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Abstract.
performing tasks, without undermining their capabilitarscurtail-

ing the natural development of their skills. In this studg evaluate
our collaborative control architecture by investigatihg wisual at-
tention patterns of robotic wheelchair users. Our initigbdthesis
stated that the user would require less visual attentiordfming,

whilst they are being assisted by the collaborative systieus, allow-
ing them to concentrate on higher level cognitive tasksh siscplan-
ning. However, our analysis of eye gaze patterns—as reddigde

head mounted eye tracking system—supports the oppositucon

sion: that patterns of saccadic activation increase andrbeanore
chaotic under the assisted mode. Our ndings highlight theassity
for techniques that assist the user in forming an apprapriantal
model of the collaborative control architecture.

1 INTRODUCTION

Smart wheelchairs are being developed to augment a mobriity
paired person's capabilities, enabling them to safelyqrerfprecise
manoeuvres. In order to achieve this, we must share theat@py
propriately between the user and the robotic chair, sudtthieauser
still feels in control [10]. The human driver knows what thesnt to
achieve and is good at interpreting complex, clutteredrenments,

however a robot can be much more precise in executing low leve

commands. Therefore, we have proposed an effective colitive
control methodology, which infers the user's intentionsnfir their
joystick input, along with the affordances of the surroungdenvi-
ronment [3, 1]. Based on these predictions, the wheelclaairatter
the motor control signals to provide assistance, wheressacg

Our collaborative controller successfully increased thfety of
trajectories driven in narrow spaces, whilst simultangoreducing
the need for excessive corrective joystick movements [2jvéler,
after processing feedback from these earlier trials, waaneinves-
tigating the possibility of using additional physiologiéaput from
the user, to help the wheelchair behave as naturally ashpeshir-
ing interaction. We propose to utilise the user's eye gazestimate
their attention, which could simultaneously enhance oedjation
of intention algorithm and indicate when the wheelchairgoet be-
have as the user expects.

Whilst the user is being assisted by the collaborative gsystee
hypothesize that the user would require less visual attend effec-
tively manoeuvre the wheelchair. This would allow them tog-
taneously perform other higher level cognitive tasks, sastenvi-
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Collaborative control architectures assist human users imonmental exploration, or planning future manoeuvres. e ax-

pect the driver to xate on objects of interest, which mayphéb
strengthen our intent-prediction system.

We do not treat eye gaze as an active input device, in which the

user tries to control the wheelchair by moving their headareyes,
as was demonstrated in [9]. Instead, we aim to use it as avpadesi
vice, to non-intrusively increase the user state vecta Ktiowledge
we possess about the user at each time step).

In this exploratory study, we observe the characteristicthe
user's eye movements, whilst performing typical manoesivseich
as driving around of ces and passing through narrow doosvaje
observations are made over one independent variable, whittake
one of two states: provide adaptive assistance, or providassis-
tance.

N

Figure 1. A participant driving our robotic wheelchair. The software
the tablet PC combines the stimulus from the joystick withlttalisation
data derived from the camera, to collaborate with the useoittrolling the
wheelchair motion. Simultaneously, the head-mountedtg@ing system

records the driver's gaze.

2 BACKGROUND

In this section, we will introduce the robotic wheelchamgbbrm that
we have developed (Figure 1). After brie y describing thedware



components, we focus more on the underlying collaboratirerol
architecture. We then go on to explain the eye tracking aystie-
scribing the hardware setup along with the fundamentalaijoer of
the tracking algorithm.

2.1 The Robotic Wheelchair Platform

Our system is built upon a mid-wheel drive EPIOC (electhicpbw-
ered indoor/outdoor chair), that would typically be présed to a
severely mobility impaired patient. We have interfaced ldeaPC
with the wheelchair's joystick and motor control unit. Theystick
signals are intercepted and altered, where necessaryebeéing
forwarded to the wheelchair's motor control unit.

The collaborative controller (Figure 2) is realised in s@fte on
the tablet PC. The adaptive assistance is provided by thedlsan-
troller module, which uses information from teafe mini-trajectory
generator, along with the intention predictor, to decidaotly how
to adapt the joystick signals [3]. The system is currentigarpinned
by the computer vision-based localisation system that we tavel-
oped to work in mapped, indoor environments (with minimaldino
cation of the environment) [3].
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Figure 2. The collaborative system shares the control appropriately
between the user and on-board computer(8¢; yc; ¢) and(xt;yt)
describe the wheelchair's current and target positionsesely.(V;! )
represent the target translational and rotational veldajple to be sent to
the motor control unit.

