is only decreased by less than 5 dB. To put the importance of this result
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importance in an in-vivo ECG measurement experiment.

this into perspective, it has been shown in [35] that a 800 kΩ mismatch reduces the CMRR

by almost 60 dB. This is achieved mainly due to the proposed recording architecture that

benefits from in-AE CMRR double enhancement.

As shown in Fig. 2.12, the CMRR value increases at higher frequencies. The reason is

that in this method the added RCM creates a high-pass filter together with the averaging

capacitors (i.e., CCMs). From this measurement, it can be observed that CMRRs seem to be

even better compared to the case where impedance mismatch is present. The reason is that in
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this particular experiment, we intentionally introduced a 1MΩ resistor to create a mismatch

to see how the proposed architecture’s CMRR changes under such condition. However, there

is an inherent mismatch already present between electrodes, and the addition of this resistor

served to compensate for the existing mismatch at lower frequencies for this experiment (it

could slightly vary from electrode to electrode). As a result, the CMRR appears to be better

when we add the 1MΩ resistor in this scenario, but this improvement is somewhat random

and minor. In a variety of other tests, the effects of introducing this mismatch varied between

enhancing and diminishing the CMRR at lower frequencies. Therefore, it is essential to con-

sider the overall performance and the consistency of the results across the entire frequency

range of interest. That being said, the overall measured results confirm our expectation that

the setup without the additional mismatch resistor exhibits better CMRR, particularly at

60Hz, which is a crucial frequency for wearable applications, due to the strong powerline

interference that appears as a CM signal that needs to be removed.

Fig. 2.13 shows the measurement results of the lead-off detection circuit used to dis-
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connect AEs from the CM calculation circuit upon detection of a missing electrode-skin

connection for that AE. As shown, the circuit generates a significantly different output

peak-to-peak magnitude due to the large change in interface impedance, which relaxes the

design requirement for the subsequent ADC.

Fig. 2.14 shows experimental results on the efficacy of the input DC adjustment loop.

As shown in Fig 2.14(a), the loop successfully detects and incrementally corrects (through

current-pulses’ duty cycle adjustment) the intentional DC voltage change, and brings the

input DC level back to 0.9 V - ideal for the LN-OTA operation. The averaging window used

for DC calculation is programmable. Shorter windows would result in a faster DC correction

at the cost of removing very low-frequency signal contents as well. As discussed, while the

proposed AE architecture is inherently tolerant to input DC variations up to ±350 mV, this

feature further extends the maximum tolerance to input DC variations that could happen

due to artifacts or electrostatic charges to ±500 mV. Fig. 2.14(b) shows ECG recording mea-

surement results illustrating that the presented circuit is unable to operate properly if the

input DC offset is outside its tolerance range. It also shows how the DC adjustment loop

corrects the DC level back to the acceptable range. It must be mentioned that for this (and
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Figure 2.17: In-vivo EEG measurement results (time domain and the corresponding spectrogram)
for closed and open eye situations, showing an increase in alpha band activity when the eye is
closed.

the next two experiments), we used ECG recording (instead of EEG), mainly due to ECG’s

repetitive pattern that allows for clear illustration of issues discussed in these figures.

Fig. 2.15 shows the efficacy of the lead-off detection loop in improving the CM calcula-

tion and CMRR enhancement. As shown, once the lead-off detection loop is activated, the

AE with a loose connection is detected and removed from CM calculations. This results in

a short-time transient disturbance in the recording, which is followed by a significant im-

provement in CM rejection, hence a proportionally higher SNR for the recorded ECG signal.

Similarly, Fig. 2.16 shows the ECG measurement result with and without the DRL loop

being active, clearly illustrating its effectiveness in eliminating the effect of power-line noise.

Fig. 2.17 shows the experimental measurement result of in-vivo EEG recording using

the presented active electrode (connected to a dry electrode). Two AEs were placed on the

forehead and the setup was used to record two situations of “eye closed" and “eye open",
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Figure 2.18: Pie chart of the power breakdown of both on-chip and off-chip components in the
presented channel.

clearly showing the increased alpha-band activity for the former situation.

Table. 2.1 compares this work with the state-of-the-art active-electrode bio-signal record-

ing microsystems in terms of system-level and circuit-level performance and features. While

all recent works report a relatively-high CMRR, only one work reports this performance

metric when there is a channel-to-channel mismatch ([35], in which the CMRR degrades

by 60dB with 800 kΩ mismatch). Thanks to the proposed architecture, our design is the

only work that can achieve an excellent CMRR even in the presence of significant mismatch

between different AEs. The table also shows excellent noise performance as well as super-TΩ

input impedance for the presented design. Additionally, for the presented design, the power

consumption of each AE (including Analog front-end, digitization, and digital interface) adds

up to 17.5 µW, which is the lowest compared to the state of the art. Fig. 2.18 shows the

breakdown of power consumption for the presented channel, taking into account both on-chip

and off-chip components and the percentage of each block contribution in the total power

consumption.
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Chapter 3

An Artifact-Resilient Active Electrode

with In-Channel Dynamic-Range

Boosting for EEG Recording

3.1 Introduction

In the preceding chapter, our focus revolved primarily around addressing two pivotal chal-

lenges in the design of Active Electrodes (AE) for dry-contact electrodes: (1) Enhancing the

Common-Mode Rejection Ratio (CMRR) and (2) Reducing the quantity of interconnecting

wires. In response to these challenges, we introduced an innovative EEG recording system

characterized by a distributed configuration. In this chapter, we will discuss additional chal-

lenges mainly rooted from the presence of motion artifact when dealing with dry contact

electrode and long term brain monitoring applications. Additionally, we have further im-
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proved the prior design in terms of CMRR boosting as well as including new features such as

auto ranging, high resolution digitization with a noise shaping SAR ADC and in-AE feature

extraction and classification (i.e., further explained in the next chapter).

Considering that with the target EEG recording device the aim is to provide a fast, low-

cost, and medically-relevant alternative to the existing clinical setups [41, 42], rigid/flexible

dry (i.e., gel-free) contact or non-contact electrodes are utilized, which comes at the cost of

having a significantly higher and more variable interface impedance due to the less-stable

electrode-skin connection. The impedance variations result in fairly-large fluctuations in the

signal’s magnitude and DC level, commonly known as motion artifacts [58, 59]. Since any

physical activity of the patient (e.g., talking, chewing, etc.) could cause electrode movements,

hence impedance variation, motion artifacts are considered random in nature both in terms

of occurrence rate and severity.

As shown in Fig. 3.1(a), conventionally various digital signal processing (DSP) pattern

recognition algorithms have been used to extract motion artifacts in recorded bio-signal (e.g.,

electrocardiography (ECG)) recordings. These techniques primarily rely on pattern recogni-

tion algorithms to detect and remove artifacts from the recorded bio-signal. One of the most

common approaches used is the independent component analysis (ICA), which is a blind

source separation technique that decomposes the bio-signals into statistically independent

components. By identifying and discarding components associated with artifacts, ICA ef-

fectively suppresses unwanted noise [60]. The next approach is the wavelet-based methods

which decompose the bio-signals into multiple frequency bands, enabling the selective re-
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moval of artifact-related components [61]. Adaptive filters are the other common approach

that are designed to eliminate artifacts by dynamically adjusting their coefficients based on

the input signal [62]. However, these DSP-based methods are more suited for ECG signal

and face several limitations for removing motion artifacts in EEG signals [37–39]. The main

reason is that, unlike ECG signals, EEG signals do not have a distinct, repetitive pattern,

making it challenging for conventional DSP algorithms to accurately distinguish between

artifacts and actual EEG signals. Additionally, the significant amplitude differences between

artifacts (∼10 mV) and EEG signals (∼10-100 µV) require high-dynamic-range recording

circuits, resulting in power-hungry solutions. Furthermore, DSP techniques can distort or

remove underlying EEG activity, be computationally intensive, and introduce latency due to

complexity, making them less suitable for portable, low-power EEG systems [63, 64]. More-

over, their performance often relies on proper parameter tuning, which may require expert

knowledge or calibration with clean reference data, limiting applicability in real-world sce-

narios.

Fig. 3.1(b) shows a popular alternative approach, in which high-frequency (out of EEG

band) current pulses are injected to the skin and the resulted voltage is recorded to mea-

sure the interface impedance, which is used to estimate the real-time magnitude of motion

artifacts. The estimated artifact is then subtracted from the amplifier’s input to signifi-

cantly reduce its dynamic range. To prevent any risk of instability and signal distortion,

the overall latency of the feedback loop has to be made strictly small, which comes at the

cost of limiting the estimator’s complexity, hence its accuracy [41]. Poor artifact estima-
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tion leads to subtraction residues that are larger than the actual EEG signal (i.e., signal

drown in noise). Therefore, while the amplifier saturation is avoided, the EEG activity is

lost. The estimation accuracy also depends on the resolution and speed of the digital-to-

analog converter (DAC) that converts the estimated artifact back to the analog domain to

be subtracted from the input signal. Typically, power constraints prevent from employing

a high-resolution high-speed DAC (e.g., digital signal processing and 12-bits DACs require

54 µW for 3-channel ECG recording [41]). Additionally, measuring the EEG signal and the

electrode-tissue impedance through the same path require an OTA that is both low noise

and have high bandwidth which results in high power consumption in this structure.

