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Bjorn Schuller

Multimodal Affect Databases:
Collection, Challenges, and Chances

Abstract

directions.

This chapter focuses on multimodal affect databases. After a short introduction, the collection of affective
data is discussed in |0 steps highlighting methodological considerations and challenges of building new
resources of multimodal data and affect labels. It then touches upon quality assessment of collected
emotion corpora.A section is also dedicated to “saving labor” by sharing annotation between human

and machine and reusing data. Then a selection of representative audiovisual and further multimodal
databases is introduced. Finally, the chapter concludes with a discussion of controversial issues and future
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Introduction

In order to train and test multimodal affect rec-
ognition and synthesis systems or analyze human
affective behavior, data are needed. In fact, this is
often considered to be one of the main bortlenecks,
and a common opinion in machine learning is that
there are “no data like more data.” In this vein, this
chapter aims to first, in Introduction (p. 323), give
insight into the state of the art in multimodal affect
data, then to outline requirements and discuss chal-
lenges. It then deals with steps toward preparation
of such a multimodal database in Data Collection—
Ten Steps Toward a Multimodal Affect Database
(p- 324). Quality Assessment—TIs This Really Joyful?
(p. 327) deals with quality assessment of the anno-
tation and weighting of raters. In Efficiency—How
to Save Annotation Labor (p. 328) avenues roward
reduction of human annotation efforts are shown,
including active, semisupervised, and unsupervised
learning. Selected examples of existing multimodal
affect resources are shown in Existing Multimodal
Resources—What's There? (p. 330), after which

Conclusions and Future Avenues—Wrapping Up
{p. 331) wraps up the discussion.

State of the Art

While there are increasingly multimedal record-
ings of affect displays available, to date these tend
to be smaller in size and more often recorded in the
lab than their unimodal counterparts (Gunes &
Schuller, 2012). Until recently, the larger portion
of affective databases comprised bimodal dara-
bases—usually of audiovisual nature. In addition,
multicultural and multilingual data, the latter being
especially important for text-based detection, are
still considerably sparse. This is even truer when
it comes to dara in naturalistic or working system
contexts. More “exotic” and richer combinations
of data—such as physiological measures or speech
alongside depth images—are, however, progres-
sively more available. Further, more and more
languages are covered and more natural databases
with more complex affect labels are increasingly
available to the community. In general, ever more

323



multimodal resources are to be expected (Schuller,
Douglas-Cowie, Batliner, 2012).

Requirements

There are several prerequisites apart from the
sheer quantity of the data required, and obraining
considerable amounts of data can be difficult and
labo-intensive, since data must usually be labeled.
The most relevant of these requirements include
quantity; high diversity with respect to multiple fac-
tors such as the age, gender, and culture of subjects
and the situational context; and reasonably balanced
distribution of instances among classes or even along
the range in case of continuous models. Next is the
quality of the data, in the sense of adequate data,
realistic and naturalistic data, and adhering to ideal
capture conditions within acceptable parameters for
levels of noise, reverberations, occlusions, and se
on. A further requirement is appropriate modeling
in terms of reasonable categorization or choice of
appropriate dimensions together with well-defined
mappings between potential models. The lebeling
demands consistency as well as additional provision of
metainformation such as transcripts of spoken text
and nonlinguistic vocalizations, context and events,
individual labeler tracks, and so forth. There must be
a high number of annotators (ot coders, labelers, or rat-
ers)—ideally again with high demographic diversity,
and the provision of a “gold standard” along with its
reliability and potential additional emotion percep-
tion tests for verification of trustworthiness. Finally,
the release of data requires additional considerations
such as documentation of detailed recording condi-
tions and metainformation on the subjects, provision
of baseline recognition results by automatic engines
for others to compare with, free release of the data
with high accessibility, and suggested partitioning of
the data into test, development, and training parti-
tions to avoid arbitrary testing partitions.

Challenges

One of the major challenges in recording multi-
modal affective datais to obtain naturalistic displays of
affect. The complex setups for multimodal recordings
often require very careful control of lab conditions.
However, when recording is done in the lab, one of
the problems is the “observer’s paradox”: According
to Labov (1984) and one’s general intuition, the pres-
ence of the experimenter and the awareness of being
recorded may influence the subject.