2.1.1

In our system, we base our intention prediction on the mieltiy-
pothesis approach, as described in [4]. Our prediction tsoale
task based, so we de ne targets of interest, such as dooramays

Intention prediction

c=exp K1 D )

Essentially thesafe mini-trajectorygenerator computes a path to
reach the predicted target safely, once the con dence libtdshas
been reached for that target. The wheelchair is then guidetiygto-
wards the rst waypoint of theafepath. However, we allow the user
to gradually deviate from this path, if they consistentlyoge this at-
traction. The con dence value will then fall accordinglyemntually
allowing them to regain full control if appropriate. Consely, we
will prevent them from deviating from the safe path if it isigg to
resultin a collision (e.g. they are in a doorway and mighttigtdoor-
frame). However, the speed of the manoeuvre is always d@droy
the user, in a manner similar to that of Zeng et al. [12]; itrispgor-
tional to the component of the joystick input vector, whidgslin
thesafedirection. This continues until the corresponding con den
value has dropped below an experimentally set thresi@ilgisn
which occurs once the chair has safely reached its targéndgsn.
We also allow the user to reverse backwards along the sdf@apany
time, until the con dence value drops bel@®yesh , at which point
they regain full control. This strategy strives to make tiserufeel
more in control than using a rigid assistance method, whicbes
them to stay on a computer-controlled path at all times, fangple,
when theCALL smart wheelchaiuses its “optical track follower”
[10].

2.2 The Eye Tracker

In the BioART lab, we have constructed a portable monocutar e
tracker, which is based on the openEyes system developeuvat |
State University [7]. It allows us to indicate the user'sigadf gaze
(POG) on a projection of their eld of view (the scene imag#l].
We decided to use a cycle helmet as our substrate, to corlfipead
securely support the hardware, whilst allowing quick atfjuesnts to
be made for new users (Figure 5).

The scene image is produced by a rewire camera with a sh-eye
lens (111° eld of view), mounted on the headpiece aboveriheked
eye, which reduces parallax error. Concurrently, the sifbjeight
eye is illuminated by an infra-red LED, which is observed sea-
ond rewire camera. To reduce the sensitivity to lightinghdaions,
this second camera is tted with a Kodak Wratten 87C infratt,
which blocks the visible spectrum.

2.2.1 The PCCR algorithm

The eye-tracking algorithm uses the pupil centre and cormea

desks, which the user may wish to drive through or approach. W €ction method (PCCR) [5]. We based our implementation oe th

constructed a con dence function (Equation 1), which onigreases
when moving towards a target. This function is the productwaf

parts: the rst (Equation 2) is computed using the Eucliddestance
from the current wheelchair positiom to the targetv;, the second
(Equation 4) is based upon the heading of the chatompared with
the angle to the target(Equation 3). The scaling factor kfin Equa-

tion 4 determines the sensitivity towards the angular exnatin our

case was experimentally set to 2.

C = Cq4C 1)
Co=expfjj wi wijjg @
zarg(wy W) (3)

openEyes project [7], which utilises the Starburst algoni{8]. Our
implementation is in C++ rather than C, which has allowedais t
make a portable class-based solution, abstracting awantéréace
dependence on the HighGUI/GTK widgets. This means we can eas
ily use the real-time eye tracking class in our existing ithuitaded
QT framework, or as a standalone application.

Since we are using ltered, re ected infrared light, the neal re-
ection should be the brightest part of the image, as showFigre
3(a). An adaptive binary thresholding method is used toaetes.
Once the re ection has been found, its position is recordsdlitis
subsequently removed from the image, so as not to interfithetne
pupil detection. This is done by replacing it with the averauixel
intensity of its neighbours.



paradigm in a similar manner to [6]. This allows the true cermf
the pupil to be estimated.

