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Abstract This article presents a key-scenario of H/R interadion for our tour-
guide roba. Given this <enario, three visual modaliti es, the roba deds with,
have been outlined, namely the “seach of visitors” attending the exhibition, the
“proximal interadion” throughthe roba interface ad the “guidance misson’.
The paper focuses onthe two last ones which invavesfacerecogntionand visual
data fusionin a particle filtering framework. Evaluations on key-sequences in a
human centred environment show the tracker robustnessto badground clutter,
sporadic ocdusions and goup d persons. The tradker is able to cope with target
lossby deteding and re-initi alizing automaticdly thanks to the facereaogntion
outcome. Moreover, the multi -cues asociation proved to be more robust to clutter
than any of the auesindividually.

1 Introduction and framework

The development of autonomous robas ading as human companions is a motivating
challenge and a considerable number of mature robatic systems have been implemented
which claim to be companions, servants or assstants (see asurvey in [5]). The auton-
omy of such robats are fully oriented towards navigation in human environments and
human-roba interadion bu few of them exhibit advanced visual cgpabiliti es. In this
context, we recently developed a tour-guide mobile roba whose role is to help people
attendingan exhibition, and gudethem by propasingeither group a persondali zed tours.
Our robat is equipped with one Sony camera EVI-D70, one digital caneramourted on
a Direded Perception pan-tilt unit, one ELO touch-screen, a pair of loudspeakers, an
opticd fiber gyroscope and wirelessEthernet (Figure 1(a)).
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Figure 1. Our mohil e roba Radham and its oftware achitedure.

Its oftware achitedure (Figure 1(b)) includes a supervisor which controls a dis-
tributed set of functional modues relative to perception, dedsion, adion and interface
isses. The paper focusesonthe modue cdled ISY * which integrates visual modaliti es
involving detedion, recogntionand tradking o persons.

Embedding visual modaliti es on a mobhile roba dedicated to human centred envi-
ronments impaose several constraints. First, on baard processng powver is limited and
care must be taken to design efficient algorithms dedicated to reagrition/tracking o
persons. As the robad’s evolution takes placeinto cluttered environments subjeded to
illumination changes, several hypaheses must be handed at ead instant concerning
the parametersto be estimated in tradkers. Robust integration of multiple informations
is required to cope with the environment and to keep locking onthe targeted person
throughou the interadion sesson.

The literature proposes a plethora of approadies dedicated to facedetedion and
recogntion [7]. Techniques can be dfedively organized into two broad categories,
fedure-based approaches and image-based approaches which uses training algorithms
withou feaure derivation and analysis®. Regarding 2D tradking, many paradigms in-
volvingasingle canerahave been propcsed in the lit erature which we shall not attempt
to review here [12]. Particle filters [4] constitute one of the most powerful framework
for tracking pupose. Their popuarity stems from their simplicity, modeling flexibility
(over awide variety of applications), and ease of combination/fusion o diverse kinds
of measurements. Nevertheless it can be agued that data fusion using particle filters
has been fairly seldom exploited in the robatics context, for it has often been orfined to
arestricted number of visual cues[9].

The paper isorganized asfoll ows. Sedion 2 briefly sumsupthewell-known particle
filtering formalism and principlesto fuse several cuesin thefilters. Sedion 3 presents
the key-scenario and the on-board visual modaliti es. Sedions 4 and 5 focus on two
modaliti es invalving image-based facerecgnition and particle filtering based person
tracking. Experiments and results are presented and dscussed for ead modality. Last,
sedion 6summarizes our contribution and dscussfuture extensions.