Another challenge typical for the recording of
multimodal data is the synchronization of the mul-
timodal capture streams, as these are often recorded
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by individual hardware devices and additionally
may operate at different time scales. The sampling
interval of these different hardware devices can
partly be nonconstant, which makes the challenge
of synchronization more demanding,

Then, a major challenge is the labeling of the data
by a sufficient number of independent labelers or by
the subjects themselves. In some multimodal setups,
not all modalities” recorded data may be sufficiently
informative for human labelers to make affect judg-
ments. This may require self-assessment, ideally
online, which again can be highly disruptive with
respect to an awareness of being in an experimental
setting. New methods for community or distributed
annotation such as crowdsourcing (e. g., by Amazon
Mechanical Turk) may be useful to obtain annota-
tions with labels for a data instance with high vari-
ability of raters and to potentially reduce the cost
of obtaining annotations (see Chapter 30, this vol-
ume, on crowdsourcing for affective computing).

Data Collection—Ten Steps Toward
a Multimodal Affect Database

This section aims to highlight usual steps in
preparing an affect database with a focus on multi-
modal data (a general introduction to the topic of
affect databases is given in Chapter 26, this volume).
The 10 aspects considered include ethics, the actual
data acquisition by recording or “reusing” dara, col-
lection of metainformation, synchronization of the
multimodal streams, choice of an appropriate affect
modeling for the subsequent labeling while consid-
eting standards to be used, partitioning of the data
for experimentation, human perception studies and
baseline results (e.g., by automatic recognition),
and the actual release to the community.

Considering Ethics

Ethical considerations represent one of the major
issues with affect data collection. Affect can be very
private, and subjects in the real world or in lab stud-
ies might not always agree with making genuine and
spontaneous affect data available for study, in par-
ticular when it comes to video or audio recordings.
With a gradual increase in the multimodal collection
of data, this may become even more crucial, as the
information will be increasingly “complete,” poten-
tially containing electroencephalographic (EEG) or
physiological dara alongside audio and video.

The major questions to ask oneself prior to
recording or releasing affect data include, accord-
ing to (Ragin & Amoroso, 2011) the moral prin-
ciples that guide the research, how the ethical issues



influence the selection of the research problem
irself, and the conduct of the research. These further
include the responsibility one has toward the sub-
jects as to whether they were sufficiently informed
and whether one has obtained their consent. In
fact, obtaining consent a priori may be challenging,
because this might reduce the spontaneity and natu-
ralness of the data. Ethical issues are also concerned
with the question of which parts to release and/or
publish. In multimodal data collection, subjects
may, for example, agree to different levels of release
for different contained modalities. An important
question is further whether the research will be ben-
eficial in some way in the near or far future to the
subjects themselves. Finally, although it may scem
obvious, it is important to point out that partici-
pants in studies should not be harmed in any way.

Recording and Reusing

The actual dara are either obrained by record-
ing new data or, as an often efficient alternative, by
reusing existing material such as videos of political
debates (Vinciarelli et al., 2009). The latter is, how-
ever, considerably more difficult if physiological
measures are involved, as such data are usually only
sparsely available—in particular in multimodal com-
bination let alone in sufficiently emotional contexts.

The types of data obtained usually cover acted
emotion, induced, for example, by recalling emotional
memories or warching movie clips (see Chapter 32,
this volume, on emotion elicitation methods for affec-
tive computing), and naturalistic emotion. However,
in particular, the recording of multimodal data may
make it difficult to record highly naturalistic dara, as
laboratory settings may be needed and may influence
the recording. However, with the increasing availabil-
ity of mobile and wearable ubiquitous devices, this
challenge is expected to ease over time.

Collecting Metainformation

It may sound trivial, but in fact only a few dara-
bases contain rich metainformation on the subjects
involved, the situational context, and so on. Besides
obvious demographic aspects such as the age or gen-
der of subjects, information such as cultral back-
ground, height, or spoken dialect may be beneficial
in some cases. In particular, the personality of the
subjects may be of interest in further data analysis.
This can be assessed by standardized personality tests
such as the 10-item questionnaire by Rammstedt and
John (2007). For the different modalities, metainfor-
mation may in addition contain the recording equip-
ment used and how it was synchronized.

