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Abstract This paper investigates facial communicative sig-
nals (head gestures, eye gaze, and facial expressions) as non-
verbal feedback in human-robot interaction. Motivated by a
discussion of the literature, we suggest scenario-specific in-
vestigations due to the complex nature of these signals and
present an object-teaching scenario where subjects teach the
names of objects to a robot, which shall term these objects
correctly afterwards. The robot’s verbal answers are to elicit
facial communicative signals of its interaction partners. We
investigated the human ability to recognize this spontaneous
facial feedback and also the performance of two automatic
recognition approaches. The first one is a static approach
yielding baseline results, whereas the second considers the
temporal dynamics and achieved classification rates compa-
rable to the human performance.

Keywords Facial Communicative Signals · Valence Recog-
nition · Head Gestures · Eye Gaze · Facial Expressions ·
Object Teaching · Active Appearance Models

1 Introduction

The face is a rich means of nonverbal feedback and thus
plays an important role in the communication between hu-
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mans. One important goal of the research on automatic facial
signal processing is to enhance human-robot interactions by
enabling the robot to react appropriately to the nonverbal
feedback of its interaction partner and thus improve the in-
teraction quality as perceived by the user. In this paper, we
discuss the usage of facial communicative signals such as
head gestures, eye gaze, and facial expressions and their in-
terpretation as nonverbal feedback (Sect. 2). Due to the com-
plex nature of these signals, we advocate a pragmatic sim-
plification and concentration on specific human-robot inter-
action scenarios. Sect. 3.1 describes such a scenario where
subjects teach objects to a robot, which is expected to recog-
nize these objects afterwards. In Sect. 3.2, we report an in-
vestigation of the recognition performance of other subjects
that interpreted the nonverbal feedback of the robot’s inter-
action partners in terms of valence, i.e. they judged whether
the robot termed an object correctly based on the facial be-
havior of the person who taught the object.

Furthermore, we investigated the automatic recognition
of this feedback. A simple static approach using active ap-
pearance models [23] and a SVM classifier provides base-
line results and is discussed in Sect. 4.3. Subsequently, a
more sophisticated approach that considers the temporal dy-
namics is presented in Sect. 4.4. It is based on dynamic
time warping and the selection of discriminative reference
subsequences in the video data and achieved classification
rates comparable to the human performance in a subject-
dependent classification. Finally, Sect. 5 concludes and re-
marks on future work.

2 Facial Communicative Signals

By Facial Communicative Signals (FCSs) we mean any vi-
sual facial behavior in interaction situations that can be in-
terpreted as nonverbal feedback and can thus be utilized to
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infer something meaningful about the course of interaction
resp. interaction partner who shows this facial behavior.

This is a pragmatic view. It does not distinguish between
deliberately given “signals” and unintentionally present
“cues” [84], but focuses on their meaningful interpretabil-
ity in an interaction situation only. Furthermore, it does not
define which facial behaviors exactly are FCSs and which
are not; in fact, this might depend on the context of the in-
teraction. However, in general FCSs include head gestures,
eye gaze, and facial expressions, which are discussed in the
following sections.

2.1 Head Gestures

Birdwhistell [10] reported several different kinds of head
nods and sweeps and also a few other head movements and
positions that constitute meaningful elements in conversa-
tions. Head movements of various velocities and amplitudes
occur frequently during speech [54] and are highly synchro-
nized with prosody [48]. Despite large variations depending
on several factors (e.g. personality and content of conver-
sation), Graf et al. [48] found two different types of nods
and one type of swing as typical movement patterns. There
are partially large intercultural differences, for example be-
tween the indian “head wiggle” and western head gestures
of comparable meaning [118].

Heylen [55] compiled a long list of functions head move-
ments can serve in social interactions, including signalling
yes/no and various intentions, controlling and organizing the
interaction, communicating agreement, support or degree
of understanding, stressing certain aspects of the uttering,
marking lexical repairs, etc. For instance, Poggi et al. [99]
investigated in detail the meaning of head nods, Goodwin
and Goodwin [47] did this for “thinking faces” when people
search for a word, and Hadar et al. [54] found correlations
between head gestures and speaking resp. listening turns.

2.2 Eye Gaze

In contrast to other primates, the visual appearance of hu-
man eyes allow for advanced gaze-signalling and thus en-
hance communication [67], although other species make
some use of gaze in social interactions [36], too. Human
brains seem to feature an expert system for gaze perception
[105]. People can estimate the gaze direction of others rea-
sonably well, especially when being looked at (e.g. [20]).

The apparently most important single aspect of eye gaze
is to signal visual attention (e.g. [73]), it is also very im-
portant to establish joint attention (e.g [36]) and facilitate
contingency (e.g. [75]). Evidence suggests that direct gaze
of others can automatically draw attentention to them (e.g.
[51]) and averted gaze can automatically shift attention away

(to possibly important objects) (e.g. [46]). However, the last
finding has been challenged [22] as top-down factors (e.g.
the task) seem to have a large influence.

