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Summary

Extracellularly recorded neural data fromin-vivo experiments provide

higher spatio-temporal resolution and SNR compared with non-invasive

brain signal recordings. While the recorded data can be corrupted by arti-

facts, especially under a less constrained recording protocol, the detection

and removal of artifacts as a part of neural signal preprocessing procedure

without distorting the signal-of-interest, play an important role. However,

due to very limited knowledge of the appeared artifacts and the broad spec-

tral content of in-vivo neural data, it is di�cult to apply available artifact

removal algorithms directly onin-vivo neural recordings and thus poses a

great challenge to decode the underlying brain information properly. The

�rst objective of this thesis is to investigate the artifacts usually found in

the in-vivo neural recordings and then characterize them in a systematic

way (�rst ever attempt to the best of our knowledge). Our second objec-

tive is to develop an algorithm for automatic artifact detection and removal

without distorting the signals of interest.

Apart from in-vivo neural recordings, EEG has been the most pre-

ferred way of brain recordings in clinical studies, lab experiments, patient
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health monitoring, diagnosis and many other applications due to its non-

invasiveness and a�ordability bene�ts . In scalp EEG-based applications,

as the electrodes are placed on the scalp, become most prone to external

artifacts including physiological ones. Consequently artifact detection and

removal also from EEG recordings become one of the most faced challenges

and therefore an active research problem in EEG signal processing commu-

nity. Many attempts have been made till now to develop suitable methods

for artifact detection and removal with the help of recent advancement in

signal processing techniques and algorithms. However, each of them lacks

from some practical issues and there is no complete solution yet which

indicates the future need for removal algorithms to be more application-

speci�c; e.g. in brain-computer interface (BCI) or epilepsy seizure detection

applications. This research gap motivates us to design artifact removal al-

gorithms for two of the most popularly used EEG-based applications i.e.

epilepsy seizure monitoring and BCI studies. The proposed EEG artifact

reduction methods are automatic, independent of artifact types, do not re-

quire a reference channel, can work for both single and multi channels and

most importantly application-speci�c.

In order to evaluate the proposed methods quantitatively in comparison

with available state-of-the-art methods, di�erent artifact types have been

extracted from real recordings for simulating artifact templates and hence

to build a synthesized neural database on which the methods are applied.

Extensive testing shows that the proposed algorithms can remove around
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50 � 80% of artifacts on average which correspond to SNR increment of

about 10� 15 dB without almost no distortion to signal of interest and

outperform the counterpart methods with a large margin. In addition,

the e�ects of artifact removal on the later-stage processing have also been

evaluated that result in signi�cant performance improvement in terms of

neural spike detection, seizure detection and BCI classi�cation which proofs

the e�cacy of the proposed methods. Thus this work is expected to provide

a useful platform in neural signal analysis and processing area for future

brain research.
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Chapter 1

Introduction

This chapter introduces the background of the current study by de-

scribing both invasive and non-invasive neural signals at �rst, followed by

the motivation of this thesis by describing the challenges faced during pre-

processing of these neural data due to artifacts and the limitations of the

existing methods to handle the issues. Then the objectives of this thesis

are presented. Finally the chapter introduction and contributions of each

chapter are presented.

1.1 Background

1.1.1 In-Vivo Neural Recording

Extracellular neural data recorded from awake behaving animals can be

used to investigate brain information processing and data storage (e.g.

how memory works). Recently, due to the advancement in new record-



2

Figure 1.1: A typical experimental set-up forin-vivo extracellular neural
recording of spontaneous neural activity from a freely moving subject.

ing technologies and computational power,in-vivo neural recording exper-

iments on such freely behaving animals have been possible that provide

a greater means to directly relate neural activity to behavior than in the

intact animal or in-vitro recordings. Besides, such recorded extracellu-

lar in-vivo neural signals provide better spatio-temporal resolution than

other recording techniques of brain signals, e.g. EEG, MEG, fMRI, fNIRS

[1, 2, 3, 4, 5, 6]. However, during such behavioral experiments, especially

in less constrained environment, the recorded neural data are severely cor-

rupted by various environment and recording artifacts, mostly due to the

random movement of subject (as shown in Figure 1.1). Artifacts in neural

recordings can be de�ned as some abnormal activities that originate from

sources other than brain. In general, the appeared artifacts in the recorded

neural data saturate the recording electronics and cause serious mistake in

interpretation of recorded neural information [7]. Hence as a part of neural
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data preprocessing procedure, the detection and removal of such o�ending

artifacts without distorting the signal of interest, play an important role

for proper processing of neural signals in the subsequent stages to decode

the neural information accurately. In order to develop a complete neural

processing system (e.g. open-loop system in basic neuroscience research or

closed-loop in neural prostheses or invasive brain-computer interface (BCI))

that works in real-time (required for closed-loop system, although for basic

neuroscience studies o�ine processing is enough), an automatic algorithm

which is able to detect and remove artifacts on-the-
y, implemented in an

on-chip neural signal processor integrated with the analog front-end cir-

cuitry, therefore is extremely necessary.

An example of such neural system is shown in Figure 1.2 where brain

signals, recorded using electrode array, are ampli�ed by analog front-end

circuitry followed by digitization process by ADC. The post-ADC digital

signals are processed in two stages: Preprocessing where artifacts, interfer-

ences are removed and Neural Signal Processing where actual signal pro-

cessing and analysis are performed (e.g. spike detection/sorting). Finally

output of signal processing block is transmitted through a bidirectional

telemetry interface and then based on the decision, speci�c feedback in

terms of stimulation is provided either to the brain (e.g. epileptic seizure

suppression) or other parts of the body (e.g. muscle to control a prosthetic

hand) or sometimes to control an external device (e.g. mouse cursor, wheel

chair, etc.) depending on the application.
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Figure 1.2: A typical closed loop neural system for BCI or neural prostheses
applications.