Synchronizing Streams

One major issue during multimodal recording
can be the synchronization of input streams. Even
for the synchronization of audio and video, this may
become a challenge if several microphones and cam-
eras are involved. In other cases, such as the com-
bination of worn physiological devices alongside
video or depth capture, the recording may occur
on individual devices that are not routed via the
same computer. Aligned time stamps or markers are
straightforward practical solutions allowing for later
synchronization. Usually these markers may need ro
be repeated during a take (or trial) to compensate for
temporal deviations. Another option, albeit usually
involving greater effortand potentially leading to sub-
optimal solutions, is postrecording machine-based
alignment, as by dynamic programming (Gunes,
Piccardi & Pantic, 2008}. However, this is generally
an option only for the alignment of several captures
from the same modality. Cross-modal alignment can
become considerably more challenging.

Modeling

There are two decisions to be made in finding an
appropriate model of emotion before (human) data
labeling can start: (1) the emotion model and (2) the
temporal unit of analysis. The choice of the most
appropriate emotion model (e.g., continous or cat-
egorical) can be influenced by the types of medali-
ties involved in the multimodal sctup, In any case,
the temporal unit of analysis will usually be trickier
to determine. For example, physiological measures
and video could be annotated on a per-frame basis,
whereas acoustic parameters are usually extracted
over larger chunks, such as words ot turns, and
textual parameters may be most informative over
whole phrases or dialogue acts. A recently adopted
compromise is to choose a fully continuous anno-
tation (Gunes & Schuller, 2012). Fully here means
that the annotation should be continuous in its
emotion dimension(s), such as arousal and valence,
but also in time (i.e., an emotion value is given, for
example, every 100 milliseconds). This allows for
divetse mappings—for example, by averaging over
a certain chunk. Another option is to use multiple
models, which enriches the flexibility of the database
but requires considerable extra effort. In the case of
multimodal data, these different models could be
applied for modality-specific annoration.

Labeling
Emotion labeling is probably the major effort
besides the acrual collection of the data. In a
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multimodal database, this labeling can be tricky,
as not all modalities can be easily annotated by a
human rater. For example, physiological signals
may be difficult to interpret. In fact, some recorded
modalities may even serve as additional information
for labeling, such as physiological measures in the
case of arousal or video data for the annotation of
physiological data.

Self-assessment is not always an option. Thus,
usually several external labelers serve to approximate
the “expertise of the mass” (e.g., by majority voting
or by raking the mean and median in the case of
continuous emotion models). The number of label-
ers should usually be increased with increasing sub-
jectivity or ambiguity of the target labeling task at
hand and the complexity of the chosen model.

Interestingly, multimodal recordings can be
annotated modality-wise or in combination, which
can lead to considerable differences. For example,
acoustic and physiological data usually berter con-
vey arousal, whereas video or textual data are partic-
ularly well suited to convey valence (Karadogan &
Larsen, 2012). Note, however, that not all modali-
ties are necessarily present at all times. For example,
speech is available only when a subject is talking.

Standardizing

A number of standards exist that may be con-
sidered to foster compatibility of the metadata and
the annotations (Schréder et al., 2007). Of these,
EmotionML (see Chapter 29, this volume) is a par-
ticular example of a markup language recommended
by the World Wide Web Consortium (W3C). It
allows for very high flexibility, including the use of
one’s own emotion lists. Further, it includes a num-
ber of mechanisms to describe multimodal data and
to add contextual information. An earlier standard
is EARL—the emotien annotation and representa-
tion language (Schroder, Pirker & Lamolle, 2006).
It was partly suggested by the same researchers as
EmotionML and laid the foundations for ic.

Partitioning

Partitioning in the sense of dividing the affect
data into partitions for different phases in modeling,
optimizing, and testing is a crucial factor: If mul-
timodal affect databases are not prepartitioned by
their creators, one runs the risk that those working
on the data will use diverse partitioning schemes,
rendering the comparison of results and findings
almost impossible. It is thus strongly recommended
that a default or suggested form of partitioning be
provided at the time of release.
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Because data evaluation should ideally be based
on test partitions that have not been “seen” during
model creation and system optimization, develop-
ment partitions are needed in addition to rraining
and test partitions. A solution for using as much
dara as possible for all partitions is cross-validation,
where the overall corpus is partitioned into J sets
of equal size. These should be stratified (i.c., each
set should show the same distribution of instances
among classes or in the continuum in the case of
numeric labels). For multimodal data, stratifica-
tion may also aim at a good balance of presence
and diversity in each modality in each partition.
The evaluation is repeated J times, changing the
roles of the partitions. Further criteria for parti-
tioning include independence of subjects, context,
and so on. A particularly frequent example is leav-
ing out a subject or subject group at a time. Next,
one wishes to keep good balance of all factors
throughout the partitions. Further, partitioning
should ideally be transparent and easy to repro-
duce. Thus random partitioning can be considered
as a somewhat suboptimal choice, as one must pro-
vide the instance list or random seed and random
function in order to allow for others to reproduce
the partitions.

