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A B S T R A C T

Facial expressions are one of the most important channels of human
non-verbal communication. They allow us to draw conclusions about
our mental state and are considered universal across ethnicities. The
Facial Action Coding System (FACS) is used in psychology to describe
these facial expressions. The FACS assigns identifiers, called Action
Units (AUs), to the various possible facial muscle movements. The
AUs are used to analyse the semantics of facial expressions. This
dissertation addresses several challenges, in particular the lack of
training data, the comprehensibility of system decisions to humans in
emotion and pain research, and the incorporation of domain-specific
knowledge in the context of automatic facial expression recognition
systems.

Training data is usually required for the development of systems
for automatic detection of facial expressions. There are already public
databases for training such systems, but they all have shortcomings.
One of the most important factors is the quality of the annotations,
since these are crucial for the later performance of the system. For ro-
bust recognition of facial expressions, even with slightly rotated faces,
people need to be captured from different angles. This robustness
is important because in many domains it cannot be guaranteed that
people always face the camera frontally. The image material must be
of high quality so that even subtle changes in the face can be detected.
As part of this dissertation, a new database called the Actor Study
Dataset was curated, evaluated, and published. The database includes
annotations of the facial expressions shown, from appraisal dimen-
sions and emotions to AUs, in addition to high quality recordings.
For this purpose, 21 actors were filmed from five perspectives using
synchronised industry and high-speed cameras, and the resulting
footage was annotated by FACS experts. Two current AU detection
systems were used to produce benchmark results for the different
camera angles. Both the footage and the annotations were curated,
processed, and made available for non-commercial use.

Many experts in artificial intelligence (AI), respectively machine
learning and computer vision have developed systems that can auto-
matically recognise facial expressions. However, there are still many
challenges: few approaches use AUs as a way to trace system decisions
and instead use entirely data-driven approaches whose validation is
often difficult from the perspective of domain experts. In this thesis,
two two-stage approaches for classifying facial expressions based on
AUs are presented. Expert knowledge from the domains of emotion
research and pain research have been incorporated into the develop-
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ment of both approaches to improve recognition performance and
reduce complexity. A two-step approach enables interpretability and
validation of the decisions and results of both systems and it provides
an important contribution to the research field of explainability of AI
decisions.

There are few approaches that classify facial expressions into so-
called appraisal dimensions. These dimensions are continuous and
important for classifying subtle facial expressions and for making
inferences about mental states that cannot be assigned to basic emo-
tions. Existing systems to classifying in the appraisal dimensions use
at most two dimensions and therefore represent only a relatively small
spectrum. This dissertation presents a two-step approach to classify
facial expressions into the three appraisal dimensions: valence, control,
and novelty. In this context, a specially developed approach for the
automatic detection of AU intensities is introduced as a first step. This
approach takes into account the temporal relationships of AUs and
can easily be extended by new information sources without having to
retrain the system, thus differing significantly from existing systems.
Domain-specific knowledge from emotion research allowed the de-
velopment to focus on the recognition of 22 relevant AUs. Based on
the detected AU intensities, the second step is to classify them into
appraisal dimensions using an ordinary least squares (OLS) regression.
The two-step approach enables human comprehension of the system
decision, since the weights of the regression allow direct conclusions
about the contribution of each AU and thus the facial muscles used.
This makes an additional validation of the system by experts possible.

Existing approaches to pain recognition usually attempt to learn
pain directly from images or often use statistical features of various
important points on the face. These systems often achieve good classi-
fication performance, but usually do not allow for conclusions about
decision making. The second approach presented in this thesis deals
with the recognition of pain based on a set of rules. This set of rules,
called grammar, is inferred from AU sequences of a training dataset.
Using the extracted rules, new sequences can be classified into “pain”
and “non-pain”. If a new sequence can be generated by deriving dif-
ferent rules, it is a pain sequence. Domain-specific knowledge from
pain research was used in the development of the approach to allow
optimisation of the rule extraction procedure. The advantages of the
chosen approach are the traceability of the system decision for hu-
mans by tracking the used rules of the grammar and the possibility of
validation by experts.