Fig. 3.1(c) shows the proposed approach which has in-channel motion removal. The upper

path (signal path) involves a two-stage amplification process. By implementing two sequen-

tial amplification stages, the required DR for the ADC is reduced in comparison to the first

structure. However, the increased gain from this configuration could potentially lead to sat-

uration at the output of the second amplification stage. To counteract this, a DR boosting

circuit has been incorporated within the architecture.

One advantage of this design over the previously discussed approach is the elimination

of the need for a high-precision DAC, since the signal has already been amplified. Moreover,

the DR boosting mechanism operates independently of any processed data, which alleviates

concerns regarding the complexity and latency that may be associated with motion estima-

tion and artifact removal algorithms. The other advantage is that, the EEG signal and the

electrode-tissue impedance are captured through distinct pathways. This necessitates the
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use of two separate OTAs, each tailored to its specific function. One OTA is optimized for

low noise performance, foregoing the need for high bandwidth, while the other prioritizes

high bandwidth without the requirement for low noise characteristics. Consequently, both

OTAs can be designed to operate with minimal power consumption. This separation and spe-

cialization of signal paths allow for efficient and effective design of specific OTA for each path.

3.2 System-Level Architecture

Fig. 3.2 shows the comprehensive top-level system-level architecture of the presented active-

electrode IC, optimized for EEG recording. The system is designed to interface directly with

the electrode through a DC coupling, ensuring a very high input impedance (Zin), which is

essential to avoid signal attenuation, particularly when using dry-contact electrodes that are

common in outpatient wearable devices.

The common-mode signal (Vcm), is constructed by averaging the input signals from all

AEs. This averaging is accomplished through a passive network consisting of Ccm capacitors,

each of which is linked to the inverting input of the OTA within its respective AE. The oppo-

site terminals of these capacitors converge at a shared node (Vcm), which is then connected

to a bias voltage via a resistor (located on a distinct board). This Vcm voltage is used to

drive the reference electrode, enhancing the common-mode rejection (CMR). Additionally,

Vcm is input into the second stage of amplification, where it is amplified by a gain specific to

each AE. This gain is variably set to counteract any imbalances due to mismatches in Zin

between AEs, thereby optimizing CM averaging. The gain is adjusted with 8-bit precision
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during the device’s calibration mode.

To circumvent saturation caused by motion-induced artifacts, a level-crossing auto-

ranging strategy is imployed within the second amplification stage. This scheme actively mon-

itors the output, and upon detecting voltage levels crossing predefined thresholds (±150mV),

it promptly adjusts the input voltage via a 6-bit voltage DAC and capacitive charge sharing,

effectively constraining the dynamic range at the output of the Gm2. For extremely large

artifacts, a similar level-crossing detection mechanism is utilized at the output of Gm1 to

identify saturation and modulate the closed-loop gain accordingly. Additionally, the ampli-

fiers are followed by a 60Hz notch filter to attenuate the effect of power-line artifact.

In parallel, electrode-tissue impedance (ETI) is measured through a separate path that

utilizes a current-mode DAC (IDAC) with an exceptionally high output impedance achieved

through triple cascoding, thus preventing any degradation in Zin. The voltage generated from

this measurement is amplified and relayed to a switched-capacitor peak-to-peak detection

circuit, producing a signal that varies only with changes in ETI. This design significantly

reduces the speed requirements for the subsequent ADC. Moreover, a feedback control loop

is present to maintain the DC level at the electrode by applying intentional anodic/cathodic

mismatches to the IDAC’s output pulses, thereby ensuring the DC level remains at an op-

timal value. The ETI data serves to estimate and mitigate artifacts within the EEG signal

prior to feeding it into the feature extraction unit.

As shown in Fig. 3.2, the output of signal path is connected to a 13-bit noise shaping

SAR ADC. The digital output from this ADC is used for reconstruction of the original sig-
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nal, where any distortions introduced by the DR boosting stage are removed to restore the

signal. Simultaneously, the ETI measurement path feeds its output to a separate 8-bit SAR

ADC. The digital data derived from this ADC is used in the elimination of artifacts from

the reconstructed signal. By doing so, the system ensures that the EEG signal is swept out

of any motion-induced artifacts. As a result, clean signal is used in the feature extraction

and serial interface blocks which will be elaborated in chapter 4

To fine-tune this process, the system undergoes a calibration phase, which can be initi-

ated when necessary. During calibration, the ETI signal is manipulated by adjusting its gain

and delay, with 5-bit and 8-bit precision respectively. These adjustments aim to maximize

the Pearson correlation between the ETI signal and a DC signal. This calibration is critical

as it establishes the most accurate parameters for estimating the impact of motion artifacts

on the EEG signal. By identifying the settings that yield the highest correlation, the system

can more precisely compensate for motion-induced artifacts. Additionally, the division ratio

for the CMR boosting block is also determined during this calibration step.

3.3 Circuit-Level Implementation

In this section, we focus on the circuit-level implementation of each of the blocks introduced

in the system-level block diagram under EEG recording and ETI measurement paths, the

noise-Shaping SAR ADC and motion artifact removal sections.
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Figure 3.3: (a) Circuit-level implementation of saturation detection and (b) the schematic of the
employed strong-arm comparator followed by a latch to store the result of the comparison.

3.3.1 EEG Signal Recording

In this part we focus on the signal recording path from the first stage of amplification stage,

its associated saturation detection, second stage of amplification and the associated DR

boosting and the 60-Hz notch filter.

3.3.1.1 First Stage of Amplification and Saturation Detection

Amplification in the first stage is achieved through a DC-coupled configuration, utilizing a

OTA with the same structure as Fig. 2.7. A notable enhancement in this stage is the in-
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troduction of a variable gain feature, designed to address instances where high amplitude

input voltages may lead to saturation. To detect such saturation, a dedicated component

is employed following the first amplification stage. This saturation detection mechanism is

composed of a pair of Strong-arm comparators that are tasked with monitoring for volt-

age levels that exceed predetermined thresholds. Upon detecting such voltage levels, these

comparators trigger a response to dynamically adjust the gain, from an initial 50V/V to

10V/V. In addition to gain reduction, reset signals are also generated to initialize the output

of the first stage. Fig. 3.3 details the circuit-level design of this saturation detection sys-

tem. It showcases the practical implementation of the control logic and the schematic of the

employed Strong-arm comparator followed by a latch to keep the comparator output and

eliminate the reset phase.

3.3.1.2 Second Stage of Amplification and DR Boosting

As shown in Fig. 3.4, the second stage is a AC-coupled configuration to avoid the amplifi-

cation of the first stage DC content. The OTA’s positive input is connected to a fraction of

the common-mode (CM) signal, which aids in CMRR enhancement (details of which will be

elaborated in the CMRR boosting section). In scenarios involving motion artifacts, signal

amplitudes can escalate beyond a few millivolts, potentially saturating the recording sys-

tem’s output. This issue could be mitigated by reducing the gain of the first stage, though

this would degrade the SNR of the entire system. In this structure, we try to maintain the

gain at a high level of 50V/V for the first stage, while preventing saturation. The strategy
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involves maintaining the output of the second stage within a predefined range, employing

a cross detection block to monitor and identify when the output strays beyond this range.

Upon detection, the cross detection block activates a signal that controls a 5-bit R-2R ladder

resistive DAC to adjust the signal level at the OTA’s input. Therefore, to change the output

level, the sudden change in the DAC output voltage is transferred to the output with the

OTA gain. The OTA utilizes a negative gain sign for the signal; hence, when the output hits

the low/high threshold, the DAC produces a corrective step to increase/decrease the level,

ensuring the output is within the desired range.
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3.3.1.3 Digital Reconstruction

Within the system architecture, the output from the cross-detection block is combined with

the digitized output from the Noise shaping SAR ADC (explained in detail in section 3.3.3)

in the digital reconstruction block. This process is designed to accurately reconstruct the true

signal, which may potentially surpass the supply voltage. The reconstructed signal is then

used in the motion artifact removal stage. During the auto-ranging operation, when the DAC

produces a step, the step’s amplitude is V DD/26 = 28.125 mV. This increment/decrement

manifests at the output with an amplitude of 225 mV, owing to the 8V/V gain of the

second amplification stage. This particular gain was chosen as a power of two, allowing the

multiplication process of the DAC digital input to be efficiently realized using a shift register

in the digital domain. Therefore, as depicted in Fig. 3.5, the DAC digital input is first shifted

by 3 bits to account for the analog gain of 8 in the signal path and then shifted by 7 bits

which is the difference of the resolution of the SAR ADC (13) and the feedback DAC (6). In

other words the DAC’s least significant bit (LSB) is 210 times larger than the ADC’s LSB

so we implement a total shift of 10 bits. Consequently, the output from the reconstruction

block is rendered in a 16-bit format, ensuring that the digital signal precisely represents the

actual analog input if there was no auto-ranging procedure which would have saturated the

amplifier as it is higher than the VDD value but has been kept within the range thanks to

our auto-ranging scheme.
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3.3.1.4 CMRR Enhancement

