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Abstract. We preseh a vision systen for human...machine attention mgo allows integration of differert modalities and

interaction base on a smal wearabé camea mountel on

glassesThe camean views the areain front of the use, espe-
cially thehandsTo evaluathard movemensfor pointing ges-
tures ard to recogni® objed referencesan approab to inte-

grating bottom-p generatd featue maps and top-down prop-

agatel recognition resulsisintroduced Modules for context-

free focus of attentian work in paralld with the hard gesture
recognition In contras to othe approacheghe fusion of the

two branchs is on the sub-symbok level. This methal fa-

cilitates both the integration of differert modalities ard the

generatio of auditory feedback.

Keywords: Human...maclernnteraction .. Gestue recogni-
tion .. Neurd networks .. Focus of attention .. Auditory feed-
back

1 Introduction

Onre of themajar challengsin human...mackd@imteraction is
to establi$racomma focus of attention In currert computer
systens the mou® is usel as an input device to seled the
windowsto which keystrakes refer. Thiscan be seen asasim-
plemearsto establi® acomma focus of attention However,
when human...machimteraction refersto realworld objects
or does not take place in front of aterminal compute vision
isneededIn this casehard gestuesprovide anaturd means
to guide the attention of the machine.

The problem with hard gesturs is that they are not very
preciif evaluatel only at apurely geometrichlevel. Humans
do nat point with high angula accuray; insteadthey rely on
(i) the understandig of the dialog partne ard (i) on supple-
mentirg modalities like speechHence it is nat su“cient for
visud evaluatia of pointing gestursto identify hard posture
ard pointing geomety as accuratef as possible.

In this contribution, we presemn a systen which uses an
attention map as a representatio of focus of attention The
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thus facilitates the solution of the following problems:

1. The machire need a bast understandig of the scere to
be able to identify a discret se of possibe pointing tar-
gets therely reducirg the continuows manifold of poten-
tial pointing directiorsto a“nit e set This can be achieved
by analysimy the scere for saliert points or regions from
which the mog likely solution is much easie to select
than from the original, continuos manifold In the sys-
tem proposéd here severd conext-free attentionhmech-
anisns (entrqoy, symmety and edge-cornedetection are
adoptel to acivate certan area of the attention map and
thus establis an «anticipatior? of the systen where the
use might point to.

2. The attention mgp is a convenien device for the future
integration of symbolic information from speeb recogni-
tion systemsHints like erightZ or *aboveZ can easily be
expressd in ternms of actvated subegions in additional
attention map layers (smanipulate mapsZ)as outlined in
Sects3amd 4.2.

3. Thesubsymboli representatioof spatid information fa-
cilitatesthegeneratio of systenstha givefeedbak tothe
use to close the suse...machinkinteraction circle. As a
“rst step Sect 4.3 describsan acoustt feedbak straegy
(~audi“cation) for signi“carnt shifts of the comman focus
of attention.

An earlier versia of the approab was applied in human...
machire interactio [6]. It beas a resemblane to the data-
driven componen of the attention systen introducel by
Badker et al. [1], which combines severd featue mays for
gaz contrd of an acive vision system Similarly motivated
architecture for focus of attention were proposé by Itti et
al. [13] and Walthe et al. [30], partly basel on the earlig hi-
erarchichmodé of Riesenhubeand Poggb [23]. A system
for hard tracking and objed referene tha also allows the
integration of modalities other than vision was propose by
Theis et al. [28] for the CORA roba system.

We will “rst descrile the experimenthset-yp ard overall
processig architectue (Sect 2) and then the single context-
freeattentionafeaturesand their adaptve weighting (Sect 3).
Sectim 4 describs the classi“cation of pointing gestures
ard pointing direction recognition as well as the fusion with
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the attention& systen on the sub-symbolt level. The sub-
symboli representatiois alo the bass for the auditory feed-
bad (Sect 4.3). Finally, in Sect 5 the system istestal using
sprototypicZ pointing tasks.

