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Abstract. We present a vision system for human…machine
interaction based on a small wearable camera mounted on
glasses. The camera views the area in front of the user, espe-
cially thehands.Toevaluatehandmovementsfor pointingges-
tures and to recognise object references, an approach to inte-
gratingbottom-upgeneratedfeaturemapsandtop-downprop-
agated recognition results is introduced. Modulesfor context-
free focus of attention work in parallel with the hand gesture
recognition. In contrast to other approaches, the fusion of the
two branches is on the sub-symbolic level. This method fa-
cilitates both the integration of different modalities and the
generation of auditory feedback.

Keywords: Human…machine interaction …Gesture recogni-
tion …Neural networks …Focus of attention …Auditory feed-
back

1 Int roduction

Oneof themajor challenges in human…machineinteraction is
to establish acommon focusof attention. In current computer
systems the mouse is used as an input device to select the
windowsto which keystrokesrefer. Thiscan beseen asasim-
plemeansto establish acommon focusof attention. However,
when human…machineinteraction refersto real-world objects
or does not take place in front of a terminal, computer vision
isneeded. In thiscase,hand gesturesprovideanatural means
to guide theattention of themachine.

The problem with hand gestures is that they are not very
preciseif evaluatedonly at apurely geometrical level.Humans
do not point with high angular accuracy; instead, they rely on
(i) the understanding of the dialog partner and (ii ) on supple-
menting modalities like speech. Hence, it is not suf“cient for
visual evaluation of pointing gesturesto identify hand posture
and pointing geometry as accurately as possible.

In this contribution, we present a system which uses an
attention mapas a representation of focus of attention. The
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attention map allows integration of different modalities and
thus facilitates thesolution of the following problems:

1. The machine needs a basic understanding of the scene to
be able to identify a discrete set of possible pointing tar-
gets, thereby reducing the continuous manifold of poten-
tial pointing directionsto a“nit eset. Thiscan beachieved
by analysing the scene for salient points or regions from
which the most likely solution is much easier to select
than from the original, continuous manifold. In the sys-
tem proposed here, several context-freeattentional mech-
anisms(entropy, symmetry andedge-corner detection) are
adopted to activate certain areas of the attention map and
thus establish an •anticipationŽ of the system where the
user might point to.

2. The attention map is a convenient device for the future
integration of symbolic information from speech recogni-
tion systems. Hints like •rightŽor •aboveŽcan easily be
expressed in terms of activated subregions in additional
attention map layers (•manipulator mapsŽ), asoutlined in
Sects. 3 and 4.2.

3. Thesubsymbolic representation of spatial information fa-
cilitatesthegenerationof systemsthat givefeedback to the
user to close the •user…machineŽ interaction circle. As a
“rs t step, Sect. 4.3describesanacoustic feedback strategy
(•audi“cationŽ) for signi“cant shiftsof thecommon focus
of attention.

An earlier version of theapproach wasapplied in human…
machine interaction [6]. It bears a resemblance to the data-
driven component of the attention system introduced by
Backer et al. [1], which combines several feature maps for
gaze control of an active vision system. Similarly motivated
architectures for focus of attention were proposed by Itti et
al. [13] and Walther et al. [30], partly based on the earlier hi-
erarchical model of Riesenhuber and Poggio [23]. A system
for hand tracking and object reference that also allows the
integration of modalities other than vision was proposed by
Theis et al. [28] for theCORA robot system.

We wil l “rs t describe the experimental set-up and overall
processing architecture (Sect. 2) and then the single context-
freeattentional featuresandtheir adaptiveweighting(Sect. 3).
Section 4 describes the classi“cation of pointing gestures
and pointing direction recognition, as well as the fusion with
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Fig. 1. Left: Miniaturecameramounted on
glasses.Middle: User points at an object
(a button of the power supply unit on the
table). Right: Set-up used for evaluation
(Sect. 5)

the attentional system on the sub-symbolic level. The sub-
symbolic representation isalso thebasisfor theauditory feed-
back (Sect. 4.3). Finally, in Sect. 5 the system is tested using
•prototypicŽpointing tasks.