As we discussed in chapter two, in the previous CMRR enhancement structure we enforce

common mode gain to be one in first and second stage. Fig. 3.6(a) shows the second stage

of CMRR enhancement in the modified structure. In this structure, the gain of VCM at the

output of the first stage is unity but due to the presence of the DR boosting capacitor CD,

the output of the second stage can be calculated as:

VOUT = α(Cin + CD

CF

+ 1)VCM − (G1VEEG + VCM)Cin

CF

− VD
CD

CF

. (3.1)

where αVCM is the voltage at the non-inverting input of the second stage OTA and G1 is

the gain of first stage. Therefore, in order to remove VCM at the output of the second stage

α can be calculated as:

α = Cin

(Cin + CD + CF ) .
(3.2)

It is important to consider that due to variations in the electrodes, the common-mode

voltage, VCM , may be sensed differently at the input or amplified variably at the output

across different electrodes. To compensate for this discrepancy, the coefficient α, rather than

being a fixed value, is implemented as an adjustable parameter. This adjustment is facili-

tated by a 5-bit resistive DAC, as illustrated in Figure 3.6(b). During the calibration phase,

the objective is to fine-tune α such that the 60Hz content of the signal is minimized as much

as possible.
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3.3.1.5 Notch Filter for 60-Hz Removal

Even with a the CMRR boosting which has been explained, the system cannot reach to 80dB

CMRR in some conditions due to the very large effect of power-line artifacts. Therefore, a

notch filter is implemented after the second stage to take care of these extreme cases. This

filter in the calibration mode will be bypassed to help the calculation of the best control

logic of α for CMR boosting block.
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Fig. 3.7(a) shows a conventional active twin-t notch filter [65]. In this structure the

frequency and the quality factor of the notch filter can be calculated as:

f0 = 1
2πRC Q = 1

4(1− k) .
(3.3)

As the notch frequency in our design is 60Hz, for a C=15p (in total 60p for all the three

capacitors) the resistor should be 177M which is not practical to be implemented on chip

due to the area constraints. Considering the high value for the resistor and also the fact that

it should be programmable to adjust the values to set the center frequency in presence of

any mismatch between the capacitor sizes, the switched-capacitor is a great candidate top

implement the resistors in this filter. Our proposed switched-capacitor based twin-t 60Hz

notch filter has been shown in Fig. 3.7(b). In this structure, except the voltage divider

resistors, others have been implemented with switched-capacitor circuit. As the resistance of

a switch capacitor is 1/C.fclk so the notch frequency is:

f0 = fCLKCR

2πC . (3.4)

Fig. 3.7(c) illustrates the outcome of a Periodic Alternating Current (PAC) simulation, which

confirms the effectiveness of the filtering system at 60 Hz. A pronounced notch is visible at

the 60 Hz frequency, indicating a substantial attenuation of the signal at this frequency,

which is crucial to reduce the power-line associated artifacts.
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3.3.2 ETI Measurement

In this section we focus on the ETI measurement path. In order to measure the motion ar-

tifact, it is necessary to first assess the electrode-skin impedance, then translate impedance

fluctuations into identifiable motion artifacts. This is achieved by applying a sink-source

current to the electrode and monitoring the induced voltage at the electrode interface. Since

the frequency of this impedance-related signal is significantly higher than that of the EEG

signal, it does not interfere with the EEG recording. The injection of the high-frequency

current is implemented by a current-mode DAC with high output impedance to avoid de-

grading the AE’s input impedance. A feedback loop also dynamically adjusts the IDAC’s sink

and source intervals, ensuring optimal DC levels at the electrode-tissue interface. The volt-

age derived from the impedance measurement is amplified and fed to a switched-capacitor

peak-to-peak detection circuit, yielding a signal that fluctuates solely in response to varia-

tions in ETI, which significantly relaxes the operational speed needed for the following ADC.

3.3.2.1 Triple-Cascode Current DAC

Fig. 3.8 shown the schematic of the current-mode DAC employed to sink/source current to

the electrode-tissue interface. A 3-bit IDAC is utilized to supply variable current amplitude

levels, ensuring compatibility with electrodes of differing impedances. Furthermore, to pre-

vent any degradation of the AE’s input impedance, the Current DAC (operating in parallel

with the AE’s input impedance) employs a triple cascode structure. This design achieves an

ultra-high output impedance, ensuring the addition of the ETI measurement circuitry does
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Figure 3.8: The circuit-level implementation of the self-biased triple-cascode current DAC.

not compromise the AE’s input impedance characteristic.

3.3.2.2 Electrode-Tissue Interface DC correction

As detailed in Chapter 2, the DC offset inherent to the electrode can be mitigated by injecting

an imbalanced sink-source current via the IDAC. As depicted in Fig. 3.2, the process begins

with an average calculator that assesses the DC component of the input signal. This infor-

mation is then used to adjust the duty cycle of the sink-source control signal. Figure 3.9(a)

illustrates the implemented switched-capacitor based averaging block utilized in this process.

The input to this block is a triangular waveform, which is the result of the pulsed current

interacting with the electrode-tissue interface, subsequently amplified by the OTA.

Fig. 3.9(c) presents the voltage input alongside the control pulses controlling the switches.

During the initial phase (ϕ1 and ϕ2), the peaks and valleys of Vin are captured in capacitors
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C1 and C2, respectively. Subsequently, in the final phase, (ϕ0), the average of these voltages

is computed and stored in Cout. The capacitance of Cout is chosen to be several orders of

magnitude larger than that of C1 and C2, which ensures the voltage at Vout represents the

DC level of the input signal Vin.

3.3.2.3 Motion Extraction through Peak-to-Peak Detection

The signal generated at the output of the ETI measurement OTA has a 10 kHz frequecny,

which is orders of magnitudes higher than the frequencies associated with motion artifact

signals. Direct connection of this high-frequency signal to the ADC would lead to unneces-

sary power consumption, as the ADC would be required to handle a signal of much higher

frequency than needed for motion artifact analysis.

To address this, the output of the ETI is first processed to determine the peak-to-peak

value using a switched-capacitor circuit, followed by an average calculation of these val-

ues within the analog domain. This process of peak-to-peak calculation is facilitated by a

switched-capacitor based block as demonstrated in Fig. 3.9(b). The operation of this circuit

is similar to the averaging block (Fig. 3.9(a)), as it captures the peak and valley of the input

voltage (Vin) on capacitors C1 and C2. The key distinction is that in the final phase, the

voltage difference is stored on C0 by connecting the C1 and C2 with opposite polarities. The

frequency response of both circuits is influenced by the ratio of the sampling capacitor to the

storage capacitor. To better clarify the concept of the frequency response, we can consider

the simplified structure of a passive sample and hold circuit shown in Fig. 3.9(d), where the
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output voltage is calculated as:

VOUT [n] = Csamp

Csamp + Cstore

Vin[n] + Cstore

Csamp + Cstore

Vout[n− 1]. (3.5)

In the z domain we can calculate output as :

VOUT = 1− α
1 + αz−1Vin, (3.6)

where α is Cstore/(Csamp + Cstore). Fig. 3.9(e) illustrates the frequency response of two pas-

sive sample-and-hold circuits with capacitor sizes corresponding to the values used in the

switched-capacitor based DC and peak-to-peak calculation blocks.

3.3.3 Noise Shaping SAR ADC

In this section, we focus on the design and implementation of the noise shaping SAR ADC,

a crucial component in our system’s design. Despite the utilization of DR boosting and

dual-stage amplification, there are extreme scenarios where gain reduction is necessary to

prevent saturation, which would require and ADC with at least 13-bit of resolution based on

the target minimum input amplitude. Understanding the necessity of a 13-bit resolution for

our system, it becomes crucial to select an ADC that can meet this requirement efficiently,

especially in terms of power consumption. Charge-redistribution SAR ADCs are typically

the go-to choice for applications demanding moderate resolution and bandwidth while being

highly conscious of power usage. However, scaling a SAR ADC to achieve a high resolution,
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such as the required 13-bit in our case, introduces significant challenges.

As we push for resolutions beyond approximately 10 bits, the precision of SAR ADC’s

circuit components, particularly the matching of DAC capacitors, starts to limit the overall

performance. This mismatch can lead to notable degradation in the converter’s efficiency,

posing a considerable challenge in maintaining low power consumption while achieving high

resolution [66].

To circumvent these limitations, we opted for a hybrid architecture that combines the

benefits of both SAR and Delta-Sigma Modulator (DSM) architectures [67]. This hybrid ap-

proach allows us to harness the low power consumption characteristic of SAR ADCs, while

also attaining the high-resolution capability of DSM architectures through its noise shaping

capability. Consequently, our design incorporates a 13-bit noise shaping SAR ADC, effec-

tively balancing the need for high resolution and low power consumption.

3.3.3.1 Structure of the Noise-shaping SAR ADC

Fig. 3.10(a) illustrates a standard 5-bit tri-level single-ended SAR ADC. During the sampling

phase, the top plates of all capacitors are connected to VCM , and their bottom plates are

linked to VIN to capture the sample (this is known as bottom plate sampling). Subsequently,

in the next phase, the bottom plates of the capacitors are connected to VCM . This configu-

ration generates a voltage of VRES = 2VCM − VIN at the negative input of the comparator.

