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Abstract

This technical report will detail the activities of the Curi osity Cloning project
conducted at Dublin City University (DCU) in conjunction wi th the Advanced Con-
cepts Team (ACT), funded through the European Space Agencies (ESA) Ariadna
scheme. The primary objective of this project was the utilization of a cheap, com-
modity Electroencephalography (EEG) device which has onlyfour nodes, to the
application of `oddball' style, visual RSVP experiments. During this project we
determined that it was indeed possible to employ such a device which captured suf-
�cient information that discriminative classi�ers were ab le to be constructed, which
for a given subject, were able to classify that subjects stimuli response into either
oddball or non-oddball events, at speeds of up to 50 milliseconds. Furthermore, in
this project we pushed beyond the binary class distinction of oddball versus non-
oddball, and introduced a third type, the non-obvious oddball. This class of oddball
was designed such that it enabled the capture of data from anèxpert' subject, as
to what they found `interesting' in a series of presented stimuli. Our experiments
demonstrate that there is some applicability to this, and warrants continued inves-
tigation.
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1 Background

Autonomy is at the heart of the technological developments needed to accelerate the
exploration of our solar system and, more in general, to increase the return of any
space mission. The more autonomy we are capable to provide toa space agent1 the
smaller the cost of its mission and the higher its potential commercial and scienti�c
returns. The pioneering Autonomous Sciencecraft Experiment is active on-board the
Earth Observing-1 (Chien et al., 2005a) mission since 2003.The experiment makes use
of a number of cutting edge algorithms based on techniques rooted in machine learning,
autonomous planning and scheduling, robust task executionand pattern recognition.
This software is demonstrating the potential of using on board decision-making to allow
detection, analysis, and reaction to events classi�ed as scienti�cally relevant. In 2007, the
two NASA rovers Spirit and Opportunity received an update which made them able to
detect dust-devils in the Martian landscape (Castano et al., 2008). This constituted the
�rst on-board science analysis process on Mars, and so far the only example of selective
data acquisition by exploratory rovers. The algorithm (sti ll in use) is essentially based
on the detection of changes between subsequent pictures andworks well whenever the
acquisition campaigns are run in still conditions. The picture interest is, for the two
rovers, thus related to the \amount" of moving objects in the picture itself. While the
experiment is a big step forward in the technological development of intelligent space
agents displaying autonomous properties, many questions remain open and much more
research e�ort is needed to understand fully the implications and challenges of providing
space agents with autonomous decision-making capabilities.

One of the key points central to understanding how autonomy should be realised
and implemented is the design of algorithms able to classifyimages that are of scienti�c
interest. The main di�culty is clearly the de�nition of what is scienti�cally interest-
ing. Typically, scientists would explicitly de�ne in advance the characteristics that a
scienti�cally interesting image should possess. More speci�cally, taking into account ex-
pert knowledge to de�ne the phenomena and properties we are looking for, they would
create machine learning algorithms based on pattern matching that would detect those
prede�ned phenomena. This is exactly the case with the software running on Spirit
and Opportunity. But even if this prede�ned and explicit de� nition of the scienti�cally
interesting element in a given image can work well enough to provide what we expect, it
would fail to detect anything that falls slightly out of the s trictly de�ned borders of the
expected. Contrary to such an approach, using animplicit de�nition of the scienti�cally
interesting may allow for broader and more fuzzy classi�cation borders, which could
result in algorithms able to return not only the strictly de� ned and expected but also
a set of images with unexpected but relevant properties. Thechallenge when following
this approach becomes how to create a training set for a classi�er. One option is to
resort to what is typically referred to as the interviewing or interrogation technique. Ex-
pert scientists would be interviewed on a particular set of pictures (Chien et al., 2005b),

1We use here the term space agent introduced in Girimonte and Izzo (2007) to indicate \satellites,
humans, robots, modules, sensors, and so on".
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simply classifying or ranking them; subsequently a computer would be trained to have
a similar response to the one of the interviewed scientist. In this way, the computer has
to automatically extract the relevant features that guided the expert's decision-making
and learn to use them in such a way so to mirror the expert's classi�cation.

However, despite the simplicity of such a methodology, there are various drawbacks
involved. For example, it requires the scientists to undergo long sessions of image clas-
si�cation that may prove to be particularly tiring and cumbe rsome, which in turn can
result in the disruption of a rational decision-making. Moreover, this approach is sub-
ject to the fuzziness of the scientist reasoning when placing a highly cognitive judgement
upon each picture. In other words, the scientist will repeatedly consciously �lter the
image, eventually merging even contradictory verdicts to one binary classi�cation or a
ranking. In the following, we present the rationale that lies behind and the implementa-
tion of an alternative approach to creating such an implicit training set for a classi�er;
in particular, the information about the expert's classi�c ation is extracted directly from
his/her brainwaves.

The focus of this study therefore is to exploit the automatic responses in the brain
in response to a stimulus event, which can be detected via a Electro-EncephaloGraphy
(EEG) device. These responses, known as Event-Related Potentials (ERP), are triggered
within the brain in response to di�erent sorts of stimulus, such as viewing a face, thinking
a particular thought, etc. For this study, we are focusing our activities on the detection
of the P300 ERP in response to visual stimulus. The P300 is a well studied ERP which
has several attractive properties for this type of study. It's magnitude can correlate with
the level of attention that a stimulus elicits and it is repor ted to be partially independent
from consciousness, meaning that no active decision makingis required by the subject.
As such, the P300 has found numerous applications in the �eldof Brain-Computer
Interfaces (BCI), and is an obvious candidate for study in our experiments. To elicit a
P300 response we will be utilizing the `Oddball' experimental paradigm.

The oddball experimental paradigm is one in which a subject is presented with a series
of `stimulus', where the stimulus may be auditory, visual, tactile, etc. The majority of
the stimulus will be similar to each other and present no discern-able di�erences. These
stimulus we refer to as `Non-Oddball' stimuli. Throughout t hese stimulus artefacts there
will be `Oddball' stimulus, which di�er considerably from t he `Non-Oddball' stimuli,
and will be relatively rare in occurrence, for example having approximately 10% of all
stimulus being `Oddball' stimuli. The subject on encountering an oddball event will
produce an oddball response. It was through an oddball styleexperiment that the P300
ERP was discovered in 1965 (Sutton et al., 1965). As such the oddball style paradigm
can be utilized to �rstly capture a subjects P300 response, but secondly, to discover
what stimulus evokes a P300 ERP, and it is this later point which is the foundation of
this study, as we aim to capture what triggered a P300 in a subject. In this study, we
will be utilizing visual stimulus which will be presented th rough a Rapid Serial Visual
Presentation (RSVP) protocol. The application of the RSVP protocol in our work is
essentially a �xed speed presentation of visual stimuli which requires no interaction from
the subject in order to advance the image stream.
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2 Motivation

The motivation for our work is inspired by the work of (Gerson et al., 2006) who con-
ducted an experiment where a simple image classi�cation task is performed by ranking
images according to the amplitude of the P300 brain wave2 recorded during a RSVP
protocol experiment based on the `oddball' paradigm. The results of this experiment,
and the vast pre-existing literature available on the detection and use of the P300 wave
for di�erent applications, suggests that it is possible to record EEG signals during an
RSVP experiment, then using machine learning techniques tocreate a classi�er which
can determined based upon a subject's EEG readings whether aparticular stimulus was
found of interest (i.e. oddball vs. non-oddball). In other words, the EEG signal could
be used to determine images of interestsub-consciously, rather then having the scientist
analyse and explicitly perform such a classi�cation of interesting versus non-interesting.

Fundamental to this work is the EEG device itself. Historically the EEG was a device
available only to medical facilities and research centres in the �eld of neuroscience. These
devices were relatively large and very expensive. The detection of ERP's through an
EEG is via the placement of electrodes on the subjects scalp,which for medical grade
equipment could be up to 256 nodes. The EEG is a non-invasive device which detects
electrical signals within the brain, via the electrodes. Recent advances in EEG technology
has seen the cost of these devices plummet, however with a corresponding decrease in
the sophistication of these devices. The unique angle whichDCU brings to this project
was the application of a very cheap, $1000 US dollar, 4-node device. This 4-node device
whilst being very cheap, lacks the spatial resolution that EEG devices which contain
more nodes have available. At the beginning of this project,it was not clear if such a
device would have any useful application, or if indeed it could produce data of su�cient
quality in order to create the stimulus classi�ers. A speci� c discussion of the DCU EEG
device will be presented later in this report.

Furthermore, at the commencement of this project, we found that there was sparse
literature available which examined the presentation speed for visual stimulus and its
relationship to accurate ERP detection and the subsequent impact on the creation of
accurate classi�ers. For example, there is little point in conducting an EEG oddball
experiment for image classi�cation, if the rate of images being presented to a subject
which allowed for accurate stimulus classi�cation, is slower than what a subject could
actively annotate those images. What literature was available did not examine this
relationship when the spatial resolution of a 4-node setup was utilized during the data
capture. Therefore, at the commencement of this project, several large unknown factors
were present which highlighted the challenges inherent in our approach.

The general aims of this project therefore were:

� To develop a methodology for use with the 4-Node EEG for its application to an
RSVP oddball experiment.

2For a good review on the P300 and the event related potentials in general see Hruby and Marsalek
(2002)
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� The construction of discriminative classi�ers on a per subject basis for the di�er-
entiation of oddball from non-oddball stimulus.

� To determine in an RSVP oddball experiment, what is the e�ect of the image
presentation speed on both EEG readings and classi�cation accuracy.

� The expansion of the discriminative classes to include a `non-obvious oddball' class,
so as to assist in the capture of expert knowledge versus non-expert knowledge.

� To determine if a subject's scienti�c expertise is able to becaptured within the
experimental paradigm, where the comparison will be to examine di�erences in
results from scienti�c experts and non-experts?