Verifying Perception and Baseline Results

An independent perception test with individu-
als other than the annotators may provide useful
insights into the reliability of the annotation. Often,
only a partition of the data such as the test set is
used in such experiments, albeit with a potentially
higher number of participants. This independent
petception evaluation is then often used to compare
a system’s performance.

Again, as with the original labeling, such a
study may be conducted individually per modal-
ity or for modality combinations. In addition,
crowdsourcing (see Chapter 30, this volume)
may be appropriate. A positive trend is to fur-
ther include machine-based baseline recognition
results in a data release for the orientation of oth-
ers working on the data. These could give “just a
rough first impression” on how difficult the task is
for a machine and should ideally include results
for unimodal and (different combinations of)
multimodal fusion.

Releasing

The release of the data usually first requires the
design of an end-user license agreement. Then,
obviously, the highest spread and usage of the dara



can usually be reached by making the data (almost)
freely accessible. Ideally, the data will be accessible
directly via the Internet, albeit restricted access must
usually be guaranteed owing to the private nature
of affect data. Another option is to release the data
in the framework of a comparative or competitive
evaluation campaign, such as the first two of their
kind dealing with multimodal affect data—the
Audio/Visual Emotion Challenges held in 2011
(Schuller et al., 2011a) and 2012 (Schuller et al.,
2012a) (see also Chapter 18, this volume).

Quality Assessment—Is This Really
Joyful?

Ground Truth Versus the “Gold
Standard”

In affect computing, the “gold standard” is prac-
tically never reliable—that is, the training and test-
ing labels themselves are ambiguous to a certain
degree, as the emotion of a subject is usually difficulc
to assess, even in self-assessment (see Sneddon et al.,
2012). Further, emotions are complex and often may
not be mapped unambiguously to a single category
or point in space (Schuller et al., 2010). The terms
ground truth and gold standard are often used more
or less synonymously in the literature; here, we want
to define ground truth as the actual truth as measured
“on the ground”~—the term itself in fact originated
in the fields of aerial photographs and satellite imag-
ery—as compared with the gold standard that might
ideally be identical to the ground truth; however, it
might also be the (slightly) error-prone labeling as
seen from the “sky above.”

In interpreting results, one thus has to bear in
mind that the reference is usually the gold stan-
dard and not necessarily the ground truth. This
has a double impact: On one hand, trained mod-
els of computer systems that process affect data are
error-prone. On the other hand, the test results have
to be taken with a grain of salt, given that a “classi-
fication error” might not be so wrong in ambiguous
cases. Thus, in order to achieve a reliable gold stan-
dard close to the ground truth, usually several anno-
tators are used. This method also offers interesting
implications for machine learning, as systems can be
trained on individual annotator tracks in addition
to an overall gold standard.

Measuring Reliability—From Alpha
to Kappa

There are several commonly used measures to
assess agreement among the labelers—the interrater
reliability—in the usual case where not a single rater

bur around 4 to 10 or more raters are involved. If
the affect is modeled continuously, the (mean) cor-
relation coefficient (CC) or (average) mean linear/
absolute error (MLE, MAE), mean square error
(MSE), and standard deviation among labelers are
frequently used. If only one measure is to be con-
sidered, it may be the correlation, as it is usually
more jnformative in the given case of a gold stan-
dard without a reliable reference point (Schuller
et al., 2012a).