The conclusion of this work is a call to action for stronger joint
research on approaches to the interpretability of AI systems by com-
bining the research branches “Explainable AI” and “Quantification of
Uncertainty in AI Decisions”.
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Z U S A M M E N FA S S U N G

Gesichtsausdrücke sind einer der wichtigsten Kanäle menschlicher
nonverbaler Kommunikation. Sie lassen Rückschlüsse auf unseren
mentalen Zustand zu und gelten als universell verständlich über Eth-
nien hinweg. Das Facial Action Coding System (FACS) wird in der
Psychologie verwendet, um diese Mimiken beschreiben zu können. Da-
bei werden den verschiedenen möglichen Gesichtsmuskelbewegungen
Bezeichner zugeordnet, sogenannte Action Units (AUs). Mit Hilfe der
AUs wird die Analyse der Semantik von Gesichtsausdrücken durch-
geführt. In dieser Dissertation werden mehrere Herausforderungen,
insbesondere der Mangel an Trainingsdaten, die Nachvollziehbarkeit
von Systementscheidungen für den Menschen in der Emotions- und
Schmerzforschung und die Einbeziehung von domänespezifischen
Wissen im Kontext von Systemen zur automatischen Erkennung von
Gesichtsausdrücken adressiert.

Für die Entwicklung von Systemen zur automatischen Mimikerken-
nung werden meist Trainingsdaten benötigt. Es gibt bereits öffentliche
Datenbanken zum Training von solchen Systemen, die aber alle De-
fizite aufweisen. Einer der wichtigsten Faktoren ist die Qualität der
Annotationen, da diese maßgebend für die spätere Leistung des Sys-
tems sind. Für eine robuste Erkennung von Gesichtsausdrücken, auch
bei leicht rotierten Gesichtern, müssen Personen aus verschiedenen
Winkeln aufgenommen werden. Diese Robustheit ist wichtig, da in
vielen Domänen nicht garantiert werden kann, dass Menschen im-
mer frontal in die Kamera blicken. Das Bildmaterial muss hochwertig
sein, damit auch subtile Änderungen im Gesicht erkennbar sind. Im
Rahmen dieser Doktorarbeit wurde eine neue Datenbank, das soge-
nannte Actor Study Dataset, kuratiert, evaluiert und veröffentlicht.
Die Datenbank beinhaltet neben qualitativ hochwertigem Bildmaterial
Annotationen der dargestellten Gesichtsausdrücke, von Appraisal-
Dimensionen und Emotionen bis hin zu AUs. Hierfür wurden 21

Schauspieler aus fünf Perspektiven mit synchronisierten Industrie
und high-speed Kameras gefilmt und das daraus gewonnene Film-
material durch FACS-Experten annotiert. Zwei aktuelle Systeme zur
AU-Detektion wurden zur Erstellung von Benchmark Ergebnissen
für die verschiedenen Kamerawinkel genutzt. Sowohl die Aufnahmen
als auch die Annotationen wurden kuratiert, aufbereitet und für die
nicht-kommerzielle Nutzung zur Verfügung gestellt.

Viele Experten im Bereich der künstlichen Intelligenz (KI), respekti-
ve des maschinellen Lernens und der Computer Vision haben Systeme
entwickelt, die automatisiert Mimiken erkennen können. Es bestehen
aber immer noch viele Herausforderungen: Wenige Ansätze nutzen
AUs als Möglichkeit zur Nachvollziehbarkeit von Systementscheidun-
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gen und verwenden stattdessen rein datengetriebene Ansätze, deren
Validierung aus Sicht von Domäneexperten oftmals schwierig ist. In
dieser Arbeit werden zwei zweistufige Ansätze zur Klassifikation
von Gesichtsausdrücken auf Basis von AUs vorgestellt. In die Ent-
wicklung beider Ansätze ist Expertenwissen aus den Domänen der
Emotionsforschung und der Schmerzforschung eingeflossen, um die
Erkennungsleistung zu verbessern und die Komplexität zu verringern.
Ein zweistufiges Verfahren ermöglicht Nachvollziehbarkeit und Va-
lidierung der Entscheidungen und Ergebnisse beider Systeme und
liefert einen wichtigen Beitrag zum Forschungsfeld Erklärbarkeit von
KI Entscheidungen.