2 System description
2.1 Scenario Gestual refaence

The experimenthset-ip is depictal in Fig. 1. The use wears
a head-mounte camera which is mountel on glasss and
capture approximatef the viewpoint of the use. In future
work, the glasss will bereplacel by a head-mountédisplay
(HMD), which allows onre to re-visuali® the camea input
fused with augmentatiosfrom avisud memoy system.

Inthisscenariguse...mach@interactian is possibé only
by using vision ard speechSo recognition of gesturhrefer-
enceto memorisd aswell asunknowrobjeckisakey ability.
Thereforegoal-orientel ssgmentatio techniqus are not fea-
sible instead conext-free algorithns have to be used.

In this pape we presemnpatt of an attentiondsub-system
by which objecs or othe visud entities can be referenced
using hard gesturesAs a typicd task we cho® the set-up
of Fig. 1, right, where the use points at differert objecs on
atable As long as the use changs the pointing directions
quickly, the systen assumsthat large objed entitiesare refer-
encedWhen movemensbecone slower, theattentionhfocus
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Fig. 1. Left Miniature cameamountel on
glassesMiddle: Use points at an object
(a button of the power supply unit on the
table). Right Set-ip useal for evaluation
(Sect5)

establishd by the detecte pointing direction is narrowed to
facilitate refereneto detaik (svirtual lase pointerJ sud that
e.g abutton on a technicé device can be selecté precisey.
Objed selectio is assistd by an acoustt sbopZ wherever a
signi“cant focus shift has been detected.

2.2 Processig architectue

Figure 2 showsthe system overview. From the camegaimage,
“rst, three featue mays are compute by modules dedicated
to entrqpy, symmety ard edge-cornedetection (Sect 3.1).
In thee bast maps differert image features stard out (for
an exampk see Fig. 3). The attention map moduke (ATM)
fusesthe information of the bast featue maps by computing
aweighted sum using an adapive weighting as describé in
Sect 3.2 Maxima of the resultirg fused attention mgp corre-
spord to area considerd as sinteresting by the systen and
provide a pre-selectia of possibé pointing targets.

Pointing directiors are classi“ed by the neurd VPL clas-
si“cation moduk describéin Sect 4.1 (left brandin Fig. 2).
The classi“er operats on image patche found by a previous
skin colou segmentatiom moduk ard yields as aresult (i) a
classi“catian of whethe the patc is an irrelevart objed or a
pointing hard and in the latter case (ii) an estimae of the 2D
pointing angle.

To “gure out which image pait the use is actually point-
ing at, knowledge-base approachgewould proces both the

Symbolic Level

Auditory
Feedback

Sub-Symbolic Level

Fig. 2. Systen architectureln contras to
approachs which integrae pointing ges-
ture information and objed locatiors on
the symbolic level [2], the pointing angle
is down-propagate to the sub-symbolic
level usirg a *symbol-signal-transformerZ
(SST) ard integrated as a spatid weighting
of the featue maps
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pointing angke and the positiors of the maximaof theattention
map onthesymbolic level. A goad suvey of knowledge-based
image processig isgiven in [5]. In contrag to sud schemes,
our approab transforns the pointing direction bad to the
sub-symbok level using a so called smanipulata mapZ The
manipulate map seres as a multiplicative spatid weighting
of theattention mgp tointensify attentionmaximain the point-
ing direction whileinhibiting others Thereforgthe manipula-
tor mgp shows acore of high valuesin the pointing direction,
startirg at the hard cente (Fig. 4, right). The coreiswidened
or narrowed dependig on the context asdescribe in Sect 4.2
ard can be viewed as a sspotlight of attentionZ.

Asanadditiondfeaturethesystem sendsan auditory feed-
bad to the use if the focus point switches from one target to
anothe. Thisisperformel by thefocus shift detectiormodule
(FSD) asdescribd in Sect 4.3.