To explore and develop these aims, a series of speci�c experiments were devised,
both by the Advanced Concepts Team (ACT) and DCU, which allowed for a thorough
exploration of these aims. As such, these experiments and their speci�c outcomes will
be discussed later in this report.

The remainder of this report is organized as follows. In Section 3 we will describe our
experimental setup, including the hardware and software used, the datasets employed
and a description of the experiments and their parameters which were conducted. Section
4 will provide a brief overview of ERP's, and provide some context to their elicitation
which will assist in interpreting our experimental results. We will describe our signal
processing techniques and learning frameworks in Section 5, which were employed to
extract and learn the stimulus responses from any given subject. Following this in
Section 6 will be the results from the described experiments. Finally in Section 8 we
will present our conclusions learned through completing the Curiosity Cloning project,
and present our observations on the experience and a re
ection on how close we came
to achieving our aims.

3 Experimental Setup

This section will detail the experimental parameters of the Curiosity Cloning project.
It will begin with a discussion of the apparatus used, followed by a description of the
experimental methodology from the perspective of the subject. Next this section will
detail the experimental data sets, and the speci�c experiments which they will support,
which will include the variance of presentation speed, stimulus events, repetitions and
so forth.

3.1 Apparatus

The apparatus used within this experiment involved both physical and software com-
ponents. Primarily, the physical apparatus were supplied by DCU, whilst software for
subject interaction was primarily provided by ESA for the execution of the experiment.
The description of the approaches for signal processing andmachine learning are de-
scribed in Section 5.
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Hardware

The primary apparatus for these experiments was a low-resolution EEG device con-
structed within DCU, which could be classi�ed as a Cheap Of The Shelf (COTS) pro-
curement. However, the conducting of an EEG experiment doesnot occur within a
vacuum, and the other instruments used during the experiments can have a demonstra-
ble impact upon results. As such we will detail all of the experimental apparatus in this
section.

EEG Device The EEG device used for our experiments was the `Pendant EEG'device
3. This is a 2-Channel device capable of sampling at 254 Samples Per Second
(SPS) with 12-bit resolution. The individual devices are untethered, a wireless
transmitter is clipped to the subject's clothing and a wireless receiver, connected
via USB, is attached to the computer running the experiment.

However, because of the comparatively the low number of channels this device
provides, DCU were able to construct an EEG device which utilized two of the
Pendant EEG devices to create a 4-Channel device. The construction of this
device shared a joint mastoid reference between the two Pendant EEG devices,
and necessitated the creation of a driver for this device. Extensive pre-calibration
of this device demonstrated the success of this device as it showed no loss in signal
quality for individual channels over using a single PendantEEG device.

Computer The computer described here was the machine present in the same room
as the subject and ran the CCViewer software. This machine was an Intel Q6600
quad-core machine with 4Gb of RAM, running Windows XP.

Monitor Originally we had intended to use an LCD monitor for use in these exper-
iments. However after consultation with domain experts at other institutions in
Dublin, we were advised to switch to a CRT monitor, which we subsequently de-
ployed for these experiments. The primary reason for this isthat a CRT monitor
is an analogue device which refreshes the screen at a �xed, constant rate (i.e. the
refresh rate, measured in hertz). This means there are no variables in terms of
calibrating what is displayed on the screen against when thecomputer requested
a new image to be displayed. LCD monitors conversely are digital devices, and
have a degree of intelligent processing built into them, which while advantageous
for non-experimental use, can introduce noise into experimental readings. This is
because the refresh rate of a LCD monitor is not a true refreshrate, but rather an
approximation as there is not a constant re-drawing of the screen image as is the
case with a CRT monitor. The LCD monitor can remain static if c ertain pixels
do not require to be changed after a signal from the computer,whereas the CRT
monitor will continually refresh all of the screen at a constant rate. The monitor
was colour calibrated using a Pantone Huey colour calibration device.

3Available from: http://www.pocket-neurobics.com/
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Room The room we utilized within DCU was an anechoic chamber, located within the
basement of the Engineering department within DCU. This room had no natu-
ral sources of light, and was located in a quiet area of the building. Being an
anechoic chamber, it was extensively insulated to signi�cantly reduce noise, so as
to reduce the possibility of errant oddballs being triggered from non-experimental
audio stimulus. The room itself was lit by a lamp holding an incandescent light
bulb. This was preferable to the overhead 
uorescent lighting, as it reduced elec-
trical interference. Light levels were measured within theroom and found to be a
constant 17 luminems.

Subject Positioning Within the room was located the monitor, computer, and chair
for the subject to sit in during the experiment. The chair was a standard four
legged chair so as to reduce errant muscular movement which again might trigger
non-experimental ERPs. The chair was located 1 metre from the screen, with
markings on the 
oor to ensure a constant positioning. Depending on subject
there would have been a degree of variability of the distancefrom the screen to
the subjects eyes, however this was to be expected within oursetup as we were
not utilizing any head stabilization apparatus.

Biometric Sensors In our original project proposal we stated that we would util ize
two biometric devices to provide further biometric readings to be taken during
the experiments. These devices were a heart-rate monitor worn around the chest,
and a galvanic skin response device worn around the bicep. Whilst we conducted
measurements from these devices, the temporal resolution of these devices was
insu�cient to assist directly in the determination of oddba ll versus non-oddball
event. Our aim was to utilize these devices to determine the overall state of rest of
the subject during the experiment, such as examining heart-rate and its variance,
so as to determine if the subject was under stress. By so doing, we had hoped that
we could use this information to determine if a particular reading may be more or
less noisy depending on the state of the subject. However, inpractice we found
that we did not gather su�cient readings on a per subject basis so as to determine
a biometric baseline for each of our subjects, particularlyas we did not use the
same subjects across experiments on di�erent datasets. Therefore the information
we gathered from these devices was too noisy for application. We believe however
that additional readings from biometric devices will be of bene�t to the elicitation
of EEG readings from a subject and their subsequent analysisremains an area
worthy of further investigation.

Software

Several software components were developed to execute the study, these are detailed as
follows:

Curiosity Cloning Image Viewer CCViewer, (Ruci�nski, 2008) is a dedicated appli-
cation for images presentation that has been developed and published by the Ad-
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vanced Concepts Team in order to meet the requirements imposed by the Curiosity
Cloning study. As indicated in section 2, the experiments conducted within the
project required that the image presentation was fast, precise, reliable and veri�-
able. First of these requirement was needed to analyse the impact of the image
presentation speed on the P300 signal readings and test the response to subcon-
scious stimuli. At the same time, precision and reliability were necessary to rule
out the impact of irregularities of image presentation timings on biomedical read-
ings (recall that P300 signal has been proved to be strongly connected to the e�ect
of surprise). Finally, because slight imperfections of image presentation may not
always be easy to spot, the software had to be able to self-monitor and report on
its performance. These goals were met by using capabilitiesof the state-of-the art
multimedia interfaces (namely Microsoft DirectX 9) and endowing the program
with extensive logging features. CCViewer has been made publicly available via
the web portal SourceForge as an open-source application under a BSD license
(CCV (2009)).

Pendant EEG Device Driver Since the pocket EEG was intended for the biofeed-
back consumer market, software to interface with the devicewas only available
using o� the shelf biofeedback software such as BioExplorerand BioEro. This
software from initial testing did not sit well to the style of application we wished
to develop and test, so our own custom in-house software was constructed to in-
terface with the device. A python driver program was developed to interface
with the pendant EEG devices (through full protocol implementation) to provide
data values from the devices in real-time on a TCP/IP port. Th ese system clock
timestamped values were also written to a �le for the subject's session (for later
processing). A second piece of software allowed us to view inreal-time the sensor
values being acquired across the network. This allowed for the monitoring of the
experiment from outside of the anechoic chamber. This capability allowed us to
identify problems with the pendant in operation such as a loose nodes, bad wireless
connectivity from the devices and obvious signal interference. The key point in
doing this was to allow us to have system clock time stamped values from devices
so as to have a consistent reference point for interpreting the image display time
log �les from CCViewer, and to be also able to diagnose deviceproblems while
preforming the experiments.

Subject Driven Experimental Control A text-driven control program was devel-
oped for the subjects to drive the pace of the experiment. This program be-
fore each session was passed a �le, specifying the experiments to be conducted
with a given subject for that session. The program would automatically launch
CCViewer, initialized with the current trial to run, such th at the subject never
had to use a mouse or interact meaningfully with any computersoftware. At the
end of each trial, a command prompt requested the subject to enter the number
of oddballs detected during the last trial. Once the subjectentered this data, the
next trial was launched. By taking time to enter the number of oddballs counted,
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this mechanism allowed the subject to take small breaks if they felt they were
getting fatigued, whilst the automated nature of the speci� cation and execution of
the trials, minimized the human error of the wrong trial bein g executed.

3.2 Subjects

The subjects which we used for these experiments were young adults, ranging in age
from 23-33, with a bias towards male participants.

The subjects were each provided with the same instructions,which were derived
from consultation with the ESA and with domain experts in Dub lin. Each subject was
instructed to stare at a �xation cross, which was centred in the middle of the screen,
throughout each of the experiments. Subjects were requested to minimize blinking as
much as possible, as blinks can generate non-experimental ERPs, and thus introduce
noise. The subjects were asked before the commencement of the experiment to count
the number of oddballs detected in each series of experiments. On advice from the
domain experts, we restricted each experimental session toa maximum of one hour in
duration, excluding setup, as fatigue can be expected to have a detrimental impact upon
oddball detection after this time. Factoring in the duratio n of each experiment and some
rest time, our experiments were scheduled typically to last45-50 minutes in duration.
Experiments were conducted within o�ce hours, typically ei ther in the morning, or after
lunch, so as to maximize the chances that a subject had experienced some rest before
commencement.