In-Vivo neural signal recorded from extracellular space consists of both

fast action potentials and slow �eld potentials and usually has a wide dy-

namic range starting from few� V up to few mV [6]. The amplitude of

extracellular action potentials (spikes) can vary depending on the recording

site from the soma as the spike amplitude decreases rapidly with distance

from soma [6]. The variation can be from as low as 0.1� V (recording site

is about 300� m away from soma) up to as high as 100� V (if recording

electrode tip is closest to soma). While in other literatures it is mentioned

that the dynamic range of extracellular action potentials is approximately

between 20� V to 5 mV [8]. Moreover, very often such recording is severely

corrupted by di�erent types of artifacts and interferences especially in less

constrained recording environment, e.g. experiments with behaving ani-

mals. These o�ending artifacts not only misinterpret the original neural

recordings but also sometimes saturate the recording electronics due to
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their large magnitudes compared to neural signal of interest.

1.1.1.1 Single and Multi-Unit Recording (Spikes)

An electrode implanted into the brain of a living animal will detect electrical

activity that is generated by the neurons adjacent to the electrode tip. If

it is a micro-electrode, with a tip size of about 1� m, the electrode will

usually detect the activity of at most one neuron. Recording in this way is

in general called 'single-unit' recording [9]. An action potential or spike is

a short-lasting event in which the electrical membrane potential of neuron

rapidly rises and falls, following a consistent trajectory. The extracellular

action potentials are much smaller in amplitude (typically about 100� V

to 1 mV) compared to intracellular recording [9]. Most recordings of the

activity of single neurons in anesthetized and conscious animals are made

in this way. Recordings of single neurons in living animals have provided

important insights into how the brain processes information. For example,

David Hubel and Torsten Wiesel recorded the activity of single neurons in

the primary visual cortex of the anesthetized cat, and showed how a single

neuron in this area responds to very speci�c features of a visual stimulus

[10, 11]. If the electrode tip is slightly larger, then the electrode might

record the activity generated by several neurons. This type of recording is

often called "multi-unit recording", and is often used in conscious animals

to record changes in the activity in a discrete brain area during normal

activity. Recordings from one or more such electrodes that are closely
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Figure 1.3: Illustration of an idealized intracellular action potential shows
its various phases as the action potential passes a point on a cell membrane
(a). A schematic diagram showing a �eld potential recording in response
to a stimulus from rat hippocampus by an intracellular (1) and an extra-
cellular electrode (2) (b).

spaced can be used to identify the number of cells around it as well as

which of the spikes come from which cell. This process is called spike

sorting and is suitable in areas where there are identi�ed types of cells with

well-de�ned spike characteristics. In general the activities of individual

neurons cannot be distinguished even if the electrode tip is large, rather

the electrode is still able to record a �eld potential generated by the activity

of many neural cells.

1.1.1.2 Local Field Potentials

Extracellular �eld potentials are local current sinks or sources that are gen-

erated by the collective activity of many neurons. Usually, a �eld potential

is generated by the simultaneous activation of many neurons by synaptic

transmission. Figure 1.3 (b) shows the recording of hippocampal synaptic

�eld potentials which is adopted from [9, 12].
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1.1.2 Electroencephalography (EEG)

Electroencephalography (EEG) is a non-invasive recording technique that

measures the electrical activity of brain by placing electrodes on the scalp.

It is the most commonly used brain recording technique for diagnosis of

di�erent neurological disorders along with other applications such as brain-

computer interface. The EEG recordings are described in terms of rhythms

and transients. The rhythmic activity of EEG is divided into bands of fre-

quency. The most common EEG rhythms are Delta, Theta, Alpha and

Beta waves [13]. Recently a relatively high frequency Gamma wave comes

into EEG analysis in certain cases. On the other hand, artifacts are tran-

sient events, although epilepsy seizure events can also be transient but they

are more oscillatory than artifacts.

To provide a model for recorded raw EEG data, let's denote the clean

EEG background activity/rhythm as Ec with weight wc; Artifact event as

ATn with weight wTn and time delay� T n ; wheren = 0; 1; :::; N denotes the

type of artifact. For example, if it's a Type-1 artifact [7], then denoted

by AT1 with weight wT1 and time delay � T 1. Now the recorded raw EEG

data, ER can be modeled as the linear combination of these two signal

components:

ER(t) = wcEc(t) +
NX

n=1

wTn ATn (t � � Tn ) (1.1)
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Figure 1.4: An illustration of EEG based epilepsy seizure monitoring and
detection. Adopted from [14].

1.2 Thesis Motivation

1.2.1 Artifact Removal from In-Vivo Neural Recording

Many literatures [15, 16, 17, 18, 19, 20, 21, 22, 23, 24, 25, 26, 27] are found

that propose various methods/algorithms to detect and remove artifacts in

physiological signals (e.g. EEG, ECG, EMG, PPG, fNIRS, fMRI, recording

of respiration), but there is hardly any literature found so far to the best

of our knowledge that considers artifacts present inin-vivo neural signals

except only one [28]. The artifact detection and removal forin-vivo neural

recorded signal is a more challenging task due to the following facts:
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1.2.1.1 The Signal and Artifact Characteristics

Many other physiological signal recordings mostly contain narrow-band

neural data (e.g. bandwidths of EEG, ECG, and EMG in general range

from sub Hz to no more than a few hundred Hz) while thein-vivo neural

recordings have a broad spectral band, i.e. from sub-1 Hz to several kHz.

Thus, spectral overlapping between artifacts and signals of interest forin-

vivo recordings is larger. Apart from the wide bandwidth, the presence

of di�erent signal components (i.e. Local Field Potentials (LFP), neural

spikes, synaptic activities, etc.) and their highly non-stationary properties

[29, 30, 31, 32] compared with other recordings; make it more di�cult for

identifying artifacts.

When dealing with other physiological signals, often the appeared ar-

tifacts have certain stereotype waveforms or the artifact source itself can

be recorded by a reference channel. This is not the case forin-vivo neural

recordings. In fact, as it will be discussed later, the diversity in artifact

types, their properties and the way they appear in the recordings make it

more challenging in separating them from neural signals.