2 System description

2.1 Scenario: Gestural reference

Theexperimental set-up isdepicted in Fig. 1. Theuser wears
a head-mounted camera, which is mounted on glasses and
captures approximately the viewpoint of the user. In future
work, theglasseswil l bereplaced by ahead-mounted display
(HMD), which allows one to re-visualise the camera input
fused with augmentations from avisual memory system.

In thisscenario, user…machineinteraction ispossibleonly
by using vision and speech. So recognition of gestural refer-
enceto memorised aswell asunknownobjectsisakey ability.
Therefore, goal-oriented segmentation techniquesarenot fea-
sible; instead, context-freealgorithms have to beused.

In this paper we present part of an attentional sub-system
by which objects or other visual entities can be referenced
using hand gestures. As a typical task, we chose the set-up
of Fig. 1, right, where the user points at different objects on
a table. As long as the user changes the pointing directions
quickly, thesystemassumesthat largeobject entitiesarerefer-
enced.Whenmovementsbecomeslower, theattentional focus

established by the detected pointing direction is narrowed to
facilitatereferenceto details(•virtual laser pointerŽ) such that
e.g. a button on a technical device can be selected precisely.
Object selection is assisted by an acoustic •bopŽwhenever a
signi“cant focus shift has been detected.

2.2 Processing architecture

Figure2 showsthesystem overview. From thecameraimage,
“rst , three feature maps are computed by modules dedicated
to entropy, symmetry and edge-corner detection (Sect. 3.1).
In these basic maps, different image features stand out (for
an example see Fig. 3). The attention map module (ATM)
fuses the information of thebasic featuremapsby computing
a weighted sum using an adaptive weighting as described in
Sect. 3.2. Maximaof the resulting fused attention map corre-
spond to areas considered as •interestingŽby the system and
provideapre-selection of possiblepointing targets.

Pointing directions are classi“ed by the neural VPL clas-
si“cation moduledescribed in Sect. 4.1 (left branch in Fig. 2).
The classi“er operates on image patches found by a previous
skin colour segmentation module and yields as a result: (i) a
classi“cation of whether the patch is an irrelevant object or a
pointing hand and, in thelatter case, (ii ) an estimateof the2D
pointing angle.

To “gure out which image part the user is actually point-
ing at, knowledge-based approaches would process both the

Fig. 2. System architecture. In contrast to
approaches which integrate pointing ges-
ture information and object locations on
the symbolic level [2], the pointing angle
is down-propagated to the sub-symbolic
level using a •symbol-signal-transformerŽ
(SST) and integrated asaspatial weighting
of the featuremaps
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Fig.3.Processingresultsfor apointingges-
ture towards an object. From the input im-
age(bottomright) skincolour issegmented
(bottom left), theVPL classi“er calculates
theanglewhich is transformed to amanip-
ulator map (top left). Themanipulator cone
•illuminatesŽ the object, and the maxima
of the featuremaps stand out

pointingangleandthepositionsof themaximaof theattention
maponthesymbolic level.A goodsurvey of knowledge-based
imageprocessing isgiven in [5]. In contrast to such schemes,
our approach transforms the pointing direction back to the
sub-symbolic level using aso called •manipulator mapŽ. The
manipulator map serves as a multiplicative spatial weighting
of theattentionmapto intensify attentionmaximain thepoint-
ingdirectionwhileinhibitingothers. Therefore, themanipula-
tor map showsaconeof high values in thepointing direction,
starting at thehand centre(Fig. 4, right). Theconeiswidened
or narroweddependingon thecontext asdescribed inSect. 4.2
and can beviewed as a •spotlight of attentionŽ.

Asanadditional feature, thesystemsendsanauditory feed-
back to theuser if the focuspoint switches from one target to
another. Thisisperformed by thefocusshift detectionmodule
(FSD) as described in Sect. 4.3.