! Detail s regarding the other modues can be foundin [2].
2 and so requires a priori lesson-line computational | oad.
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Table 1. Generic particle filtering agorithm (SIR)

2 Particlefiltering algorithmsfor data fusion

2.1 Genericalgorithm

The dm is to reaursively estimate the posterior density function o the state vec
tor x;, at time k& condtioned on the knowledge of past measurements [1]. The key
ideais to represent this probability density function (pdf) by a set of Gausdan ran-
dom sampleswith assciated weights and to compute estimates based onthese samples
and weights. Let z1: k = z,..., 2, term the available measurements from time 1
to k. At ead time k, the density p(xy|z1 : k) is depicted by a set of particles xgj)

- which are samples of the state vedor- affeced by weights w,(j). The ideais to get
p(Xk|z1k) = D2, w,(:)é(xk — xgj)) i.e. to approximate random sampling from the paf
p(xk|21:) by the seledion of aparticlewith aprobability equal to its asociated weight.

A generic particle filter or SIR is shown on Table (1). The particles xl(j) evolve
stochasticdly over the time, being sampled from an importancedensity ¢(.) which aims
at adaptively exploring “relevant” areas of the state space Their weights w,(j) are up-
dated thanksto p(x,(j> \x,(:zl) andp(zy, \x;j) ), resp. the state dynamics and measurement
functions, so as to guaranteethe mnsistency of the above gproximation. In order to
limit the degeneracy phenomenon, which saysthat after few instantsall but one particle
weights tend to zero, step 8 inserts a resampling process Ancther solutionto limit this
effed in additionto re-sampling, is the choice of agoodimportancedensity.

The CONDENSATION agorithmisinstanced fromthe SIR agorithm as g(x;, |x,(jl1  Zk) =
(xgj) |x§£1). Anather differenceis that the re-sampling step 8 is applied onevery cy-
cle. Resampling by itself cannat efficiently limit the degeneracy phenomenon as the
state-spaceis blindly explored without any knowledge of the observations. On the other
side, the ICONDENSATION agorithm [8], consider importance density (.) which
classcdly relates to importance function ﬂ(X,(CZ)‘Zk) defined from the aurrent image.
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However, if a particle drawn exclusively from the image is inconsistent with its prede-
ces2r from the point of view of the state dynamics, the update formulaleadsto a small
weight. An aternative consists in sampling the particles ac@rding the measurements,
dynamics and the prior so that, with «, 3 € [0; 1]

a7 1x | z) = am(x?z1) + Bpxilx? ) + (1 —a — B)po(xp). (1)

3 Key-scenario and on-board visual modalities

Threevisual modaliti es have been outlined which the roba must ded with (Figure 2):

1. the “search for interaction”, (Figure 2(a)) where the roba, static and left alone,
visually tracks visitors thanks to the canera mourted on its helmet, in order to
hedkle them when they enter the exhibition.

2. the “proximal interaction”, (Figure 2(b)) where the interlocutors sled the aea
to visit throughthe ELO touch-screen. Here, the roba remains datic and passhbly
leanstheir faces thanksto the canera materiaizingits eye.

3. the“guidancemisson”, (Figure 2(c)) where the roba drivesthe lonely visitor or
the groupto the seleded area keeping the visual contad with any memberof the
guided groupeven if som of them can move avay. The modality must enable au-
tomatic target recovery when the tradker fail s or/and the targeted person regppeas
after an ocdusion o out-of-sight.

(b) (0

Figure 2. The threevisual modaliti es of the Radham roba : (a) seach for interadion, (b) prox-
imal interadion, (c) guidance misson.

We focusin this paper onthe two last EVI-D70 camera based modaliti eswhich involve
persons detedion/recgritionand tradking at mid-range H/R distances.