1.2.1.2 De�ciency of Available Algorithms

Many available algorithms for artifact detection and removal cannot be

applied to in-vivo recordings. For example, a most frequent method to

detect and remove artifacts in EEG signals is based on blind source sepa-

ration (BSS), a technique for estimating/separating individual source com-



10

ponents/signals from their mixtures at multiple sensors/channels (i.e. ob-

served signals) without knowing (or with very little information) about the

source signals or the mixing process. One assumption of BSS is that the

observations are linear mixing of the sources and the number of sources

is equal or less than the number of observations. Another assumption

is that the sources have to be either independent for Independent Com-

ponent Analysis (ICA) based methods [15, 16, 17, 18, 19, 20] or maxi-

mally uncorrelated for Canonical Correlation Analysis (CCA) based meth-

ods [33, 34, 35, 36]. However, the mentioned assumptions most often do

not match with the in-vivo neural recordings. Forin-vivo neural data,

spiking activities from the same neuron mostly appear in one or few ad-

jacent channels, where in the rest of the channels, those activities merge

into the noise 
oor. Therefore, spikes cannot be separated as an indepen-

dent source if BSS-based algorithm is applied. Di�erent from artifacts in

EEG, the artifacts found here are sometimes localized in a single channel,

which suggests that the cross-channel analysis cannot be directly applied.

Again there could be some correlation present between neural spikes and

Local Field Potentials (LFP) [6, 37] which violets the assumption of BSS

as mentioned. Although, there are available algorithms in the literature,

e.g. wavelet-based [24, 38, 39, 40] and Empirical Mode Decomposition

(EMD)/Hilbert-Huang Transform (HHT)-based [22, 23] algorithms to re-

move such localized artifacts from individual single channel and they do not

assume any independence/uncorrelation between sources unlike BSS. How-
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ever, during applying forin-vivo data, not only their performances are in-

adequate but also the computational burden can be heavy (e.g. EMD/HHT

based algorithms) [41].

1.2.2 Artifact Reduction from Scalp EEG

Artifact detection and reduction/removal is one of the most faced challenges

for neural information processing applications and is an open research prob-

lem. Especially in EEG-based health-care applications, the electrodes be-

ing placed on the scalp are most prone to artifacts and interferences. The

variety of artifacts and their overlapping with signal of interest in both

spectral and temporal domains, even sometimes in spatial domain, make

it di�cult for simple signal preprocessing technique to identify them from

EEG. Therefore, the use of simple �ltering or amplitude threshold to re-

move artifacts often results in poor performance both in terms of signal

distortion and artifact removal. The two major applications of Scalp-EEG

based systems are: 1) epilepsy seizure detection during long-term patient

monitoring and 2) in BCI experiments. In this thesis, we have proposed

two di�erent methods for artifact removal from EEG for these two distinct

applications (i.e. seizure detection and BCI).

1.2.2.1 Artifact Reduction for Seizure Detection

long-term EEG recording (as shown in Figure 1.4) is used during epilepsy

patient monitoring for diagnosis of seizure. However, such recording is of-
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ten contaminated by di�erent types of artifacts and hence the signal quality

gets degraded, as a result it can increase the false alarm during seizure de-

tection. This scenario gets worse when the patient monitoring is performed

under ambulatory environment where di�erent types of movement-related

artifacts are present. Considering this problem, we propose a method to

reduce artifacts as much as possible without distorting the signal of interest

which is found to be enhancing the later stage seizure detection performance

signi�cantly.

Although signi�cant amount of e�orts have been made to develop meth-

ods for artifact detection and removal in EEG applications, it is still an

active area of research. Most of them handle single type of artifact, many

of them cannot work for single-channel EEG, some of them require train-

ing data, some require a dedicated reference channel, some are designed for

general purpose applications that often leads to overcorrection of data and

some of them are not fully automated.

The proposed artifact reduction method for seizure detection applica-

tion is automatic, independent of artifact types, does not require a reference

channel, can work for both single and multi-channels and most importantly

application-speci�c (i.e. epilepsy diagnosis). The method uses stationary

wavelet transform with modi�ed threshold parameters which relies on some

a-priori spectral information of seizure events. In order to separate seizure

from artifacts, it utilizes either a labeled real seizure epoch or a synthesized

one simulated from a simple seizure model. The foremost priority of the
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proposed method is to preserve the seizure events at all time and then to

reduce artifacts as much as possible.

1.2.2.2 Artifact Reduction for BCI Experiments

Brain-Computer Interface (BCI) is a promising technique to establish a

direct link between human brain and an external computerized device to

allow communications for the person su�ering from brain/spinal cord re-

lated injury/disease [42]. EEG is the most popular among the brain record-

ing techniques in BCI research due to its mainly non-invasive nature along

with other attractive features such as �ne temporal resolution, simple to

use, portability and lower cost [43]. In EEG-based BCI applications, the

EEG recording is often contaminated by di�erent types of artifacts that can

misinterpret the BCI output. Although many attempts have been made to

develop suitable methods for EEG artifact detection and removal with the

help of recent advancement in signal processing techniques for algorithms;

however, there has no universal and complete solution been proposed yet

(e.g. some of them can only remove ocular artifacts, some of them re-

quire an additional reference channel whereas some of them cannot work

on single-channel, etc.) which indicates the future need for removal algo-

rithms to be application-speci�c such as brain-computer interface (BCI)

applications.

This thesis also presents a unique artifact detection method for BCI ap-

plication based on artifact probability mapping which quanti�es an epoch
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by a relative probability of being artifactual. This is achieved by con-

sidering the typical artifact characteristics in contrast to the background

EEG rhythms with the help of four statistical measures namely entropy

(measures the uncertainty), kurtosis (measures the peakedness), skewness

(measures the symmetry) and Periodic Waveform Index, PWI (measures

of periodicity). This unique probability mapping will allow the user to

decide whether to correct the epoch or to remain as it is by choosing an

appropriate probability threshold. Subsequently a removal method is also

proposed which is based on stationary wavelet transform based denoising

and relies on the desired spectral band of EEG rhythms in contrast to

spectral bands of di�erent artifacts particularly for BCI applications. The

proposed method is demonstrated with both real and synthesized database

and extensive quantitative measures show the e�cacy of this method with

obtained satisfactory results. Moreover, the proposed method is also com-

pared with some of state-of-the-art methods and proves its superiority over

others both in terms of performance and computational time. The e�ect of

artifact removal on real BCI database has also been demonstrated to show

that it can substantially improve the classi�er accuracy in BCI experiments.