Several studies investigated the amount of gaze and mu-
tal gaze in social interactions, which was found to depend
on many factors such as personality, sex and distance to the
interaction partner (e.g. [3]), the relations and interpersonal
attitudes (e.g. [88,39]), and also in various ways on the type
and topic of conversation (e.g. [38,37]) resp. task to perform
(e.g. [2,57]). For example, people look more while listen-
ing than while talking [3] and prefer to look at people who
send positive nonverbal signals [26]. Furthermore, there are
a lot of intercultural differences (e.g. [126]). Also the gazing
differences in adult-adult, adult-child and adult-robot inter-
action [77], the important role of eye gaze in human-human
and human-robot tutoring situations [76], and the perception
of human-robot eye contact [116] were investigated. Argyle
and Cook presented a comprehensive discussion of the com-
plex role of gaze in social interaction [1].

2.3 Facial Expressions

Facial expressions received a great amount of research at-
tention in recent decades, so we consider them in more de-
tail. The Facial Action Coding System (FACS) developed by
Ekman and Friesen [32] is the most widley used technique
to encode and represent facial expressions. A facial expres-
sion is decomposed into a set of Action Units (AUs) that are
directly related to facial muscle movements, thus a repre-
sentation in terms of AUs describes the visual appearance of
a facial expression and does not attribute a specific mean-
ing to it. Nevertheless it can be used as a solid basis for a
subsequent interpretation.

In social interactions, the interpretation of a facial ex-
pression is more important than its visual appearance, there-
fore we focus on this interpretation in the following sections.
Facial expressions are closely related to emotions. We dis-
cuss this in Sect. 2.3.1 and an alternative view that empha-
sizes the communicative meaning in Sect. 2.3.2.

2.3.1 Emotional Facial Expressions

One basic question is whether emotions and associated fa-
cial expressions are universal and innate, or culture-specific
and learned. A widely recognized answer is given by Ek-
man’s neuro-cultural theory of facial expressions of emo-
tion [27], stating that some emotions are universally tied
to particular facial expressions, though there are cultural
variations regarding the elicitors of emotions, social dis-
play rules for facial expressions, and consequences of emo-
tional arousal. He reported several studies that provide ev-
idence for the universal recognition of the basic emotions
fear, anger, sadness, disgust, surprise, and happiness across
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(a) Stationary scene camera (b) Stationary face camera behind Biron (c) Biron’s pan tilt camera

Fig. 1 During the object-teaching user study, videos were recorded from three perspectives. Please refer to Sect. 3.1.

cultures. Ekman [28] also suggested awe, contempt, em-
barrassment, excitement, guilt, interest, and shame as ad-
ditional candidates and discussed general characteristics of
basic emotions that might distinguish them from other af-
fective states or non-basic emotions.

Russell [109] questioned this evidence gained from the
studies of Ekman et al. [34,27,33] and others [61,93,11,
24,85], criticized the experiments on several levels (e.g.
forced choice experiments, subject selection, within-subject
design, posed expressions, previewing), and suggested sev-
eral alternative interpretations (e.g. bipolar dimensions, re-
sponse to a situation, different facial expression categories).
Ekman [29] and Izard [62] countered this criticism and de-
fended the conducted studies, but this did not convince Rus-
sell of the superiority of Ekman’s interpretations over sev-
eral alternatives [110].

One widely used alternative are dimensional models
that regard emotions as varying along bipolar, nearly inde-
pendent dimensions. Mehrabian and Russell [89] presented
pleasure, arousal, and dominance as the three fundamental
emotional dimensions, largely based on semantic differen-
tial studies [95,96,117,16]. In later work, Russell [106] re-
viewed several studies and presented evidence for pleasure
and arousal dimensions, whereas the evidence for domi-
nance was not as clear; Russell considered it no longer an af-
fect dimension later on [107] (although further, nonaffective
dimensions apparently exist). He also defended this model
against methodical criticism (e.g. [49]) and studies suggest-
ing monopolar dimensions (e.g. [119,87]) by criticizing the
response format and correcting for a thereby introduced bias
[107], though there is some evidence favouring monopolar
interpretations, especially showing that positive and nega-
tive affect can occur simultaneously (e.g. [127,86,115,58]).
Further research led to the circumplex model of affect [108,
100], where the dimensions are viewed as systematically in-
terrelated rather than independent. Bradley and Lang [12]
developed the self-assessment manikin as a simpler alterna-
tive to the semantic differential to access affective responses
and also propose a pleasure-arousal-dominance model.

Izard [63] recently pointed out that there is still no
commonly accepted definition of “emotion”, despite broad
agreement on several aspects. He suggested that researchers
should contextualize their understanding of emotion to clar-
ify its meaning. Widen and Russell [128] added on that by
emphasizing the difference between an every day and a sci-
entific concept of emotion.