3 Integratin g attention maps
3.1 Geneation of conext-free feature maps

Weusethreedifferert conext-freemethodto determirefocus
of attentionlocd entrqy, locd symmety and an edge-corner

Fig. 3.Processigresulsfor apointingges-
ture towards an object From the input im-
ace (bottamright) skin colour issegmented
(bottam left), the VPL classi“er calculates
theangk whichistransforme to amanip-
ulatar map (top left). Themanipulate cone
silluminates’ the object and the maxima
of the featule mays stard out

detection Thes method use entirely differert principles to
judge saliercy ard are beg suited for differert scalesWe de-
scribe the algorithns orderal by scak «from coar to “neZ.
Sectin 3.3 outlines parametrisatio of the modules for a par-
ticular domain.

3.11 Entrqoy map

Judgirg saliercy from locd entrqy is basel on information
theol as introducal by Shanna [27]. The underlyirg as-
sumptioisthat sinterestingZareaterd to exhibit ahigh pixel
entrqpy. We use the methal here in the form propose by
Kalinke and von Seel@ [17]. The algorithm has proven suc-
cessfliin larger vision architecturg[16, 7]. Calculatian of an
entrqoy mapMeg is basel on a grey value image usualy at
low resolution:

ME(X!y): é P(X,y,q)-logP(X,y,q), (1)
q
_ _NXvy.9
P(X’y’q)_ N(X,y,q) (2)

q

Fig. 4. Left Processig " ow of the ATM

moduk (cental boxin Fig. 2). The atten-
tion map is generatd from an (adapively)
weighted superpositia of thefeatuemaps.
The manipulate map which allows the
coupling of information from othe mod-
uleslikethe pointing direction recognition,
is multiplied to the attention map. Right

Examples of manipulato maps (sspotlight
of attentionZ)A wide core is usal when
the use wans to indicat large objects a
narrow one is usel for precise pointing to
details
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N (x,Y,0) denote the histogran of the grey values within
anng x ng-window (ng 3 and odd) arourd the pixel
(X,y), wheregistheindex of thehistogran bin. Thehistogram
resolutioni.e. the numbe of binsNg used shout be chosen
nottoolargeso astoensuetha the(ng )? pixelsof thewindow
still yield a su“cient estimae of the grey value probability
distribution. For examples see Sect 3.3.1.

The crucid parametein entrqoy calculation is the win-
dow sizeng in combinatia with the resolutian of the inten-
sity image It determingthe spatid scak on which structures
are evaluated A window which istoo smal to captue object
structue is mainly working as an edge detecte. Here we use
ng = 7andNg = 4. Thisissu*“cient to dired attention to
even large objecs of the settirg (Fig. 3).

In principle, entrgy calculation can beextendelto colour.
However, quantisatio of themuch larger volumeof the colour
spaeis more dif‘cult. SinceNg isbourd to be smal dueto
thelimited numbe of evaluatel pixels, the histogran binscan-
not be assigndto “ xed regions of the colour spacelnsteada
" exible colour quantisatio isrequired which isadaptel to the
actualy presem colou distribution. As this procedue intro-
ducesadditiond parameteraverestrictal entrqoy calculation
to grey values.

3.12 Symmety map

The secoml saliercy featue is locd grey value symmety as
proposd by Reisfetl et al. [22]. While entrqoy sewnes for a
primaty detectia of large objecs regardles of structurethe
symmety mapMsym Yields a stronge focus on objed de-
tails which are locally symmetric The use of symmety as
a saliercy featue is motivated by psychophysida“ndings;
see e.g [4,19]. In particula, the algorithm of [22] could be
justi“ed by comparisa with eyetrackirg experimens [21].
Saliercy ard stability againg changs of viewpoint, illumi-
nation ard noise of the detectel symmetries was evaluatel in
[10].