4 User recognition dedicated to the “ proximal interaction”

This modality aims to classfy fadal regions F, segmented from the input image, into
either one dass C; out of the set {C;}1<;<as Of M tutors faces using training algo-
rithms. For deteding faces, we gply the well known window scanning technique in-
troduced by Viola et al. [11] which covers arange of +45° out-of plane rotation. The
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boundng boes of faces ssgmented by the Viola's detedor are then fed to the recogni-
tion process For ead classC, we perform PCA and keep as eigenfacebases the first
Np(c,) eigenvedors acmurting onaverage for ) of the total classvariance. The basis
is noted for the next B(C;) = {Bx(Cy),k € {1,..., Np(c,)}}. Let F(j) be an inpu
image, written asnm x 1 vedor, to be compared to the @genfaces of a given classCy.
Recdl that eigenspacemethod constructs an approximation .. ; from the input face 7
by projedingit onto basis B(C}). F islinked to the dassC} by its error norm

HCIF) = —— S (F ) = Frald) — ),

where F — F,., isthe differenceimage, given that |F — F,. ;| termsthe DFFS, and ;1
themean of F — F,.;, andits asociated likelihood

L(C|F) = N(2(Ct|F); 0,0¢)

where o+ termsthe standard deviation o distances of B(C:) trainingset and NV (.; i1, o)
isaGaussan distribution with mean i and covarianceo.

The dorementioned likelihood .# have to be thresholded in order to match the
inpu faceF with an aready leant individual C;. Thisthreshold 7 is deduced by com-
puting likelihoods.Z between test image database with their own classC; but aso with
the other clases noted —C,. Let p(.Z|C;) and p(.£|~C}) be the probability densi-
ties which are goproximated by their correspondnglikelihood dstributions (Figure 3).
To spedfy an optimal threshold 7, we minimize

18-

S(r) = A / P(L|CHAL + / p(L|-C)AL e
0 T

p(LIC)

St () =S¢ (T) 2

where the weights A and v respedively balance i
the fase rgjedion S;(7) and fase accptance 7
-5, () resultsfrom test image database agjuired
by the roba in a wide range of typicd cond-
tions: ill umination changes, variations in fadal Figure3.

orientation and expresson. The choicey = 1)  GraphS(r) for threshald determination
allows to give more importance to false acce-

tances than to false rejedions as false accgtances canna be acceted and so are more
important to be avoided when determining the threshold .

Besides, Heseltine et al. in [6] have outlined a range of image preprocessng tech-
niques which improvethe recogntionacaracy. We now continue thisline of investiga-
tion by applying some pertinent pre-processng techniques prior to training and testing
ead faceimage of the database. Our facedatabase is composed of 6000 examples of
M = 10 individuals aaquired by the roba in a wide range of typica condtions: ill u-
mination changes, variations both in ou-of plane rotation (+45°) and expresson, €tc.

3 Distance From FaceSpace
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[ Distance [Preproc.] FAR [Sensitivity] n |
Euclidean | Nore |4.38%| 4.46% |0.40
Equal. [5.22%| 6.40% [0.80
S+C |4.58%| 7.52% (0.90

DFFS | Nore [3.17%]| 18.44% ]0.35
Equal. [1.50%]| 41.28% |0.90
StC [2.45%]| 10.40% |0.35

Error Norm| None [1.92%| 19.44% |0.35
Equal. |0.95%| 48.08% [0.70
S+C |2.03%| 10.06% [0.30
Table 2. Analysis of some image preprocessng methods and dstance measurement. The first
column terms the distance measurement (Euclidean, DFFS Error Norm) and the second terms
the image preprocessng (None, Histogram equali zation, Smooth and Contour filter).

The database is sparated into two digoint sets : i) the training set (dedicaed to PCA)
containing 100 images per class ii) the test set containing 500 images per class Eacth
imageis croppedto asizeof 30 x 30 pixels.

A crossed evaluation enables the seledion o both most meaningful i mage prepro-
cessgng and dstance measurement. As hown in Table 4, histogram equalization cou-
pled to our Error Norm are shown to outperform the other techniques for our database.
In fad, the sensitivity is increassed of 6.8% compared to the DFFS while the False
AcceptanceRae isvery low (0.95%).