Es gibt wenige Ansätze, die Gesichtsausdrücke in sogenannte Appraisal-
Dimensionen einordnen. Diese Dimensionen sind kontinuierlich und
wichtig für die Klassifikation von subtilen Gesichtsausdrücken und für
Rückschlüsse auf mentale Zustände, die keiner Basisemotionen zuge-
ordnet werden können. Bestehende Ansätze zur Klassifikation in die
Appraisal-Dimensionen verwenden höchstens zwei Dimensionen und
bilden daher nur ein relativ kleines Spektrum ab. Zur Klassifikation
von Gesichtsausdrücken in die drei Appraisal-Dimensionen Valence,
Control und Novelty wird in dieser Doktorarbeit ein zweistufiger
Ansatz vorgestellt. In diesem Rahmen wird als erster Schritt ein eigens
entwickelter Ansatz zur automatischen Detektion von AU-Intensitäten
eingeführt. Dieser berücksichtigt die zeitlichen Zusammenhänge von
AUs und kann einfach um neue Informationsquellen erweitert werden,
ohne ein Neutraining des Systems durchführen zu müssen und un-
terscheidet sich damit maßgeblich von bereits bestehenden Systemen.
Durch domänespezifisches Wissen aus der Emotionsforschung konnte
die Entwicklung auf die Erkennung von 22 relevante AUs konzen-
triert werden. Aufbauend auf den erkannten AU-Intensitäten, wird
im zweiten Schritt die Einordnung in die Appraisal Dimensionen mit
Hilfe einer Kleinst-Quadrate-Regression vorgenommen. Der zweistufi-
ge Ansatz ermöglicht eine Nachvollziehbarkeit der Systementschei-
dung für den Menschen, da die Gewichtungen der Regression direkte
Rückschlüsse auf den Beitrag jeder einzelnen AU und damit der ver-
wendeten Gesichtsmuskeln erlauben Dies ermöglicht eine zusätzliche
Validierung des Systems durch Experten.

Vorhandene Ansätze zur Schmerzerkennung versuchen meist Schmerz
direkt aus Bildern zu lernen oder verwenden oftmals statistische Merk-
male verschiedener wichtiger Punkte im Gesicht. Diese Systeme er-
reichen oft eine gute Klassifikationsleistung, lassen aber meist keine
Rückschlüsse auf die Entscheidungsfindung zu. Der zweite vorge-
stellte Ansatz befasst sich mit der Erkennung von Schmerz auf Basis
eines Regelwerks. Dieses Regelwerk, eine sogenannte Grammatik,
wird aus AU-Sequenzen eines Trainingsdatensatzes inferiert. Mit Hilfe
der extrahierten Regeln können neue Sequenzen in „Schmerz“ und
„nicht Schmerz“ klassifiziert werden. Wenn eine neue Sequenz durch
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Ableitung verschiedener Regeln generierbar ist, handelt es sich um
eine Schmerzsequenz. Bei der Entwicklung des Ansatzes wurde do-
mänespezifisches Wissen aus der Schmerzforschung verwendet, um
eine Optimierung des Regelextraktionsverfahrens zu ermöglichen. Die
Vorteile des gewählten Ansatzes sind die Nachvollziehbarkeit der
Systementscheidung für den Menschen durch die Nachverfolgung
der verwendeten Regeln der Grammatik und der Möglichkeit der
Validierung durch Experten.

Den Abschluss dieser Arbeit bildet ein Aufruf zur verstärkten ge-
meinsamen Forschung an Ansätzen zur Nachvollziehbarkeit von KI-
Systemen durch Kombination der Forschungszweige „Erklärbare KI“
und „Quantifizierung von Unsicherheit in KI Entscheidungen“.
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Part I

S Y N O P S I S O F T H E S I S





1
I N T R O D U C T I O N

The human face is extremely expressive and facial expressions are
one very important aspect of human communication. With facial
expressions we are able to convey numerous emotions without having
to speak. Unlike other forms of non-verbal communication, facial
expressions are considered universal [22, 71] across cultures. The
true value of this type of non-verbal communication becomes obvious
when people are not able to interpret it. People who suffer from autism
spectrum disorders, for example, often find it difficult to interpret the
face of their counterpart. This can be met with incomprehension and
makes social bonding more difficult if, for example, a reaction appears
to be socially inappropriate.

Systems that can recognise emotions can be helpful here. Even more,
systems able to show the person why they recognised the particular
emotion can in turn be used as tutor systems; thus showing the respec-
tive person by which characteristics one can recognise the emotion
of the counterpart. Often, however, it is more helpful not to rely on
the basic emotions but to make a classification in the emotional ap-
praisal dimensions [77], such as the valence and control dimension.
In a German Federal Ministry for Education and Research (BMBF)
funded project, in which the author is involved, the aim is to create
and test a new form of therapy with the help of a robotic system
to support children suffering from autism spectrum disorders in the
development of socio-emotional communication skills. In this context,
it would be more helpful to recognise whether something is pleasant
or unpleasant for the other person (positive or negative valence di-
mension) or whether the situation is currently overwhelming (lack of
control dimension) than being limited to basic emotions which cannot
cover these feelings. Existing approaches, however, do not classify in
these continuous emotional appraisal dimensions but mostly use the
basic emotions and often use models that are not comprehensible for
humans. The development of an approach for automatic emotional
appraisal inference by using domain-specific knowledge while main-
taining human-interpretability is one of the main contributions of this
thesis.