For the calculation of M sym we use amore efcient ver-
sion of the origind algorithm [22], which can be outlined here
only in brief. Msym (p) a pixel locationp = (x,y) relies
on the grey value deiivatives 14 (p), Iy (p), from which the
gradiert magnitudeG, (p) =  14(p)? + Iy(p)? ard direc-
tion | (p) = arctan(ly(p)/Ix(p)) are calculated Deriva-
tivesly, |, are computel by 5 x 5 Sobé operatos (see e.g.
[14]). The symmety valueM sym (p) is asum over all pixel
pairs(pi, pj ) within acircular surrounding (p) aroundp of
radiusR:

PWHi,j) - GWHG,|).(3)

i) (P
P ={GNImE+p)2=p pSp 2R} (4
The phas weigh function PWF provides a measue of the

likelihoad that the gradien directiors at p;, p; belorg to the
contous of asymmetrc object:

M Sym (p) =

PWHi,j) = [1Scos( i+ j)]-[1Scos( ;S )], (5)

where ;, ; denoetheangles betwea theline pip; connect-
ing pi andp; ard the gradiens atp; andp; , respedtely. For

therathe compkex geometreinterpretatio of PWF, thereader
mug be referral to the origind work [22].

Thegradiert weigh functionGWF weight contributions
of pixels (pi, p;) highe if they are both on edges because
edges might indicate objed borders:

GWHi,j) = log(1+ G (pi)) - log(1+ G (p;)). (6)

The logarithm attenuats the in"uence of very strorg edges.
Figure 3 shows an exampk of Mgy, with R = 3 in which
the symmetrc buttors can be clearly detected.

3.13 Edge ard corne detection

Thethird featue map isaimed to identify small, saliert details
of objects Since small-sca saliercy can hardly be detected
from compkex image structuresthe locd grey value gradients
Ix,ly have to be evaluatel for cornes and edgesWe chose
the detecto propose by Harris ard Stephes[8], which was
found to be superig to othesin [26]. It isbasel on an approx-
imation of the auto-correlatia function of the signal

|2
x W (p)

Il
XZY W (p) , (7
Ixly W (p)

AlP) = Iy W (p)

where - () denotes aweighted averagirg over awindow
W (p) central at p. The weight function inside the window is
aGaussianSaliercy of apoint is high if both eigenvalues of
A are large however, to redue the computationbeffort, the
featue mgp is calculatel from

Muarris(P) = det(A) § - (TracgA))*.  (8)
The Gaussia weighting function for the componerg of A
insideW haswidth = 2. Assuggesté in [26], a value of
0.06isuse for the constant .

3.2 Adaptiwe integration algorithm

The adapive integration of the featue maps M (x,y),
i = 1,...,Ng and the manipulate mapsMM (x,y),i =
1,...,Ny takes place in the ATM moduk as illustrated in
Fig. 4. Here the numbe of featue mapsis Ng = 3, consist-
ing of theentrqoy, symmety and the Harrismap Therisonly
onemanipulatomgp (Ny = 1), which sevestointegraethe
resut of the pointing direction recognitian into the attentional
sub-systemThis mgp exhibits a cone-shapeacivation pro-
“le , which <highlightsZ peals obtainel from the featue maps
M if they are closeto the pointing direction whileinhibiting
others The manipulate map will be describe in Sect 4.2.
The output C(x,y) is calculatel by a weighted summation
over theinput featue maps and a produd of contributing ma-
nipulata maps:

NEg N m
wi -MF(x,y) - MM (xy), (9)
i=1 j=1

C(x,y) =

where negative values of M (-, ) are cut off. The maximum
of the outpu attention mapC (-, -) is taken as the next shared
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focus of attention indicating the mog likely target of pointing
gesture.

To equali® contributions of all saliercy features to the
attention map we calculae the globd map acivities S; asa
sumover all pixelsof eacymapM . To read an approximate
equalisatio of theS; , themap weightsw; areadapte towards
target weightsw? by iterating

wi(t+ 1) =wi()+ (W) Sw(t), 0< 1 (10)
Astarget weightsw? we choose:
1 NFOSe
S— _— . __k=1%K
W N2 S with (12)
MF(x,y) +
S = (x,y)( i ( y) ) (12)

I
enforces alimit for weight growing. The automatt weight-
ing procedue is describe in detal in [6]. The parameters
i can be usdl if certan saliercy features shoutl a priori be
weightal highe. In Sect 4.2 we make use of this possibility
to give entrqpy a highe weight for large-scaé selectio of
objecs ard alow weight when objed detaik are pointed at.