2.2.3 Calibration

Now that we have a system for estimating the difference vector
from the centre of the pupil to the corneal re ection, we cated-
(a) Corneal re ection. (b) Finding the pupil. mine the POG on the scene image. This is achieved by using the
homographic mapping functiotd , which is a3 3 matrix with
Figure 3. The gaze direction is computed from the vector between the eight degrees of freedorht is computed by performing a standard
cen%re of t.he pupﬁ and the corneal re ee:tion. To do this, e a modi ed calllbratllon,. whereby the_ user sequentially xatesdn 3 known
version of Starburst algorithm [8]. grid points in the scene image [8].

We have extended this method to prevent erroneous detstkian
sometimes occur in bright lighting conditions, or if the usewear-
ing glasses. Once the pupil has been detected, we checkhthat t
corneal re ection lies within 150 pixels of the pupil centié this
is not the case, we discard the re ection result and redtarsearch,
looking for the next largest area of high intensity pixels.

2.2.2 Determining the pupil centre

Robustly nding the pupil is more of a challenge, we apply the
feature-point detection method which is also part of thelftest
algorithm [8]. We start by setting the estimate of the ceofréhe
pupil pcurent  to be in the centre of the image, at each iteration, this
estimate is updated to be the mean of the generated featura se
successive frame@curent IS taken to be the nal value from the
previous image.

The rst part of the algorithm generates a number of raysatiuij
from peurent , to the edges of the image. Each ray is then traversed,
calculating the derivative intensity between neighbogipixels, . Figure 5. Our portable eye-tracker consisits of two rewire camefase
For the rst pointf; on each ray that this intensity is greater than a ©f Which observes the subjects right eye, whilst the otleeords the scene

. . . (the person's eld of view). After performing a manual catition, the
certain threshold,, it is deemed to be a potential boundary between software will mark the person's focal point on the scene iag
the pupil and iris. Consequently it is added to the candifzdture
set (Figure 4(a)). Once all the rays have been traversednitasi
process is begun for each of the points in the generatedréesdé, It is important to note that this eye tracking system doesgiet
only this time, the rays are constrained to fall within anitasly ~ pixel-level resolution on the scene image, as might be redufor
angle ofpeurent  (Figure 4(b)). The whole algorithm is repeated the manipulation of a cursor on a screen. Instead, it is sesfily ac-
with peurent St to the geometric centre of the feature set, unlesgyrate to detect when the subject's POG dwells on regionsterdst,
they are within 10 pixels of each other, in which case it t@ates such as doorways, desks, people etc., however it remaireneaty
[8]. sensitive to any calibration error.

2.2.4 Improved calibration for inexperienced users

In our experiments, many of the subjects have never expesikthe
use of an eye tracking system before, so we must ensure thegsro
is as simple and non-intrusive as possible. Although thiredion
procedure is relatively quick and simple, it is crucial td geight
(a) Phase 1. (b) Phase 2 (Lst iteration).) rst time. It has proven to be disruptive when running trialith
several participants that each have to make successiaibeations.
We observed that many of these errors occurred due to thecubj
Figure 4. Detecting the pupil using the Starburst algorithm [8]. Iraph 1, blinking, or moving the eye just as the calibration point \wat
potential feaé“gﬁ)sb(%riz?]t‘:é‘;slsnes)hg;eefg”:gwa?;’;%feragiﬁfgggmat Therefore, we improved the calibration stage in order tormati-
g%r;rar: ray(/rsefrom each of the'feaﬁurésin éur current setF,) back towards C‘_”‘”y dete_ct and eliminate errors in pro‘_‘?"'”g the hqmdgramap-

P current ping matrix. We now compute the stability of tkege difference vec-
tor over a few frames before and after the calibration point leenb
set. If the vector is deemed unstable5(pixels on each end point),

The nal stage is to t an ellipse to the candidate feature, set the point is rejected and the subject must perform that o@tigain,
which is performed using the random sample consensus (RANSA before moving onto the next grid point. This intuitive adjusnt to




the algorithm greatly reduced the need for re-calibratvnich has
saved experimental time, reduced erroneous results apddt in-
still greater con dence in our test subjects.

3 METHODOLOGY

This paper presents the approach we followed for conductipg
lot study. It is important to test the methodology beforeyiag out
the full scale trials, which will take a considerable lengttime. We
followed some generally accepted principles for our experital de-
sign, to ensure our results are as meaningful as possiblelianidate
any bias. A script was used to ensure that all participante wad
the same information. Additionally, none of them were awafrthe
goals of the experiment.