3 Integratin g attention maps

3.1 Generation of context-free featuremaps

Weusethreedifferent context-freemethodstodeterminefocus
of attention: local entropy, local symmetry andanedge-corner

detection. These methods use entirely different principles to
judgesaliency and arebest suited for different scales. Wede-
scribe the algorithms ordered by scale •from coarse to “neŽ.
Section 3.3 outlinesparametrisation of themodules for apar-
ticular domain.

3.1.1 Entropy map

Judging saliency from local entropy is based on information
theory as introduced by Shannon [27]. The underlying as-
sumption isthat •interestingŽareastend toexhibit ahighpixel
entropy. We use the method here in the form proposed by
Kalinke and von Seelen [17]. The algorithm has proven suc-
cessful in larger vision architectures [16,7]. Calculation of an
entropy mapM E is based on a grey value image, usually at
low resolution:

M E (x, y) = Š
�

q

P(x, y, q) · logP(x, y, q), (1)

P(x, y, q) =
N (x, y, q)

�

q�
N (x, y, q� )

. (2)

Fig. 4. Left: Processing ” ow of the ATM
module (central box in Fig. 2). The atten-
tion map isgenerated from an (adaptively)
weightedsuperpositionof thefeaturemaps.
The manipulator map, which allows the
coupling of information from other mod-
uleslikethepointingdirection recognition,
is multiplied to the attention map.Right:
Examplesof manipulator maps (•spotlight
of attentionŽ). A wide cone is used when
the user wants to indicate large objects, a
narrow one is used for precise pointing to
details
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N (x, y, q) denotes the histogram of the grey values within
an nE × nE -window (nE � 3 and odd) around the pixel
(x, y),whereqistheindex of thehistogrambin.Thehistogram
resolution, i.e. thenumber of binsNB used, should bechosen
not toolargesoastoensurethat the(nE )2 pixelsof thewindow
still yield a suf“cient estimate of the grey value probability
distribution. For examples seeSect. 3.3.1.

The crucial parameter in entropy calculation is the win-
dow sizenE in combination with the resolution of the inten-
sity image. It determines thespatial scaleon which structures
are evaluated. A window which is too small to capture object
structure ismainly working asan edgedetector. Here, weuse
nE = 7 andNB = 4. This is suf“cient to direct attention to
even largeobjects of thesetting (Fig. 3).

Inprinciple, entropy calculationcanbeextendedtocolour.
However, quantisationof themuchlarger volumeof thecolour
space is more dif“cult . SinceNB is bound to be small due to
thelimitednumber of evaluatedpixels, thehistogrambinscan-
not beassigned to “ xed regionsof thecolour space. Instead, a
” exiblecolour quantisation isrequiredwhich isadapted to the
actually present colour distribution. As this procedure intro-
ducesadditional parameters, werestrictedentropy calculation
to grey values.

3.1.2 Symmetry map

The second saliency feature is local grey value symmetry as
proposed by Reisfeld et al. [22]. While entropy serves for a
primary detection of large objects regardless of structure, the
symmetry mapM Sym yields a stronger focus on object de-
tails which are locally symmetric. The use of symmetry as
a saliency feature is motivated by psychophysical “ndings;
see e.g. [4,19]. In particular, the algorithm of [22] could be
justi“ed by comparison with eyetracking experiments [21].
Saliency and stability against changes of viewpoint, illumi-
nation and noiseof thedetected symmetrieswasevaluated in
[10].