3.3 Doman adaptation

The selectiao of scere constituers by the attention&system
determins the possibé pointing targets Consequenyi, this
processig stage mug be adapté to the particula domain
both by selectiom of adequat features and prope parametri-
sationAt“rst glancethenecessit for doman adaptatio may
seen asubstantibrestriction But it mud be kept in mind that
the attention& systen has to compensafor the lack of ase-
manticad scere understandig and is thus the interface where
the designe can incorporaé world knowledge The question
istherefoe whethe the systen facilitates doman adaptation,

e.g selectian of arelevart scale by supplyirg a limited and
manageald se of mutually independenparameters.

3.31 Parametrisatin of the featue maps

All parametes of the featue detectos describé in
Sects3.1.1...3.3refer to scak selection The scalirg param-
etess of Mg andM sy, are the window sizeng and the ra-
dius R. To give an exampk of how differert scales can be
selectedFigs 5 and 6 show entrgoy and symmety mays with
parametes adapte to differert domains Large and possibly
non-symmetig entities can be beg found by entrqy, whereas
symmety is well suited to yield shap peals of saliercy val-
ues on small symmetr¢ objects As both method have only
asingle paramete selectio iseay. For the detectia of large
objeck usingMEg, an increag of the window size ng can
often be replace by using alower image resolutian for com-
putationd ef“ciency, as long as the exploited texture features
reman visible.

In principle, the Harris mapM p4(ris Can be tuned to dif-
feren scalesin a similar way by adaptatio of the width  of
the Gaussia weighting function But since the aim of the al-
gorithmisthedetectio of edgesand cornerswedid not make
useof thispossibility. Insteadthe smalles scakisselecte by
choosing assmal aspossibewithout affecting theaccuray
of corne localisation.

3.32 Integration of othe featue maps

The systen facilitates integration of any featue detecto re-
quired for a particula application as long as its outpu can
be represente by a featue map M T (x,y). Normalization
of the saliercy valuesisnot necessarsinaee the adaptatio by
Eqgs 10and 11 automaticaly equalise contributionsfrom dif-

ferert mapsltispossibeeithe toadd entirely new featuresor

Fig. 5. Entragoy mapsfor differert domains.
Top: Segmentatio of large objecs (person,
plants postejinanof‘c eenvironmert (im-

age size 320 x 240, sub-samplé by fac-
tor 2, ng = 15, Ng = 3). Bottom Pa

rametes are chos@ sud that the objects
have high saliercy values while the unde-

lying texture (wood, scripf isignored (im-

age size 320 x 240, sub-samplé by fac-
tor2,ng = 11,Ng = 2)
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to incorporae severd instancs of the alread presentd fea-
ture maps For example to dete¢ symmetrc pointing targets
ef“ciently on multiple scales severd instancs of symmetry
detection can berunin paralld on differert resolutions.

Colou featuresare particulary good candidatsfor future
integration since so far the systen may fail for low contrastin
thiscaseM sym can bereplacel by acolour versian proposed
in [10], which can dete¢ symmety even in the absene of
any grey value contrastA shape-independéemethal of inte-
grating conspicuos colou patche into the attention system
isoutlined in [6].

4 Pointing gestu e evaluation

In Sect 3.1 the conext-free featue maps contributing to the
attention mapC(x,y) were describedTo guide attention to

objeckor objed sub-structureselecte by the use, the point-
ing direction of the hard has to be evaluated In a “rst step,
skin colour segmentatimyieldsarectangulacandidagéregion
(ROI) for the hand This ROI is subsequengl evaluatel by a
neurd system to obtain two parametergi) thebinaly decision
on whethe the ROI represerga pointing handor any other
objectand (ii) the continuots pointing direction if applicable.
We will descrile this sub-syste “rst (Sect 4.1). Since the
outpu of the neurd systen is on the symboli level, it hasto

be stranslated bad to the sub-symboli level as describe in

Sect4.2.