In contrast with previous work [2, 3], the participants waog in-
formed prior to the trial whether the system would be assistiiem
to perform the manoeuvre or not. This allowed us to gain same i
teresting results relating to people's mental models ofihaerlying
control system, which will be further explored in the Dissias sec-
tion.

Each participant was asked to drive from the start point i @i

ce, through a narrow doorway to an adjoining of ce, exit tbéce
via another doorway and stop in the corridor, as shown inreigu
This route was driven four times by each participant. Halfhaf tri-
als were driven with no assistance, whereas the other hadfdveven
with the collaborative controller active, thereby prowigiassistance
at certain points, notably when driving through the doorsvdg or-
der to prevent biases, the collaborative controller waseacturing
the odd trials for the odd—numbered participants and dutiegeven
trials for the even—numbered participants.

Wheelchair

/

Start\

Figure 6. In the trials, participants were required to drive from theats

position in one of ce through to an adjoining of ce, beforeriging at the

nish position in the corridor. When using the collaboraticontroller, it

provides assistance, where necessary, in the approach tehalist driving
through the doorways.

In our previous experiments [3, 2], we received many useioi-c
ments from the participants, so this time we decided to coile
formation that we could quantify in a structured questioraafter
driving each trajectory, the participant was asked to rtagefollow-
ing carefully chosen statements on a ve point Likert scedeging
from “strongly agree” to “strongly disagree™:

The wheelchair was easy to manoeuvre.

The wheelchair behaved as | expected.

| had to concentrate hard to drive the wheelchair.
It felt natural driving the wheelchair.

4 RESULTS

We took two approaches to processing the large quantity deovi
data that we had collected. The rst was to qualitativelyngaifor-
mation from watching the playback of the scene images, whath
been automatically annotated with the gaze points. Thenseaas
to perform a quantitative analysis, by computing statistio clus-
ters of the gaze points, for instance: their standard dewiatvhilst
passing through a doorway.

Using our rstapproach, we noticed that all the particifstended
to perform a visual exploration of the scene as they droveutin
through a doorway, an example of which is shown in Figure 7s Th
comprised of rapid saccadic eye movements. However, oree th
were in a room they tended to xate on objects or perform simoot
pursuit, as shown in Figure 8.

(d)

Figure 7. A sequence showing the visual exploration as a user drives
through a doorway. The white circles indicate the gaze ofifes; the largest
one is the current POG, the smaller ones indicate the prevaur POGs.

Figure 8. Once a user is in an of ce, which they have already visually
explored, their gaze tends towards the forward positiofs iBrclearly
shown by the sequence of processed POGs, which form appatexim
concentric circles.



Typically, users driving without any assistance exhibipedterns

of movement in the points of gaze (POGs) as shown in Figure 9.

In this case, the driver was looking predominantly stragfitad, in
the direction of the chair's movement. However, when thdéabml-
rative control system assisted the user (unbeknown to thearjve
through a narrow doorway, the typical pattern of POGs chauiga-
matically to resemble that of Figure 10.
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Figure 9. A superposition of the the typical POGs, when driving thitoag
doorway without assistance. The large red blob indicatesrtbdian, which
corresponds to the user looking straight ahead.

Eye fixation points on the scene image
500 T T T T

450

400

350

300F

250

y (pixels)

200

150

100

50

0 100 200 300 400 500 600 700
X (pixels)

Figure 10. A superposition of the the typical POGs, when driving thioug
a doorway using the collaborative control method. The laegiblob
indicates the median, which corresponds to the user loaitiraight ahead.

5 DISCUSSION

When people were driving without any assistance, their P@®@s
dominantly clustered around the median position, with atialy
low deviation, as you can see in Figure 9. The median posttisn
responds to the times at which the user is looking straigeadhin
Figure 11, the graphs highlight the signi cant increasehie tlevia-
tion of the POGs, once the user is being assisted by the coditibe
controller. All the subjects exhibited increased deviatio the hor-
izontal plane of the scene image (Figure 11(a)), howeverdhbelts
for the vertical plane of the image (Figure 11(b)) may yietdrter-
esting explantion for the increased saccadic eye movements
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Figure 11. The standard deviation of the points of gaze (POGs) for
subjects whilst driving through narrow doorways. The cabemno
assistance was given is compared with the case when theadtve
controller was active.