The voltage at VRES is then compared with VCM , and the comparison result is stored

in the SAR registers as the most significant bit (MSB). Following this, depending on the
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Figure 3.10: Structure of the capacitive DAC switching in (a) conventional SAR ADC and (b)
noise-shaping SAR ADC.

outcome of the comparison, the bottom plate of capacitor C4 is connected either to VDD

(the supply voltage) or to the ground. This action either increases or decreases the voltage

at VRES for the subsequent bit conversion. Assuming VCM = V DD/2, by the conclusion of

the 5-bit conversion process, the voltage at VRES will be:

VRES = V DD

2 − VIN + d4
V DD

2 + d3
V DD

4 + d2
V DD

8 + d1
V DD

16 + V DD

32 . (3.7)

The fundamental principle of a noise shaping ADC revolves around filtering the differ-

ence between the input voltage (VIN), and its quantized output (DOUT ). Based on Equation

3.7 VRES is close to VIN − DOUT , but it doesn’t yet account for the influence of the final
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decision on the voltage value. To address this, an additional switch for capacitor C0 has

been integrated, as depicted in Figure 3.10(b). This switch is adjusted in its final position

compared to earlier conversions. Specifically, if the last bit b0 is 0, then C0 remains connected

to VCM ; otherwise, it connects to the ground. Through this mechanism, we achieve:

VRES = V DD

2 − VIN + d4
V DD

2 + d3
V DD

4 + d2
V DD

8 + d1
V DD

16 + d0
V DD

32 . (3.8)

To effectively eliminate quantization noise, the system depicted in Figure 3.10(b) un-

dergoes a modification where the comparator’s input, instead of being VCM , becomes the

integration of VIN −DOUT plus the VCM . This integration is realized by placing a switched-

capacitor integrator between VRES and the comparator, as shown in Fig. 3.11(a). The overall

block diagram of the ADC is illustrated in Fig. 3.11(b), and its Noise Transfer Function

(NTF) and Signal Transfer Function (STF) are calculated as follows:

NTF = 1− Z−1, STF = 1. (3.9)

These adjustments and the introduction of the noise shaping mechanism are key to en-

hancing the ADC’s performance, particularly in terms of reducing quantization noise and

improving overall resolution.
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3.3.3.2 Mismatch Error Shaping

In multi-bit DAC noise-shaping ADCs, particularly in delta-sigma architectures, the precision

and consistency of the DAC’s elements are crucial for maintaining optimal nignal-to-noise

and distortion ratio (SNDR). Any minor discrepancies within the DAC’s components can

lead to substantial declines in the ADC’s performance. Therefore, achieving precise match-

ing of DAC elements is a critical aspect in the design and fabrication of these ADCs, as it

directly influences the SNDR and the overall performance of the system [68].

To mitigate this issue, one approach is the application of digital background calibra-

tion. This method involves measuring the discrepancies and recording them in a lookup

table (LUT) for correction during the calibration phase. However, the effectiveness of this

technique hinges on the accuracy of the initial error measurement, making it somewhat vul-

nerable to inaccuracies.

An alternative strategy is dynamic element matching (DEM), which aims to average out

the mismatch errors over time. Our noise shaping SAR ADC incorporates DEM to enhance

its overall performance. As shown in Fig. 3.12(a), in each conversion cycle (i.e., each new sam-

ple), the element selection logic (ESL) associates a group of unit capacitors with a specific bit

decision. Then, in the subsequent cycle, it rotates this selection to form a new configuration,

effectively averaging out mismatch errors. This block is implemented using a Logarithmic

Shifter. Fig. 3.12(b) provide the simulation result when the capacitors are subjected to a 1%

mismatch, illustrating the efficacy of DEM scheme in enhancing system performance. The

results compare the performance of the noise-shaping SAR ADC with and without the DEM
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activated which highlight the superior spurious free dynamic range (SFDR) in the system in

the presence of DEM.

3.3.4 Motion Artifact Removal

In this section, we discuss the motion artifact removal stage of our system, a critical step

designed to maintain the integrity of the output EEG signal. The methodology involves

the subtraction of motion artifacts from the reconstructed EEG signal. This subtraction is

performed on the output of the ETI measurement and the reconstructed EEG signal itself.

The motion artifact signal, derived from the ETI measurement stage, must undergo specific

modifications in gain and delay to accurately replicate the impact of the motion artifact on

the signal path, enabling effective and meaningful subtraction. These necessary adjustments

to the motion artifact signal are performed during the calibration phase of the system.

As illustrated in Fig. 3.13, the 8-bit ETI signal is initially stored in a 16-tap, 8-bit shift
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register bank. The gain and delay control block then determines the appropriate delay for

passing the ETI signal to the subsequent stage. This delayed ETI signal undergoes a two-

step modification: First, it is multiplied by a 5-bit gain, determined by the control block;

and Second, it is subjected to a three-bit shift to transform it into a 16-bit output. The

resulting signal, an estimated representation of the motion artifact, is then subtracted from

the reconstructed EEG signal.

The objective of this subtraction is to produce a signal with minimal correlation to the

ETI signal, which is indicative of the motion artifact. The Pearson Correlation block per-

forms the target task here, calculating the correlation between the result of the subtraction

signal and the ETI. The control block actively modifies both the delay and gain settings in

an effort to achieve a state where the resultant signal has the least possible correlation with

the motion artifact. Furthermore, the control block ensures that the resultant signal does

not exceed a 13-bit range, thus confirming that the motion-free EEG signal remains within

the supply voltage range.

3.4 Measurement Results

In this section, we focus on the experimental measurement results of the proposed artifact-

resilient DR-enhanced active electrode. This presented AE has been fabricated in a 180nm

standard CMOS technology and the performance of different blocks and system-level features

are validated experimentally. Fig. 3.14 presents the experimental measurement results of the

integrated input referred noise (IIRN) and the adjustable gain-bandwidth of the system.
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Figure 3.14: Experimental measurement result of the integrated input referred noise and adjustable
gain bandwidth of the first amplification stage.

Power spectral density of the noise shows an IIRN of 0.64µV over a frequency range from 0.5

Hz to 100 Hz. The overall gain and bandwidth plot with the fist stage being adjustable shows

that a programmable gain of 51dB over bandwidth of 0.125Hz-530Hz or gain of 38dB over

bandwidth of 0.075Hz-1710Hz can be achieved which is adjusted by the saturation detected

of the first stage which sets the value of the feedback capacitor.

Fig. 3.15 shows the experimental measurement results of the output signal quality with

interference rejection. The plot displays the output signal voltage over a period of 2 seconds,

with the 60Hz notch filter being enabled or disabled. With the filter enabled, the output sig-

nal exhibits a significant decrease in noise, reflecting the effectiveness of the filter in rejecting

the 60Hz interference commonly associated with power-line noise in electrical recordings.

The experimental measurement results of Fig. 3.16 illustrates the CMRR value, in the

presence of a 1MΩ mismatch in the electrode-tissue interface (ETI) of different active elec-

trodes (AEs). The red curve represents the CMRR when CMR boosting calibration is applied,

indicating an improvement in the rejection of common mode signals, especially noticeable
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Figure 3.16: Experimental measurement result showing the effect of CMR boosting calibration in
improving the CMRR in the presence of AE to AE interface impedance mismatch.

in 10-60Hz range which is the main range of interest due to the effect of powe-line interfer-

ence. The black curve depicts the CMRR without the calibration, serving as a baseline for

comparison. The data demonstrate the efficacy of CMR boosting calibration in enhancing

the CMRR in the presence of AE to AE interface impedance mismatches.

In the next experimental result, the performance of the DR boosting scheme and mo-

tion removal feature are validated using prerecorded EEG signals that is recorded through

an electrode which undergoes a series of movements to mimic the effect of motion artifacts.

Fig. 3.17(a) shows the effectiveness of dynamic range (DR) boosting in preventing saturation
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or nonlinear behavior that is commonly induced by motion artifacts. The zoomed-in view

provides a detailed look at the level-crossing thresholds, along with showcasing the opera-

tional dynamics of the feedback DAC. Fig. 3.17(b) displays the output of the cross detection

mechanism, which is used in activating the feedback DAC. This activation ensures that the

output voltage is maintained within a desired operational range, thus avoiding the extremes

that could lead to signal distortion. Fig. 3.17(c) presents the extracted motion artifact that

has been measured from the from the ETI measurement path. Finally, Fig. 3.17(d) depicts

the signal post-motion artifact removal, demonstrating the efficacy of the implemented DR-

boosting and motion artifact removal technique.

Fig. 3.17(e) presents an experimental analysis of the Signal-to-Noise and Distortion Ra-

tio (SNDR) as a function of varying input signal amplitudes. It compares the performance

of a system with and without the DR-boosting feature enabled, indicating the superiority

of recording SNDR in the presence of the proposed DR-boosting. The results shows that

with auto-ranging a consistent SNDR performance is maintained across the input amplitude

range, culminating in a maximum SNDR of 74.5 dB. This plateau indicates the effectiveness

of auto-ranging in sustaining signal quality across a wide range of input signal amplitudes.