Through our exploration of the literature and our own prior experience, we had
determined that we would require a large base of subjects forthese experiments. Our
subjects were divided into three groups (n.b. the experimental datasets referenced here
will be described later in this section):

1. Pre-Experiment Calibration Subjects (4): These subjects were utilized purely for
the purpose of `test-driving' our experimental setup. Theyallowed us to determine
which aspects of our setup were functional, and where we needed further re�ne-
ment. The readings derived from this set of subjects was not used in any of the
analysis of our experiments.

2. Set 1 Subjects (4): These subjects completed the Set 1 series of experiments as
speci�ed by the ESA. These subjects completed these experiments in two sittings
of one hour in duration, within the same day, typically separated by a break of 1-4
hours.

3. Set 2-3 Subjects (6): This �nal set of subjects was comprised of two sub-groups.
First we had four `lay' subjects, otherwise referred to as non-expert subjects. The
second group were our expert subjects, one from the ESA, the other from DCU.
Details of the di�erences between these subjects and the experiments completed
will be detailed in the experimental section of this report.
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3.3 Experiment Methodology

The experiments conducted within this study are primarily centred around `oddball'
detection experiments. As stated in the motivation, one of the key aims of this study
is to determine if it is possible to capture what an individual �nds of interest in a
set of images, where interest is assumed to present itself asan ERP similar to that
of an `oddball' signal (P3 event). Coupled with this are variables being explored which
include visual stimulus presentation speed, the amount of stimulus shown per trial, visual
distances between stimulus and learning e�ects.

3.4 Data Collections and Associated Experiments

Overall there were seven major classes of experiments whichwere de�ned, which utilized
three di�erent datasets of varying visual complexity. These three datasets were:

1. Simulated Martian Rocks

2. Optimization Visualizations

3. SenseCam Images

where the visual complexity of the images increases with each subsequent set, such that
the �rst set is black and white images, the second is computergenerated colour images,
and the �nal set is colour natural images. This section will now detail each collection and
describe the experiments each supports. The �rst two datasets are publicly available,
whilst the third is restricted and cannot be redistributed.

3.4.1 Collection 1: Simulated Martian Rocks

The �rst set of conducted experiments has been associated with a collection of pictures
called Simulated Martian Rocks. The pictures were preparedby the Advanced Concepts
Team and contained consistently illuminated stones arranged in a way that they create
a complete background (see �gure 1b). Occasionally, a whitemodel of a spacecraft
was inserted in the stones (see �gure 1a), and such pictures constituted oddballs. The
collection contained in total 3204 di�erent background and 25 oddball images. Such a set
of pictures complies directly with the classical oddball paradigm (Hruby and Marsalek
(2002)).

The picture collection has been used in several experimentswhose aims were the
following:

� con�rm that the P300 signal can be reliably detected with our experimental set-up
and available tools, i.e., to a certain extent replicate theresults obtained by Hruby
and Marsalek (2002) (Experiment 1, Calibration );

� analyse how the reliability of the detection of the P300 signal is a�ected by the
rate of the image presentation (Experiment 2, Presentation Rate);
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(a) (b)

Figure 1: Examples of an oddball (a) and non-oddball (b) images from the Simulated
Martian Rocks collection.

� investigate if P300 activity is also evoked when the image presentation rate rules
out conscious perception of visual stimuli (Experiment 3, Subconscious Perception);

� assess the impact of potential memorisation of the presented image sequence after
several repetitions by the subject on the detection of the P300 (Experiment 4,
Learning).

Every experiment involved presentation of one or more imagesequences to the subjects.
Before the start of the experiments, the subjects were verbally instructed to count im-
ages containing the spacecraft model and were presented examples of an oddball and
non-oddball image. After that, the actual sequence of the images was presented while
biometric measurements were being taken, always preceded by a 5 seconds long count-
down screen that allowed the subjects to prepare for the experiment, reducing the sur-
prise e�ect on the start of the image presentation. In the following paragraphs detailed
parameters of the four experiments are presented.

Experiment 1, Calibration . As stated earlier, the goal of this experiment was to
verify that the assumed experimental setup allows reliableP300 detection. Param-
eters of the experiment are shown in table 1 and explained below. The experiment
involved 4 subjects and 5 di�erent sequences of images. Eachof these sequences
consisted of 40 images, 4 of which were oddball images. Oddballs were placed
randomly in the image sequence. The experiment was repeatedtwice (using the
same 5 sequences) for each subject after an arbitrary rest period. Every image was
presented to the subject for 500 milliseconds (Image Display Period, IDP), after
which a neutral background appeared for another 500 milliseconds (Inter Image
Period, IIP), resulting in one image per second presentation rate. Thus, the pre-
sentation of one complete image sequence in this experimenttook 40 seconds. The
relatively low image presentation rate in this experiment should allow very reliable
detection of the P300 signal.
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No. No. Images Oddballs Repetitions IDP/IIP T (s)
of subjects of sequences in seq. in seq. (ms)

4 5 40 4 2 500/500 40

Table 1: Parameters of the Calibration experiment

No. No. Images Oddballs Repetitions IDP/IIP T (s)
of subjects of sequences in seq. in seq. (ms)

4 5 40 4 2 500/500 40
4 5 67 7 2 300/300 40
4 5 133 13 2 150/150 40
4 5 200 20 2 100/100 40
4 5 400 40 2 50/50 40

Table 2: Parameters of the Presentation Rate experiment

Experiment 2, Presentation Rate . As the goal here was to understand how fast the
images can be presented to the subjects while still registering a P300 response, this
experiment involved image sequences of di�erent lengths presented with increasing
image presentation rate. The number of images was adjusted to the change in
presentation rate, so that the total duration of one sequence remained equal to
40 seconds. The number of oddball images present in the sequence was adjusted
accordingly, so that the ratio of the number of oddball images to the number of
non-oddball images was kept to the same level (10%). The oddballs were placed
randomly in the sequences. As for the �rst part of the experiment, since all pa-
rameters are identical to the ones used in the Calibration experiment, the results
of the latter were re-used. Parameters of the experiment arepresented in Table 2.

Experiment 3, Subconscious Perception . In order to check if the brain activity
related to oddballs can be detected even when the image presentation rate is too
high to allow conscious perception, a much higher image presentation rate than
in the �rst two experiments has been used here and no inter-image blank was
used (IIP=0). Two timing options have been used, resulting in displaying 30
and 60 images per second respectively, which is higher than the commonly agreed
threshold of conscious perception, being 20 images per second (Hoshiyama et al.
(2003)). For these two options, 10 di�erent image sequenceshave been used, each
of them containing exactly one oddball image (this fact however was not known to
the subject). The oddball image placement was random, however it was enforced
that it is placed within the �rst third of the sequence for 3 ou t of 10 sequences,
within the middle third for 4 out of 10 sequences and within the last third for the
remaining 3 sequences. All parameters of this experiment are summarised in table
3.

Experiment 4, Learning . Finally, the issue of learning the image sequence by the
subject in the case of a subsequent presentation of the same image sequence, and
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No. No. Images Oddballs Repetitions IDP/IIP T (s)
of subjects of sequences in seq. in seq. (ms)

4 10 300 1 2 33.3/0 10
4 10 600 1 2 16.7/0 10

Table 3: Parameters of the Subconscious Perception experiment

No. No. Images Oddballs Repetitions IDP/IIP T (s)
of subjects of sequences in seq. in seq. (ms)

4 5 100 10 5 100/100 20

Table 4: Parameters of the Learning experiment

its impact on the P300 detection was addressed. In this experiment, a slightly
di�erent protocol than in the previous ones was used. Each ofthe subjects was
shown 5 di�erent image sequences, but each one of them was repeated 5 times one
time after another. Moreover, the subject was made aware of this fact in advance,
being verbally instructed that \the same image sequence is going to be repeated 5
times". Relatively high image presentation rates have beenused in order to evoke
mistakes on behalf of the subjects and to allow the observation of a learning e�ect,
if present. All parameters of the experiment are given in Table 4.

3.4.2 Collection 2: Optimization Visualizations

[ESA]
The second set of conducted experiments aimed to answer questions concerning the

relation between ERPs and expert knowledge and scienti�c curiosity. In order to meet
these objectives, a special set of visual stimuli has been used, as well as two types of
experimental subjects|a person with profound scienti�c kn owledge about the stimuli
(expert) and non-experts.

The visual stimuli used in this second set of experiments were taken from ESA's
database of \multilayer coatings for thermal applications" 4. The database contains
images obtained during the process of designing a multi-layered material exhibiting
prede�ned thermal emissivity pro�les (which are called targets). Spectral directional
properties of a material can be presented as 2-dimensional contour plots with axes rep-
resenting angle and wavelength parameters and with the colour of the point representing
the magnitude of the target parameter (for example emittance). Di�erent materials, in-
cluding the ideal target solution, correspond to di�erent p lots which appear as di�erent
2-dimensional contours. However, as a material matching exactly the desired properties
is not obtainable, the best found solution will only be similar to a certain degree to the
ideal target solution. This \degree of similarity" is relat ed to a simple pattern matching
process (e.g. the image looks similar to the target image) innon-expert subjects, and to
more complex cognitive processes in the expert (e.g., consideration on the physics of the

4The database can be visited at the link www.esa.int/gsp/ACT/nan/op/bigrunresults.htm

16



(a) (b)

(c) (d)

Figure 2: Examples of a target (a), obvious oddball (b), non-obvious oddball (c) and
background (d) images used in the �rst experiment of the second phase.
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h
No. No. No. Images Oddballs Repetitions IDP/IIP T (s)

of subjects of targets of sequences in seq. in seq. (ms)
per target

4+1 2 5 50 3+3 2 500/0 25

Table 5: Parameters of the Expertise experiment

emissivity pro�les, experience of what can be considered a good match for the emissivity
pattern, etc.). The image sets used were taken from di�erentoptimisation experiments
for di�erent desired ideal properties of the material and for solutions of di�erent quality.
The contours were plotted in a normalised range of parametervalues and stripped from
the axes and the legend.