2.3.2 Communicative Facial Expressions

Fridlund [44] presented the behavorial ecology view of faces
which is very different from the emotions view discussed
above. Facial expressions are regarded as communicative
signals that enhance social interaction rather than external
displays of internal emotions. No prototypical facial expres-
sions are proposed, as the meaning of a facial display de-
pends heavily on the context. This view is supported by hu-
man audience effect studies. Generally, smiles most often
occur in social contexts [4,102]. Kraut and Johnston [69]
reported that bowlers’ smiles were much more related to
social interaction with the people around than to scoring a
strike or spare. Similar results were obtained for people ex-
periencing good or bad weather and, to a weaker degree, for
fans watching a hockey game. Fridlund et al. [45] reported
that people smiled more when imagining high-sociality sit-
uations compared to low-sociality ones and that the degree
of smiling was little related to their happiness. Fridlund [43]
also showed that people watching an amusing video smiled
more when a friend was present, or even when they were told
that a friend was in a room nearby, each compared to watch-
ing alone. Very similar results were obtained by Chovil [19]
for the facial display of subjects hearing about close call
events. Bavelas et al. [8] presented evidence that the motor
mimicry of subjects observing apparently painfully injured
victims can reasonly be interpreted as communicative act.
Brightman et al. [13,14] found that observing judges could
easily tell whether videotaped subjects were eating sweet or
salty sandwiches when the subjects were in company, but
not when they were alone.



4 Lang, Wachsmuth, Hanheide, and Wersing

However, there is also evidence that social context can
inhibit the display of negative facial expressions (e.g. [66,
68,64]). Jakobs et al. [64] interpreted their results for sad
faces as being largely compatible with the idea of dis-
play rules as suggested by Ekman [27] and less support-
ive for the behavorial ecology view [44], but also admit-
ted that the experimental setting might have influenced the
subjects against behaving as expected by this view. Ekman
et al. [31,28] emphasized that facial expressions also oc-
cur when people are alone and not imagining others, which
questions a sole communicative role. Furthermore, Ekman
[30] defended the emotional view of facial expressions and
argued that they were not deliberately made to communi-
cate, although emotions play a role in interaction. Parkinson
[98] compared Ekman’s [27] and Fridlund’s [44] approaches
and reviewed both in terms of theory, evidence and conse-
quences. He concluded that neither approach can account for
all the available evidence: many results cannot be explained
by a pure emotions view, the behavorial ecology view covers
a wider range of phenomena, but is too imprecise regarding
the exact relation of the facial display to social motives and
audience effects and cannot explain all emotional displays;
further research should aim at a comprehensive theory of
facial movements and state these relations more precisely.

2.4 Conclusion

The display and meaning of head gestures, eye gaze, and
facial expressions depend heavily on the interaction con-
text and is very complex and multifaceted, especially when
one considers the interrelations between these signals (e.g.
[112,9,20,56]). We suggest that these three kinds of FCSs
should not be treated as individual modules, but should be
considered in combination altogether. Due to the complex-
ity we doubt that a comprehensive, general purpose inter-
pretation of FCSs by robots interacting with humans will
be feasible in the near future. Therefore, we think that a
pragmatic simplification and focusing on different, specific
interaction scenarios will remain necessary and beneficial
for the midterm development of this aspect of human-robot
interaction. (Thus, the overall interpretation capabilities of
a robot rather might arise from the combination of several
subsystems that are dedicated to specific tasks and contexts
than from one general purpose system for FCS interpreta-
tion.) Sect. 3 presents our approach to one such scenario.
To discover which FCSs actually occur in a specific interac-
tion scenario, we prefer a data-driven approach to an a priori
modelling, as it might be very difficult to anticipate which
FCSs are the most prominent ones in a certain context.

An important issue for a classification of FCSs is the
acquisition of reliable ground truth data. We suggest a defi-
nition of ground truth in terms of the objectively ascertain-
able interaction situation instead of the visual appearance of

the face, because this circumvents some typical problems
(Please see Sect. 3.2). Furthermore, we suggest an FCS in-
terpretation in broader clusters instead of finegrained cate-
gories, because we expect the former to generalize better to
other interaction scenarios due to the context-dependence of
FCSs.

3 Valence Recognition

In order to find relevant FCSs that actually occur in typical
human-robot interactions, we evaluated videos of two user
studies, where several subjects showed around a robot in an
apartment [78] resp. taught the names of several objects to
a robot [79]. (Neither study was related to FCSs originally.)
Not surprisingly, it turned out that typical facial expressions
of basic emotions [27] rarely occurred, which is in accor-
dance with the experiences of Caridakis et al. [17]. In many
cases, several human raters found the observed facial dis-
plays not very clearly visible but rather subtle and difficult
to interpret in terms of exact categories. (More than 50 cate-
gories were named by the observers.) The agreement of the
raters about the best suited category for a particular facial
display was often poor, also an expedient and comprehen-
sive set of those categories was not defined.

Nevertheless, the object-teaching scenario was found to
be well-suited for FCS studies in general because of the fre-
quent occurrence of FCSs, despite their difficult interpreta-
tion in terms of precise categories. However, a classification
into broader clusters (e.g. positive vs. negative) achieved
much higher agreement among the human raters. This moti-
vates the object-teaching scenario described in Sect. 3.1 and
the valence recognition approach presented in Sect. 3.2.