For aset of M leant tutors (classes) noted {C} }1<:<n and a deteded faceF, we
can definefor ead classCy, thelikelihood %, = £ (F, C;) andan a priori probability
P(C|F) of labelingto C

P(Cy|F) =1andVl P(C,|F) = 0whenVl % < T
P(Cy|F) = 0andVi P(C,|F) = % otherwise

where C) refersthe void class

To know whois present (or not) at time &, the probability of the presence of eah
classC, isupdated by applyingthe followingreaursive Bayesian scheme from the das-
sifier oupusinthe p previousframes, i.e.

-1

1—P(Cylzg) 1 P(Cilz7,) p(Ch)
P(Cylzk_ ) = |1 : .
(Celzip) = 11+ =B (c,,\zk,,p) T-p(C|
where -
1
p(Cr) = 57 P(Cilar) = z_: (CelFy),

and B isthe number of deteded faces at time k.

Figure 4 shows ome snapshats of reagnzed faces where the detector marked —
in red color — the deteded faces but only those in green color are recognized from the
previously leant faces.
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Figure 4. Snapshats of deteced/recognized faces with associated probabiliti es. The target is Syl-
vain (resp. Thierry) for the two first (resp. last) frames.

5 User tracking dedicated to the “guidancemisson”

5.1 Overview

In ou human centred environment, more than the beforehand identified person can be
in the roba vicinity while the visual modality must lock onto the guided person as
soon as he/she enters the scene, and tradk him/her throughou the guidance misson.
This modality involves logicdly the previous facereagrition processas well as the
trackking o the targeted person.

Thistradker isinspired from previously developed ores detaill ed in [3]. We dm to
estimate & time k the state vedor x;, = [u, vk, sk]’ which is composed of locaion
x;, = |ug,vy] , and scae of the targeted person. With regard to the dynamics model
p(xx|xk—1), the image motions of observed people ae difficult to characterize over
time. The state vedor entries are asaumed to evolve acording to mutually indepen-
dent random walk models, viz. p(xg|xx—1) = N (xx; Xp—1, X)), whereN( XY)isa
Gausdan distributionwith mean i and covariance X = diag(o202, 02). Regardlngthe
filtering strategy, we opt for the ICONDENSATION scheme depicted in sedion 2 Let
us charaderizeboth importance axd measurement functions involved in the tradker.

5.2 Importanceand measurement functions

Theimportancefunction(.) in (1) offersamathematicdly principled way of direding
seach acordingto the faceverificaion processinspired from sedion 4. Takinginto ac
court the facerecgnition, and the probability P(C;|F;) of eat face{F;}1<,<p, the
importance function becomes, with B the number of deteded facesandp; = (u;, vj)
the centroid coordinate of eat face

Xk‘Zk ZP C]|‘7: xp“dzag( Oy» 12;))

Let us charaderize the measurement function. We consider multi-patches of distinct
color distribution related to the head and the torso?, eac with its own N;-bin nar-
malized reference histograms models in channel ¢ (annated resp. Ay ;. hi.;, for

2
the next). Let the union B, = |J B, for any state x;, be ssociated with the set of
p=1

4 of the guided person.
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reference histograms {h;..; , : ¢ € {R,G,B},p = 1,2}. By assuming conditional
independenceof the alor measurements, the likelihoodp(z;, |x;,) becomes

= D*(h p’ refp)
p(zf|xk) o exp ZZ ) @)

c p=1

provided that D terms the Bhattacharyya distance [10] and o, the standard deviation
being determined a priori. This multi-part extensionis more acairate thus avoiding the
drift, and pcssble subsequent loss experienced sometimes by the single-part version.
To overcome the ROIS appeaance canges in the video stream, the target reference
modelsare updated at time & from the computed estimates througha first-order filtering
processi.e.