This image set was used to conduct experiments aimed to answer the following ques-
tions:

� Is there a di�erence in P300 responses between subjects who possess scienti�c
knowledge about presented stimuli and non-expert subjects? (Experiment 5, Ex-
pertise)

� Is a subject's scienti�c curiosity imprinted on the brain wa ve activity?( Experiment
6, Curiosity )

Experiment 5, Expertise . This experiment was designed to �nd out if there is a dif-
ference in P300 responses between subjects who possess scienti�c knowledge about
presented stimuli and non-expert subjects. The experimentused a modi�cation of
the oddball paradigm, with two types of oddballs: obvious and non-obvious. In
each session, the non expert subject was presented an image corresponding to the
target solution and instructed to \look for similar images" . The subject was also
shown an example image considered an obvious oddball in order to be informed
about the amount of acceptable di�erences between target solution and \good"
solutions. Then a sequence of images was presented, which contained plots of ma-
terials with properties di�erent from the ideal target (bac kground images), very
similar to the target (obvious oddballs) and slightly simil ar to the target (non-
obvious oddballs). Examples of such images are shown in Figure 3.4.2, whilst the
parameters of the experiment are presented in Table 5.

In total 5 subjects were used, 1 expert (the European Space Agency's scientist con-
ducting the aforementioned study on multi-layered materials) and 4 non-experts.
Two di�erent target images were used, with 5 image sequencesprepared for each
of them. Every sequence contained 3 obvious and 3 non-obvious oddballs. As in
previous experiments, every measurement was conducted twice. A moderately fast
image presentation rate without the Inter-Image Period wasused, which resulted
in sequences of 25 seconds in length.

Experiment 6, Curiosity . This experiment was conducted on the expert subject
only. No target image has been used. Non-interesting background images were
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h
No. No. Images Oddballs Repetitions IDP/IIP T (s)

of subjects of sequences in seq. in seq. (ms)
1 5 50 10 2 750/0 37.5

Table 6: Parameters of the Curiosity experiment

mixed with potentially interesting oddball images selected by researchers preparing
the image sequences, and which represented material properties that may evoke a
subject's curiosity. The subject was instructed to \look for interesting properties
in the displayed images". Parameters of the experiment are shown in Table 6.
Di�erently from the Expertise experiment, the (expert) sub ject is no longer asked
to perform pattern matching. Instead, with this experiment we wish to assess the
potentiality of a subject's scienti�c curiosity being impr inted on his brain wave
activity. Should we be able to subsequently train an arti�ci al system that displays
similar curiosity and attention properties to the ones of the scientist, that machine
would be able to look for scienti�cally interesting features in images in the same
way the scientist would.

3.4.3 Collection 3: SenseCam

To provide an analogue to the ESA expert experiments, we created the `SenseCam'
dataset, which is a collection of low-quality personal photographs taken by a SenseCam
device (Smeaton et al., 2006). The SenseCam is a personal wearable camera, worn on
the front of the body, suspended from around the neck with a lanyard. It is light and
compact, about one quarter the weight of a mobile phone and less than half the size. It
has a camera with a �sheye lens and a range of sensors for monitoring the environment
by detecting movement, temperature, light intensity, and the possible presence of other
people in front of the device via body heat. The SenseCam regularly takes pictures of
whatever is happening in front of the wearer throughout the day, triggered by appropriate
sensor readings. Images are stored on-board the device, with an average of almost 3,000
images captured in a typical day, along with associated sensor readings.

As such, the images produced by the SenseCam are by their verynature, uniquely
tied to the wearer of the SenseCam, as they capture the personal experiences of that
subject in their everyday lives. Therefore, we hypothesized that if we were to examine
the ERP responses of the owner of a SenseCam viewing their images, versus another
subject viewing the same images, that di�erent ERP's shouldbe elicited as the images
should `mean' something di�erent to the owner of the images. Therefore we view this
collection as being comparable to the optimization visualization collection, where we
have e�ectively an `expert' subject, the owner of the SenseCam's images, and a set of
non-expert subjects.

Experiment 7, Directed Oddball . This experiment is designed to compliment ex-
periment 5, where e�ectively we have an oddball detection task, and our subjects
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h
No. No. Images Oddballs Repetitions IDP/IIP T (s)

of subjects of sequences in seq. in seq. (ms)
4+1 1 500 50 1 300/300 300

Table 7: Parameters of the SenseCam directed task, Experiment 7

h
No. No. Images Repetitions IDP/IIP T (s)

of subjects of sequences in seq. (ms)
4+1 1 500 1 300/300 300

Table 8: Parameters of the SenseCam non-directed task, Experiment 8

are divided into an expert subject and non-expert subjects.The instructions for
this experiment were that the oddball for detection were images of `people eating'.
This topic was chosen as it was considered generic enough that both expert and
non-expert should be able to distinguish if an image contains a view of someone
eating. We consider this experiment to be a directed task, asthe subjects are
informed of what is the oddball. The parameters for this experiment are presented
in Table 7.

Experiment 8, Non-Directed Oddball . Like experiment 7, experiment 8 is de-
signed to compliment experiment 6 in the optimization visualization experiment.
In this experiment, no oddball de�nition is given at all. The instructions for the
subject were simply to view a stream of images which were presented to them. The
intention of this experiment was to determine if there were di�erences between what
the expert subject found of interest, compared against whata non-expert subject
found of interest. The experimental parameters for this activity are de�ned in
Table 8

This concludes the current section, in which we have de�ned our experimental condi-
tions including the apparatus, the datasets and the experimental parameters. The next
section will provide a high-level overview of ERP's, and ourobjectives in their study
within the Curiosity Cloning project. The intention of the f ollowing section is to provide
some context for our analysis of ERP's such that the interpretation of results is more
meaningful.

4 Event Related Potential (ERP)

Event Related Potentials (ERP) are `time locked' responsesof electrical activity in the
brain which occur at approximately the same time after a given event or stimulus (Luck,
2005). Whilst individually observed events will have variance with the exact time and
strength of brain activity, by taking a large sample of these we are able to construct
averages which demonstrate the existence of an ERP in response to stimulus. The act
of averaging multiple time locked readings should make a signal observable over the
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background activity measured by the EEG. Therefore, if we have multiple readings of
brain activity, taken at speci�c times after certain events , we have a set of data which
can be utilized, either to average so as to demonstrate a particular ERP occurring, or
alternatively to use the multiple individual sample to create models which can be used to
classify a given time locked ERP response. The taking of multiple samples to construct
an average sample is known as producing a `grand average'.

Therefore, there are three fundamental objectives of theseseries of experiments de-
tailed within this technical report;

1. The elicitation of ERP's generated by a subject in response to varying experimental
stimulus,

2. The averaging of these time locked ERP's so as to observe the existence of a de�ni-
tive signal which demonstrates the existence of an ERP in response to experimental
conditions, and where possible,

3. The creation of a model(s) which trained with captured ERP data, are able to
conduct discriminative classi�cation, such that the model is able to distinguish
ERP's related to stimulus events from non-stimulus events.

As a grounding in the context of our experiments, the ERP averaging technique is a
long standing method used to distinguish EEG activity modulated by the internal pro-
cessing of a stimulus or preparation of action for a subject.Due to the fact that these
measured EEG signals are subject to the noise of other independent ongoing neural pro-
cesses along with external environmental noise, multiple time locked averages are often
used to elicit a visual representation of EEG activity related to a particular condition
(i.e. the presentation of stimulus vs non-stimulus).

In this report we will demonstrate that it is possible to both visibly and analytically
di�erentiate and identify EEG activity for di�erent visual stimuli in particular experi-
mental constructs, utilizing our 4-node setup. Primarily we focus on di�erentiating EEG
activity in response to the presentation of particular target images vs non-targets images
where targets are present in varying probabilities in the image sequences. These images
are labelled as interesting vs non-interesting (stimulus vs non-stimulus).

The recording of a subject's EEG data was taken from multiplesites on the subjects
scalp, namely sites Pz,Cz,P3,P4, where these site locations are de�ned according to the
international 10-20 system. The selection of these sites iscentred around the area of the
brain which is most likely to present a P300 ERP. The selection of these sites was based
upon domain-expert advice, where our objective was to capture as much data from a
P300 event, given that there would be some variability in theplacement of nodes on the
subjects scalp.

During our experimentation, each of these sites showed a di�erentiated response at
multiple time points in the signal (after averaging) which strongly indicated that the
presentation of a target image (oddball stimuli), does indeed cause a detectable change
in ongoing EEG activity detected across all channels. Examples given within this report
show this activity for site Pz unless otherwise stated.
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Figure 3: Subject Response, Oddball experiment, IDP 1000ms, IIP 0ms, Broken line is
stimulus response
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The �rst graph shown, Figure 3, is of a subjects Pz site for an oddball elicitation
style experiment (with 10% target likelihood), where IDP is 1000ms and IIP is 0ms,
and the data utilized is from the simulated Martian rocks. Th is graph is computed
from 2701 time windows and band-passed at 0.1-60hz. The heavier black line represents
the EEG activity associated with a non-stimulus presentation (grand average computed
from 2364 trials), whilst the broken line represents the stimulus image response, contains
spacecraft, computed from 337 trials. The di�erence in the number of trials is due to an
oddball probability of 10%, therefore for any given experimental window, we can expect
to have approximately ten times the non-stimulus data to average from, as opposed to
stimulus data. This imbalanced data set will present challenges later in our classi�er
creation work.

