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Abstract: Despite the fact, that, in reality facial expressions o@a result of muscle actions, facial
expression models assume an inverse functional relaffpnshich makes muscles action be the result
of facial expressions. Clearly, facial expression showddekpressed as a function of muscle action,
the other way around as previously suggested. Furtherradneman facial expression space and the
robots actuator space have common features. However, dhe@so features that the one or the other
does not have. This suggests modelling shared and nondstesteire variance separately. To this end
we propose Shared Gaussian Process Latent Variable Md&gledsed GP-LVM) for models of facial
expressions, which assume shared and private featuresdieam input and output space. In this work,
we are focusing on the detection of ambiguities within data ef facial behaviour. We suggest ways of
modelling and mapping of facial motion from a representatbhuman facial expressions to a robot'’s
actuator space. We aim to compensate for ambiguities cdoysiderference of global with local head
motion and the constrained nature of Active Appearance Néodsed for tracking.
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1. INTRODUCTION expressions, not the other way around. Previous work, hexyvev
proposes models which map from facial expressions to asobot
Umans can mimic facial expressions they observe efforPJUSde Or Servo space using expllc]t functional relatigmsh
lessly, may it be unconsciously or deliberately. FaciapCh @S @ Gaussian Process Regression Jaeckel etal. [a0108a]
mimicry is an essential mechanism often found during socia%ﬂme":lr Partial .Least Squ_ares _Jaeckel etal. [2008b]. Otrwrs
earned functional relationships, such as feed-forwangrale

and face-to-face interaction. Newborns and infants usecnym &etworks to map individual areas of the face to a robot'safaci
as part of exploring their muscle spaces (motor babbling) fmotor coordinates Breazeal et al. [2005].

the acquisition of motor skills and culture specific behavio
patterns Meltzoff and Moore [1997]. Mapping observed faFacial expressions and facial motion contain the basiadun
cial expression into an intermodal presentation is an éissen mental parts, called action units Ekman et al. [2002]. Addit

part of understanding one-another’s emotional statesrded-  ally, person specific characteristics are superimposeds&h
tions Baron-Cohen [1991]. It also plays an important role imharacteristics are due to individual face and muscle shape
shared attention and engaging others. Clearly, there isieede Similarly, one can consider robot specific characteristicaa
and motivation for socially and emotionally intelligentrhan-  result of the physical properties and constraints of a liobot
like robots to have similar ways of learning and processinhce. It may or may not lack certain muscular features that
perceived facial behaviour. An affective or empatheticrdige are present in human faces. On the other hand, robotic faces
must be capable of recognising, as well as mirroring emationmay possess capabilities that are improbable or do not iexist
content Burleson et al. [2004]. ordinary human faces.

Facial expressions are generated by muscles (or motorsHence, we need to acknowledge that along the shared facial
robots) and act upon points or areas beneath the skin. Fadigtures there are features that belong exclusively tosopeor
expressions are essentially skin deformation as a result @hbot specific facial expression or muscle space. This sigge
muscle contraction. Therefore, mapping facial expresston modelling of both observation spaces according to theirezsha

a representation of muscle commands should use a modgld specific properties.

which is based on an explicit mapping from muscle to facial



2. BACKGROUND AND MOTIVATION

There have been attempts to map and synthesise human be-
haviour and movements: The work reported in Littlewort et al
[2006] is based on recognition of stereotypical facial espr
sions of emotion. Input images are projected into a seven-
dimensional emotion space, where each emotion is one of the
six basic ones plus neutral. In a second step, the recognised
emotional state (location ifiD emotion space) is fed into a
character animation engine which produces facial expressi

of emotion based on theéD emotion code. Hence, in terms

of mirroring capabilities, this system is limited to stetyguical

and exaggerated facial expressions of emotion. Fig. 1. The figure shows Active Appearance Model (AAM)

In previous work we have proposed a number of linear Jaeckel Shape (Ieft) which, when fitted to an input image, gives
et al. [2007] and non-linear, probablistic Jaeckel et 00g4] 25 landmarks in2D (right) which represent the input
approaches for modelling and mapping between an observed expression which is scaled and normalised prior to be fed
human’s facial expressions and a humanoid robot's motor into the model. ) o . .
space. Active Appearance Models (AAM) Cootes et al. [1998pions. However, a lot of information is omitted by only cahsi
Stegmann [2003] have been used for obtaining a compact afdng 2D facial landmark Iocatlons, hence some facial motion
low dimensional representation of facial expressions. AAMMay not be detected. The constrained nature of AAMs prevents
are parametric, statistical generative models of facigeap facial landmarks from drifting and provides an efficient way
ance (texture) contained by a triangular mesh (shape). Thefrobust tracking. However, the constrained nature alsses
are built by learning the combined texture and shape variati undesired correlations between facial landmarks. Thihear
Training data has been generated by hand-labelling (dgfinigide-effects, such that global head motion can sometinfiestaf
facial landmarks) training footage to best cover the ranige ¢cal facial features. Previously investigated GP-Resjoes
facial expression and a small amount of global head motiogannot correctly map some facial features such as eyebraivs a
Minimising the error between a model instance and an inp§miles when the head orientation differs greatly from radutr

image, results in a model shape which represents the fackloblems occurred when the input face was pointing down or
expression. up as well as left and right. Due to effects of projection aaed p