3.1 Object-Teaching Scenario

We conducted a user study with 11 subjects (five female and
six male) in an object-teaching scenario. The subjects were
instructed to teach the names of several manipulable objects
to the robot “Biron”1[53] and to verify the learning effect.
This was a Wizard of Oz study where we controlled the
robot’s behavior (what to say when, where to look, when
to recognize the object correctly, when to misunderstand the
subject, etc.). Of course the subjects did not know this, but
assumed autonomous operation of the robot whose object
recognition capabilities were to be evaluated, whereas in fact
the study was about provoking authentic, spontaneous FCSs
for later analysis. The subjects were not aware that FCSs
were of any interest during the study, which we regard as
a necessary prerequisite when authentic FCSs are investi-
gated. A pre-study confirmed that the subjects were likely to

1 Bielefeld Robot Companion
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Fig. 2 Example snapshots of the facial communicative signals (FCSs) that occurred in the object-teaching user study.

display FCSs spontaneously nevertheless. It was not speci-
fied how the objects should be taught (e.g. pointing to them,
taking them in hand, etc.), but the subjects were asked to
interact with the robot at their convenience, in order to per-
form the given task. They were aware that the robot under-
stood speech and could see them. The robot interacted with
the subjects by voice production and movements of its pan
tilt camera. Per subject, two counterbalanced runs were per-
formed: a “good” one where most objects were classified
correctly, and a “bad” one with very frequent misclassifi-
cations. Each run was videotaped from three different per-
spectives, as depicted in Fig. 1. Some examples of the dis-
played FCSs are shown in Fig. 2. An evaluation of the videos
showed that the interactions were highly structured and can
be subdivided into four phases:

1. present: the subject presented the object to Biron and
said its name or asked for the name

2. waiting: the subject waited for the answer of the robot
(not mandatory)

3. answer: the robot answered the subject (e.g. classifying
the object or asking a question)

4. react: the subject reacted to the answer of the robot

The videos of the stationary face camera (Fig. 1b)
were manually annotated according to a predefined coding
scheme to mark the beginning and end of each phase for
each object-teaching scene, also the voices of the subject and
Biron were transcribed. These annotations were used in the
evaluation of the human valence recognition performance,
as reported in Sec. 3.2. Details on this object-teaching study
and the recorded video corpus can be found in [70].

3.2 Human Valence Recognition Performance

In order to perform a feedback interpretation study, we se-
lected those object-teaching scenes where Biron answered to
its human interaction partner with a concrete object name,
which could either be the correct name (success scene) or
a wrong one (failure scene). In total, there are 221 success
scenes and 226 failure scenes in the video database. The task
of the subjects in this study was to decide whether or not
Biron classified an object correctly, only by looking at the

face of its interaction partner during the relevant part of the
interaction. Thus, they should interpret the FCSs given by
those people in terms of valence. Before we report the de-
tails and results of this study, we summarize our motivation
for feedback interpretation in terms of valence in an object-
teaching scenario:

– Reliable ground truth data is available: one knows for
sure whether the answer of the robot is correct or not.

– The subjects showed spontaneous FCSs (as opposed to
posed ones that were used in many studies, e.g. [27]).

– Although not guaranteed, the subjects are likely to show
some prominent FCSs as reaction to the robot’s answer,
because they want the robot to classify the objects cor-
rectly. This was confirmed by our preliminary studies
and also by the studies of Barkhuysen et al. [6].

– The roughly predictable interaction structure (present,
waiting, answer, and react phases) can simplify the de-
sign of the robot’s behavior in autonomous interactions.

– It is a realistic scenario and a challenging problem for
the automatic recognition of FCSs.

It is important to note that this definition of ground truth
is significantly different from the most widely used defini-
tion. Usually, the ground truth label is directly connected to
the visual appearance of the face (e.g. displaying a “happy”
face) and is acquired by human judges interpreting the face,
self-report studies, or via posing FCSs on request. In our
case, the ground truth label is defined by the objectively as-
certainable interaction situation, namely whether the robot
recognized the object correctly or not, regardless of the fa-
cial display in this situation.2 Thus the research question ad-
dressed here is not the recognition of FCSs in themselves,
but their interpretation as feedback in a concrete interaction
situation. This is similar to the approach of Barkhuysen et
al. [6], who performed a problem detection study where sub-
jects judged videos showing people interacting with an oral
train timetable dialog system.

2 Thus, this definition of ground truth circumvents typical problems
of the common approaches mentioned above: There is no dependence
on the necessarily subjective impressions of human raters, subjects do
not need to remember the intended meaning of their various FCS dis-
plays during an interview after the experiment, and the displayed FCSs
are spontaneous and not posed on request.
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Fig. 3 Example snapshots of the videos used in the feedback interpretation study. Please refer to Sect. 3.2.1.