The key point to be noted from Figure 3 is that the EEG signal for stimulus versus
non stimulus is tightly correlated up to a time of approximat ely 220ms, after which the
averaged stimulus signal deviates from the non-stimulus signal. The stimulus signal has
a negative component peak at approximately 375ms, followedby a positive component
peak at 500ms, which �ts with the research literature of the approximate behaviour of
the P300. Further visible di�erentiated EEG activity conti nues up to 1100ms for this
subject, which indicates that the size of the temporal window to utilize for classi�cation
requires careful consideration, as components of a stimulus waveform are presenting
well after 500ms. The discussion of the presentation of a stimulus versus non-stimulus
response here is important, because it is from these observations that we created our
signal processing framework and analysis techniques.

Nevertheless, this grand average demonstrates that indeedthere is a clear di�erence
between this subject's response to a stimulus versus non-stimulus event.

This graph demonstrates a meeting of our �rst and second objectives of this exper-
iment, the elicitation and averaging of time-locked ERP's in response to experimental
stimulus. For certain classes of experimentation, these two objectives will be all we will
be able to meet, whilst for other experiments we will have enough data in which to create
classi�ers for identi�cation of these waveforms.

The labelling of these components and the subsequent interpretation will be described
and noted where viable, however due to a wide variety of factors including individual
di�erences, such as age, time of day, task habituation and error or variation in node
placement, a solid interpretation as to the underlying nature of these components can
not be fully derived within the scope of these experiments. Speci�cally this can be seen
as a limitation of the 4-node setup, that whilst with the 4-node setup we are able to
di�erentiate signals in response to di�erent experimental stimulus, we lack the spatial
resolution in order to accurately determine the constituent ERP's which comprise that
signal.

Literature is available discussing and evaluating factorsfrom human vision to internal
cognitive processes modulating the timing, spatial origins and subsequent amplitude of
these visible features (Branston et al., 2005). That is within our experimental evidence,
we can conduct classi�cation and grand averages to demonstrate di�erences in waveforms
generated from experimental conditions, but we are unable to accurately infer for each

23



of the ERP components which make up the waveform, what each represents, where in
the brain they originated and what implications this may have in interpretation of the
observed waveform.

As a prerequisite to the interpretation of these graphs it should be kept in mind that
peaks and components are not the same thing. There is nothingspecial about the point
at which the voltage reaches a local maximum or minimum. Thisis because the mea-
sured voltages are the summation of a number of underlying spatially con�gured ERP
components which cannot be separated due to the inverse problem, further exacerbated
by the spatial resolution provided by our four node setup.

There's an in�nite number of component con�gurations which can give rise to any
visible signal (Luck, 2005). It is for this reason that the ERP analysis in this document
serves to verify the existence and location of key time regions of the EEG channel signals
where target stimulus dependent di�erences can be observedso as to con�ne the regions
from where attributes(features) will be extracted to compose machine learning schemes
able to di�erentiate and identify these signals as to whether they are target or non target
images.

5 Signal Processing, Feature Extraction and Machine Learn-
ing

Put simply, the measurement of EEG data is the reading of electrical activity at multiple
spatial locations on the scalp. The ability to take these readings and convert them into a
form in which we can infer the likely presence of ERP's in response to some experimental
condition. To achieve this we require three key components,signal processing of the
raw signal, feature extraction and machine learning algorithms executed to successfully
classify events.

Signi�cant challenges exist however in the application of signal processing and ma-
chine learning techniques to the classi�cation of raw EEG data from low spatial resolution
setups such as the one considered here. Two fundamental problems are at the origin
of noise in the signal produced by the simple EEG. Firstly an analogue-digital conver-
sion is required, which introduces noise into the signal, commonly referred to as the
'Sensory Gap' (Smeulders et al., 2000). Further, environmental factors such as strong
electrical currents or 
uorescent lighting can lead to interference in the signal and quality
degradation. Speci�c environmental conditions were therefore carefully implemented to
minimize these impacts, as described in earlier sections. Secondly, the variance in the
subjects themselves is a signi�cant factor which can impactupon both signal processing
and subsequent construction of classi�ers. This subject variance can include factors such
as the placement of the nodes on the scalp or the subjects level of fatigue.

Many techniques were investigated for feature extraction from the raw EEG data
across available channels. These approaches yielded di�erent results over di�erent data
sets, and many were subject speci�c and prone to over-�tting. A more generalised type
of classi�cation regime was needed which could be applied toany of the data sets in
order to achieve a classi�er of decent accuracy. The approach was required to utilize
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both time and frequency data at di�ering degrees of resolution in the time-frequency
domain. For each channel, the following features are extracted (the temporal o�set of
extraction is the presentation time of the stimulus to the subject):

� 14 samples are extracted from the signal for the time-windowbetween 220ms and
810ms, low-band �ltered at a cut-o� frequency of 14Hz. A time resolution of 40ms
(inferior to any IDP) is thus here obtained. It is intended to encode the main structural
di�erences in time observed in �gure. 3 between oddballs andnon-oddballs.

� Spectral information {as obtained from the Fast Fourier Tra nsform (FFT){ of the raw
signal (the DC component is previously removed) during the time-window ranging
from 220ms to 620ms in which the P300 is expected. 5 features are extracted for
frequencies from 1hz to 15hz at a spectral resolution of 3Hz,which attempt to point
out di�erences in the high frequencies over a short time-frame.

� Additional spectral information of the low frequencies between 1Hz and 5Hz for the
whole signal (time window between 220ms and 1000ms). 5 attributes are chosen,
which thus encode changes at a resolution of 1Hz.

This methodology intends to take advantage of both variations in time and fre-
quency, and that it targets the speci�c features where changes are expected, where this
expectation was derived from our earlier ERP analysis as shown in the previous sec-
tion. Two degrees of resolution are combined to improve the quality of the data. Our
primary objective is the capture of P300 events, however despite its name, in practice
P300 events do not always occur at 300ms, and that there is a great degree of variation
in individual samples, such that a P300 peak may well reach its maximum amplitude
at 450ms rather than at 300ms, as documented by Comerchero and Polich (1999). Our
approach attempts to account for such variability through t he choice of carefully selected
time-windowing models.

Additional signal processing algorithms were experimented with, namely Principle
Component Analysis (PCA) and Haar Wavelet Coe�cients. Yet t hese demonstrated no
additional performance gain to classi�cation accuracy when combined with the method-
ology outlined.

Before classi�cation, samples are normalized into the range [-1,1] using a linear trans-
formation. Finally, for each stimulus (either oddball or non-oddball) 24 attributes are
extracted from each dataset. Since the EEG setup consists of4 channels, an overall
feature vector of 96 features per stimulus is gathered.

This de�nes a key di�erence between our 4-node setup, and more sophisticated EEG
devices which contain a greater number of nodes. Because we have fewer nodes at our
disposal to analyse, it means we can conduct a far more intensive mining of the raw signal
and derive a greater degree of information from each signal,than we would if more nodes
were available, as otherwise we would have far too much data in order to process. As it
is, the resulting feature vector length of 96 features is toomany for classi�cation given
the number of training samples we have available. In the following subsection we will
detail this problem and our attempts to resolve it.
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5.1 Classi�er Construction

The classi�cation task we are attempting is a binary classi�cation task, where samples
belong to one of two classes. We therefore selected a SupportVector Machine (SVM)
with a Radial Basis Function (RBF) kernel (Vapnik, 1995) as our main classi�cation
technique, already shown in Lotte et al. (2007) to be suited to the task of classifying
ERP signals. Our implementation makes use of both the WEKA toolkit (Whitten and
Frank, 2005) and the LibSVM library (Chang and Lin, 2001).

Two fundamental machine learning challenges are encountered, namely that of the
class imbalance problem, and the curse of dimensionality (Akbani et al., 2004). The
�rst manifests itself in the probability of an oddball image , which is initially set to
only 10%, meaning that we have far more non-stimulus sample on which to train than
stimulus events. If we naively utilized all training samples, we would produce a very
biased classi�er, which would detected very few stimulus events, as they have such a low
probability of occurring in the experimental data, yet it is precisely these events which
we wish to capture.

The second challenge is the curse of dimensionality, which results from the relation-
ship between the number of oddball samples available for training and the length of the
feature vectors. As speci�ed in several of the experimentalprotocols, the duration of
each trial is to remain constant (i.e. 40s), which thereforemeans that as the presenta-
tion speed is varied, then the number of oddballs presented will also vary. This meant
that for the simulated Martian rocks experiments that large variations in the number of
oddballs in each trial was presented, ranging from only 30 inthe slowest case, and up
to 382 for the fastest. This problem is highlighted in Table 9. Whilst this motivation
for a �xed time trial length enabled a degree of cross-comparability between subjects
and experimental parameters, it produced unforeseen challenges for the task of classi�er
creation.

To address this issue, we pruned the feature vectors from their original length of 96
attributes to 35 attributes via an SVM attribute evaluator ( as implemented in the Weka
toolkit). This process was conducted on a per-subject basis, primarily as a consequence
of the signi�cant variations existing between participant s, such that a common set of 35
attributes did not exist between all subjects and necessitated a per-subject approach.

We arrived at the �gure of 35 attributes through empirical te sting, for which little
performance degradation was recorded against longer feature vectors. Further pruning

IDP / IIP # Non-Oddballs (NO) # Oddballs (O) Ratio NO/O
500ms 400 30 13.3
300ms 670 61 11
150ms 1330 164 8.1
100ms 2000 230 8.6
50ms 4000 382 10.4

Table 9: Distribution of Oddball and Non-Oddball Stimulus i n Experiments 1-2
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did however lead to a pronounced drop-o� in performance. Note that although this
capacity to discard nearly two-thirds of our feature vector implies the presence of highly
redundant or non-discriminative attributes, an automated methodology would turn out
to be inadequate under the current conditions because of thestrong 
uctuations across
subjects.