Riep = (1 = K).Riep 1 + KR, ©)

where x weightsthe contribution o the mean state histogram /5 Bix,) 1O the target model
he. s x—1 @dindex p has been omitted for compadnessreasons. This models updating
can lea to drifts with the consequent loss of the target. To awid such tracker fail-
ures, we dso consider a shape-based likelihoodp(z;|xy) that depends on the sum of
the squared distances between N, points uniformly distributed along a head silhou
ette template correspondng to x;, and their nearest image edges i.e. the shape-based
likelihoodis given by

D? ol
p(zp|xK) x exp ( —) ,D = Z lz(1)

=

where [ indexes the N,, template point z(l) and associated closest edge z(I) in the
image. Finally, asaimingthe auesto be mutually independant, the unified measurement
function can then be formulated as p(z;, z5|xx) = p(z} |xk)-p(25 | Xk ).

5.3 Implementation and evaluations

Theinitializations of the histograms i, ; ;, hy,; , are adieved® ac
cording to frames which lead to P(C)|F) probabiliti es egal to one
(Figure 5). In the tradking loop, the histogram model %7, ; , (torso)
isre-initiali zed with the previous values when the user verificationis
highly confident, typicdly P(C;|F;) = 1. Numericd values for the
dynamicd and measurement parametersused in our tradker aregiven |
in Table 3.

Figure 6 and Figure 7 shows s1apshots of two typicd sequences
in our context. All regions— centred onthe yellow dots— close to de-
teded faces with highreaogrition probabiliti es correspondngto the  pigyre 5,
person onthe foregroundare ntinually explored. Those —in blue  The template,
color — that do na comply with the targeted person are discarded

® during “proximal i nteradion”.
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Symbol Meaning Value

(o, B) coeff. in theimportance function g(z |z k-1, zk) (0.3,0.6)
(Ou, 00, 05) standard deviation in random walk models (10,4,+/0.1)
os standard deviation in shape-based likelihoodp(z°|xy) 28
oc standard deviation in color-based likelihoodp(z°|xs) 0.03
Ny; number of color bins per channel invalved in p(z°|xy) 32

K coeff. for reference histograms hy.. ¢ 1, hy. s o updatein (3) 0.1
Table 3. Parameter values used in our upper human bodytradker.

during the importance sampling step. Recdl that, for large range out-of-plane facero-
tations (> |45°]), the propasal continuesto generate pertinent hypaheses from the dy-
namic andthe skin blobs detecor. The green (resp. red) redangles represent the MM SE
estimate in step 7 of Table 1 with high (resp. low) confidence in the facerecogntion
process The propaosal generates hypaheses (yell ow dots) in regions of significant face
recogrition probabiliti es. The first scenario (Figure 6), involving sporadic target disap-

£

Figure 6. Tradking scenario including two persons with target’s out-of-sight. Target lossdetedion
and automatic reinitiali zaion.

peaance, showsthat our probabili stic tradker is corredly positioned onthe desired per-
son (on the badkground throughot the sequence Allthough the later disappeas, the
tracker doesn’t lock onto the undesired person thanks to a low reaogrition likelihood
Thetrader reiniti ali zesautomaticdly as sonasthetarget re-appeas. The semndsce-

Figure 7. Trading scenario invalving full ocdusions between persons. Target recovery.

nario (Figure 7) involves ocdusion o the target by another person traversing the field
of view. The combination of multi ple auesbased likelihoodand facerecogritionall ows
to keep tradk of the region o interest even after the complete ocdusion.
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6 Conclusion and future works

This article presents a key-scenario of H/R interadion for our tour-guide robd. Given
this enario, we have outlined visual modaliti es the roba must ded with.

Facedetedion and recogrition based on Haa functions and eigenfaces enable the
recogrition d the roba user during proximal interadion and then in the tradking loop
duringthe guidancemisgon sesgon. Our tradker mixesfaceremgntionand visual data
fusionin astochastic way. Evaluations on a database sequencesaaquired from the robat
in a human centred environment show the tradker robustnessto badcground clutter,
sporadic ocdusionsand group d persons. Image pre processng enablesto improvethe
faceremgnition process while the multi-cues asociations proved to be more robust
than any of the auesindividualy.

Future investigations concern tests on partially ocduded faces and adive vision to
adively adapt the focd length with resped to the H/R distance and the aurrent robat
status.
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