The above discussion clearly reveals that there is no artifact removal

method for in-vivo neural data. In addition, the available EEG artifact re-

moval methods have some practical limitations for applications like seizure

monitoring or BCI experiments. The current research gap in this very im-

portant signal preprocessing stage to reliably detect and remove artifacts
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from both invasive and non-invasive neural recordings mainly motivate the

study presented in the thesis.

1.3 Thesis Objectives

Based on the problem de�nition mentioned above, the aim of this thesis

is to provide methods for improving the quality of neural signals (both

in-vivo neural recordings and scalp EEG) which are widely used in basic

neuroscience studies, diagnosis of di�erent neurological diseases (especially

epilepsy seizure) and modern BCIs (both invasive and non-invasive). Ac-

cordingly, the speci�c objectives of this thesis are as follows:

� Study of artifacts present atin-vivo neural recordings and character-

ize them in a systematic way.

� Analysis of the e�ects of artifacts onin-vivo neural signals and study

of the increased dynamic range due to artifacts for proper design of

analog front-end recording technology.

� Propose a reliable artifact detection and removal method for prepro-

cessing bothin-vivo neural signal and scalp EEG.

� Observe the after-e�ects of artifact removal on later-stage signal pro-

cessing applications (e.g. spike detection, seizure detection and BCI

performance)
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� Synthesis of an artifactual database for proper quantitative evalua-

tion of both artifact removal and the aftere�ect of removal to neural

information processing. This is done in terms of neural spike detec-

tion accuracy and seizure classi�cation performance.

1.4 Overview and Contributions

This section provides an overview of the organization of this thesis with its

original contributions. This thesis contains four chapters of contributions

and one chapter of extensive literature review on artifact removal from

EEG. In the beginning of each chapter, we provide a detailed literature

review of the topics discussed in that chapter.

1.4.1 Overview

In Chapter 2, we present a study of artifacts found in thein-vivo neural

recordings including their possible sources, types and properties. We also

provide the change in data dynamic range due to presence of such artifacts

which is useful for designing the analog front-end (e.g. resolution of ADC)

for recording the neural signals.

In Chapter 3, we present a detailed literature review on the existing

state-of-the-art artifact removal methods/algorithms from EEG recordings

by comparing their pros and cons along with their theoretical background.

Chapter 4 proposes an artifact detection and removal algorithm for

in-vivo neural recording which has been compared with existing artifact



17

removal methods.

In Chapter 5, we introduce artifact removal method from scalp EEG for

epilepsy seizure monitoring application and validation of proposed method

by quantifying the performance metrics in comparison with some of the

state-of-the-art methods.

In Chapter 6, we present another artifact detection and removal method

from EEG for speci�cally BCI applications. The unique feature of this arti-

fact detection is that we proposed a probability-mapping of an EEG epoch

for being how much artifactual followed by user-dependent threshold selec-

tion scope for deciding whether the epoch should be denoised or not. This

method is also quantitatively evaluated in comparison with other existing

methods.

Finally, in Chapter 7, we summarize the results of the works presented

in this thesis. We also described some of the possible directions of research

that are left as open problems for future studies.

In addition to the main chapters, Appendix A.1 presents the open source

MATLAB T M code of the artifact removal algorithm fromin-vivo neural

signal and EEG signals. Appendix A.2 presents the synthesized artifactual

database with artifact templates to be able to download online for free.

1.4.2 Original Contributions

A summary of thesis contributions are discussed as follows:

� The thesis provides an investigation on the artifacts present inin-vivo



18

neural signals for the very �rst time which includes: i) Identifying ar-

tifact sources, ii) Characterizing them into four di�erent types, iii)

Studying the change in dynamic range due the presence of artifacts

in neural recordings, and iv) Observing the artifacts' spectrum char-

acteristics in comparison with neural signal of interest.

� An artifact database has been synthesized in order to allow realistic

simulation of neural data contaminated with di�erent artifact types

for quantitative performance evaluation of any artifact removal algo-

rithm/method.

� The thesis also proposes three di�erent artifact detection and re-

moval algorithms for three di�erent applications: one for in-vivo

neural recordings and two for EEG-based applications i.e. epilepsy

seizure detection and BCI studies. Some of the bene�cial features

of the algorithms are: independence of artifact type, automated,

application-speci�c solution, able to work for both single and multi-

channel recordings, parameters can be optimized for best perfor-

mance, almost no distortion to signal of interest, does not require

any artifact reference channel, and so on.

{ The former proposed algorithm is the �rst ever attempt in the

context of in-vivo neural recordings which is based on the sta-

tionary wavelet transform with selected frequency bands of neu-

ral signals.



19

{ The second artifact reduction algorithm is for scalp EEG-based

epilepsy seizure detection application where the proposed algo-

rithm is based on stationary wavelet transform and by consider-

ing the spectral band of seizure events into account to separate

artifacts from seizures.

{ An unique artifact probability mapping for artifact detection

and removal from EEG signals for BCI studies is proposed with

a tuning parameter controlled by the user in removing speci�c

type of artifacts as per application requirement.

{ Finally all the proposed algorithms have been tested using both

real and synthesized neural/EEG data to present quanti�cation

performance metrics in comparison with state-of-the-art algo-

rithms. In addition, the later stage signal processing has also

been quanti�ed to observe the improvement in signal analy-

sis/classi�cation that is achieved through artifact removal.
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Chapter 2

Artifacts

This chapter describes the study on artifacts, their origin and types,

e�ects on dynamic range of the neural recording. The characterization of

artifacts for in-vivo neural recording is the �rst ever study according to the

best of our knowledge during time of this thesis writing.