An in-depth analysis was also performed to quantify the in
uence of each single
channel during the classi�cation procedure, in an attempt to assess whether all four
channels provide meaningful information and should therefore be maintained, or whether
on the contrary some of them should be discarded. The 35 most relevant attributes (as
reported by the SVM attribute selection algorithm) were ite ratively selected among all
considered features for each dataset, and they were given a score according to their
contribution. A score of 35 was given to the most relevant attribute and 1 to the least.
Scores were then added up for each channel and compared, hence giving an insight into
their individual impact on the overall classi�cation. For a ll experiments and subjects, it
was observed that two channels (Pz and P3, with 27% and 28% impact respectively) had
consistently more e�ect on the overall classi�cation than Cz and P4. Yet it was shown
that all four channels do add relevant information, later employed by the classi�er, and
should thus be maintained for our recognition purposes.

As for the class-imbalance problem, we implemented a modi�ed bagging approach,
similar to that of Natsev et al. (2005) where a balanced training set was constructed by
considering on the one hand, a set of oddball samples, and on the other, an equal num-
ber of randomly-sampled non-oddballs. Note that this di�ers from traditional bagging
approaches as only one of the classes is randomly sampled, rather than both classes, as
we did not have su�cient oddball samples.

Strati�ed cross-validation was then performed to iterativ ely build the classi�er, whereby
we instituted an approximate 66/33 split between training and test samples based upon
the number of oddballs. Training was undertaken on a balanced dataset as constructed
by the modi�ed bagging approach.

Testing however was carried out on a set of samples which preserved the ratio between
oddballs and non-oddballs, therefore maintaining the truedistribution of oddball versus
non-oddball stimulus events. Because the actual distribution of `oddball' events was
only approximately 10%, we believed it to be an unfair re
ection of classi�er accuracy
if we were to test on a balanced test set. For each of our folds,we over-sampled the
number of `non-Oddball' samples to construct our test set. Therefore, our training sets
were comprised of approximately 66% of the `oddball' samples, with a random selection
of an equal number of `non-Oddball' samples to create a balanced training set, but our
test sets which utilized the remaining 33% of `oddball' samples maintained a 10% ratio
of Oddball to Non-Oddball distribution.

Table 10 details the number of training and test samples usedin each case. The cross-
validation methodology was constructed out of 30-folds, and for each fold a grid-search
optimization was run to determine the best parameters (C,
 ) for the SVM. Whilst this
may be seen as over-�tting to a degree (indeed our test set could equally be regarded
as a validation set because of the grid-search), the intention of these experiments is of
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IDP / IIP Training Set (O/NO) Test Set (O/NO)
500ms 20/20 10/133
300ms 40/40 16/176
150ms 100/100 64/158
100ms 160/160 72/602
50ms 300/300 82/853

Table 10: Training and Test Set Distribution of Oddball (O) a nd Non-Oddball(NO)
samples.

a proof-of-concept nature so as to determine if classi�cation is possible at all on this
dataset, and if so, is it likely that decent performance can be reasonably obtained.

6 Experimental Results

In this section we will present the results from each of the prescribed experiments.
Depending on the experiment, di�erent evaluation methods will be used to present the
results, as di�erent experiments will lend themselves to di�ering forms of evaluation.
Firstly we will brie
y discuss the evaluation measures to be used within this section,
then following on from this, we will present for each experiment the results.

6.1 Evaluation Methodology

A fundamental requirement of any scienti�c evaluation is evaluation. However, an im-
portant question is always what is being measured and why is it important? As such, we
utilize three primary evaluation tools for evaluating the success of our work. The �rst
of these has already been introduced, which is the grand average of the ERPs. This tool
is important, as it demonstrates the successful detection of ERP's in response to exper-
imental stimuli, regardless of the accuracy of any constructed classi�er. This approach
highlights in a broad sense, what data can be successfully captured by the 4-node EEG
setup.

The second and third tools however are more traditional machine learning metrics,
the Receiver Operating Characteristic (ROC) curve, and theArea Under Curve (AUC)
measure. The ROC curve is a practical measurement device as it informs us the degree
to which we can obtain capture the true-positive events (in our case the oddball events),
and how many false-positives are required in order to attainthat level. We regard it
as a `practical' measure, as a system creator can determine for themselves where the
trade-o� should be between capture of oddball events with little noise, but missing out
on many oddballs, or the capture of a signi�cant number of oddballs but at the expense
of a greater number of false positives. When interpreting the ROC curve, the ideal point
is at co-ordinates [0,1], the top-left corner. If a straight diagonal is drawn from points
[0,0] through [1,1], it will represent a classi�er which hasproduced a random ordering.
Therefore when comparing ROC curves we can use these two extremes, the diagonal line
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and the [0,1] co-ordinate, to determine how well a classi�erperformed between a random
classi�cation, and a perfect classi�cation.

The AUC measure provides a single �gure of performance for a classi�er. The AUC
measure is the probability that given a random positive example, and random negative
example, that the classi�er will rank the positive example before the negative example.

6.2 Experiment 2

N.B. we jump straight to the presentation of the results from Experiment 2, reliabil-
ity versus speed, as the �rst trial in this experiment corresponds to the Experiment 1
parameters.

The reliability vs speed experiments served to determine upto what image presenta-
tion rates a di�erence in the EEG signals could be detected for the target vs non-target
images. Firstly we present in Figure 4 the grand average ERP's across all speeds for
experiment 2.

Figure 4: Grand Averages, all speeds.
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500ms 300ms 150ms 100ms 50ms
Subject 1 0.8254 0.7997 0.7291 0.6702 0.6276
Subject 2 0.8297 0.8164 0.8012 0.7492 0.6114
Subject 3 0.9043 0.7844 0.6593 0.6282 0.6362
Subject 4 0.6946 0.8072 0.7948 0.7207 0.6524
Average 0.8135 0.8019 0.7461 0.6821 0.6319

Table 11: AUC Values across subjects for Experiment 2.
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Figure 5: Averaged ROC Curves for Experiment 1. The arrow underlines the improve-
ment, as measured by the AUC, as the speed is reduced.

As can be clearly seen from these averages, there is a distinct di�erence in the
oddball versus non-oddball stimuli events, indicating that successful classi�cation should
be possible as the two stimuli present with di�erent signals. We can see from these graphs
a clear attenuation in both signals as the presentation timebecomes quicker, which
indicates that classi�cation accuracy should similarly deteriorate as the presentation
time increases. Nevertheless we are happy with the clear separation between the oddball
and non-oddball stimulus which has been captured with the 4-node device. The next
challenge is to determine if there is consistently enough ofa di�erence between the two
cases that an accurate classi�er can be constructed. Presented in Table 11 is the AUC
values per subject, and the overall averages, whilst Figure5 presents the averaged ROC
curves across each of the presentation times.

The classi�cation results of experiment 2 are very encouraging, with accurate classi-
�cation achieved certainly in the case of the 500ms through to the 150ms experiments.
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More surprisingly, given the limited nature of our 4-node hardware were the results of
the 100ms and 50ms experiments, where a non-random classi�cation was actually pro-
duced, inferring that the EEG device and our signal analysiswas able to detect and
extract stimuli responses at this very fast presentation speed.

There are a few areas of note with these results. Firstly based upon the AUC
values in Table 11, we can see that there is indeed signi�cantvariation between our
subjects and the performance of classi�ers built upon theirdata. This indicates that the
subject themselves plays a signi�cant role in the determination of classi�er performance,
particularly as we can see that for each of the speed experiments, di�erent subject's
classi�ers performed at di�erent levels. That is, a subject from which a poor classi�er
was produced in the 500ms experiment, was actually a very good performer in the 300ms
experiment.

Secondly we would note that there is a minimal performance di�erence in both the
averaged ROC curves and the average AUC values for the 500ms and 300ms experiments.
We believe that a greater performance di�erential should have existed between these
two approaches, and the reason that this does not exist is because of the lack of oddball
stimulus event in the 500ms experiment (30 oddball events only). It may be the case that
there is not as great a di�erence between these experiments because the subjects may
have been less concentrated on the 500ms experiment, or as itwas the �rst experiment
they may have been adjusting to the task. Nevertheless it remains an open question for
further investigation if performance gains can be attainedwith the 500ms experiment.
The experimental data as it is, indicates there is little di� erence between 500ms and
300ms, therefore when designing our own experiments, that is why we chose 300ms as
the presentation rate for the SenseCam experiments.

The results from the reliability versus speed experiments exceeded our expectations
of what was achievable with our 4-node setup, particularly in terms of what could be
detected and exploited at the fast presentation speeds. We believe that the results
demonstrated in this section highlight the viability of uti lizing a cheap EEG device for
oddball style experiments. Whilst it remains the case that this setup could not be
utilized for the identi�cation of speci�c ERP's generated i n response to stimuli, given
the poor spatial resolution, it certainly provided enough data to capture two di�erent
signals which were produced by a subject in response to di�erent experimental stimuli.
Given therefore that the task here is that we only wish to identify for a particular visual
stimulus if it elicits a di�erent signal as compared to other visual stimuli, then the 4-node
EEG setup would seem to be a viable device, particularly whencoupled with our signal
processing approaches.

6.3 Experiment 3 and Experiment 4

Unfortunately for experiments 3 and 4, there was insu�cient data from which to base
any �rm conclusions about the outcomes of the experiments. Here we recall that exper-
iment 3 was the `subconscious' experiment, where very fast presentation rates of 33ms
and 16.67ms was utilized. Unfortunately in these experiments, only one oddball was
prescribed in the image sequence. This was insu�cient from which to attempt to either
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Figure 6: Subject Response, Subconscious at 33ms

produce a grand average, or construct a classi�er. The main feedback from our subjects
during this experiment was that of seeing an almost constantblur, akin to travelling
at `warp speed'. This experiment could be revisited with a higher oddball presentation
rate, however given the performance of the 50ms experiment previously discussed, we
believe that the 33ms and 16.67ms experiments would not produce useful data when the
4-node device is employed.