In the case of categorical modeling, a variety of
measures can be employed for agreement evalu-
ation, such as Krippendorffs alpha or Cohen’s or
Fleiss’ kappa. As a continuum can be discretized, the
latter staristics can also be used in this case—often
with a linear or quadratic weighting, Pearson’s intra-
class correlation coefficient and Spearman’s rank
correlation coefficient rho are particularly suited for
such ranked intervals—albeit only for two raters.
Fleiss' Kappa K~—a generalization of Scott’s pi for
more than two raters—is one of the most frequently
encountered measures in the field. It requires all
raters to rate all data. If labelers agree throughout,
Kequals 1. If they agree only on the same level as
chance would, then K equals 0. Negative values
indicate systematic disagreement. According to
Landis and Koch (1977), values of.4 t0.6 indicate
moderate agreement, and values above are consid-
ered good to excellent agreement. However, these
levels of reliability are difficult to achieve with
affecte labeling given the often ambiguous and par-
tially subjective nature of affect data.

Weighting Evaluators—I Don't
Trust This Labeler

Further, if some labellers provide a rather differ-
ent annotation than the majority do, labelers can be
weighted individually in order to reach a more con-
sistent gold standard. The justification is that some
labelers may lack concentration if they have to label
huge amounts of data or do not take labeling seri-
ously at all times. This may become particularly rel-
evant if naive labelers in large number are involved,
as by crowdsourcing via the Internet.

The evaluator-weighted estimator (EWE) as
described by Grimm & Kroschel (2005) provides
an elegant model to reach a rater-weighted gold
standard. EWE’s average of the individual evalua-
tors’ responses takes into account the fact that each
evaluator is subject to an individual amount of dis-
turbance during evaluation. The weights measure
the correlation between the individual annotator’s
estimations and the average ratings of all evaluators.
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If the weights are constant among raters, the gold
standard is the simple mean of the raters’ continu-
ous labels.

An alternative can be to filter outliers; for exam-
ple, by Peirce’s outlier detection (Karadogan &
Larsen, 2012). One can also imagine combinations
of generally weighting raters and filtering or weight-
ing individual labels.

Efficiency—How to Save Annotation
Labor

Apart from the actual collection of data, the
annotation usually consumes the most resources.
In this section, five strategies that are recently
gaining interest in the community are presented.
These strategies are used to reduce costs and “feed”
machines with partly self-labeled data, to reuse
resources by pooling existing databases, or to avoid
risking the loss of potentially interesting data by
machine-based preselection of the “interesting bits.”

Active Learning: “Help me, I'm a
machine”

Active learning (Zhang & Schuller, 2012) aims
at finding a needle in a haystack when massive
amounts of data are available of which only a few
items are of interest, In affect data, the haystack
is usually the neutral data around the origin in a
dimensional model, and the needle is usually “non-
neutral” data, such as anger. Rather than having the
human look over all recorded data, the machine tries
to locate potential cases of interest and then asks the
human for help or confirmation. As a supervised
learning approach, active learning thus aims to min-
imize the amount of human supervision required in
cases where one can afford to lose samples of emo-
tional data; the goal thus is to identify the “most
informative” samples in the unlabelled data—that
is, those that we would gain most by if they were
manually labeled—and then to present only these
sample to human labelers. Several approaches have
been investigated for selecting these most informa-
tive samples (Settles, 2010). A well-known method
is uncertainty-based active learning, in which the
active learner determines the certainties of the pre-
dictions on the unlabeled data based on posterior
probabilities. The samples with least certainty are
then generally presented to the labelers for annota-
tion. Another common strategy is a committee-based
method. Predictions for unlabeled data are made by
multiple classifiers. The samples considered as most
informative are those with the lowest agreement.
Other methods include the expeczed-error-reduction
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method, which aims to measure how much the
generalization error is likely to be reduced; the
expected-model-change—based ~ method,  which
chooses the instances that impact the current model
the most; and the diversity-density—related method.

A major drawback of these methods is that they
ignore the problem of class unbalance or the issue
of scarcity of certain classes, as is mostly the case in
affect data. Zhang and Schuller {2012) thus pres-
ent a railored sparse-instances—based strategy that
selects the samples “likely to be” the fewest to be
annotated manually from the candidate data in the
pool.

In the case of multimodal data, different modali-
ties may be used to search for different aspects of
interest in the dara. For example, physiological mea-
surement may indicate moments of high arousal.
Then, preferably at these moments, the human may
be asked to annotate the data from an audiovisual
point of view.

Semisupervised Learning: “Okay,
I can label this!”

One step further s, after a supervised initializa-
tion, allowing the machine to label data by itself
without further supervision—the so-called semisu-
pervised approach (Zhang et al., 2011).