In contrast, the situation without auto-ranging shows a significant decline in SNDR as the

input amplitude increases, illustrating the limitations of the recording front-end at higher

input levels where the risk of saturation and non-linearities becomes more pronounced.

Table 3.1 provides the comparison of the presented AE with the state-of-the-art. Our

design, fabricated in 180 nm technology, marks a considerable performance in comparison
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with the state-of-the-art across several metrics. Power consumption is optimized at 24.87

µW per channel, substantially lower than the power consumption seen in prior works. The

CMRR is highly competitive at 89.2 dB, closely approaching the highest reported value,

but more importantly, it retains a high CMRR in the presence of electrode-tissue mismatch

which is the reality of EEG recording headsets. The input impedance at 50-60Hz achieve the

value of 4.3GΩ, offering superior electrode interface quality. A distinguishing feature of our

system is the in-amplifier electrode (In-AE) motion artifact removal, which is not reported in

other designs and provides a clear advantage in signal clarity. Additionally, the inclusion of

on-chip diagnostics represents a notable advancement in self-contained system checks. When

compared to existing technologies, our design excels, delivering advancements in power effi-

ciency, noise management, and diagnostic capabilities, making it a leading choice for EEG

applications.
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Chapter 4

Distributed Pulse-Based Feature

Extraction and Multiplier-less

Neuromorphic Boosted Seizure

Classifier

The manifestation of seizure events on EEG signals varies across the patients and more than

10 different types of seizure have been categorized in [71]. As it is shown in Fig. 4.1, when

seizure occurred on one of the patients (from CHB-MIT dataset [72]) the amplitude of EEG

signals increased while the reduction of amplitude can be observed in EEG data recorded

from another patient during the seizure event. It should be noted that even for the same pa-

tient, seizure events might appear very different over time, and also from channel to channel
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Figure 4.1: Manifestation of seizure event in two different patients with amplitude increase in (a)
and amplitude decrease in (b).

(i.e., different levels of EEG signal activity variation before and during seizure in different

channels).

Besides the cross-patient, cross-channels, and temporal differences of seizure events, an

important challenge in developing seizure detection algorithms is that the scalp EEG signals

have very small magnitude (i.e., in the range of 10-100µV), which makes the signal prone

to any physical or non-physical artifacts such as eye-blinking, head movement, chewing, etc.

In addition to affecting the EEG’s quality, these artifacts, at least in time domain, have

substantial similarity to seizure events, which could lead to detection specificity degradation

(i.e., increase in false positive rate). Fig. 4.2 shows a recorded EEG signal during chewing,

which illustrates the similarity between a seizure event and an artifact.

The aforementioned challenges has lead to the popularity of the machine learning al-

gorithms for seizure detection application, which offer higher precision than deterministic

algorithms, thanks to their data-driven patient-specific nature. Fig. 4.3 shows a conceptual
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Figure 4.2: EEG recording from 5 different channels during chewing task with similar manifestation
as seizure event.

illustration of different stages in a machine learning algorithm in a seizure detection applica-

tion. The first stage is the signal acquisition block. In an EEG-based seizure detection task,

the recorded data includes seizure and non-seizure events and the target is to differentiate

them. Similar machine learning algorithms are also used in other types of biomedical ap-

plication with time series input data, such as ECG-based cardiac arrhythmia detection and

EEG-based emotion detection.

Following signal amplification and digitization, the discriminating bio-markers are ex-

tracted as the target feature from the raw biomedical data. Different types of features are

useful in different application. A few widely-used examples of bio-markers in biomedical

applications are spectral energy and phase-locking value in EEG-based application, R-to-R

parameter in ECG-based applications and wavelet-based parameters in MRI-based applica-

tions. In the classification stage, the data points are categorized in different classes based on

the extracted features. The types of classifiers used in these application vary from a simple
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Figure 4.3: Conceptual illustration of different stages in a machine learning algorithm in a seizure
detection application.

regression to complex deep neural networks.

4.1 Feature Extraction

The first step of the seizure detection is feature extraction. The most reliable and widely used

bio-marker in seizure detection is the power spectral density of the recorded EEG signal in

different frequency bands [73–76]. Fig 4.4(a) shows an example of peaks appeared in power

spectral density at specific frequencies during a seizure episode while these peaks do not

appear in Fig. 4.4(b), which is the FFT of a seizure-free period. This variation in the power

spectral density at different bands suggests the possibility of monitoring these features as an
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Figure 4.4: (a) Power spectral density of the EEG signal during a seizure event with peaks appeared
at specific frequencies and (b) Power spectral density of the EEG signal with no seizure event.

indicator of seizure events.

In order to extract the spectral band energy, the first step is to filter the EEG recording

raw data with different band-pass filters and then calculate the power of each band. As a re-

sult, the required blocks for feature extraction are the band-pass filter and power calculation

block. Fig. 4.5(a) shows the result of filtering the EEG recording, which includes a seizure

event at different frequency bands (i.e., delta, theta, alpha and beta) and the calculated

power at each band, which shows an increased power during the seizure event in three of the

bands but no distinguishable variation in the delta band.

To implement the band-pass filters, finite impulse response (FIR) filters are more de-

sirable in comparison with the infinite impulse response (IIR) filters due to their adjusta-

bility without stability concern and constant phase-delay at different frequencies. However,

the implementation of FIR filters is challenging in terms of power consumption and area

limitations (we need a few of them for each recording channel), especially considering the
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Figure 4.5: (a) Filtered EEG recording at different frequency bands (i.e., delta, theta, alpha and
beta) and (b) the calculated power at each band with increased power during the seizure event in
three of the bands but no distinguishable variation in the alpha band.
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Figure 4.6: Block diagram of a general Nth order FIR filter including N delay taps and N+1
multiplication and N adder blocks.
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highly-constrained power/area requirements of wearable devices. A general Nth-order FIR

filter includes N delay taps, N+1 multiplier, and N adders (commonly 10-14bits [77, 78]).

Therefore, the number of required operations to calculate the result of an Nth order FIR

filtered that is applied on a data window with NS sample is calculated as:

NMultiplication = NS × (N + 1)

NAddition = NS ×N.
(4.1)

The power consumption for this number of operations can add up to more than 56µW

for an eight channel ASIC, which is almost in the same order of the whole analog front-end

[77].

It should be noted that the computational complexity of a multiplier with N bit input

is N times greater than an adder with the same input size. Therefore to decrease the power

consumption of the FIR filter and to reach a reasonable power consumption negligible to

power consumption of the analog front-end, the goal is to decrease the number of multipli-

cations in the feature extraction algorithm.

As shown in Fig. 4.7, each implemented FIR filter extracts the content of a specific

band in the continuous frequency domain. Our proposed approach is to sample the signal

in frequency domain at each certain frequency band and calculate the signal power at these

representative sampled frequencies instead of the entire band and use that as the indicator

of the seizure appearance. The corresponding signal content at each sampled frequency is
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Figure 4.7: Conceptual block diagram of energy-band feature extraction at different frequency bands
in (a) conventional scheme using FIR filter followed by a square function and (b) the proposed
scheme of sampling at specific frequencies followed by absolute value function.

calculated based on fourier series coefficient equation as

f(x) =
+∞∑
n=1

[ancos
nπx

L
+ bnsin

nπx

L
]

an = 2
L

∫ L

0
f(x)cosnπx

L
dx

bn = 2
L

∫ L

0
f(x)sinnπx

L
dx

(4.2)

The signal power at each sampled frequency is calculated as a2
n + b2

n. In our proposed

algorithm, to avoid the implementation complexity of square function, the power is estimated

by the absolute value. Fig. 4.8(a) shows the EEG signal for one of the CHB-MIT database

patients, which includes a seizure event from 6313s to 6348s. Fig. 4.8(b) shows the filtered

data in frequency band from 6Hz to 9Hz using an FIR filter with order of 1000. Fig. 4.8(c)
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Figure 4.8: (a) EEG signal for patient 10 with a seizure event from 6313s to 6348s, and (b) the
filtered data in frequency band from 6Hz to 9Hz using an FIR filter with order of 1000, and (c)
the power of the filtered data averaged over time windows with 1s duration and (d) the addition
power content of the EEG signal in sampled frequencies of 6Hz to 9Hz with step of 1Hz using the
absolute value operator with similar variation in the energy-band content during the seizure event.

shows the power of this filtered data averaged over time windows with 1s duration. Fig. 4.8(d)

shows the addition power content of the EEG signal in sampled frequencies of 6Hz to 9Hz

with step of 1Hz using the absolute value operator which confirms similar variation in the

energy-band content during the seizure event, in the proposed algorithm in comparison with

the ideal approach.