) ) ) spective, the movement can hardly be observed since it ®ccur
We have suggested mappings using Partial Least Squaréelaggthogonally to the viewing and tracking plane. This suggies

et al. [2008b], modelling facial expressions and theirtieia  that model has to have some knowledge about the sometimes
ship between a facial landmark space and a correspondiot) ropndetectable but existing facial motion.

actuator space. The input consists26f 2D-facial landmarks _ ] ) ] )

tracked in a video sequence showing a human subjects fage. Fcial expressions are essentially skin deformation asuitre
landmark locations were scaled and normalised and prajectef muscle contraction. Therefore, mapping facial exporesi

into a low dimensional latent space, which was formed accordP @ representation of muscle commands should use a model
ing to the correction between input and output space. A set hich is based on a mapping from muscle to facial expressions

regression weight matrices is then responsible for geingrat Not the other way around, like in previous work Jaeckel et al.
the corresponding output pose. [2007, 2008b,a]. To overcome the problem of undetectedlfaci

. ) ) motion and coupled facial landmarks, we suggest the applica
The linear mapping worked well for mapping from footage thafion of Shared Gaussian Process Latent Variable Models {SGP
contained a small range of facial expressions. However, dyg). SGP-LVMs assume that observations are generated via
to the model extrapolating linearly beyond the model basdery mapping from a low dimensional, latent manifold. Hence the
it cannot handle certain, previously unseen inputs ven). Welnanifold can be seen as a low dimensional, generic muscle

This occurs when the input faces go beyond model range. Tr@presentation, from which facial expressions and robsepo
linear model requires cross-validation and subsequentialan gre generated.

modification. The latter is essentially omitting latentigaies. . o . )

This is necessary because for a increasing number of lateffte final pointis that the representation of human faciatesp
variables PLS converges to multiple linear regression (jLRsions and robot pose do have shared and shared features. This
Itis well known that MLR cannot cope with multi-colineagti suggests an appropriate low dimensional latent repretsemta
which causes large prediction errors. divided in to subspaces according to shared on non-shared

. ) variance.
GP-Regression Jaeckel et al. [2008a] provided a way toereat

models which do not need subsequent modification, hand this work, we are focusing on the detection of ambiguities
noisy observation data and the aforementioned extrapalati Within training sets. We suggest ways of modelling and map-
related problems. Furthermore, the non-linear functisakd-  Ping of facial motion from a representation of human facial e

tionships have been employed which extend the range of facRf€ssions to a robot’s actuator space. We aim to compertsate f

motion and enabled the inclusion of a small range of hea&mbiguities caused by global head motion and the consttaine
motion. nature of Active Appearance Models used for tracking.

3. DISCUSSION 4. DATA ACQUISITION

The application of Active Appearance Models has been vei@ur input data consisted @b tracked feature points coordi-
useful for obtaining a compact representation of faciaresp nates X (landmarks) i2D. The feature point locations were



Fig. 2. Shared GP-LVM model. The shaded nodes indicates the

observed variables while the black nodes shows variablﬁg 3. The NCCA model. The central subspacﬁ models

found through Maximum Likelihoodby and® ; hold the . . .
parameters for the mappings from latent spAce the variance that is shared between the observation spaces

observation spaces andZ, respectively. Y andZ. The remaining ,SUbSpaCéGY and X? model
variance that is private to its corresponding subspége.

obtained from fitting person specific Active Appearance Mod-  and®, hold the parameters for the mapping$ and fZ
els to input video frames3g0 x 240 pixels). AAMs are pa- from latent spac& to the observation spac@s andZ,
rameterised models which contain information on shape and respectively. Note that additional mapping¥, ¢¥ and
texture. Fitting an AAM into an image is essentially finding hZ' gZ may be used to provide back-constraints Lawrence
the model parameters which minimise the error between input  and Quinonero-Candela [2006].
image and the instance of the active appearance model Cootes
et al. [1998]. The search for an optimum fit is initialised twit
the model mean and the size of the face and its coordinates sup
plied by a face detector Viola and Jones [2001]. Initialeats
repeated each time the error threshold between input imatje a
AAM instance is exceeded. Figure 1 shows the AAM shape
(left) which is then fitted to frames which were supplied by
video or camera, yielding@5 landmarks (right). Subsequently,
the landmarks are centred and normalised.