Assuming sufficiently robust automatic emotion
recognition engines, unlabeled data can be classified
and integrated into an iterative retraining process.
Two parameters are then of primary interest: the
iteration number indicating how often the unla-
beled data are relabeled by the incremental addition
of new data, and the upsampling factor, which can
be used to weight the original human-labeled data
more strongly than the later added machine-labeled
data.

As a rule of thumb, roughly ten times the
amount of unlabeled data are needed in comparison
to labeled dara in order to obtain the same gain as
when human-labeled dara are used exclusively. This
makes it clear that this method is particularly suited
ton cases where practically infinite amounts of data
are available. An example can be the exploitation of
audiovisual resources on the web, as on YouTube.

So far, initial studies in semisupervised learning
for emotion recognition in speech show promising
results (Mahdhaoui & Chetouani, 2009), and it
will be interesting to see how far self-learning affect
processing can take us for multimodal data. It seems
worth mentioning that first successes are reported
to entirely synthesize affect data for usage in recog-
nition systems (Schuller et al., 2012b). This renders



the labeling need completely obsolete. In multi-
modal tasks, this may be even more challenging, but
with the increasing availability of multimodal affec-
tive agents, the possibility of using their synthesized
affective behavior exists to train other systems.

Unsupervised Learning: “Trust
me—I'm a machine”

Without any human-labeled data, unsupervised
learning needs 1o find its own categorization, as by
the EM algorithm, k-means, or other techniques
(Wollmer et al, 2009). Unsupervised learning
may be of interest, as it omits the need to find an
appropriate model. In most clustering approaches,
however, the number of target clusters, (i.e., classes)
needs to be given as input. This can be used as a
design parameter to keep this number either low to
aim at a rough yet robust categorization, or to keep
it high in case of a need for a fine-grained model. In
multimodal data, the clustering can first be carried
out individually per modality to better take pecu-
liarities into account, such as the previously men-
tioned higher correlation of acoustics with arousal
and video feed with valence, and so on.

Generally speaking, fully unsupervised learning
can be particularly useful in autonomous systems
that need to recognize and synthesize affect—they
use automatically learned emotional clusters in
analysis and the appropriate counterpart for synche-
sis. It must be ensured, however, that the derived
clusters are not too strongly influenced by other fac-
tors, such as the gender of the recorded subjects or
similar differences. If such an influence gains too
strong an effect, the data may first be separated
according to these factors.

If human feedback or system context can be
exploited during runtime, learning can further be
reinforced (Hyung-il Ahn, 2010). This may lead to
genuine online “lifelong learning” of affective sys-
tems that recognize and react to affect and, from
the reaction of their users and the environment,
improve their future processing abilities. Such
systems can then collect data themselves “in the
wild” This may become particularly challenging
if the emotional reaction itself is used as contextual

knowledge.

Shared Learning: “Together we're best”

In fact, active learning and semisupervised
learning attack the same problem from opposite
directions (Settles, 2010): Semisupervised learning
exploits the learner’s assumptions on the unlabeled
data; active learning aims to explore the unknown

aspects of the data. This lets one strive to combine
the two strategies. Figuratively speaking, it means
shared work between the (pretrained) machine and
the human during annotation, with the machine
having the lead: It labels data by itself if it is confi-
dent that it can label correctly. From the remaining
unlabeled data, it decides which cases appear to be
interesting and should be labeled by humans while
disregarding the rest. Again, this may benefit from
modality-specific analysis, so that the machine pre-
fers some modalities such as audio and video for
human feedback but will be more “aggressive” in
labeling other modalities by itself (e.g., when it is
labeling physiological data). Further, the machine
could ask for human help if it came to different con-
clusions in looking at different modalities.

Pooling Data: “Let’s save the
environment”

The reusage of existing labeled data seems to be
straightforward in general. However, in the field
of affective computing, this is less obvious, as data
often come labeled in different models, as in cat-
egories or dimensions or chunked in different units
of time. Therefore to obtain a larger pool of labeled
data by reusing and uniting existing material, a
mapping scheme may be needed. The dimensional
model! offers an elegant solution in this case, as cate-
gories can be mapped onto coordinates and corpora
with different label sets can thus be united based
on the dimensional model. However, this mapping
step has to be carried out by experts (Schuller et al.,
2011b) or optimized (e.g., by machine learning
strategies). In addition, algorithms can then select
and weight instances. For example, the joyful data
of a particular database may fit less well than the
angry data of the same set. Further, some databases
may be better suited for a certain target domain, but
further data still enriches the pool. In such a case,
these instances may be weighted (e.g., by repeared
upsampling). It seems particularly interesting to
find measures to compare corpus and emotion dara
similarity a priori—that is, without the need for
computationally expensive repeated model training
(Brendel et al., 2010).