3.2.1 Feedback Interpretation Study

We randomly selected four success and four failure scenes
of each of the 11 interaction partners shown in the object-
teaching videos (Sect. 3.1), summing to 88 scenes in total.
These scenes were judged by 44 subjects (15 female and 29
male) whose task was to decide whether Biron classified the
objects correctly. Only the task-relevant parts of the videos
were shown, i.e. a video starts when Biron starts to utter the
object name and ends when the annotated reaction phase of
the subject is finished (Sect. 3.1); the sound was removed
from all videos. The amount of displayed context informa-
tion was varied in two respects: showing the full scene vs.
showing the face only (varying visual context), each com-
bined with playing the video over the full length vs. play-
ing only to first half of it (varying temporal context). Fig. 3
shows several example snapshots of these videos. The sub-
jects were allowed to watch a scene several times.

3.2.2 Results

The results for the four different context conditions are sum-
marized in Tab. 1 and Tab. 2:

– all: average over all four context conditions
– fs-fl: showing the full scene and full video length
– fs-hl: showing the full scene and first half of video
– of-fl: showing only the face and full video length
– of-hl: showing only the face and first half of video

The visual context helped significantly in the classifica-
tion of half-length videos (t-test, p < 0.01), but only very
slightly and not significantly in the classification of full-
length videos (p < 0.61). The temporal context was found
to be more important as it significantly improved the clas-
sification in both cases full-scene (p < 0.03) and face-only
(p < 0.001) videos. On average, failure videos were easier
correctly classified than success videos (p < 0.02). The vari-
ance over observing subjects was high, but the variance over
the judged videos even higher. This is due to the large vari-
ability in the expressiveness regarding FCSs of the teaching
subjects shown in the videos. For instance, the person in the
best recognized video shows a clear nodding, whereas the

subject in the most poorly recognized video shows hardly
any FCS at all. For further details on the experimental proce-
dure and results and a comparison to the results of a similar
study by Barkhuysen et al. [6], please refer to [70].

3.3 Conclusion

The evaluation of the human valence recognition perfor-
mance in an object-teaching scenario showed that, given a
sufficient length of the video sequence, humans can inter-
pret FCSs in terms of valence almost equally well when only
the face is shown, compared to the display of the full scene.
Thus the visual context is not that important, the restriction
to the face is in principle sufficient, which allows automatic
recognition approaches to be reasonably constrained to face
processing in this scenario.

However, the average human classification performance
in this case (only face, full video length) was only 82% and
showed a high variance depending on the observed video.
This is comparatively low for a two-class classification prob-
lem and illustrates its difficulty. Due to the large variations
in the expressiveness of different people, a high variance is
expected for automatic recognition approaches as well.

4 Automatic Recognition of Facial Communicative
Signals

We briefly discuss related work on the automatic recognition
of FCSs in Sect. 4.1, before we describe the utilized features
in Sect. 4.2 and introduce a static and a dynamic recognition
approach to this problem in Sect. 4.3 and Sect. 4.4, respec-
tively. Both approaches were evaluated on all success and
failure videos of the database introduced in Sect. 3.1.

4.1 Related Work

Murphy-Chutorian and Trivedi [91] presented a comprehen-
sive survey on visual head pose estimation. They classified
the existing approaches into eight categories, reviewed their
theory and compared the achieved results. We exemplarily
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sub- all videos success videos failure videos
set mean std mean std mean std
all 79.1 8.2 75.8 11.9 82.4 12.0

fs-fl 83.4 12.8 80.2 16.8 86.6 16.2
fs-hl 78.2 8.1 75.0 12.6 81.4 15.3
of-fl 82.0 11.1 78.1 16.3 86.0 13.5
of-hl 72.8 9.9 69.8 15.9 75.8 15.9

Table 1 Mean value and standard deviation of the classification accu-
racy for different context conditions (distribution over observing sub-
jects). Please refer to Sect. 3.2.2.

list some state of the art approaches below. Wang and Sung
[125] used geometric relations of eyes and mouth corners
to estimate the 3D pose of a head, whereby they utilized
an EM-algorithm to adapt to different persons and facial
expressions. Zhao et al. [133] introduced a 3D head track-
ing method that uses image registration based on SIFT fea-
tures [80]. Baker et al. [5] described approaches for non-
rigid head tracking using 2D and 3D active appearance mod-
els (AAMs) [23]. Ma et al. [82] presented a non-linear re-
gression method that uses a relevance vector machine [121]
to learn the relations between the position of facial feature
points and the 2D head pose.

Morimoto and Mimica [90] reviewed several eye track-
ing approaches and concluded that recent nonintrusive state
of the art methods can yield sufficient accuracy for many
applications. Yoo et al. [131], for instance, reported a real-
time eye tracking system for people sitting in front of a
computer monitor. Like many other approaches, they used
infrared light, which might be a disadvantage in some use
cases. Wang and Sung [124] presented a system that uses
the geometric relations of iris and eye corners, evaluated in
a zoomed-in image of one eye, to robustly estimate the eye
gaze. A stereo vision system for real-time head pose and
eye gaze estimation by means of 3D eye corners and pupils
tracking via template matching was described by Newman et
al. [92]. Ishikawa et al. [59] used an AAM to locate the eye
region and a subsequent ellipse fitting and template match-
ing for gaze estimation, whereas Ivan [60] directly utilized
AAMs to model the eye. Varchmin et al. [123] developed
a system that combines eigeneye analysis, nose and mouth
detection (for head pose estimation), and a series of neural
networks to estimate the gaze direction of a user.