5. THE MODEL

A Gaussian Process (GP) is the infinite dimensional gererali

sation of the Gaussian Distribution. Being defined over itdfin Fig. 4. The employed robot head ‘Jules’ has 34 servo motors
domains GPs can be used to model functions and functional emulating the majority of the human facial muscles in face
relationships. Lawrence Lawrence [2005] presented a gener  and neck.

tive dimensionality reduction technique based on GPs dalleycCA models uses a latent space divided into three orthdgona
The Gaussian Process Latent Variable Model (GP-LVM). Theybspaces, one representing the shared variance and @ee spa
GP-LVM models the observed data as generated from a lower observation space representing the non-shared otepriva
dimensional latent variable where a GP specifies the mappiQgriance. In Ek et al. [2008] the model is used for a multi-aiod

to the observation. MInImISIng the GP-LVM ObJeCUVe IS a AoNn regression task where the private space represents vaviianc

convex optimisation and runs the risk of getting stuck in gorresponding observation space that is ambiguous to tiee. ot
local minima. As a solution, Lawrence Lawrence [2005] sug-

gested the optimisation to be initialised from a analogas c

vex model such as spectral dimensionality reduction method 6. THE ROBOTIC FACE
Tenenbaum et al. [2000], Belkin and Niyogi [2002], Wein-
berger et al. [2004]. For the experiments the robot head called ‘Jules’ (supjiied

In this paper we are interested in modelling both image featu DaVid Hansort ) shown in Figure 4, has been employed. It
and robot actuator within the same model. Shon Shon et Qas34 servo-actuators motors which emulate the majority of

[2006] extended the GP-LVM to allow multiple observationi® muscle groups of the human face and neck. The actuators
spaces to be modeled using a single latent variable. Thebtari PUll and/or push control points attached underneath the. ski
structure of a shared GP-LVM with two observation space& ¢@n move upper and lower eye lids and the eyes move
is show in Figure 2. However, the proposed model assumygrtically and horizontally. There are three motors makaipag

a one-to-one mapping between the observations which can@Ch eyebrow. ‘Jules’ can nod, turn and tilt its head and is
be assumed for our facial behaviour data. The displacemetfl€ {0 perform frowns and has a rich repertoire of sneers and
of facial landmark cannot always be observed due to he iles. The servo motors are controlled by servo contller
orientation and effects of projection froBD-objects to @D- that receive desired positions for each servo motor via @3RS
plane where the tracking occurs. This, primarily, is theecadntérface at up to 30fps (frames per second).

for the eyebrow positions in the input (landmark) space. For

some head orientations one eyebrow pose in the landmar& spac 7. TRAINING SETS

can cause several possible eyebrow poses in the robot. i late . . . . -
variable model separately modelling variance shared tm‘twe?n't'a"y’ a GP-Model had been trained using aroddraining

the observations from the non-shared is the NCCA model E3¢MPles to best cover the range of facial expressions.dt als
et al. [2008]. Its graphical model is shown in Figure 3. Thé web site: www.hansonrobotics.com




contains global head motion in the input space, but not in the Model Frame Head Eyebrow Ambiguous
output space. That means that all the global head motion is Pose Pose Features
compensated and will not be mapped through to the output. The [ A up/left  normal  EB, SM, L,
next step was to map a set of test sequences using this Gaussia B down  normal EB
Process Regression mapping Jaeckel et al. [2008a]. Thisagav I g down down  EB,LL,BC
E
F

set of preliminary results which motivate further reseafgR- up normal EB
Regression applied to a stream of test inputs gave a sequence up | down EB
which contains pairs of face-input and corresponding robot norma up -hone -

pose-output. Subsets of this sequence serve as trainmépset EB=  Inner/Outer Eyebrows (7,8,24,25))

the Shared GP-LVM. There are two training sets containirey on f’t"_: Smile ’VI'_‘(‘JSVS'eerSL(Zi‘?;Z ')-'ps (6.11)
sequence each: BC = Brow Center (26)

Training Set 1: The first set contain$25 frames of global head L= Lips (6,11)

motion (up, down, left, right), while showing a neutral faéel- Table 1. Overview of head- and eyebrow poses and
ditionally it contains smiles and jaw movement whilst thadie resulting ambiguous robot features in two different
is in neutral position. Subjective evaluation and preliamn models. Model | is trained from regression data

results show that the GP-Regression Model cannot correctly  and is used for the detection of ambiguities within
map the eyebrows during head up or down. The output space the data set. Model Il has been primarily trained
contains lowered eyebrows when the input face is pointing using combinations of eyebrow and head poses.
down.