For the calculation of M Sym we use a more ef“cient ver-
sion of theoriginal algorithm [22], which can beoutlined here
only in brief. M Sym (p) at pixel location p = (x, y) relies
on the grey value derivatives I x (p), I y (p), from which the
gradient magnitudeGI (p) =

�
I x (p)2 + I y (p)2 and direc-

tion � I (p) = arctan (I y (p)/ I x (p)) are calculated. Deriva-
tivesI x , I y are computed by 5 × 5 Sobel operators (see e.g.
[14]). The symmetry valueM Sym (p) is a sum over all pixel
pairs(pi , pj ) within a circular surrounding� (p) aroundp of
radiusR:

M Sym (p) =
�

( i ,j ) � � (p)

PWF(i , j ) · GWF(i , j ),(3)

� (p) = { (i , j ) | (pi + pj )/ 2 = p � � pi Š pj � � 2R } .(4)

The phase weight functionPWF provides a measure of the
likelihood that the gradient directions at pi , pj belong to the
contours of asymmetric object:

PWF(i , j ) = [1 Š cos(� i + � j )] · [1 Š cos(� i Š � j )] , (5)

where� i , � j denotetheanglesbetween theline pi pj connect-
ing pi andpj and the gradients at pi andpj , respectively. For

therather complex geometric interpretationof PWF, thereader
must be referred to theoriginal work [22].

Thegradient weight functionGWF weightscontributions
of pixels (pi , pj ) higher if they are both on edges because
edges might indicateobject borders:

GWF(i , j ) = log(1 + GI (pi )) · log(1 + GI (pj )) . (6)

The logarithm attenuates the in”uence of very strong edges.
Figure 3 shows an example of M Sym with R = 3 in which
thesymmetric buttons can beclearly detected.

3.1.3 Edgeand corner detection

Thethird featuremap isaimedto identify small, salient details
of objects. Since small-scale saliency can hardly be detected
from complex imagestructures, thelocal grey valuegradients
I x , I y have to be evaluated for corners and edges. We chose
the detector proposed by Harris and Stephens [8], which was
found tobesuperior toothersin [26]. It isbasedonanapprox-
imation of theauto-correlation function of thesignal

A(p) =
�

� I 2
x � W (p) � I x I y � W (p)

� I x I y � W (p) � I 2
y � W (p)

�
, (7)

where� · � W (p) denotes a weighted averaging over a window
W (p) centred at p. The weight function inside the window is
a Gaussian. Saliency of a point is high if both eigenvalues of
A are large; however, to reduce the computational effort, the
featuremap is calculated from

M Harr is(p) = det( A) Š � · (Trace(A))2 . (8)

The Gaussian weighting function for the components of A
insideW has width � = 2. As suggested in [26], a value of
0.06 is used for theconstant� .

3.2 Adaptive integration algorithm

The adaptive integration of the feature maps M F
i (x, y),

i = 1, . . . , NF and the manipulator mapsM M
i (x, y),i =

1, . . . , NM takes place in the ATM module as illustrated in
Fig. 4. Here, the number of feature maps is NF = 3, consist-
ingof theentropy, symmetry andtheHarrismap.Thereisonly
onemanipulator map (NM = 1), whichservesto integratethe
result of thepointing direction recognition into theattentional
sub-system. This map exhibits a cone-shaped activation pro-
“le , which •highlightsŽpeaksobtained from thefeaturemaps
M F

i if they arecloseto thepointing direction whileinhibiting
others. The manipulator map wil l be described in Sect. 4.2.
The output C(x, y) is calculated by a weighted summation
over the input featuremapsand aproduct of contributing ma-
nipulator maps:

C(x, y) =
N F�

i = 1

wi · M F
i (x, y) ·

N M�

j = 1

M M
j (x, y), (9)

where negative values of M F
i (·, ·) are cut off. The maximum

of the output attention mapC(·, ·) is taken as the next shared
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focusof attention, indicating themost likely target of pointing
gesture.

To equalise contributions of all saliency features to the
attention map, we calculate the global map activities Si as a
sumover all pixelsof eachmapM F

i . To reachanapproximate
equalisationof theSi , themapweightswi areadaptedtowards
target weightsws

i by iterating

wi (t + 1) = wi (t) + � (ws
i (t) Š wi (t)) , 0 < � � 1. (10)

As target weightsws
i wechoose:

ws
i =

1

NF
2 ·

� N F
k= 1 Sk

Si
with (11)

Si =

�
(x ,y ) (M

F
i (x, y) + � )

� i
. (12)

� enforcesa limi t for weight growing. Theautomatic weight-
ing procedure is described in detail in [6]. The parameters
� i can be used if certain saliency features should a priori be
weighted higher. In Sect. 4.2 we make use of this possibility
to give entropy a higher weight for large-scale selection of
objects and a low weight when object details arepointed at.