4.1 Theneual VPL classi“cation module

The classi“e is a trainabk neural-netvork-basé system
which perforrsamappingx  y,x RP,y RN .Inthis
casetheinput dimensiorD isthenumbe of pixelsof theskin-
segmenta windows of “ xed size Thevectorx of pixel inten-
sities within the window is mappel to a three-dimensional

Fig. 6. Doman adaptatioa of symmetry
maps The images have a resolution of
320x% 240; symmety radiusR = 2 selects
the buttors of the remot contrd while the
symmetr€ objed isignored (top). R = 5
yields maxima on the keyboad buttons
(bottom)

outputy  R3: two of the output channes denoe the class,
one the pointing angle The class is coddl in the “rst two
componergin the form (1, 0) for epointing hand and(0, 1)
for «other objectZ the third componenis the continuots val-
ued pointing angle Classi“catian of unknown windows x is
carried out by taking the classk of the channé with maxi-
mad output:k = argmax;=12(yi(x)). Only in the caz of a
+pointing handZis the angley; relevant.

Trainingisperformel with hand-labelld sampewindows
of the croppel pointing hard plus object assigné to arejec-
tion class The rejectian class contairs otha object which
are patt of the scenarige.g the objecs the use points at or
parts of the backgroundin addition hard posture othe than
pointing gestures are patt of the rejectian class e.g a“st. A
restrictian of the system istha it can handk only trained ob-
jects Thus it is possibk to train objecs to be classi“ed as a
pre-de“nal rejection class but ther is no suniversa¥ rejec-
tionfor really unknown objects Sothe (trained rejectin class
re’ects the scenam .. a totally unknown object which acci-
dentally passs the skin colour segmentatio module might
be misteken for a pointing hard since the classi“cation result
canna be predictal in this case.

TheVPL classi“er combinesvisud featue extraction and
classi“cation It consiss of three processig stageswhich per-
form alocd principd componehanalyss (PCA) for dimen-
sionality reduction foll owed by a classi“catian by neurd net-
works (Fig. 7). Locd PCA [29] can be viewed as anonlinear
extensim of simple globd PCA [15]. *VPLZ stand for the
three stagesVecta quantisationPCA and L LM-network.
The vecta quantisatio is carried out on the raw image win-
dows to provide a “rst data partitioning with Ny reference
vectorsr;  RM i = 1...Ny. For vecta quantisatio we
use the aciivity equalisatio algorithm propose in [11].

To eathreferenevectorr; asingle layer feedfoward net-
work for the succesive calculation of the principd compo-
nens (PC9 as proposé by Sange [25] is attache which
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projecs the input x to the Np < D PGCs with the largest
eigewvalues:x p(x) RNe.I = 1...Ny.Toeadh of
the Ny differert PCA-nes one «experZ neura classi‘er is
attaché which is of the Locd Linear Map type (LLM net-
work) (sese.g [24] for details) It perfornsthe “nal mapping
p(x) 'y RN.TheLLM nework is relatel to the self-
organisirg map [18] ard the GRBF approab [20]. It can be
trained to approximag anonlinea function by ase of locally
valid linear mappings.

The three processig stage are trained succesisely: “rst
vecta quantisatio and PCA-nes (unsupervised)'nally the
LLM nets(supervised)For classi“catian of aninputx, “rstthe
bed matd referene vectorr,, y isfound, thenx is mapped
to pn(x) (X) by the attache PCA-né and “nally pp(x)(X) is
mappe toy by the LLM: pn()(X) Y.