Training Set 2: ThIS set shows320 _frames of combinations Disambiguating Eyebrow Pose: Training Set2 has been used

of global head motion, up, down, with eyebrows up and dowRer this experiment: The sequence contains head poses (nod,
Unlike in the first sequence there are frames that containlsim up/down) accompanied by either neutral facial expressidnyo
taneous head and ‘eyebrows-down’ movements (see Tablgnher and outer eyebrows movements. Unlike in the previous
for more detail). These simultaneous movements cannot Beperiment, the training set now does contain all possible
achieved by GP Regression but are given by manually editirggmbinations of head up/down and eyebrow poses. The tgginin
the training data to give correct input - output pairs. set obtained from GP-Regression has subsequently beead edit
to give a correct mapping. In normal regression the model
cannot correctly map eyebrow movement when the head is
pointing down. Eyebrow movement tend to be coupled to head
) o . ) movement - which is not desirable. To test the model, four
Modelling of Ambiguities: The first experiment shows that aselected test frames (Frames C,D,E,F) have been seleoted fr
Shared GP-LVM can be used to model ambiguities within dai@e training set to suit a number of combinations of head and
sets. To train the model we useq Training Set 1 which contaiRgebrow poses (see Table 1). For each frame C - F the input face
faulty mapping of eyebrow motion, caused by head rotatiofisee Figure 7) results in a corresponding likelihood mahén t
Results are shown for two frames, A and B. robot pose specific latent space shown in Figure 6. The servo
The input face, in Figure 5 (a) in frame A of the test sequencdfférences for those frames that display two modes esslnti
shows ‘head up’ and a slight turn to the left and a neutrabfaci STV Similar results to the one shown in Figure 5 (f) where
expression. Inspecting the resulting private latent spagein there are large changes in servo values that manipulate inne
Figure 5 (b) shows two modes (bright patches). Brightersare&Nd Outer eyebrows.

are those latent locations which the model assumes to be more

likely to have generated the robot pose. The differencervose 9. SUMMARY AND CONCLUSIONS

outputs between the two modes is illustrated in Figure 5 (c).

8. RESULTS

The servo differences indicate an activation of servos ‘Bbesm The work presented here has introduced Shared Gaussian Pro-
‘6 LipUpperCtr’, ‘7 Brow Outer’, ‘24 Brow Outer R’ and cess Latent Variable Models for the detection and modetiing
negative ‘7 Brow Scowl L' and ‘25 Brow Scowl R’. The ambiguities in data sets of human and robotic facial behgvio
weak mode, the left patch in the latent space, tends to giveVée have extracted facial motion from video by fitting Active
neutral robot pose, whereas the mode on the right, yieldedai Appearance Models into video frames. The shape of the fitted
eyebrows and activation of smile and upper lip muscles. Hen®AM gives a sequence of facial expressions in form of a set of
the global head movement create a false facial expressi@s. 2D facial feature landmarks, which we suggest as represen-
However, the weak mode correctly predicts a neutral faciaghtion for facial expressions.

POSE. We used a Gaussian Process mapping from the facial landmarks

Frame B of the test sequence shows a nod and the inpatation space to an robot actuator space to obtain thargain
face (top right) is pointing slightly downwards. The facialdata. The training set consists of a sequence of input faces
expressions are neutral. However, there are two modes (sa®&l corresponding robot poses obtained from a previously
mid right portion), the first one (top) gives a neutral faciainvestigated Gaussian Process (GP) Regression. A regmessi
expression, with mouth closed and a neutral eyebrow pasitiois not able to correctly map local facial features as global
The second mode however, shows a strong activation of inneead motion tends to interfere. Hence the training data had
and outer eyebrows. Again, the mapping predicts an aativati to be created by manually correcting given sequences used fo
of facial features, due to their perspective changing whith t training in order to correctly map and model eyebrow motion,
head orientation. A second mode however, correctly suggestregardless of head motion. The second training set contains
neutral pose. multiple input-output combinations for the same input face
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Fig. 6. Private, Robot Pose Specific Latent Spaces - Frame d&hdE have two modes, which indicates ambigiuties. Whereas
Frame F has one mode only, hence the model output is certain.



Frame C Frame D Frame E Frame F
Fig. 7. Input Faces - Frame C, D and E involve head down, up andespectively. Frame F has neutral head position. The
eyebrows are lowered in Frame C and E. Frame D shows a neygtaiosv pose. Frame F shows raised Eyebrows.
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