2.1 Characterization ( In-Vivo Neural

Recording)

We have investigated di�erent artifacts that can be present in thein-

vivo neural recordings from di�erent databases and manually characterized

those inspected artifacts to di�erent types and also we make an e�ort to

�nd the possible sources and mechanisms of such artifacts. The task of

identi�cation of di�erent artifact segments from each recording sequence

and from di�erent datasets is non-trivial and expected to be useful for fu-
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ture research given that there has not been any study so far to the best of

our knowledge on investigation of suchin-vivo artifacts.

2.1.1 Sources

Artifacts can be of external and internal types according to their origin. In-

ternal artifacts arise from body activities that are either due to movements

made by the subject itself or sudden changes of bioelectrical potentials,

while external artifacts result from coupling with unwanted external in-

terferences. A common case in rat recording experiments originates from

the animal movements that include cable movement and fast head move-

ment [20, 44, 45]. While it is also a frequent case that the interconnecting

cable between recording site and preampli�er acts as an "antenna" and

picks up unresolved interferences [45]. The di�erences in picked interfer-

ences (di�erential) appear as artifacts. A third type of artifacts relate

to the momentary change in electrode interface, which can produce fast

spike-like artifacts. Fourth, aggregated neural signals could be noisy: if

they have good waveform repeatability (spikes) or di�erentiable spectrum

property (�eld potentials), they are considered as useful signals. If there

is no repeatability in some of recorded signals, they are more like outliers

in processing and act as artifacts. The described four artifact sources are

illustrated in Figure 2.1.

There are three general factors that are responsible mainly for the gen-

eration of artifacts [20]. They are as follows:



22

Figure 2.1: Illustration of di�erent artifact sources for in-vivo neural
recording.

� Environmental factors (e.g. power supply noise of 50=60 Hz and its

harmonics, sound/optical interference, EM-coupling from earth: 7.82

Hz and harmonics [46], etc.)

� Experimental factors (e.g. alter of electrode position, movement of

connecting wire, etc. due to mainly movement of the subject)

� Physiological factors (e.g. EOG, ECG, EMG, BCG, etc.)

The artifacts in broad sense can be classi�ed into two categories: local

and global. Local artifacts are localized in space, i.e. appear only in a single

recording channel while global artifacts can be seen across all the channels

of an electrode array at the same temporal window. An example of global

artifacts appearing in all recording channels that present in two di�erent

datasets is shown in Figure 2.2.

On the other hand, the artifacts can be classi�ed into external and in-

ternal types according to their origin. Internal artifacts arise from body

activities that are either due to movements made by the subject itself or
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Figure 2.2: Example of global artifacts from two di�erent datasets.

Table 2.1: Summary of artifact classi�cation from di�erent perspectives.

sudden changes of bioelectrical potentials, while external artifacts result

from coupling with unwanted external interferences. Sometimes the arti-

facts appear only once in the whole recording sequence (high entropy) while

sometimes in a regular/periodic manner possibly due to some periodic mo-

tions of the subject. An example of such artifacts is shown in Figure 2.3.

Table 2.1 summarizes the artifact classes from di�erent perspectives.

2.1.2 Types

As explained above that there are a number of factors and sources that

generate artifacts, each could produce artifacts with di�erent signatures
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Figure 2.3: An example of irregular (top) and periodic (bottom) artifacts.

and waveform shapes. Therefore, we characterize majority of the artifacts

observed from realin-vivo neural signals into four types based on di�erent

features, e.g. sharpness of edge, duration and waveform shape. The four

types are described as follows (shown in Figure 2.4):

� Type-0: This type of artifacts usually has dominant power spectrum

in low frequency region. They may appear as a single waveform or

in a periodic fashion in recordings and over di�erent channels. The

artifact is similar to the vertical-EOG artifacts present in typical

EEG recordings or may be generated from the muscle activities of

the subject during movement.

� Type-1: This type of artifact segment starts with a large negative

change in o�set followed by some waveform similar to that of step
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response of a second order system. Depending on the damping factor,

individual artifacts may have di�erent widths and di�erent decaying

spectra with frequency. However, due to the shape of edge, there

always exist localized high frequency features.

� Type-2: Type-2 artifacts have been seen more frequently compared

with both Type-0 and Type 1 artifacts. They usually have two fast

ramp edges at two ends and can be modeled as the derivatives of the

type-1 artifacts which suggest that type-2 artifacts are another form

of type-1 artifacts possibly generated from the same source or factors.

� Type-3: Type-3 artifacts are often extremely large with narrow in du-

ration (e.g. < 200 � Sec) and cause recording saturation. They could

appear as individual waveforms and tend to appear simultaneously

over di�erent channels. Di�erent from neural spikes, they have a wide

spectrum characteristic with dominant power in the high frequencies

(from few kHz up to the low pass corner frequency set by recording

electronics).

2.1.3 Properties

� Usually the artifacts have very large magnitude and/or sharper tran-

sitions/edges compared to the neural data of interest, i.e. spike and

local �eld potential.

� The frequency range for artifact may vary from very low (e.g. mo-
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Figure 2.4: Di�erent types of artifact present at in-vivo recordings.

tion artifact) to high frequency (e.g. artifacts due to residue charge

on electrodes) range suggesting artifact spectra overlap with neural

signal of interest.

2.2 Artifact Spectrum vs. Neural Signal

Spectrum

In order to characterize the spectrum statistics of artifacts, we have ana-

lyzed neural data recorded from rat with a sampling frequency of 40 kHz

using Plexon system1 [47] (the high pass �lter corner frequency is 0.1 Hz

1Plexon Inc. manufactures hardware and software for neurotechnology research. One
of the products is Multichannel Acquisition Processor (MAP) Data Acquisition System
which is Plexon's original standard for programmable ampli�cation, �ltering and real-
time spike sorting of multi-channel signals acquired in neuroscience research.
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and low pass �lter corner frequency is 10 kHz). We have manually identi-

�ed di�erent artifact segments and labeled each into one of the four artifact

categories as shown in Figure 2.4. Artifact envelopes are further extracted

from the data segments to get the templates and artifact spectrum esti-

mation is performed using windowed Fourier Transform. The results are

summarized in Figure 2.5, where artifacts tend to exhibit varied spectrum

shape and span from a few Hz to several KHz. As expected, type-1, type-

2 artifacts have dominant power at low frequency range while type-3 has

wide spectrum.