The implementation of this algorithm requires the multiplication of the EEG signal by

the sine and cosine waveforms with different frequencies (i.e., target sampling frequencies),

which requires generation of these waveforms on chip as well as conducting several 12-bit

multiplications. To further reduce the required computational resources for our target feature,

we substituted the sine and cosine waveforms with a square pulse waveform at the same

frequency (Fig. 4.9). In this approach the corresponding signal content at each sampled
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quencies and the substituted pulses waveforms used in the proposed pulse-based frequency sampling
at different frequencies.

frequency is calculated as

an = 2
L

∫ L

0
f(x)sign(cosnπx

L
) dx

bn = 2
L

∫ L

0
f(x)sign(sinnπx

L
) dx

(4.3)

Fig. 4.10 compares the normalized energy-band feature from the sine-cosine approach

and the pulse-based approach, which validates the similarity of the variation in comparison

with the normal condition during the seizure event. This figure is a primary validation of

the proposed feature in our seizure detection algorithm and further validation is achieved

after applying the whole feature extraction algorithm on the target CHB-MIT data base and

comparing the results with the state of the art.

The required computational resource for this feature depends on the number of samples in

each time window and the target frequency resolution. For example, having three frequencies

per band and 256 sample per second will results in 768 operation (addition and subtraction)
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Figure 4.10: Similar increased level of normalized power with power calculation with sinusoidal
energy-band calculation versus the proposed pulse-based energy-band calculation.

to calculate the power of each band. As a comparison with the state of the art, the commonly-

used filter’s order for feature extraction is more than 40 [77, 78], which results in 11520

addition and 11776 multiplication for a time window of 1s with 256 samples per second for

each frequency band. Considering that for an N-bit data (e.g., 12 bit in our algorithm) the

computational complexity of multiplication is N times higher than addition operation, the

overall computational complexity of feature extraction is reduced by a factor of 184 which

results in proportional power consumption reduction.

4.2 Classification

The feature extraction output is fed to a classifier, which distinguishes between seizure and

non-seizure brain states. The first step to choose the suitable classifier is to define whether

the specific classification problem is linear or non-linear. As shown in Fig. 4.11, classifiers

that employs linear kernels, are unable to distinguish data points in non-linear distributions

(i.e., a multi dimensional hyperplane in the feature space) while this is possible using a non-

linear classifier.

The specific problem of seizure detection has shown to be a non-linear problem. An

example of the data points distribution for seizure and non-seizure events of a patient is
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Figure 4.11: Classification tasks with linear and nonlinear distribution of the data points.

shown in Fig. 4.12, where a linear classifier can not be used to distinguish the two states.

Among different ML-based non-linear classifiers, deep-learning algorithms have received

a lot of attention due to their overall better performance in different classifications tasks [79].

However, it should be noted that their precision comes at the cost of high computational

complexity, thus power consumption. In the specific case of seizure detection application,

the comparison of deep learning algorithms and non-linear support vector machine (SVM)

algorithms shows that the SVM algorithm can achieve a comparable performance with 384

times reduction in the number of required nonlinear operations and 3557 times reduction

in the number of multiplication and accumulator (MAC) operators. It should also be noted

that the SVM algorithm is compatible with an unbalanced dataset for training with lower

percentage of event data points that is the common condition of seizure detection datasets.

Considering the above advantages, we chose SVM classifier for our seizure detection task.

The SVM classifier is a type of supervised machine-learning algorithm compatible with binary

classification tasks, with both linear and non-linear kernels. While the non-linear SVMs can

achieve a better classification accuracy compared to linear counterparts (in a non-linear
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Figure 4.12: Non-linear distribution of seizure and non-seizure events in a seizure detection appli-
cation.

classification task), they are also significantly more expensive in terms of computational

cost.For example as shown in [34], by comparing the energy per classification of linear and

non-linear SVM classifiers for an ECG-based cardiac arrhythmia detection, we observe that

while the linear classifier consumes only 0.71µJ/classification, the non-linear polynomial

classifier consumes 16160µJ/classification and the non-linear radial basis function (RBF)

classifier consumes 38090µJ/classification. It should be noted that in this comparison the

linear SVM algorithm can not achieve a comparable accuracy as the classification task is a

non-linear problem.

In order to investigate the reason of this large difference in the power consumption of

linear and non-linear SVM, we should consider the inference procedure of the SVM algorithm

for each given test feature vector (~x), which regardless of the classifier being linear or non-

linear performs as,

f(X) = ΣαiK( ~svi, ~x)− β. (4.4)

101



where ~svi is the support vector, ~x is the test vector, αi is the coefficient, K is the kernel

function, and β is the offset value. The support vectors are the vectors in the feature space

that define the decision boundaries for the different classes which are defined during the

training step. The difference between linear and non-linear SVM comes from the type of

kernel (K(.)) that is applied to all pairs of each test feature vector (~x) and a support vector

(i.e., ( ~svi, ~x) for i=1:N). In a linear SVM this kernel is an inner dot product of the support

vector and each data point in the feature space. Considering that the inner dot product

is a linear operator, superposition can be applied to the summation of this kernel, which

means the implementation complexity can reduce from addition of hundreds of inner dot

products to a single addition of weighted combination of the input test vector. However, for

a non-linear operator like RBF, the super position rule is not applicable and the calculation

should be performed for each support vector which results in much higher computational

complexity and power consumption.

The simplicity of the implementation of the linear SVM makes it a desirable choice for

low power biomedical application. However, the reduced computational complexity in linear

SVM comes at the cost of less accuracy for the classification task. For example, as shown

in [34], the linear classifier results in almost 18% less sensitivity and 5% increase of the

false alarm rate in comparison with its non-linear counterpart in an an ECG-based cardiac

arrhythmia detection task.

Our proposed structure, in order to benefit from the implementation simplicity of linear

SVM while achieving a comparable accuracy with non-linear SVM algorithms, is to apply
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Figure 4.13: Combination of week linear classifiers acts as a non-linear classifier.

the adaptive boosting technique on the adopted linear SVM algorithm. This technique was

proposed by Yoav Freund and Robert Schapire in 1995 as a general concept of combining

a set of weak classifiers to operate as a strong classifier [80, 81]. For example, as shown in

Fig. 4.13, for a classification task with non-linear distribution of the data points, a non-linear

classifier is achieved through combination of several linear classifiers which have individually

failed to perform the classification task. Additionally, the simulation results, plotting error

per hour against the number of weak classifiers, reveal a plateauing trend in precision after

a certain point. Consequently, these observations guide our decision to utilize seven weak

classifiers in our model, achieving balance between complexity and performance.

Fig. 4.14 shows the general concept of adaptive boosting which defines each classifier

by increasing the weight of the misclassified test vectors using the previous classifiers. This

procedure will stop when adding an extra weak classifier would not improve the precision of
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Figure 4.14: Conceptual step by step process of classifier training using adaptive boosting technique
by assigning more weights to the mis-classified events in the previous steps.

the whole classifier. The defined weak classifiers are combined with a coefficient to structure

the overall strong classifier.

4.2.1 Implementation of the Weak Classifiers

As a result of using adaptive boosting technique and combination of weak classifiers to

form a strong non-linear classifier, the classifier structure used in this work is built as a

combination of K different linear SVMs. As shown in Fig. 4.15, each feature vector contains

M×N elements associated with the spectral energy of N different frequency bands from M

different channels. The mapping function of a linear SVM as a weak classifier to determine
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the position of each test feature vector is defined as:

f(X) = Seizure if W T .X + β > 0

f(X) = Non-seizure if W T .X + β ≤ 0

W T = [W1,1,W1,2, ...,Wm,N ]

f(X) = W1,1X1,1 +W1,2X1,2 + ...+WM,NXM,N + β

(4.5)

Therefore, classification of each test feature vector requires M×N×K multiplications.

This number of operations is still challenging for a resource-limited design. In order to achieve

a power-efficient and resource-optimized classifier, we propose a temporally-coded multipli-

cation and accumulation (MAC) to implement the target SVM classifier. The idea behind the

proposed temporally-coded MAC implementation is the spike-timing-dependent plasticity of

neurons communication which associates the strength of the connection between the neurons
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Figure 4.16: (a) The biological basis of our model - the temporally-sensitive response of neurons,
simplified to a linear model. (b) A schematic representation of the proposed SVM structure that
sorts weights and corresponding features from largest to smallest.

to the time that the spikes from one reaches the other and the spikes that reach the other

neuron sooner will have a higher weight. Fig. 4.15 also shows a simplified implementation of

the feature extraction block which is explained in details next.

Fig. 4.17 illustrates our approach to an innovative implementation of a neuron-inspired

concept, which also showcases our unique solution to the computational demands of a general

mapping function. Fig. 4.16(a) demonstrates our adaptation of a fundamental neurobiologi-

cal principle - the temporal dynamics of neuronal responses to synaptic inputs. In biological

neurons, the timing of incoming signals or ’spikes’ matters, with neurons being more respon-

sive to the signals arriving sooner and their responsivity diminishing over time. We have

incorporated this principle into our model, though we have elected to represent it with a

linear relation as opposed to a more complex, yet realistic, nonlinear one for the sake of

computational simplicity.

As shown in Fig. 4.16(b), in a general mapping function, the weights are distributed ran-

domly and the implementation requires N×M multiplication and one addition. Our proposed
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structure for a temporally-coded implementation of the SVM is to sort the weights by the

size from the largest to the smallest and the elements of the feature vector (Xi,j) would be

sorted based on the places of the associated element of the weight vector (Wi,j). Therefore,

to implement the higher weights, their associate element of the feature vector enters the

mapping function sooner.