However, we can still examine the average signal produced bythese experiments for
the non-oddball stimuli. As can be seen in Figure 6 the heavy black line represents
non stimulus presentation. Their is a clear elicitation of a SSVEP response at 60hz
which can be seen visually in the raw signal view (sinusoidalshaped wave) along with a
minor peak in the FFT transform at 60hz (averaged over 11981 samples). A discussion
of SSVEP can be found at the end of this report. This con�rms that there was the
expected elicitation to the high visual presentation rate, however, there is not enough
stimulus signals to average to reveal the elicited responseto a target image (if there
is one). Nevertheless, this graph demonstrates that the 4-node device was capable of
capturing some readings from such a fast presentation speed.
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Figure 7: Subject Response, Subconscious at 16.67ms

Similarly shown in Figure 7 for experiment 3.2 there is a SSVEP response at 30hz.
These results as stated previously do not conclude that the target images failed to

elicit a response, just that concrete conclusions cannot bemade with such a low number
of target stimulus time windows. Previous work has been conducted on a task similar
to this and does provide evidence that this task might be possible (Bernat et al., 2001),
however again we would highlight the di�culty we believe of our 4-node device in this
task.

Likewise, experiment 4 was designed to test habituation, that is the attenuation
of an oddball response once a sequence is continually repeated, such that the subject
knows when the oddball would occur. Like the previous experiment, we unfortunately
lacked su�cient experimental data from which to draw conclu sions from this experiment.
Whilst the number of oddballs was higher than the previous experiment, the objective of
this experiment was to examine attenuation between trials. Within an individual trial
we lacked su�cient oddball examples from which to produce a robust grand average
for each trial that could have been used for inter-trial comparison. Subject habituation
however is a known factor in EEG studies, and has been previously studied. We are
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con�dent that given a revised experimental design that a habituation response could be
observed utilizing our 4-node setup.

6.4 Experiment 5

The results for experiment 5 signal the start of the more ambitious component of the
Curiosity Cloning project, to attempt to see if we can capture di�erences between expert
and non-expert subjects. The dataset for the next two experiments was the Optimization
Visualizations data, and the subjects included one expert subject from the ESA, and
four non-experts from DCU. This task became more ambitious as we moved from a
binary class situation, of `oddball' and `non-oddball', to a tertiary class situation where
we introduced the `non-obvious oddball', a class of oddballthat should be recognizable
to the expert subject and should elicit an oddball response,where this response should
be based upon more than just a subconscious `odd one out' as the non-obvious oddball
should require some deeper understanding of the displayed data. In Figure 8 the grand
averages for each subject's response to an oddball, non-obvious oddball, and non-oddball
are presented, and Subject 6 is the expert subject.

Similar to our previous experiments where grand averages were produced, for all
subjects the grand average signal of the oddball classes is clearly distinguishable from the
non-oddball class. This was encouraging as it demonstratedthat the oddball paradigm
was working with this new dataset which incorporate colour information. From this
data we can see that several of the subjects do produce a notable di�erence in their
signal response to oddball versus non-obvious oddball stimulus. In particular these are
subjects 3, 4 and the expert subject 6, where the two oddball responses demonstrate a
deviation from each other, and from the non-oddball response.

As we have highlighted earlier, the spatial resolution of our 4-node EEG device is
insu�cient for identifying component ERP's present within an observed signal. There-
fore when examining this data, we cannot be certain as to whatis actually causing this
di�erence, if it is a di�erent response in the amplitude of a P 300 ERP, or if other ERP's
are presenting for these subjects upon recognition of the non-obvious oddball. However
as we have previously discussed, for the purposes of what we are trying to achieve here
in the construction of a classi�er that can exploit this data , it is immaterial to us a sys-
tems builders which ERP's are causing this di�erentiation. What is important is that a
di�erentiation exists and can be detected, meaning that we should be able to construct
classi�ers which can distinguish between this type of data. We would note that we are
not saying that the identi�cation of the component ERP's is n ot an important activity,
rather that it is not required for this speci�c experiment.

Therefore, the next step within this experiment is to attempt to construct classi�ers
which leverage this observed data. We will create two classes of classi�er. The �rst will
be a standard oddball/non-oddball classi�er, similar to which was used in our previous
experiments. For the creation of this classi�er, the obvious oddballs and non-obvious
oddballs are aggregated into a single oddball class. We do this, so as to determine what
our approximate classi�er accuracy is on a standard oddballtask when utilizing this new
dataset, where the construction of this classi�er is in linewith our previous methodology.
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Figure 8: Averaged results for the three classes experiment, where Subject 6 is the ex-
pert.
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oddball vs. non-oddball obvious vs. non-obvious
subject AUC AUC

1 0.80 0.50
2 0.84 0.55
3 0.78 0.64
4 0.85 0.61
5 0.81 0.44
6 0.68 0.63

Table 12: AUC results for the second experiment

The second classi�er will be to determine if we can distinguish between the two odd-
ball classes. It will remain a binary classi�er, except that it will only operate on oddball
data, attempting to classify between oddball and non-obvious oddball as the two classes.
It attempts to recognize patterns that respond to a higher-level cognitive process related
to scienti�c interest, even for images that are non salient,i.e. not clearly de�ned in terms
of what constitutes an interesting one. We believe this approach has merit, because in
a deployment scenario these two classi�ers could be employed in conjunction, where the
results of the �rst classi�er (oddball versus non-oddball) feed into the second classi�er
so as to determine a �ner granularity as to the type of oddball observed. The creation of
the second classi�er di�ers slightly from our earlier classi�cation strategies. The training
set consisted of 45 obvious target examples (randomly chosen) labelled as positive vs
45 non-obvious target example labelled as negative. Evaluation was carried out on a
test set consisting of 32 mutually exclusive samples from the dataset (15 obvious and 15
non-obvious). This process was repeated 100 times to revealthe previous average ROC
graph, and to produce an average AUC �gure for obvious vs non-obvious classi�cation.
The results for both classi�ers are presented in Table 12.

The accuracy of classi�cation in the `oddball' vs. `non-oddball' case is similar to the
range of AUC values recorded in experiment 2, with AUC valuesaround 0.80 for most
subjects. The recognition between any oddball and non-oddball is thus not signi�cantly
a�ected by the current experimental conditions, which may t herefore be used as a testbed
to perform further studies beyond the oddball paradigm.

An overall evaluation of our second analysis already pointsout that the recognition
between obvious and non-obvious oddballs is somewhat more delicate. The performance
is clearly degraded as compared against the general oddballclassi�cation, however an
examination of the grand average signals demonstrates thatwhilst this di�erentiation
exists in some subjects, it is not overly pronounced, therefore a decrease in classi�cation
accuracy would be expected. Nevertheless though, for our previously identi�ed subjects
which produced di�erentiated grand averages for the two oddball classes (subjects 3,
4 and 6), we were able to produce classi�ers which achieved greater than 0.6 AUC,
indicating that the classi�er constructed was able to determine to some extent, which
oddball were considered to be di�erent to other non-obviousoddballs by the subject.
This was an exciting result, as it was far from certain that any classi�cation accuracy
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above random could have been achieved.
Note that the perspective here adopted is mainly computational, and that it is not

intended to help conclude that fundamental neurophysiological di�erences underlie the
mechanisms that generate the `obvious' and `non-obvious' signals. Our classi�cation is
indeed performed regardless of whether the neural mechanism at their origin is actually
di�erent or not. Note for instance that, even though subjects #3,#4 and #6 present
similar performance, in the case of the latter expert subject, the di�erentiation seems to
be related to a positive peak after 300ms, whereas for the �rst ones it results from an
important negative de
ection at 250ms. In the framework of our study, such di�erences
do not provide any further insight into the classi�cation pr oblem and are hence treated
identically.

6.5 Experiment 6

Experiment 6 was intended to utilize the expert subject, andto present to this subject a
stream of images, where there was no prior information givenas to what constituted an
oddball event. The intention was to allow the subject to view the images to determine
what the subject found of interest when there was no directedtask. Unfortunately we did
not carefully review the experimental parameters for this experiment, and a presentation
time was chosen which was di�erent to that of the previous experiment. The intention
had been to utilize the classi�ers constructed in experiment 5 for the expert subject, and
apply them to the data produced in experiment 6, such that theclassi�er would predict
what the subject found of interest. However as the presentation times di�ered it was
not possible to produce comparable feature vectors which could have been applied for
classi�cation.

6.6 Experiment's 7 and 8

The �nal two experiments prescribed were the most ambitious of the project, those
which utilized the SenseCam images. The task as originally de�ned was to examine the
set of natural images, which could contain places, people, objects etc, and to look for
oddball images, where the oddball was images of people eating. Unfortunately however,
we found that the SenseCam images presented considerable challenges as it produced
far more complicated neurological responses.

For instance, an ERP component known as a N170 can present itself upon the viewing
of a face (Hoshiyama et al., 2003). In an of itself this may nothave been a signi�cant
challenge, however if the oddball task was to detect images of people eating, then you
are guaranteed to observe a face. Other challenges which thedataset produced was
large variance in the lighting of the images, the recognition of people in images and the
identi�cation of temporal components within the dataset (i .e. a subject may recognize an
order to the images and adjust to that). The end result of this is that the data produced
was incredibly noisy, with many ERP's being generated whichwere not present in the
synthetic data of the previous experiments.
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We did produce classi�ers based upon our recorded data, and they did achieve an
AUC value of 0.6. However, whilst hinted at in the previous section, we have no idea
what ERP's are being used as discriminators for the identi�cation of the oddballs. In this
instance this is important, particularly because of the issues that the faces introduced.
We have no way in this case of knowing if what was constructed was actually a face
classi�er, rather than a people eating classi�er, which is purely down to the complexity
of the images which were presented to our subjects.