To characterize the spectrum statistics of local �eld potentials only,

we have analyzed data recorded from rat super�cial layer cortex where

electrodes are away from any individual neurons. As a result there are less

spiking activities. The average spectrum of local �eld potential is estimated

from 8 di�erent channels. From Figure 2.5(d), local �eld potential power

spectrum drops to noise 
oor at frequency beyond 150 Hz2.

To derive neural spike spectrum, relatively large magnitude spikes are

identi�ed and grouped into di�erent clusters. Spikes are smoothed and

averaged to generate di�erent spike templates. The power spectra of two

spike templates are plotted in Figure 2.5(e), which drop to noise 
oor at

frequency beyond 5 KHz3.

2Field potentials are aggregated or averaged from a large number of synaptic activities
within a proximity region of the recording site and feature a 1=f x power spectrum
distribution where x is in between 1 to 3. As a rule of thumb, at frequency beyond 150
Hz, the spectrum of �eld potential becomes insigni�cant.

3Extracellular neural spikes, on the other hand, are produced by ionic and displace-
ment currents during the propagation of action potentials, which have clear low-cuto�
and high-cuto� frequencies: the high-cuto� frequency is at several KHz, as sodium chan-
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Figure 2.5: (a), (b), and (c): manually labeled type-1, type-2, and type-
3 artifact segments collected from recorded data. (d), averaged type-1
and type-2 artifact power spectrum in comparison with LFP. (e), type-3
artifact spectrum and spike spectrum. Spikes are randomly selected from
two di�erent templates.

Consequently there are prospective frequency bands to detect artifacts.

One is at 150Hz - 400Hz region where both �eld potentials and spikes have

insigni�cant power. The other one is beyond 5 KHz, which is too fast even

for neural spikes.

2.3 Dynamic Range

In this study, we analyze how much dynamic range is actually increased due

to the presence of artifacts for both realin-vivo data corrupted with arti-

facts recorded from di�erent experimental set-ups and/or subjects/animals

and for simulations with di�erent synthesized artifact templates. We found

nels tend to open for a few hundred�s or even longer; the low-cuto� frequency is around
several hundred Hz as potassium channels start to dominant after 1 ms and pull the
transmembrane voltage back to its rest state.
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that due to the presence of artifact, the dynamic range can increase as high

as 20-30 dB compared to without artifact.

To study the dynamic range due to artifacts, we have analyzed neural

data recorded from few subjects:

� Rat hippocampus data with a sampling frequency of 40 kHz provided

by Dr Edward Keefer at Plexon Inc. (the high pass �lter corner

frequency is 0.1 Hz and low pass �lter corner frequency is 10 kHz).

The protocols can be found in [48].

� Human Epilepsy data with a sampling frequency of 32556 Hz (Low

cut-o� of 0.5 Hz and high cut-o� of 9 kHz).

2.3.1 Real Data

The dynamic ranges of 134 and 64 full-spectrumin-vivo sequences of du-

ration 15 min and 18 min from rat hippocampus and human Electrocor-

ticography (ECoG) data respectively have been analyzed considering the

ampli�er circuit noise 
oor of both 1 �V rms and 2 �V rms
4. The spike data

dynamic range has also been studied in order to observe the e�ect of ar-

tifacts present in the recordings. The increase in dynamic range due to

presence of artifacts for full-spectrum and spike data is on average 13� 30

dB and 18� 27 dB respectively. The detail result is given in the Table 2.2.

4The basis of these two noise 
oor values are based on the literature survey of state-
of-the-art analog front-end ampli�er circuits designed for typical neural recording.
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Table 2.2: Summary of dynamic range change due to artifacts.

2.3.2 Synthesized Data

As described in [49], we have manually identi�ed and extracted di�erent ar-

tifacts (neural data segments contaminated with obvious visually detected

artifacts) from real in-vivo data and categorized each into one of the men-

tioned three types, i.e. type-1, type-2 and type-3. Based on these extracted

templates we simulated similar artifact templates with di�erent amplitudes

and durations as shown in Figure 2.7. We choose a realin-vivo raw data

of 100 second duration which contains no visually detectable or obvious

artifact and termed it as a reference signal. Then the simulated artifacts
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Figure 2.6: An example of e�ect of artifact on dynamic range can be seen
in two time domain database ofin-vivo neural data recorded from two
di�erent subjects. Left plot is from human epilepsy data and right plot is
from rat hippocampus data.

Figure 2.7: Synthesized artifact templates for type-1, type-2 and type-3.

are added to the reference signal in di�erent random positions with dif-

ferent amplitudes, edge widths and durations to form a dataset that is

contaminated with artifacts, we term it as an artifactual signal.

2.3.3 Calculation of Dynamic Range

Let's denote VN , VRef (p� p) , and VArt (p� p) as RMS ampli�er circuit noise


oor, peak-to-peak reference signal, and peak-to-peak artifactual signal
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Figure 2.8: The simulation result for both full spectrum neural signal and
spike signal contaminated with di�erent artifact templates with respect to
di�erent artifact amplitudes. Top plot is for rat hippocampus data and
bottom plot is for human epilepsy data.
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Figure 2.9: Illustration of di�erent ADC resolution noise 
oor in compari-
son with neural signal power in spectral domain to choose the right ADC
resolution in order to achieve minimum 10 dB SNDR for full-spectrum
neural recording.
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respectively. Then the dynamic range with and without artifact areDRArt

and DRRef respectively and are calculated using the following formula:

DRArt = 20log10(
VArt (p� p)

VN
) (2.1)

DRRef = 20log10(
VRef (p� p)

VN
) (2.2)