As for temporal unification, usually the larger
unit of time (e.g., word or turn in speech analy-
sis) needs to be taken as basis, since emotion may
only be quasistationary or not at all stationary along
the larger unit; think, for example, of a phrase like
“Thursdays are quite ok, but I hate Mondays!” The
overall phrase may be labeled with negative valence,
whereas the first frames are probably not negative
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(Batliner et al., 2010). For example, the average over
frames can be used to map this shorter unit of anno-
tation onto a longer one, such as the named words
or turns.

Existing Multimodal Resources—What'’s
There?

Luckily, a large number of multimodal resources
of affect data currently exist. However, only a selec-
tion of representative corpora can be presented in
this chapter. One can also expect further corpora to
be available in the near future.

Exemplary Audiovisual Resources

In the following, some characteristic resources
are introduced, of which some are immediately
available for download; others may be per request.

Some of the first multimodal databases were of
bimodal nature. Most prominent in this group are
audiovisual databases, which to the present day
form by far the lion’s share of multimodal affect
databascs. As these feature speech, some tend to
describe them as more than bimodal, given that
acoustic and textual cues can be interpreted with
different means. However, in the strict sense of
modality, these can be subsumed. In a similar
fashion, some consider partly contained motion
capture information from video as an additional
modality, which can, however, be subsumed under
the video modality.

An example of single-person noninteractive
data is the freely accessible eNTERFACE corpus
(Martin et al., 2006). This corpus targets the Ekman
“big six” basic emotions by short story-based induc-
tion for around 40 subjects. The stories are basically
short texts that are read by the subjects before enact-
ing given target phrases thar fit the context of these
short texts.

Next, the “mind reading” corpus by Baron-Cohen
and Tead (2003) features an extremely high diver-
sity of more than 400 emotional nuances performed
by six professional actors.

A particulatly early example of human-
technology recordings is the SMARTKOM dara-
base of Wizard of Oz-type human-machine inter-
actions with an information service in public,
home, or mobile environment, including affect
annotation. The users are interacting with infor-
mation services in rather natural ways—the func-
tionality was simulated by human operators, The
database features a categorical annotation in nine
categories and 224 subjects (Schiel, Steininger, &
Tiick, 2002).
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The freely available SEMAINE darabase
{McKeown, 2012) deals with high-quality audiovi-
sual recordings of 150 participants. In these record-
ings, humans interact with four different versions
of a sensitive artificial listener agent. It includes 959
conversations (approximately 5 minutes each). Six
to eight raters labeled the data in five dimensions.
A subset of these data was used in the two Audio/
Visual Emotion Challenges (Schuller et al, 2012).

Aiming at more naturalistic data, the EmoTV
corpus (Abrilian et al., 2005) exploits film clips.
Another example of the emerging trend to record
muttiple-subject dyadic interactions, rather than
human-computer or human-technology interac-
tion, is The TUM Audio Visual Interest Corpus
{TUM AVIC) (Schuller et al., 2007). It features
audiovisual recordings of conversations between
a product presenter and 21 participating subjects.
Transcriptions including nonverbal outbursts are
available as metainformation, and this daca set pro-
vides a one-dimensional labeling by averaging over
four labelers. Its audio track was featured in the
INTERSPEECH 2010 Paralinguistic Challenge’s
Affect Sub-Challenge.

Further, the IEMOCAP database (Busso et al.,
2008} contains 12 hours of acted multimodal
recordings of multiple subjects. Besides video and
speech, text transcriptions and facial motion cap-
ture are provided. In the dyadic sessions, actors
perform improvisations or scripted scenarios. These
were sclected to elicit emotional expressions. The
database is annotated by multiple annotators and
contains categorical labels, such as anger, happiness,
sadness, neutrality, and continuous emotion primi-
tives including valence, activation, and dominance.