The maja advantag of the VPL classi“er isits ability to
formmany highly speci‘cfeatuedetectos(theNy -Np local
PC9 but needimy to apply only Ny + Np “lter operations
pe classi“cation The classi‘er has bean applied to several
visiontasks(e.g [12]), and thefeatue extraction stagehasalso
proven to be an ef“cient representatiofor very largeamounts
of image dat within a framework for content-basg image
retrieval [9]. It can be shown that classi“cation performance
ard generalisatio properties are well behaved when the main
parametes are changedThes areNy , Np, ard the number
of nodesinthe LLM nets,N .

A possibe soure of misclassi“catioms is the skin colour
segmentatiom module since skin colour strongy depend on
the illumination conditions However, the input to the VPL
classi“er depend only on the position of the extracted ROI,
so a perfed hard segmentatim is not necessaryas long as
the ROI is nat affected substantial), classi“cation resuls are
good.

4.2 Translatian from symbolc to sub-symboti level

Skin colou segmentatio and the VPL classi“er yield the po-
sition of the hand(xy , yn ) and the pointing direction , re-
specively. Both thee (symbolig pieces of information are
translatel to a manipulate mapM M and thus bad to the
sub-symbolt level. The manipulate map shows a*Gaussian
con& of width . which determins the effective angk of

bean spread
_ (arctan(X3¥1) § )2
MM (x,y) = ;rem 5! (“?) ~
[ Cc

(13)

Fig. 7. The VPL classi“er perforns a lo-
cd PCA for featue extraction ard asubse-
quert neura classi“cation

here in the form for the “rst quadram for simplicity (Fig. 4).
The core gives highe weight in the attention map to image
regionsin the pointing direction ard thusestrengthenZsalient
pointsin thisarea.

To facilitate selection of objecs on differing scales, . is
adjustel online accordirg to the use actions The pointing
angles ard hard positions(xy ,yH ) are recordel over the
lag six frames If they show large varianceit is assumd that
the use moves the hard on alarge scak to sele¢ abig object,
so alarge . is also chosenlIn contrast,  is reducel for
smal variane to establi$ a svirtual lase pointeZ since it is
assumd that the use istrying to seled a detail.

Asadditiond assistanefor coarse/“re selectiontheapri-
ori weights ; of Eq 11 are changd sud tha the large-
scak entrqpy mapM g dominate for large pointing variance
wheres the symmety mapM sy, ard the corng saliercy
M uarris are weighted highe for detal selection.

4.3 Auditory feedbak

The FSD modukin Fig. 2 detecs spatia shifts of the focus of
attentionfor auditory use feedbak [3]. A shot sbopZsourdis
producel whenthe curren focusshiftsto adifferert maximum

s; of the saliercy mapS. Sud an evert is detectel when

1 t
= s@Si) Ss@ >d
i=1

(14)

wheres (t) denotesthe maximum of S closes to the current

focus(i.e. themaximum of theATM) inframet. Theparameter
t hasto beadjust@ accordimy to the processig framerate of

the systemard the thresholdd can be estimate by analysing

the distan@ matrix of the maximas; of the map.

5 Results

Figure 3 showsatypicd resut togethe with intermediag pro-
cessig stagesThe usea has just slowed down the pointing
movement so the manipulate mgp shows a core of medium
width in the pointing direction startirg at the approximag po-
sition of the hard centre Still, weighting of the entrqpy map
is considerableso the entire objed (the power suppy unit)
stand out in the featue map but as the use now holds still,
the smalle-scak features begin to shine through especially
the symmety of the referencd button.
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. full visual feedback

100 — 1
80 ™ ] ]
< o
£ 60
[%]
Q
2 -
(8]
©
E 40 Fig. 8. The chat shows the resuls of the
evaluation experiment The values are aver-
aged for three subjecs with 20 items each.
20 Onthehorizontd axisthedistancebetween
thecentresof thetargesand thecorrespond-
ing angles for a pointing distane of about
0 40cm are shown
1,5cm 3cm 5cm 10 cm 15cm 20 cm
(~2°) (~4°) =7°) (~14°) (~21°) (~28°)

target distance

To evaluat the systen performancewe choo® a set-up
which implemens asgeneric pointing task that can be easily
reproduceda subjed points at a row of six white circles on
ablad table (Fig. 1, right). We favoured this arti“cial setting
over ared tak becausit allowsusto evaluaethe systen per-
formane undfected by the properties of a particula natural
sceneThe particula set-ip of a scere greatl in"uences the
dif“‘culty of a pointing task Importart factos that in"uence
the succes of pointing are e.g distane of the targets shape
of the targets which determines visibility in the maps and
the presene of distractors So the dif“culty of a natura task
canna be quanti“ed.