Therefore, the increase in dynamic range for full-spectrum signal due to

presence of artifacts is calculated as follows:

� DR = DRArt � DRRef (2.3)

Now, if we band-pass �lter the reference and artifactual signal from 300 Hz

to 5 kHz, we get the spike signal and assumeSArt , SRef be the spike signal

with and without artifact respectively. Then the corresponding dynamic

ranges of spike signal areDR 0
Art and DR 0

Ref respectively and calculated

similarly as follows:

DR 0
Art = 20log10(

SArt (p� p)

VN
) (2.4)

DR 0
Ref = 20log10(

SRef (p� p)

VN
) (2.5)

Similarly, the increase in dynamic range for spike signal due to presence of

artifacts is calculated as follows:

� DR 0 = DR 0
Art � DR 0

Ref (2.6)

In our simulation for dynamic range study, we assume two reasonable values

for circuit noise 
oor, VN : one is 1�V RMS and another 2�V RMS .
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2.3.4 Spectral Domain Analysis

In this study, we consider both the ampli�er circuit and ADC noise 
oor.

The gain of the ampli�er is adjusted in such a way that the input voltage

swing to ADC is maximum 0.5V given that the supply voltage of ADC

circuit is VDD = 1V. We sweep the ADC resolution from 10 to 18-bit

and calculate the corresponding ADC noise 
oor for reference signal of 1

V RMS by using following formula:

20log10(
SRef

VADC
) = 6 :02N + 1:76 (2.7)

where SRef , VADC and N are the reference signal RMS, ADC noise 
oor

RMS and no. of ADC-bit respectively. The ampli�er circuit noise 
oor,

VAmp seen from the input of ADC if the ampli�er's gain being A, is as

follows:

VAmp = AVN (2.8)

Then we plot the power spectral density of the full-spectrum neural data,

ampli�er circuit noise 
oor and ADC noise 
oor for di�erent ADC-bit res-

olution to measure the required SNDR for successful neural data recording

with at least 10 dB more with respect to ADC noise 
oor. We found that

to get minimum 10 dB SNDR, the required resolution of the ADC should

be at least 14-bit [50].
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2.4 Artifact Characterization in EEG

The artifacts in EEG recording are of various types that come from di�erent

sources. In broad sense, artifacts in EEG can be originated from internal

and external sources. The sources and types of artifacts are discussed

below:

2.4.1 Internal/Physiological Artifacts

� Ocular Artifacts: The eyeball acts as an electrical dipole and therefore

any movement in eyeball generates large-amplitude artifacts in EEG

recordings. Ocular artifacts include eye blink, both horizontal and

vertical eye movement, eye 
atter, eye movement during REM sleep,

eye saccade, etc.

� Muscle Artifacts: One of the most prominent physiological artifacts

comes from muscle activity of the subject (EMG). Usually muscle

artifacts are of high frequency range (e.g. from 20 Hz to 40 Hz)

and are generated from activities like chewing, swallowing, clenching,

sni�ng, talking, scalp contraction, eyebrows raising, etc.

� Cardiac Artifacts: Cardiac artifacts are due to the electromagnetic

�eld produced by heart and are of two types: ECG and pulse arti-

facts. ECG artifacts are rhythmic regular activities while the pulsa-

tion sometimes can cause slow waves which might mimic the EEG

activity.
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Table 2.3: Di�erent types of artifacts and their origins.

� Respiration Artifacts: Respiration artifacts originate from the move-

ment of an electrode with inhalation or exhalation and can take the

form of slow, rhythmic EEG activity.

� Sweat Artifacts: Electrodermal or sweat artifacts originate from changes

in electrolyte concentration of electrode due to sweat secretion on the

scalp and take the shape of a long, slow baseline drift in the spectral

band of 0.25 -0.5 Hz [51].

2.4.2 External Artifacts

� Movement Artifacts: Movement of patient especially in an ambula-

tory EEG monitoring system[52, 53, 54], generates a lot of motion

artifacts. This artifact often has extremely high amplitude such that

it can saturate the recordings. Head movement, body movement,

limbs movement, tremor, walking, running, browsing PC, and many
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other movements in daily activities are responsible for this type of

artifact.

� Environmental Artifacts:

{ Interferences: This type of artifacts is due to the interferences

coming from the surrounding electrical/electronic devices/machines

that produce EM waves. Also any sound or optical interference

may also be picked up by the EEG electrodes as artifacts.

{ Mains voltage: One of most common source of artifacts in any

biomedical signal acquisition is the 50/60 Hz main voltage and

its harmonics.

{ Loose electrode: Loose electrode contact with scalp can lead to

impedance change on the tissue-electrode interface and results

in prolonged EEG spike-like artifact.

{ Electrode Pop and Movement: Another common source of ar-

tifact is due to electrode pop which produces sudden change in

impedance in the electrode-tissue interface and results in high

amplitude sharp waveform-shaped artifacts. Electrode move-

ment occurs when it moves with respect to the scalp and pro-

duces high-amplitude de
ection in EEG generally in the low

frequency range of 1-10 Hz.

A summary of di�erent artifact types and their origins is provided in

Table 2.3 [20, 51].
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Chapter 3

Literature Review

This chapter presents an extensive literature review of the existing and

state-of-the-art artifact handling methods and software tools including ar-

tifact avoidance, rejection, detection and removal. The methods are de-

scribed brie
y with their corresponding advantages and limitations. A

comparative study between the methods is also provided at the end of the

chapter in the form of table.

3.1 Introduction

Artifact detection and reduction/removal is one of the most faced challenges

for EEG signal processing applications and is an open research problem. In

EEG-based health-care applications, the electrodes are placed on the scalp

and therefore, the recordings are most prone to artifacts and interferences.