3.3 Domain adaptation

The selection of scene constituents by the attentional system
determines the possible pointing targets. Consequently, this
processing stage must be adapted to the particular domain
both by selection of adequate features and proper parametri-
sation.At “rs t glance, thenecessity for domainadaptationmay
seem asubstantial restriction. But it must bekept in mind that
the attentional system has to compensate for the lack of a se-
mantical scene understanding and is thus the interface where
the designer can incorporate world knowledge. The question
is thereforewhether thesystem facilitatesdomain adaptation,

e.g. selection of a relevant scale, by supplying a limited and
manageableset of mutually independent parameters.

3.3.1 Parametrisation of the featuremaps

Al l parameters of the feature detectors described in
Sects. 3.1.1…3.1.3 refer to scaleselection. Thescaling param-
eters of M E andM Sym are the window sizenE and the ra-
dius R. To give an example of how different scales can be
selected, Figs. 5 and 6 show entropy and symmetry mapswith
parameters adapted to different domains. Large and possibly
non-symmetric entitiescan bebest found by entropy, whereas
symmetry is well suited to yield sharp peaks of saliency val-
ues on small, symmetric objects. As both methods have only
asingleparameter, selection iseasy. For thedetection of large
objects using M E , an increase of the window size nE can
often be replaced by using a lower image resolution for com-
putational ef“ciency, as long as theexploited texture features
remain visible.

In principle, the Harris mapM Harr is can be tuned to dif-
ferent scales in a similar way by adaptation of the width � of
the Gaussian weighting function. But since the aim of the al-
gorithm isthedetectionof edgesandcorners, wedidnot make
useof thispossibility. Instead, thesmallest scaleisselectedby
choosing� assmall aspossiblewithout affecting theaccuracy
of corner localisation.

3.3.2 Integration of other featuremaps

The system facilitates integration of any feature detector re-
quired for a particular application, as long as its output can
be represented by a feature map M F (x, y). Normalization
of thesaliency values isnot necessary sincetheadaptation by
Eqs. 10and11automatically equalisescontributionsfromdif-
ferent maps. It ispossibleeither toaddentirely new featuresor

Fig. 5.Entropy mapsfor different domains.
Top: Segmentationof largeobjects(person,
plants,poster) inanof“c eenvironment (im-
age size320 × 240, sub-sampled by fac-
tor 2, nE = 15, NB = 3). Bottom: Pa-
rameters are chosen such that the objects
have high saliency values while the under-
lying texture(wood, script) is ignored (im-
age size320 × 240, sub-sampled by fac-
tor 2, nE = 11, NB = 2)
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Fig. 6. Domain adaptation of symmetry
maps. The images have a resolution of
320× 240; symmetry radiusR = 2 selects
thebuttonsof the remotecontrol while the
symmetric object is ignored (top). R = 5
yields maxima on the keyboard buttons
(bottom)

to incorporate several instances of the already presented fea-
ture maps. For example, to detect symmetric pointing targets
ef“ciently on multiple scales, several instances of symmetry
detection can be run in parallel on different resolutions.

Colour featuresareparticularly goodcandidatesfor future
integrationsinceso far thesystemmay fail for low contrast. In
thiscase,M Sym can bereplaced by acolour version proposed
in [10], which can detect symmetry even in the absence of
any grey valuecontrast. A shape-independent method of inte-
grating conspicuous colour patches into the attention system
is outlined in [6].