A more recent example of dyadic interaction
is the UCS CreativelT database. Its purpose is to
study affective communication and interaction
between humans (Metallinou et al., 2010). The
data contained are based on improvisation of pairs
of theater actors. These were recorded with cameras;
motion capture markers were placed over their full
bodies, and close-talking microphones were worn by
the actors to capture their speech. The rather long,
unsegmented recordings last from 2 to 8 minutes.
The annotation was carried out fully continuously
in value and time for the dimensions of activation,
valence, and dominance.

Finally, a muliimodal database particularly
designed for mimicry analysis has been introduced
by Sun et al. (2011). Eighteen synchronized audio
and video sensors were used in the recording setup
and two dyadic interaction settings were given.



In these, participants engaged in a discussion on
a political topic as well as in a role-playing game.
Overall, the database contains 54 recordings from
40 participants and 3 confederates, Metadata such
as dialogue acts or turn taking are released together
with the recordings.

Exemplary Resources Containing EEG and
Physiological Data

More recently, increasingly multimodal data
with additional multiple modalities have appeared.
Three examples to illustrate the available resoutces
are discussed here.

The QMUL-UT EEG dataser fearures multi-
modal affect data of 17 subjects, including EEG
and physiological signals such as electrooculogra-
phy (EOG), galvanic skin response (GSR), heart
rate, respiration, and temperature. The subjects
were watching seven video sequences for each of
seven categories depicting events, followed by
either a matching or a nonmatching emotion label
(Koelstra, Muehl & Patras, 2009).

The freely available database for emotion analysis
using physiological signals (DEAP) (Koelstra et al.,
2012) contains spontaneous physiological signal
recordings and face videos (not for all participants)
of 32 participants watching and rating online their
emotional response to 40 music videos along the
scales of arousal, dominance, and valence as well as
ratings of how much they liked and were familiar
with the videos. The authors also provide classifica-
tion results using various features (from the EEG,
peripheral physiological signals, and other modali-
ties) and combinations of features, also performing
single-trial (single-participant) classification (for the
scales of arousal, valence, and liking). They report
that modalities appear to perform in a moderately
complementary fashion, where EEG performs best
for arousal and peripheral physiological signals for
valence,

Next, Ringeval et al. (2013) collected the freely
available French RECOLA multimedal corpus
of remote collaborative and affective interactions.
Its 46 subjects were recorded in dyads during a
video conference for collaborative task completion.
Modalities comprised audio, video, electrocardio-
gram (ECG), and clectrodermal activity(EDA). Six
annotators rated continuous arousal and valence,
as well as social behavior labels on five dimensions.
Further, self-report measures are included.

Finally, the freely accessible multimodal affect
database for affect recognition and implicit tag-
ging (MAHNOB-HCI) (Soleymani et al., 2012)

is a collection of various modalities recorded in a
synchronized manner. The recorded cues include six
camera views of the face and head, sound from both
a head-worn microphone and one located in the
room, eye gaze, pupil size, and peripheral/central
nervous system physiological signals: ECG, EEG,
GSR, respiration amplitude, and skin temperature.
The authors also provide baseline emotion recogni-
tion using three modalities and implicit labeling
results for two modalities. The 30 participating sub-
jects watched 20 emotional videos and subsequently
self-reported their felt emotions. They also judged
videos or images with or without correct or incot-
rect emotion labels.

As indicated above, with the increasing avail-
abilicy of wireless sensors, more databases with data
from outside the lab and with physiclogical infor-
mation can be expected to be available in the near
future.

Conclusions and Future Avenues—
Wrapping Up

The above discussion shows that multimodal
affect data are increasingly available. However,
more data recorded in real-life situations (Lucey
et al., 2011) outside of the lab will be needed and
will likely be seen soon. Ideally these will also fea-
ture a higher diversity of participants, labeling, con-
tained cultural aspects, languages, and situational
context. Luckily, machine intelligence can help to
reduce human labor costs during the annotation of
data by active learning, identifying the interesting
data instances for annotation in large unlabeled col-
lections, or by weakly supervised learning, having
the machine label when it is sufficiently confident it
“can do the job.”

Future initiatives could help foster combined
community efforts for merging and common label-
ing of resources and could also make such desper-
ately needed larger amounts of resources accessible
with prepartitioning, human perception results,
baselines, and rich metainformation.
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