The variety of artifacts and their overlapping with signal of interest in

both spectral and temporal domain, even sometimes in spatial domain,
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Figure 3.1: Trend of research on artifact detection and re-
moval from EEG in terms of publication history since year
2000 until present indexed by Google Scholar. The search
criteria include both the keywords Artifact(s)/Artefact(s) and
EEG(s)/Electroencephalography/Electroencephalogram(s) that present in
the title of published journal articles and conference papers.

make it di�cult for simple signal preprocessing technique to identify them

from EEG. Therefore the use of simple �ltering or amplitude threshold to

remove artifacts often results in poor performance both in terms of signal

distortion and artifact removal.

Many attempts have been made and still being made to develop suit-

able methods for artifact detection and removal with the help of recent

advancement in signal processing techniques/algorithms in the past decade

and a half. Figure 3.1 shows the trend of EEG artifact research from

year 2000 till last year which suggests an increasing trend of the no. of

article published in the recognized journals and still counting. However,

there is no universal complete solution yet and hence still an active area

of research. After careful reviewing most of the relevant artifact detection
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removal algorithms/methods in the literature, we realize there is a gap be-

tween designed algorithm and its target application. Most of the available

techniques are not application-speci�c and therefore unnecessary computa-

tional burden arises. Considering this scenario, we present a comparative

analysis of the existing methods/algorithms with their advantages, limita-

tions and application-speci�c challenges.

3.2 Existing Artifact Handling Methods

First of all, we present the di�erent artifact handling methods found from

extensive literature review as follows:

3.2.1 Artifact Avoidance

Artifact avoidance is a preventive and precautionary way to avoid or min-

imize artifacts by instructing the subject to remain still and try to avoid

unnecessary blinks, eye/body movements. Also by proper grounding of

the EEG recorder, one can reduce the supply mains interference. Arti-

fact avoidance is not the best way to get rid o� artifacts completely, but

by minimizing artifacts it can reduce both the data loss and the compu-

tational complexity. However, based on applications, sometimes this is a

very unrealistic solution; e.g. in an ambulatory EEG monitoring or BCI

applications. Moreover, there are several limitations to employ such ap-

proach since some of the physiological artifacts (e.g. ECG) are involuntary

and therefore cannot be avoided. In addition, the subject cannot limit eye
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blinking or movement for a long period of time, especially if the subject is

neonatal or children. Therefore, there will always be some artifacts present

in the recording and those should be handled in the digital signal processing

domain.

3.2.2 Artifact Detection

Identifying artifacts is the �rst and most important step for handling ar-

tifacts. Often the artifacts overlap with EEG signals in both spectral and

temporal domain such that it becomes di�cult to use simple �ltering or

straight forward signal processing technique. In many applications, it is re-

quired to identify or separate artifacts in real-time, therefore knowing both

the artifact and signal characteristics is really necessary in order to de-

tect them faster. Detection of artifacts may refer to detecting a particular

epoch or detecting an independent component to be artifactual. Whether

it should be detected in time domain or frequency domain or even in both

by utilizing time-frequency analysis, this decision depends on the type of

artifacts and/or type of applications. The detection method also varies de-

pending on whether a reference artifact source is available or not, whether

the no. of channels are enough, whether we want to remove the artifacts

after detection and so on.
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3.2.2.1 Machine Learning

Few existing methods adopted the idea of machine learning (mostly super-

vised learning) for artifact separation from useful EEG signal by training

a classi�er with (supervised) or without (unsupervised) labeled training

datasets. Once artifactual epochs are identi�ed by applying a machine

learning algorithm, such epochs are either highlighted as artifact annota-

tor to the clinicians for helping in decision making (e.g. seizure detection)

or can be rejected before examination from clinician or before sending to

automated signal processing system [55].

Machine learning techniques are mainly two types: supervised and un-

supervised learning. Among supervised learning algorithms, two most pop-

ular methods used for classi�cation between artifact and brain signals are

ANN [56, 57, 58, 59, 60] and SVM [55, 61, 62, 63, 64, 65]. Among unsuper-

vised learning, k-means clustering and outliers detection are most common

in this particular area of research [55]. A basic approach to classify artifact

from EEG by using the machine learning classi�er is shown in Figure 3.2.

3.2.3 Artifact Rejection

The easiest way to remove the in
uence of artifacts after detection is to

reject/cancel the epoch or segment of EEG data which is found to be arti-

factual. This process not only removes artifact but also removes important

EEG information which results in the loss of data. This is the early days

way of handling artifacts, but nowadays with the introduction of recent
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Figure 3.2: Machine learning classi�cation for identifying artifactual epoch
from clean EEG epoch.

signal processing techniques, the preference is more on the techniques for

artifact removal or correcting them instead of rejecting the data epoch.

However, in certain applications, this technique can still work reasonably

well, e.g. o�ine analysis or during training of any classi�er.

3.2.4 Artifact Removal

Artifact removal involves canceling or correcting the artifacts without dis-

torting the signal of interest. This is primarily done in two ways: either by

�ltering and regression or by separating/decomposing the EEG data into

other domains.

3.2.4.1 Regression

Regression analysis using a multi-modal linear model between observed

and a reference signal is a traditional way of identifying artifactual samples

and consequently removing such sample that do not belong to the model.
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Observed artifact-contaminated EEG signal and an artifact reference sig-

nal are common methods for removing some physiological artifacts such as

ocular and cardiac artifacts. However, such regression analysis often fails

when there is no reference channel available. In addition, EEG signal be-

ing non-linear and non-stationary process, linear regression is not the best

choice for analysis in such applications. Moreover, it can only be used to

treat few particular types of artifact, not all types.

3.2.4.2 Blind Source Separation

One of the most popular artifact detection methods is based on BSS. Here

the observed signals,X in multi-channel recordings are assumed to be linear

mixture of the sources,S with additive white noise vectorN

X = AS + N (3.1)

The objective is to �nd an estimate of the linear mixture matrix, A

denoted byW by an iterative process and then estimate the source signals,

S0 by following formula:

S0 = WX (3.2)

The assumption with BSS is that the number of sources can be at most

equal to that of observed channels (or lower) and the sources need to be

independent (for ICA) or maximally uncorrelated (for CCA) from each

other. A basic BSS technique is illustrated in Figure 3.3.






























































































































































































































































































































































































