4 Pointing gestureevaluation

In Sect. 3.1 the context-free feature maps contributing to the
attention mapC(x, y) were described. To guide attention to
objectsor object sub-structuresselectedby theuser, thepoint-
ing direction of the hand has to be evaluated. In a “rs t step,
skincolour segmentationyieldsarectangular candidateregion
(ROI) for the hand. This ROI is subsequently evaluated by a
neural systemtoobtain twoparameters: (i) thebinary decision
on whether the ROI represents a pointing handor any other
objectand (ii ) thecontinuouspointing direction if applicable.
We wil l describe this sub-system “rs t (Sect. 4.1). Since the
output of the neural system is on the symbolic level, it has to
be•translatedŽback to thesub-symbolic level asdescribed in
Sect. 4.2.

4.1 Theneural VPL classi“cation module

The classi“er is a trainable neural-network-based system
which performs a mapping�x � �y, �x � RD , �y � RN . In this
case, theinput dimensionD isthenumber of pixelsof theskin-
segmented windowsof “ xed size. Thevector�x of pixel inten-
sities within the window is mapped to a three-dimensional

output�y � R3: two of the output channels denote the class,
one the pointing angle. The class is coded in the “rs t two
components in the form (1, 0) for •pointing handŽand(0, 1)
for •other objectŽ; the third component is thecontinuousval-
ued pointing angle. Classi“cation of unknown windows �x is
carried out by taking the classk of the channel with maxi-
mal output:k = argmaxi = 1,2(�yi (�x)) . Only in the case of a
•pointing handŽis theangle�y3 relevant.

Training isperformedwithhand-labelledsamplewindows
of thecropped pointing hand plusobjectsassigned to arejec-
tion class. The rejection class contains other objects which
are part of the scenario, e.g. the objects the user points at or
partsof thebackground. In addition, hand posturesother than
pointing gestures are part of the rejection class, e.g. a “st . A
restriction of the system is that it can handle only trained ob-
jects. Thus, it is possible to train objects to be classi“ed as a
pre-de“ned rejection class, but there is no •universalŽ rejec-
tionfor really unknownobjects.Sothe(trained) rejectionclass
re”ects the scenario …a totally unknown object, which acci-
dentally passes the skin colour segmentation module, might
bemistaken for apointing hand since theclassi“cation result
cannot bepredicted in this case.

TheVPL classi“er combinesvisual featureextraction and
classi“cation. It consistsof threeprocessingstageswhichper-
form a local principal component analysis (PCA) for dimen-
sionality reduction followed by aclassi“cation by neural net-
works (Fig. 7). Local PCA [29] can be viewed as a nonlinear
extension of simple, global PCA [15]. •VPLŽ stands for the
three stages:Vector quantisation,PCA and LLM-network.
The vector quantisation is carried out on the raw image win-
dows to provide a “rs t data partitioning with NV reference
vectors�r i � RM , i = 1. . . NV . For vector quantisation we
use theactivity equalisation algorithm proposed in [11].

To each referencevector�r i asinglelayer feedforward net-
work for the successive calculation of the principal compo-
nents (PCs) as proposed by Sanger [25] is attached which
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Fig. 7. The VPL classi“er performs a lo-
cal PCA for featureextraction and asubse-
quent neural classi“cation

projects the input �x to the NP < D PCs with the largest
eigenvalues:�x � �pl (�x) � RN P , l = 1. . . NV . To each of
the NV different PCA-nets one •expertŽ neural classi“er is
attached which is of the Local Linear Map type (LLM net-
work) (seee.g. [24] for details). It performsthe“nal mapping
�pl (�x) � �y � RN . The LLM network is related to the self-
organising map [18] and the GRBF approach [20]. It can be
trained to approximateanonlinear function by aset of locally
valid linear mappings.

The three processing stages are trained successively: “rst
vector quantisation and PCA-nets (unsupervised), “nall y the
LLM nets(supervised).For classi“cationof aninput�x, “rs t the
best match reference vector�r n (�x ) is found, then�x is mapped
to �pn (�x ) (�x) by the attached PCA-net and “nally �pn (�x ) (�x) is
mapped to �y by theLLM: �pn (�x ) (�x) � �y.