Whilst this result was disappointing, it provided an invalu able learning experience
about operating with EEG's and utilizing non-synthetic dat asets. The lessons learned
from this experiment will provide a valuable reference for our future endeavours with
EEG experimentation.

7 General Observations and Issues Encountered

This section is a catch-all section where we will attempt to document various lessons
which we learned during the completion of the Curiosity Cloning project, and to highlight
areas of interest and directions for further research. We hope that this section will act
as a store of the general experience we derived through this project.

7.1 Discussion on the presentation of the average time-lock ed stimulus
waveform

One of the challenges of conducting a visual RSVP oddball style experiment, is the pre-
sentation of what is known as a Steady State Visually Evoked Potential (SSVEP), which
are natural responses to a visual stimuli at speci�c frequencies. This presents a chal-
lenge, as it means after the presentation of a visual stimulus, there will be an occurrence
of a SSVEP which can interfere with the measurement of the following stimulus.

From our earlier graphs, such as Figure 3 (IDP=1000ms,IIP=0ms) an overlap can
be seen from the elicited target stimulus EEG response into the time window of the next
image presentation. The e�ects and consequences of this phenomenon become more
evident as we begin to lower the IDP presentation times as canbe seen in Figure 9.

Shown in �g Figure 9 are the grand average ERP waveforms with presentation rates
of IDP=50ms and IIP=50ms. Averaged EEG activity for the oddb all is shown in a
broken line while non-oddball activity is shown in the a solid line. For this faster image
presentation rate a clear SSVEP response can be seen. SSVEP's are elicited when an
image is presented at a consistent rate between 3.5hz and 75hz. These images in our
case for the simulated Martian rocks experiments are the mere change between the
blank greyscreen frame and the rock stimuli (either target or non-target). Examining
this signal in the frequency domain reveals two dominant frequency components. The
10hz and 20hz component re
ect the image presentation rates, i.e. 10 images per second,
and 20 changes per second from image to greyscreen with a harmonic contribution from
the 10hz component. Resolving ERP components from these averages which show a
SSVEP response is di�cult due to the high number of overlapping components. For
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Figure 9: Subject Response, Oddball experiment, IDP 50ms, IIP 50ms, Broken line is
stimulus response
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instance Luck remarks:

Steady-state ERPs have a signi�cant shortcoming, however,which is that
they do not provide very precise temporal information. For example, if stim-
uli are presented every 150ms, the voltage measured at 130 msafter the onset
of one stimulus consists of the sum of the response to the current stimulus at
130ms, the response to the previous stimulus at 280ms, the response to the
stimulus before that at 430ms, and so on (Luck, 2005)

However, as we have previously established we are not identifying speci�c ERP com-
ponents, so this is not as problematic as �rst thought. For instance in this Figure, we can
see a deviation in the signal for the stimulus case beginningat 380ms and continuing
as far as 800ms post stimulus. The corresponding averaged FFT frequency view con-
�rms this with the presence of increased low frequency signal components which visually
match what we observe in the signal view.

This phenomenon can be seen throughout most users ERP averages for the Relia-
bility Vs Speed experiments (where IDP,IIP=50ms,100ms,150ms,300ms). SSVEP high
frequency components (and harmonics) can also be observed for the subconscious exper-
iments 3.1 & 3.2 at 30hz and 60hz matching the image presentation rates.

7.2 The development of datasets and classi�cation

Machine learning methods for discriminative classi�cation engage e�ectively in pattern
matching. The algorithms themselves do not know any higher order semantics about
the data that they are being trained on, rather they seek just to �nd whatever patterns
present themselves which allow for the creation of decisionboundaries. As such, it is
very easier to construct a classi�er which the builder believes is trained on one particular
artefact, but is in fact operating on a completely di�erent a rtefact of the data. We
highlighted this problem in our discussion of the SenseCam experiments, where we did
achieve a classi�cation accuracy of AUC 0.6, however upon re
ection, knowing that
ERP's are generated in response to faces, and the task was that of �nding people eating,
we had no certainty as to what the classi�er was actually discriminating on.

Likewise we found that even for the carefully constructed simulated Martian rocks
experiment, that if not careful, additional artefacts could be introduced which would
aid classi�cation accuracy and give a false performance metric on accuracy based upon
EEG readings. Speci�cally, we note that visual ERP components have been noted to be
sensitive to brightness.

One observation made utilizing the simulated Martian rocks data set was that the
distribution of image luminance was di�erent for the oddbal l versus non-oddball targets.
Luminance was calculated as the sum of RGB values. The average luminance for the
target images was 77,738,512 compared to 75,743,685 for non-oddballs. Both of these
�gures are similar, however the range of image luminance is greater for the non-oddball
images. This is relevant because there's an increased likelihood of a larger change in
luminance on the presentation of an oddball target stimulusimage since when generating
image sequences images were chosen randomly from the distribution.
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Training an SVM classi�er on values computed from the di�erence in luminance
between the current presented image and the last presented image reveals that an ap-
proximate 68% classi�cation accuracy can be achieved purely due to this di�erence in
the luminance distribution between the oddball target and non-oddball images. This
has consequence because some of the earlier visual ERP components are known to be
sensitive to changes in brightness in their amplitudes and latency (Luck, 2005). Natu-
rally with this �nding, we did not exploit this data to assist in the classi�cation process.
However, this highlights that even in a carefully constructed dataset, which the simu-
lated Martian rocks were, that additional artefacts can present themselves which can
inadvertently assist in classi�cation accuracy, and lead to over-�tting.

7.3 Node Placement Locations, the P3a and P3b

The sites Pz, Cz, P3, P4 were those at which we recorded throughout our experiment,
these positions are as indicated by the international eeg 10-20 system. We were advised
that as we were conducting an oddball style experiment, to use these node sites as the
P3 ERP is typically described as being strongly detected around the parietal regions of
the brain. Placing a distribution of nodes in this area did capture di�erentiating activity
for oddball versus non-oddball images.

However, including the data captured from each of the four channels did not in all
cases bring a high increase in classi�cation accuracy over using less nodes, even though
the ERP averages across the channels would make it appear as though much more
di�erentiating data was being captured.

Firstly, mention should be made that the P3 component is composed of two parts,
the P3a and P3b. P3a potentials are typically recorded earlier and have frontal-central
generators in the brain. Their elicitation is more generally induced by the presentation
of truly unexpected stimuli (to dangerously simplify). The P3b potential on the other
hand, is more closely tied to simpler discriminative tasks and is recorded more strongly
at parietal-occipital sites (Polich and Comerchero, 2003).

The implication of this therefore, is that an area for future research, whilst still
constraining ourselves to the 4-node setup, is to place our nodes in a greater spatial
con�guration, such that we can attempt to more reliably capt ure and identify potentials
such as the P3a.

8 Conclusions

This reported detailed the activities and collaboration between DCU and ACT in the
Curiosity Cloning project. The novelty of the approach which DCU brought to this
experiment was the use of a cheap, commodity EEG device, consisting of 4-nodes. The
use of a 4-node device brought a di�erent frame of reference to these experiments. Where
traditional EEG devices consisted of many nodes, the restriction of having only 4 nodes
available meant that the spatial resolution of the device was limited.

Concentrating the node placements around the Pz site, the intention was to capture
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as much data as possible which would be generated from ERP's associated with oddball
events, notably the P300 ERP. However, due to the aforementioned reduced spatial reso-
lution, this device could not accurately identify all the ER P components that comprised
any given signal after stimulus presentation.

Nevertheless the intention of this project was such that theidenti�cation of any spe-
ci�c ERP's was not a requirement, rather what was required was the accurate detection
of di�erent signals which corresponded to di�erent experimental stimuli. In that respect
we believe we have achieved good success as the use of the 4-node setup has allowed for
the construction of discriminative classi�ers, which o�er good accuracy in an oddball
detection task utilizing visual stimuli with a presentatio n rate of up to 150ms.

Important lessons were learned in completing this project,particularly about what
a 4-node device is suited for, and what pitfalls can be easilyencountered. The major
lesson was the care required in the creation of datasets for experimentation. This was
particularly noticeable in our SenseCam experiments, where because the stimulus utilized
generated many ERP's, the limited spatial resolution of thedevice constrained our ability
to conduct any accurate measurement of what was occurring with the subject's signal.

To revisit our overall aims in conducting this project, we aimed to:

� To develop a methodology for use with the 4-Node EEG for its application to an
RSVP oddball experiment.

� The construction of discriminative classi�ers on a per subject basis for the di�er-
entiation of oddball from non-oddball stimulus.

� To determine in an RSVP oddball experiment, what is the e�ect of the image
presentation speed on both EEG readings and classi�cation accuracy.

� The expansion of the discriminative classes to include a `non-obvious oddball' class,
so as to assist in the capture of expert knowledge versus non-expert knowledge.

� To determine if a subject's scienti�c expertise is able to becaptured within the
experimental paradigm, where the comparison will be to examine di�erences in
results from scienti�c experts and non-experts?

We believe that we have met these aims, and achieved results which at the begin-
ning of this project we were unsure were achievable with a 4-node device, such as being
able to distinguish between sub-classes of oddball events,as discussed in the results of
experiment 5. With careful planning of the experimental framework, we have shown the
applicability of utilizing a 4-node setup for creating classi�ers for oddball style experi-
ments. This work in and of itself can be very much considered as a proof of concept. We
do not consider the results presented in this report to be themaximum of what could
be achieved with our experimental apparatus. Indeed we viewthese results as a strong
justi�cation for further work which examines the applicati ons of using cheap, accessible
EEG devices to a variety of challenging research problems.
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