Fasel and Luettin [40] and also Pantic and Rothkrantz
[97] presented surveys on facial expression recognition ap-
proaches. Many researchers investigated a classification into
discrete categories, most often basic emotions [27]. Buena-
posada et al. [15] built linear subspace deformation and il-
lumination models and used a nearest-neighbor-based clas-
sifier for that purpose, whereas Lanitis et al. [74] used flex-
ible models of shape and gray-level, also the related AAMs
were utilized in other approaches [25,104], as well as many
other techniques, e.g. haar-like features and dynamic binary
patterns [129] and local facial feature deformations [114].

sub- all videos success videos failure videos
set mean std mean std mean std
all 79.1 17.9 75.8 19.4 82.4 15.8

fs-fl 83.4 18.1 80.2 21.1 86.6 14.1
fs-hl 78.2 24.0 75.0 27.2 81.4 20.1
of-fl 82.0 19.1 78.1 21.2 86.0 16.1
of-hl 72.8 23.9 69.8 25.8 75.8 21.7

Table 2 Mean value and standard deviation of the classification accu-
racy for different context conditions (distribution over judged videos).
Please refer to Sect. 3.2.2.

Some researchers considered other or additional categories
[113,65,130], including more complex mental classes [35].

Also the recognition of action units (AUs) [32] has been
investigated, for instance by Bartlett et al. [7], who classi-
fied 20 AUs by means of gabor filters and support vector
machines (SVMs), Tian et al. [120], who presented a system
that can recognize 16 AUs via geometric facial feature mod-
eling and two neural network classifiers for the upper and
lower part of the face, and several others (e.g. [122,81,21]).
Recently, Prado et al. [101] performed basic emotion classi-
fication based on AU recognition in the upper and lower face
with bayesian networks and integrated the results with au-
dio emotion recognition. A few approaches considered the
recognition of facial expressions in terms of emotional di-
mensions. Caridakis et al. [17] and Fragopanagos and Tay-
lor [42] investigated the recognition of valence and activa-
tion level with neural networks. Gunes and Pantic [52] used
hidden markov models (HMMs) and SVMs for the contin-
uous prediction of five dimensions (arousal, expectation, in-
tensity, power and valence). In total, however, the recogni-
tion of valence and other dimensions is not as intensively re-
searched as the classification of discrete emotion categories.

Most early studies considered posed facial expressions.
Nowadays, there is a growing interest in authentic, sponta-
neous facial expressions, that are quite different from posed
ones. Valstar et al. [122] showed that genuine and posed
smiles can be distinguished automatically. Sebe et al. [114]
investigated the classification of authentic basic emotions
in a video kiosk scenario. Bartlett et al. [7] performed AU
recognition on a database of subjects engaged in social or
political discussions. Zeng et al. [132] presented a compre-
hensive survey on this topic.

4.2 Feature Extraction

We used active appearance models (AAMs) [23,83] for fea-
ture extraction, because it is a state of the art approach for
facial feature detection and tracking and has been success-
fully utilized for the recognition of head poses and ges-
tures, eye gaze, and facial expressions (Sect. 4.1), making it
well suited for the recognition of FCSs in our scenario. An
AAM requires a set of training images with annotated fea-
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ture points. From this training data, linear models of shape
and texture are constructed via principal component analysis
(PCA). The shape model captures the variance of the feature
point positions in the training data (aligned via a procrustes
analysis), whereas the texture model represents the shape-
aligned gray-level variance of the training images. Due to
the feature point spreading over the inner face area, the
AAM can capture facial expressions very well. The model
includes a global scaling and rotational alignment. Together
with feature point displacements over time caused by head
movements, this allows the AAM to also capture head ges-
tures, provided that out-of-plane rotations are limited such
that all feature points are still visible. This is usally the case
in the investigated scenario, as the subjects mainly direct
their attention towards the robot. Although not explicitly
modeled, the AAM can also account for eye gaze to some
degree: pupil position and gaze direction are roughly cap-
tured by the position of and texture under the five feature
points that are dedicated to each eye. Moreover, changes in
gaze direction are accompanied by head movements most of
the time.