The major advantage of theVPL classi“er is its ability to
formmany highly speci“c featuredetectors(theNV ·NP local
PCs) but needing to apply only NV + NP “lte r operations
per classi“cation. The classi“er has been applied to several
visiontasks(e.g. [12]),andthefeatureextractionstagehasalso
proven to bean ef“cient representation for very largeamounts
of image data within a framework for content-based image
retrieval [9]. It can be shown that classi“cation performance
and generalisation propertiesarewell behaved when themain
parameters are changed. These areNV , NP , and the number
of nodes in theLLM nets,NL .

A possible source of misclassi“cations is the skin colour
segmentation module, since skin colour strongly depends on
the illumination conditions. However, the input to the VPL
classi“er depends only on the position of the extracted ROI,
so a perfect hand segmentation is not necessary: as long as
the ROI is not affected substantially, classi“cation results are
good.

4.2 Translation fromsymbolic to sub-symbolic level

Skin colour segmentation and theVPL classi“er yield thepo-
sition of the hand(xH , yH ) and the pointing direction� , re-
spectively. Both these (symbolic) pieces of information are
translated to a manipulator map M M

m and thus back to the
sub-symbolic level. Themanipulator map showsa•Gaussian
coneŽ of width � c which determines the effective angle of
beam spread

M M (x, y) =
1

	
2	 � c

exp

�

Š
(arctan( yŠ yH

x Š x H
) Š � )2

� 2
c

�

,

(13)

here in the form for the “rs t quadrant for simplicity (Fig. 4).
The cone gives higher weight in the attention map to image
regionsin thepointingdirectionandthus•strengthensŽsalient
points in this area.

To facilitate selection of objects on differing scales,� c is
adjusted online according to the user actions. The pointing
angles� and hand positions(xH , yH ) are recorded over the
last six frames. If they show largevariance, it isassumed that
theuser movesthehand on alargescaleto select abig object,
so a large � c is also chosen. In contrast,� c is reduced for
small variance to establish a •virtual laser pointerŽsince it is
assumed that theuser is trying to select adetail.

Asadditional assistancefor coarse/“neselection, theapri-
ori weights � i of Eq. 11 are changed such that the large-
scale entropy mapM E dominates for large pointing variance
whereas the symmetry map M Sym and the corner saliency
M Harr is areweighted higher for detail selection.

4.3 Auditory feedback

TheFSD modulein Fig. 2 detectsspatial shiftsof thefocusof
attentionfor auditory user feedback [3].A short •bopŽsoundis
producedwhenthecurrent focusshiftstoadifferent maximum
��sj of thesaliency mapS. Such an event is detected when

	
	
	
	
	

�
1


 t

� t�

i = 1

���s
�
(t Š i )

�

Š
���s
�
(t)
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where��s� (t) denotes themaximum of S closest to thecurrent
focus(i.e. themaximumof theATM) inframet.Theparameter

 t hastobeadjustedaccording to theprocessing framerateof
thesystem, and thethresholdd can beestimated by analysing
thedistancematrix of themaxima��si of themap.

5 Results

Figure3showsatypical result together with intermediatepro-
cessing stages. The user has just slowed down the pointing
movement, so the manipulator map shows a cone of medium
width in thepointingdirection, startingat theapproximatepo-
sition of the hand centre. Still, weighting of the entropy map
is considerable, so the entire object (the power supply unit)
stands out in the feature map, but as the user now holds still,
the smaller-scale features begin to shine through, especially
thesymmetry of the referenced button.
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Fig. 8. The chart shows the results of the
evaluation experiment. Thevaluesareaver-
aged for three subjects with 20 items each.
Onthehorizontal axisthedistancesbetween
thecentresof thetargetsandthecorrespond-
ing angles for a pointing distance of about
40cm areshown

To evaluate the system performance, we choose a set-up
which implementsa•genericŽpointing task that can beeasily
reproduced: a subject points at a row of six white circles on
ablack table (Fig. 1, right). We favoured thisarti“cial setting
over areal task becauseit allowsustoevaluatethesystemper-
formance unaffected by the properties of a particular natural
scene. The particular set-up of a scene greatly in”uences the
dif“cult y of a pointing task. Important factors that in”uence
the success of pointing are e.g. distance of the targets, shape
of the targets, which determines visibility in the maps, and
the presence of distractors. So the dif“cult y of a natural task
cannot bequanti“ed.