In the experiment the distane betwee the hard and the
row of targesisapproximatef 40cm. So thediamete of each
circle is of an angula range of 1.7 , ard the distancs be-
tween the circle centres vary from an angula resolutian of 4
to 28 . To teg performane for pointing to details circles of
a diamete of 0.9 with a distan@ angk of 2 were usel in
an additionad experiment A superviso gives the commau to
point at one of the circles by readirg a randomy generated
circlenumbe. We use only theinner four circlesto avoid bor-
der effects A matc is counteal if the systen outpus a focus
point on the corred circle within 3s. The experimen was re-
peatel unde three conditions As the resuls in Fig. 8 show,
the beg matd percentageare reaché unde the full visual
feedbak condition (subjed¢ sees systen outplt on acomputer
screen)wherea the values substantiall decreas unde the
withou feedbak condition at smal distancesUnde the au-
ditory feedbak condition (subjet¢ heas a *bopZ sourd if the
focus point shifts from one maximun to anothey a signif-
icant improvemen could be reache by the settingwithout
feedbak.

The majar resut achieved in thisted scenar is tha sys-
tem performanecanbesigni“cantly increasd by giving feed-
bad becaus (i) the use is enabla to adjug single pointing
gestursto atarget and (ii) the use can adap him- or herself
to the systen behaviour. Thisway the achievableeffectiveres-
olution can be improved becaus it no longer relies solely on
the accuray of the pointing gestue recognition It could be

shown tha the rathe simple mears of giving auditoy feed-
bad alread leads to a bette performance.

Still, the systen has severd limitations The hard hasto be
completey visible; otherwisthe cente of the skin-ssgmented
blob shifts position so that the VPL classi“er getsan unknown
input A sbeefZisusel asan acoustt errar signd if thehardis
too closeto the borde. Anothe restrictin istha the saliercy
operatos do not yield maximaon all of the objects or not on
the desira locations in particula, edges of strorg contrast
indicating objed boundaris are sometimes weighted higher
than objed centres.

6 Conclusion

We have presentd a systen for visud detectia of objed ref-
erene by hard gesture as acomponehof a mobile human...
machire interface Featue maps basel on differert context-
free attentiond mechanisma were integratel as adapively
weightal componerd of an attention map Areas of high «in-
terestingnes&in the attention map sewveto establi$ anticipa-
tions of what the use might be pointing at A neurd classi“er
givesan estimae of the pointing direction whichisintegrated
into the attention map using a*manipulata coneZ.

The functionality of the presentd systenisnat limited to
the currert scenario Since othe, arbitray saliercy features
like colour or movemert can be integrated the bottom-p fo-
cus of attention can be directed to a wide variety of objects.
Even moreimportart isthe possibility to transfom cues from
othe modules top-down to the sub-symbolt level. One of
the “rst steps will be the integration of speech-dwen cuesto
generat large-scad spatid anticipations.

Still, precision and use independene are big problems
in the area of gestue recognition A majar advantag of the
new approab isthat it does nat requite high recognitian ac-
curacy. Thisisachieved by the systems anticipatian that only
saliert image points will be selectedIn addition the system
offersthe possibility to integraie feedbak to the use, soin fu-
ture work we hopeto compensatfor shortcoming of gesture
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recognitian by using the ” exibility of humars to adap to the
machine In a further advancel version the use will also be
enablel to give feedbak («| mean more to the left?) in order
to adap the gestue recognition moduk to the individud user
characteristisonline.
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