The fitting to a new image is achieved by means of an it-
erative search algorithm which requires a suitable initializa-
tion. Therefore, we applied the face detection technique de-
veloped by Castrillón et al. [18], that detects the face bound-
ing box and the positions of eyes, mouth, and nose. This in-
formation is used to initialize the AAM fitting, based on the
method described by Rabie et al. [103]. Fig. 4 shows an ex-
ample of an AAM fitted to an input image from our database.
The appearance parameter vector (representing both shape
and texture parameters) of the AAM is used as feature vec-
tor in the classification of FCS, as reported in the follow-
ing sections. As person-specific AAMs usually yield a con-
siderably better fitting performance than generic ones [50],
we built an individual AAM for each of the 11 persons in
the database, each trained with approximately 200 anno-
tated images. For the basic investigations presented in this
paper, person-specific AAMs are acceptable. However, as
generic models are important for human-robot interactions
with naive users outside laboratories, we will investigate the
usage of generic AAMs in future work.

4.3 A Static Recognition Approach

We first evaluated the classification performance of a static
SVM classifier that operates on single frame level and does
not consider temporal dynamics. The evaluation was con-
ducted on the video sequences showing the task-relevant
parts of the success and failure scenes of all subjects, ac-
cording to the annotations described in Sect. 3.2. We per-
formed a person-specific classification using leave-one-out
cross-validation over the videos of each subject. One video
of a person was used as test data, while all frames of the

Fig. 4 Examples for the utilized face detection and feature extraction
methods. Please refer to Sect. 4.2

remaining videos were used as training data. The AAM pa-
rameter vectors (Sect. 4.2) of all frames were independently
classified and fused via majority voting to generate the clas-
sification result for a video.

Tab. 3 summarizes the results for different selections of
parameters (rbf parameter σ and regularization cost C of the
SVM’s RBF kernel). The first row (“mv-cross-val”) shows
the classification rates for the best parameters found via a
ten-fold cross-validation on the respective training data prior
to the classification of each test video. We were also in-
terested in the stability of these parameters and used their
mean values (over all videos of a subject) in all classifica-
tions of a subject. The second row (“mv-average”) shows
that this yielded comparable, even slightly improved classi-
fication rates, thus stable parameters can be chosen for each
person.

In spite of the approach being simple already, we fur-
ther simplified the features by using only the mean AAM
parameter vector of each video as representation of the
whole video. Surprisingly, this improved the classification
performance slightly, as listed in the third (“mean-cross-
val”) and fourth (“mean-average”) row of Tab. 3, which
summarizes the results for parameters found via a ten-fold
cross-validation and the mean parameters, respectively. An
investigation of this finding revealed that often only a sub-
sequence of a video is actually discriminative in terms of
success and failure, although the videos were presegmented
to contain only relevant information. Hence, a high number
of potentially irrelevant frames can disturb the majority vot-
ing such that it is not superior to a simple averaging over
frames which still can capture some essential information.

For further details on the experiments and more results,
also for other features (gabor energy filters and raw images),
please refer to [72]. Though the task is difficult, the recogni-
tion rates achieved by this simple approach are rather low
for a two-class problem, but can serve as a first baseline
for automatic recognition methods nevertheless. Because of
the inherent limitations of static methods due to neglecting
temporal information, we did not delve into this further, but
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all scenes success failure
variants mean std mean std mean std
mv-cross-val 74.2 11.0 63.0 19.1 82.5 14.3
mv-average 75.4 10.1 64.1 19.3 84.0 12.5
mean-cross-val 76.0 11.5 70.3 19.2 79.2 13.3
mean-average 77.6 11.6 73.5 16.7 80.3 10.1

Table 3 Mean classification accuracy and standard deviation for the
static SVM classifier for all videos, only success and only failure
videos. For an explanation of the listed variants, please refer to
Sect. 4.3.

considered a more sophisticated dynamic approach instead,
which is introduced in the next section.

4.4 A Dynamic Recognition Approach

Motivated by the observation that often only a subpart of
a video sequence appears to be relevant for the classifica-
tion and the general assumption that the temporal dynam-
ics are important for the interpretation of spontaneous fa-
cial behavior (e.g. [29]), we investigated the recognition of
FCSs by means of matching subsequences of a test video
to certain reference subsequences. An exhaustive search on
the training videos is performed to find subsequences (of
a given minimal and maximal length) in these videos that
are characteristic for either success or failure. This is done
by a ranking of all considered subsequences according to a
score value that favors subsequences which are very similar
to other subsequences of the same class, but rather differ-
ent from even the most similar subsequences of the other
class. This scoring function is related to the Fisher criterion
[41], which minimizes the within scatter while maximizing
the between scatter of data from two classes to find an op-
timal discriminant function. The idea is that subsequences
with high score values constitute characteristic prototypes of
their class while being dissimilar to any subsequence of the
other class. The similarity of two subsequences is computed
by means of dynamic time warping [111] over the AAM
parameter vector sequences, where the euclidean distance
between two AAM vectors (each associated with a particu-
lar frame) is used in the computation. A certain number of
the best ranked subsequences is chosen as reference subse-
quences for each class.