When using the collaborative controlle—compared with not
being given any assistance—all of the participants agreede m
strongly with the statement: “| had to concentrate hard teedthe
wheelchair” and tended to disagree more with “the wheetchei
haved as | expected”. However their reasons for this diffeRre-
dominantly people tended to comment about the wheelchait “n
behaving correctly”, whereas the rst participant desedtfeeling
that it was their own fault for not understanding how to opethe
wheelchair properly. This could explain why the rst paitiant was
the only person not to also signi cantly increase deviaiiothe ver-
tical plane of the image (Figure 11(b)). They tended to lonky @t
the doorframes (Figure 12), whereas everyone else adalitjofo-
cussed on the tablet PC.

This suggests a potential lack of a mental model for the
wheelchair. We de ne a person's mental model to be their giget
forward model of a system's behaviour. For example, if welypp
control signal to the current system state, what would benthe
state of the system [4]? In our case, how does the user expect t
wheelchair to move as a result of a joystick manipulation?
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Figure 12. An increased deviation in the horizontal plane, without a
signi cant increase in the vertical plane, suggests the isseore concerned
with performing the manoeuvre, than what the control systarthe tablet
PC is doing.

Inspired by our previous results, we decided to carry outdn a
ditional trial, to test our hypothesis regarding the reguient of an
adequately formed mental model. The results of which arttqulo
against our previous ndings in Figure 13. We informed anitiddal
fourth test subject about the shared control policy withia tollab-



orative control architecture and how it would assist withmeuvres
whilst it was active. This meant they were able to form an appr

ate mental model of the wheelchair's expected dynamic khebav
Consequently they produced no signi cant difference imeitaxis

of their eye gaze patterns between the case when they were giv

assistance and the case when they were in full control.

7 FUTURE WORK

Inspired by our unexpected ndings and the success of ouwt pil
study, we intend to perform a full-scale study, investigathe user's
mental model of the collaborative control system. It woukditer-
esting to do @etweersubjects trial, where some users only operate

This would suggest that a high degree of saccadic eye mouemertr'e chair with the collaborative controller active, whitthers are

could indeed be triggered by the lack of an appropriate nheraedel.
However it would require further trials, which we are cutigmun-
dertaking in the BioART lab, to produce statistically sigaint re-
sults, to support this premise.

Standard deviation (pixels)
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Figure 13. The additional fourth test subject was aware of the shared
control policy within the collaborative control architacg. This meant they
had an appropriate mental model of the wheelchair's belayvio
consequently resulting in no signi cant difference in the@aze patterns.

6 CONCLUSIONS

We have constructed a head-mounted, portable eye-traskstgm
and interfaced it with our existing robotic wheelchair. @bgh the
use of our collaborative control architecture, people Hayeroved
the quality of their driving, in terms of the safety of thejéetories
followed. Conversely, an analysis of the user's eye movenuem-
bined with a questionnaire and verbal feedback, has iretigadten-
tial dif culties that users have in the recognition and urslanding
of adaptive interfaces.

In our work, we have again demonstrated the importance of us-[8]

ing physiological measures in addition to the more tradaicsys-
tem performance metrics (e.g. speed, distance etc.) whatnating
intelligent HRI architectures. The results can be couirttritive; for
example, it may require more concentration to perform a vasn
being given adaptive assistance. However, such resultsyam@tant
to discuss and in this case, they follow the premise thatltcctake
longer to create a mental model of an adaptive interface ¢thane
that has a xed response.

Our initial hypothesis stated that the user would requiss igsual
attention for driving, whilst they are being assisted by ¢béabo-
rative system. This would allow them to concentrate on hidgneel
cognitive tasks, such as planning or performing a visuatée&low-
ever, our analysis of eye gaze patterns for untrained us@osts
the opposite conclusion; that patterns of saccadic amivaicrease

and become more chaotic under the assisted mode. Therefore,

ndings reiterate the necessity for techniques that askistuser in
forming an appropriate mental model of the collaborativetca ar-
chitecture.

not given any assistance. Over the course of a number of,txiad
would expect both the groups to form different perceptuatlet® of
the wheelchair's behaviour. Despite these differencesddgree of
saccadic eye movements may converge.
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