As shown in Fig. 4.17, in this structure, multiplication process is implemented by con-

secutive addition operators, while combining all the required multiplications for different

elements of the feature vector (Xi,j) in a single accumulator through updating the accumu-

lator’s input. The result of each mapping function is valid after 1024 consecutive clocks and

therefore it is possible to implement SVM weight with up to 10bit resolution. The input of

the synchronous accumulator is the output of a second asynchronous accumulator, which

only updates when a new feature enters according to its weight-associated timing, otherwise

it holds the previous value. Therefore, the feature element at the time of ti is accumulated

1024-ti times, thus multiplied by a factor of 1024-ti. Fig. 4.17 also provides an illustrative ex-

ample of this dual accumulator operation. This example shows that at any given time point

ti, the feature element is accumulated 1024-ti times, effectively equivalent to multiplying the

feature element by a factor of 1024-ti.

In this implementation, the accuracy of the classification is directly influenced by the

precision of the weights. As illustrated in Fig. 4.18, we demonstrate the estimated weights

with 5-bit and 10-bit precision. The weight precision in a k-bit setting gives us 2k-1 discrete

levels for weight estimation. As such, with a 5-bit precision, we have 31 distinct levels and
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Figure 4.19: Measurement results showing detection of eye blinking event by the trained classifier.

hence all the weights would be estimated within these levels. By increasing the bit precision,

we can increase the number of levels for weight estimation, thereby refining the accuracy of

weight estimation, and in turn, improving the overall classification accuracy.
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Table 4.1: Comparison with State-of-the-Art EEG-Based Seizure Detection Systems

Specification TBioCAS 2016 [77] JSSC 2022 [82] This Work
Tech (nm) 180 40 180
Supply (V) 1 1.1, 0.7 1.8

Feature Extraction BPF TCA Pulse-Based SBE
Classification NL_SVM GTCA-SVM NL-B-SVM

Dataset MIT MIT+local MIT
Number of Patients 24 24 21

Signal Type EEG EEG EEG
Number of Channels 8 16 16

Power/Channel 19.5 (Dig)* 5.2 (Dig)* 1.1 (Dig)
(µW) 10.5 (AFE)* 10.3 (AFE)* 24.87 (HDR AFE+

Artifact Removal))
Active Electrode No No Yes

Sensitivity (Vector) 95.1 97.8 96.4
SRAM 96k 134k 0

FAR/Specificity 0.94/Hour 99.5% 0.41/Hour
Latency (sec) 2 0.74 1

∗:Estimated based on reported µJ/classification

4.3 Seizure Detection Results

Fig. 4.19 shows the measurement results of detection eye blinks using the proposed pulse-

based energy band calculation algorithm using the multiplier-less implementation for the

boosted SVM classifier. In this test the algorithm is first trained with real EEG recording

data where the eye-blinking periods are marked manually. Next, the results shows how the

increased level of energy band showing the eye-blinking period and how the classifier is able

to detect the eye-blinking events.

Additionally, the proposed algorithm (feature extraction and classification) has been

applied to 21 patients from CHB-MIT data set. It contains 991 hours EEG recorded signals

that includes 136 seizure events. In these calculations the sensitivity is defined as the num-
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Figure 4.20: (a) The total seizure for each patient and the number of seizures that used to train the
classifier. (b) Complete seizure detection for 16 patients and only missed few seizures in 4 patients
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ber of seizure events that has been accurately classified as seizure over the total number of

seizure events. The false alarm rate is defined as the average number of non-seizure events

that has been mis-classified as a seizure event over a duration of one-hour.

Fig. 4.20(a) shows the total number of seizures for each patient and the number of seizures

that were used to train the classifier. As it is shown in Fig. 4.20(b), all seizures have been

successfully detected for 16 patients and classifier only missed 7 of the seizures in total in 4

patients. As shown is Fig. 4.20(c), for most of the patients’ false alarm rate is less than one

per hour which is comparable with the state of the art ([73, 75, 77, 78]). Therefore, using

the proposed feature extraction and classification, an average sensitivity of 94.85% and a

false alarm rate of 0.49 per hour has been achieved, while being needless of a storage unit,

avoiding any non-linear operation, and reducing the computational complexity by two orders

of magnitude.

Table 4.1 compares our proposed feature extraction and classification system with the

state-of-the-art EEG-based seizure detection systems. This table highlights the superiority

of our system in terms of power consumption of the digital block. Also, regarding the analog-

front-end, our system is the only one that is compatible with a distributed structure hence

allowing the implementation of active electrodes.
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4.4 Chip Fabrication and Top-Level System Integra-
tion

Fig. 4.21 shows the chip micrograph of the presented IC, designed and fabricated in a 180nm

standard CMOS technology. This IC includes analog blocks for (1) EEG signal recording,

(2) ETI measurement, (3) Specific ADCs for the signal and ETI path, and (4) Regulator

and bias generation, and digital blocks for (1) Decimation filters of the ADCs, (2) Motion

artifact removal and feature extraction, and (3) Classifier. The design of the digital blocks

was accomplished through the Verilog hardware description language, followed by synthesis

with the Design Compiler software. Layout translation was conducted using Innovus, after

which the digital blocks were combined with the analog blocks at the top-level integration

stage of the IC. As shown in Fig. 4.21, the PCB used for performing the electrical mea-

surement results, hosts 4 different ICs which are used specifically in CMRR measurements

as it enables us to (a) have more than one channel to perform averaging to generate the

common-mode voltage and (b) evaluate the effect of mismatch between different channels’

gain and electrode-tissue interface impedance. Additionally, during the evaluation of feature

extraction and classification circuits, one of the ICs is configured as the classifier and the

other ones are used as feature extraction units.

Fig. 4.22 provides a comparative analysis of power consumption breakdown between a

state-of-the-art design and our current work, measured per channel for various functional

components in an EEG system. The left side of the figure details the power distribution in

the state-of-the-art system, with the majority of power, being consumed by the analog front-
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Figure 4.21: Annotated chip micrograph of the fabricated IC and the multi-chip PCB fabricated to
test the presented IC.

end. The active electrode to backend communication (AE-to-BE comm) and the classifier

are the next in line regarding the percentage of power consumption.

In contrast, our design, shown on the right side of the figure, exhibits a remarkable

improvement in energy efficiency. The total power per channel has been substantially re-

duced to 26 µW, which is 72.5% improvement. he analog front-end, traditionally a major

power consumer, now operates with significantly improved efficiency at 20.71 µW, a 54%

improvement in comparison with the SoTA. Due to the drastic reduction in the required

communication data rate, the AE-to-BE comm block, which had the second highest power

consumption, now operates at only 0.25µW, which is 99.4% improvement. The classifier sees

the most dramatic reduction, now requiring just 0.3 µW, a negligible amount compared to
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Figure 4.22: Power breakdown and comparison with the state-of-the-art design.

its earlier consumption. The power used by the ADC and feature extraction modules has

also been considerably lowered to 4.16 µW and 0.55 µW, respectively.

Fig. 4.23 offers a detailed visual overview of our EEG system’s hardware, highlighting the

innovative daisy-chain structure of the active electrodes (AEs) and their seamless integration

that contribute to the system’s compact and customizable design. Displayed prominently is

an example of the multi-AE mounted system, where each AE is connected to the next, avoid-

ing the need for multiple wires running from each AE back to the central system, thereby

significantly reducing the design’s complexity and size. The AE boards, each equipped with

connectors on their edges, facilitate this streamlined daisy-chain connectivity.

Additionally, each AE incorporates a manual DIP switch (CVS-01TB, Nidec Compo-

nents Corporation) that enables the selection of individual AEs for calibration mode. This
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Figure 4.23: Overview of EEG System Hardware. (a) Multi-AE mounted system showcasing stream-
lined daisy-chain architecture. (b) Active Electrode Board with daisy-chain connectors and calibra-
tion mode switch, alongside its connection to a dry electrode. (c) Common-Mode Feedback Board.
(d) Wireless Board featuring BLE for data communication.
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arrangement results in a six-wire connection between AEs, which transmit essential sig-

nals for ground (GND), power supply (VDD), global clock, data, common-mode voltage,

and the program signal (being set by the mode control switch). Additionally the front and

back views of the Active Electrode Board are shown, highlighting how they interface with

through-hair dry electrodes, which has been chosen based on their compact size and simple

setup. The common-mode feedback board is also showcased, which is central to generating

the common-mode voltage (VCM) through averaging and hosts the Driven Right Leg (DRL)

loop and regulators.

Completing the system’s overview is the wireless board, tasked with the function of

transmitting data wirelessly to a mobile or computer device. This board hosts a low-energy

bluetooth controlled by the low power FPGA. This components enable the system for re-

mote monitoring and data analysis, opening avenues for real-time data tracking and patient

monitoring without the constraints of wired connections.
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Chapter 5

Conclusion, Contributions and Future

Work

5.1 Contributions and Relevant Publications

Considerable efforts have been made in the field of EEG recording, with a primary focus on

capturing reliable EEG signals while also ensuring user comfort. This has resulted in build-

ing devices capable of limited out-patient EEG monitoring. Similarly, for seizure detection,

many different types of algorithms have been developed with reasonable accuracy and power

efficiency, which allows for their implementation on battery-powered devices.