In the experiment, the distance between the hand and the
row of targetsisapproximately 40cm. So thediameter of each
circle is of an angular range of 1.7� , and the distances be-
tween thecirclecentresvary from an angular resolution of 4�

to 28� . To test performance for pointing to details, circles of
a diameter of 0.9� with a distance angle of 2� were used in
an additional experiment. A supervisor gives thecommand to
point at one of the circles by reading a randomly generated
circlenumber. Weuseonly theinner four circlesto avoid bor-
der effects. A match is counted if the system outputs a focus
point on the correct circle within 3s. The experiment was re-
peated under three conditions. As the results in Fig. 8 show,
the best match percentages are reached under the full visual
feedback condition (subject seessystem output on acomputer
screen), whereas the values substantially decrease under the
without feedback condition at small distances. Under theau-
ditory feedback condition (subject hears a •bopŽsound if the
focus point shifts from one maximum to another) a signif-
icant improvement could be reached by the settingwithout
feedback.

The major result achieved in this test scenario is that sys-
temperformancecanbesigni“cantly increasedby givingfeed-
back because (i) the user is enabled to adjust single pointing
gestures to a target and (ii ) the user can adapt him- or herself
to thesystembehaviour. Thisway theachievableeffectiveres-
olution can be improved because it no longer relies solely on
the accuracy of the pointing gesture recognition. It could be

shown that the rather simple means of giving auditory feed-
back already leads to abetter performance.

Still, thesystemhasseveral limitations.Thehandhastobe
completely visible; otherwisethecentreof theskin-segmented
blob shiftsposition so that theVPL classi“er getsan unknown
input.A •beepŽisusedasanacousticerror signal if thehand is
too close to theborder. Another restriction is that thesaliency
operatorsdo not yield maximaon all of theobjects, or not on
the desired locations; in particular, edges of strong contrast
indicating object boundaries are sometimes weighted higher
than object centres.

6 Conclusion

Wehavepresented asystem for visual detection of object ref-
erence by hand gestures as a component of a mobile human…
machine interface. Feature maps based on different context-
free attentional mechanisms were integrated as adaptively
weighted componentsof an attention map. Areasof high •in-
terestingnessŽin theattention map serveto establish anticipa-
tionsof what theuser might bepointing at. A neural classi“er
givesanestimateof thepointingdirection, which isintegrated
into theattention map using a •manipulator coneŽ.

Thefunctionality of thepresented system isnot limited to
the current scenario. Since other, arbitrary saliency features
likecolour or movement can be integrated, thebottom-up fo-
cus of attention can be directed to a wide variety of objects.
Even moreimportant is thepossibility to transform cuesfrom
other modules top-down to the sub-symbolic level. One of
the “rs t steps wil l be the integration of speech-driven cues to
generate large-scalespatial anticipations.

Still, precision and user independence are big problems
in the area of gesture recognition. A major advantage of the
new approach is that it does not require high recognition ac-
curacy. This isachieved by thesystem•santicipation that only
salient image points wil l be selected. In addition, the system
offersthepossibility to integratefeedback to theuser, so in fu-
turework wehopeto compensatefor shortcomingsof gesture
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recognition by using the ” exibilit y of humans to adapt to the
machine. In a further advanced version, the user wil l also be
enabled to give feedback (•I mean more to the leftŽ) in order
to adapt thegesturerecognition module to the individual user
characteristics online.
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