During the classification, the reference subsequences
are matched to an input video. More precisely, all subse-
quences (of a given minimal and maximal length) of the
input video are compared to the reference subsequences in
a k-nearest-neighbor-based classification approach, where
dynamic time warping is used as distance measure again.3

3 The start and end points of the test sequence are given by the man-
ual annotation of the database (Sect. 3.1), as this paper focuses on the
principal investigation of FCSs in the described scenario. Nevertheless,
an automatic determination of these segment borders as needed for the

Based on the distances to the nearest reference subse-
quences, a classification score is computed for each class.
The input video is classified into the class with the high-
est classification score. Our visual impression is that while
some people display positive and negative valence with ap-
proximately equal expressiveness, others show a clear bias,
meaning that the absence of failure signs can reasonably be
interpreted as success, or vice versa. In terms of the AAM
features, this results in a different range of variation for sub-
sequences of the two classes. This motivates the introduc-
tion of an adjustment factor on the classification scores of
one class, serving as an a priori bias, which facilitates a fair
comparability of these score values. This adjustment factor
is optimized on the training data via cross-validation and
was found to improve the classification rates considerably.

Tab. 4 shows the results for a person-specific classifica-
tion via leave-one-out cross-validation over the videos (row
“cross-val”), likewise to the static SVM classification, com-
pared to which the average classification rate improved and
is now close to the human performance. The described dy-
namic classifier involves several parameters (e.g. the number
of reference subsequences and distance values to consider
in the score calculations), which are optimized via cross-
validation on the training data. When the median values of
these parameters were used in all classifications of a sub-
ject, the classification rate improved notably (row “median-
scenes”), whereas it dropped when a second median opera-
tion was performed to use the same parameters for all sub-
jects (row “median-persons”). This indicates that stable pa-
rameters can be chosen for each person, but also that these
parameters are person-specific and do not generalize well
over subjects.

Visual inspection of the computed reference subse-
quences showed that all three kinds of FCSs that were con-
sidered in this paper (head gestures, eye gaze, and facial ex-
pressions) occurred, with in part large variations between
subjects. In many cases, the subjects tend to use facial ex-
pressions and verbal correction to signal failure, but head
gestures and eye gaze (primarily a gaze direction shift from
the robot to the object table) to indicate success. Especially
the last FCS appears to be task-dependent. Fig. 5 depicts
some typical example images taken from the most discrim-
inative reference subsequences of four subjects. For the full
details of this dynamic recognition technique, further re-
sults, and a comparison to related methods (e.g. [94]), please
refer to [71]. This basic approach was found to be promis-
ing and shall be further investigated and improved in future
work.

online-classification on the robot is also possible, using the robot’s sys-
tem state and simple heuristics. Approximate segment borders are suf-
ficient, as a search for the best-matching subsequences is performed
anyway. Also an incremental evaluation without a fixed end point is
possible efficiently. However, the details of such a robot system are
beyond the scope of this paper and will be presented elsewhere.
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Fig. 5 Example images from the selected reference subsequences. Top row: signaling success via head gestures (left) and gaze direction (right).
Bottom row: signaling failure via facial expressions. In each case, the first, middle, and last image of a reference subsequence is shown. Please
refer to Sect. 4.4.

feature all scenes success failure
variants mean std mean std mean std
cross-val 79.5 10.2 79.8 13.1 77.2 17.0
median-scenes 86.5 7.7 85.8 14.1 85.7 8.6
median-persons 74.3 10.7 73.3 19.1 77.8 23.6

Table 4 Mean classification accuracy and standard deviation for the
dynamic classifier for all videos, only success and only failure videos.
For an explanation of the listed variants, please refer to Sect. 4.4.

5 Conclusion

We discussed head gestures, eye gaze, and facial expressions
in their function as facial communicative signals (FCSs) and
suggested that due to their complex and partially disputed
meaning, the research on automatic recognition of FCSs in
human-robot interaction should continue to focus on specific
interaction scenarios in the midterm, as a comprehensive,
general purpose interpretation of FCSs seems not realizable
in the near future. We described an interaction task where
subjects taught objects to a robot as one example of such a
scenario and evaluated the human performance in the recog-
nition of FCSs as nonverbal feeback in terms of valence.
This turned out to be a difficult task, as the average human
recognition accuracy was only about 82%. The ground truth
data was implicitly defined by the interaction situation, in
contrast to its usual definition in terms of the face’s visual
appearance (often judged by human raters).

Furthermore, we reported a simple static approach for
the automatic recognition of FCSs in this scenario using ac-
tive appearance models (AAMs) for feature extraction and a
support vector machine (SVM) for classification, whose re-
sults served as a first baseline. Subsequently, we introduced
a more sophisticated approach that considers the temporal
dynamics in the face videos via dynamic time warping and

performs a classification based on reference subsequence se-
lection. This method outperformed the static baseline ap-
proach and yielded classification rates comparable to the hu-
man performance in a person-dependent classification.4

The presented investigations are preliminary steps to-
wards the fully automatic recognition of FCSs in task-
oriented human-robot interaction. Future work will focus on
the generalization to new subjects, which is very challenging
due to the large variations in the display of FCSs by different
persons, especially given the comparatively small number
of subjects in the current database. The goal is to provide
robots with the ability to interpret the nonverbal feedback
given by facial communicative signals of their interaction
partners in certain situations.
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