Despite these progresses, there are still some challenges in this area. The primary ob-

stacle in ambulatory EEG recording lies in effectively identifying and eliminating motion

artifacts that occur due to electrode movement during patient activities. These artifacts

exhibit considerably higher power levels, resulting in a wide dynamic range and heightened
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power demands for the recording equipment. Additionally, achieving a robust common-mode

rejection ratio (CMRR) for the entire system remains a challenging task, primarily due to

mismatch in voltage gain and electrode-skin impedance among active electrodes.

Another challenge in realizing a high-channel count EEG recording device is the reduc-

tion of the number of wires. Current approaches, such as transmitting serialized data on a

common bus or employing Frequency Division Multiplexing (FDM), significantly escalate

the total power consumption. In the domain of seizure detection, the challenge is to develop

a new system architecture that is compatible with active electrodes, consumes reasonable

power, and maintains high detection accuracy. Therefore, the target of this study is to de-

velop a fully-flexible, high dynamic range, artifact resilient EEG headset that is compatible

with a distributed signal processing scheme.

Toward this target, we introduced the design and experimental characterization of an

active electrode (AE) integrated circuit (IC) for wearable ambulatory EEG recording. The

innovative architecture includes double common-mode (CM) rejection within each AE, en-

suring that the CMRR remains robust despite variations in AE-to-AE gain and interface

impedance. The active electrode (AE) offers high input impedance, surpassing super-TΩ,

providing robustness against changes in electrode-skin interface impedance across various

recording channels, a crucial aspect for dry-electrode ambulatory systems. It also manages

signal quantization and serialization, facilitating a distributed system using a single data

bus for communication with the backend module, thus improving scalability. Furthermore,

the AE includes features such as detecting unstable electrode-skin connections, dynamically
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measuring and adjusting input DC levels, and incorporating a CM feedback loop to further

enhance CMRR. This work has resulted in a conference paper and an extended journal paper

that are published in 2021 IEEE Biomedical Circuits and Systems Conference (BioCAS) [83]

and the IEEE Transactions on Biomedical Circuits and Systems (TBioCAS) [84], respec-

tively.

Then we developed the second generation of our active electrode IC, which further im-

proves the system scalability through the introduction of in-AE seizure detection while sig-

nificantly reducing overall power consumption. This design features an AE-specific ETI-

correlation-based circuit is implemented for motion artifact detection and suppression. An

auto-ranging scheme in the analog front-end (AFE) improves dynamic range to avoid sat-

uration or increasing harmonic distortion. An AE-specific-boosted distributed feed-forward

common-mode rejection (CMR) enhancement method achieves high CMRR even in the pres-

ence of AE-to-AE input impedance (Zin) mismatch. Feature extraction (FE) is performed

in each AE, reducing AE-to-BE data communication power. To further reduce the power

consumption, an ultra-low-power pulse-based method is employed in each FE. Classification

is carried out using a neuromorphic multiplier-less boosted-SVM, which achieves comparable

accuracy to a resource-intensive NL-SVM while consuming orders of magnitude less power.

The results of this work has been accepted in the 2024 IEEE Custom Integrated Circuits

Conference (CICC) and the extended version will be submitted to IEEE Journal of Solid-

State Circuits.
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5.2 Contributions

The following summarizes a list of accomplished contributions since the start of my PhD

(September 2019):

• A. Dabbaghian, and H. Kassiri, & Fader, L. (Filer). (2024). Active Digital Elec-

trode With Embedded Motion-Artifact Removal Boosted Common-Mode-Rejection,

And Enhanced Dynamic Range For Ambultory Electroencephalogram . United States

Provisional Patent Application No. 63/611,042. Filed December 12, 2023.

• A. Dabbaghian, and H. Kassiri, “Modular Flexible 80-dB-DR Artifact-Resilient EEG

Headset with Distributed Pulse-Based Feature Extraction and Multiplier-less Neuro-

morphic Boosted Seizure Classifier,” accepted to appear in 2024 IEEE Custom Inte-

grated Circuits Conference (CICC)

• A. Dabbaghian, Y. El-Haji, M. Ghalamboran and H. Kassiri, “A 0.67µV-IIRN super-

TΩ-ZIN 17.5µW/Ch Active Electrode with In-Channel Boosted CMRR for Distributed

EEG Monitoring,” in IEEE Transactions on Biomedical Circuits and Systems (TBio-

CAS), vol. 18, no. 1, pp. 3-15, 2024.

• A. Dabbaghian and H. Kassiri, “An 8-Channel Ambulatory EEG Recording IC

with In-Channel Fully-Analog Real-Time Motion Artifact Extraction and Removal,”

in IEEE Transactions on Biomedical Circuits and Systems (TBioCAS), vol. 17, no.

5, pp. 999-1009, 2023.
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• A. Dabbaghian and H. Kassiri, “An Active Electrode IC with Embedded Analog

CMRR Enhancement for Interference- and Gain-Mismatch-Resilient EEG Recording,”

in IEEE Biomedical Circuits and Systems Conference (BioCAS), pp. 1-5, 2021.

• A. Dabbaghian and H. Kassiri, “An 8-Channel 0.45mm2/Channel EEG Recording

IC with ADC-Free Mixed-Signal In-Channel Motion Artifact Detection and Removal,”

in IEEE International Symposium on Circuits and Systems (ISCAS), pp. 1-5, 2020.

• T. Yousefi, A. Dabbaghian, and H. Kassiri,“Motion-Affected Electrode-Tissue Inter-

face Characterization for Ambulatory EEG Recording," in 2020 42nd Annual Interna-

tional Conference of the IEEE Engineering in Medicine & Biology Society (EMBC),

pp. 4479-4482, July 2020.

• T. Yousefi, A. Dabbaghian and H. Kassiri, “A 3.12 pJ◦C2 Ultra-Low-Power Direct-

ADC Multi-Range Temperature Sensor for IoT Nodes,” in IEEE International Sym-

posium on Circuits and Systems (ISCAS), pp. 1-5, 2020.

• T. Yousefi, M.Taghadosi, A. Dabbaghian, R. Siu, G,Grau, G.Zoidl and H. Kas-

siri, “An Energy-Efficient Optically-Enhanced Highly-Linear Implantable Wirelessly-

Powered Bidirectional Optogenetic Neuro-Stimulator,” in IEEE Transactions on Biomed-

ical Circuits and Systems (TBioCAS), vol. 14, no. 6, pp. 1274-1286, 2020.

• T. Yousefi, M.Taghadosi, A. Dabbaghian, R. Siu, G,Grau, G.Zoidl and H. Kas-

siri, “A 12.5 mg mm-Scale Inductively-Powered Light-Directivity-Enhanced Highly-
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Linear Bidirectional Optogenetic Neuro-Stimulator,” in IEEE Custom Integrated Cir-

cuits Conference (CICC), pp. 1-4, 2020.

5.3 Future Work

As highlighted earlier, one of the advantages of in-channel DR boosting is its insensitivity to

the latency associated with motion artifact estimation. This is a great opportunity to imple-

ment more intricate algorithms designed to achieve exceptionally precise motion removal. We

can explore and implement algorithms of greater complexity, thereby enhancing the overall

efficacy of motion artifact mitigation.

One notable avenue for realizing this enhanced performance is the integration of machine

learning techniques. Unlike their simpler counterparts, such as correlation-based methods,

machine learning algorithms exhibit a remarkable capacity for accuracy and adaptability.

Leveraging machine learning in the context of motion artifact removal allows us to tap into

advanced models that can recognize patterns and relationships within the data. These models

possess the capability to adapt dynamically to the specific characteristics of the input data,

resulting in more robust and reliable motion artifact estimation and removal. The utilization

of machine learning techniques, therefore, represents a promising path towards achieving

superior accuracy and efficiency in motion removal, contributing to the overall quality and

reliability of signal processing across a wide spectrum of applications.

The purpose of implementing in-channel feature extraction was to achieve more power ef-

ficiency by reducing the required data rate for communication. Moreover, in-channel feature

extraction brings an additional benefit. It empowers the capability to introduce a degree of
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detection and classification within each individual channel. This becomes particularly valu-

able in applications such as seizure detection, where data collected from different channels

may not carry the same weight or significance in the classifier’s decision-making process. By

determining which channels to include in the classifier’s decision and at what precision level,

it becomes possible to tailor the system’s power consumption to specific requirements. This

control over channel inclusion and precision is beneficial especially in high-channel count

scenarios, where power optimization plays a crucial role in system design and operation.

Another modification to build a dynamic system in terms of channel selection and preci-

sion control is to add more control to the power and noise level of the analog/mixed signal

stages. It is notable to mentioned that by realizing an in-channel decision maker for required

precision, due to the power reduction achieved by data rate reduction, the overall power

consumption is dominated the blocks that burn static power such as analog front-end. One

solution is to make such blocks programmable in terms of power consumption and accuracy.

For example, by adjusting the current bias of the first and second stage OTAs we can reach

to an acceptable noise level while burning lower power. However, this would require further

modifications to keep the bandwidth in the desired range. In general, adding more config-

urability to the system such as the gain of the first stage or the adjustable ADC resolution

would help in tailoring the system for any specific application.
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