Facial expressions can also be taken as a form of prototypes. Proto-
types are defined as mental knowledge structures that contain infor-
mation about a particular object or concept in an abstract, generalised
form [103]. They are not entities in memory, but illustrations of how
learned knowledge can be used in information processing. Validation
of prototypes is possible experimentally. In one experiment, avatars
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4 introduction

with prototypical facial features for pain faces were used to validate
the significant features for pain facial expressions [4]. In another exper-
iment, a different effect was shown: The shift of an internal prototype.
The experiment showed that a change of the internal prototype for
the aesthetic perception of forks [99] was achieved. It was possible to
move the aesthetic perception for such forks in a positive direction by
constant exposure to rather distinctive fork shapes.

Such an approach will not lead to a change in the internal prototype
for, for instance, a happy face. Raising the corners of the mouth will
always be seen as smiling and associated with a happy mental state.
What can change, however, is the perception of the intensity of a facial
expression. Studies have shown [32] that medical staff who work in
pain wards for an extended period of time are able to detect pain in a
patient’s face, but assess the intensity lower and lower over time. This
can have serious consequences, for example, for the provision of pain
medication. Kunz et al. [51] present a roadmap for the development
of solutions for automatic pain detection based on facial expressions
through joint interdisciplinary research. For human comprehensibil-
ity and the use in the care sector, it would be advantageous to have
a rule-based system that can make the decision. However, most ap-
proaches do not classify their input based on such a set of rules. The
development of a rule extraction system that can recognise pain in a
way that can be interpreted by humans by exploiting domain-specific
knowledge is another major contribution of this thesis.

The approaches mentioned above are both in a research direction
that has recently received even greater attention: Explainable Artificial
Intelligence (AI) and interpretability of AI approaches. This is about
the need for decisions made by AI systems to be comprehensible and
transparent to humans. The author is involved at the ADA Lovelace
Center for Analytics, Data and Applications1 and is coordinating
one of the main research focus areas, namely “Explainable Learn-
ing”, which deals with this research direction. In both cases described
above, namely detection of emotional appraisals and recognition of
pain, interpretability of the approaches is realised by combining an
intermediate representation that is comprehensible to humans with
methods that show the influence of these individual entities on the
final decision. This intermediate representation is provided by the
Facial Action Coding System (FACS) [19, 21]. With FACS it is possible
to describe nearly any anatomically possible facial expression, decon-
structing it into the specific Action Units (AUs) and their temporal
segments that produce the expression. They are independent of any
interpretation, which makes them usable for any higher order decision
making process including emotional appraisal and pain detection.
Furthermore they are part of the domain specific knowledge used
for the development of these approaches. The manual annotation of

1 https://www.scs.fraunhofer.de/en/focus-projects/ada-center.html
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AUs is a very time-consuming process that can only be performed by
professionally trained coders and is therefore not applicable for fully
automated systems. Existing approaches for automatic AU detection
are static with respect to their expected inputs and usually do not
incorporate temporal information into their models. Therefore, as a
further contribution of this thesis, an automatic AU-recognition system
is proposed based on a Gaussian state estimation approach that is
easily extensible with additional information sources.

Training systems to automatically recognise AUs or affective states
such as emotional appraisals have a major dependency: they require
well-annotated data. None of the publicly available datasets provide
annotated emotional appraisal dimensions and most databases do not
provide recorded faces from multiple angles. As a main contribution
of this thesis and to address this lack of data, a new high quality,
multi-view dataset was curated and published. It contains both AU

annotations as well as emotion annotations. These annotations have
been created through an elaborate coding process and are available
for academic use providing an important resource for the scientific
research community.

Many systems and databases for automatic detection of facial ex-
pressions already exist. But many challenges still remain, such as
explainability of AI approaches, the incorporation of domain-specific
knowledge in classifiers and the lack of suitable and high-quality train-
ing data. For these reasons, this dissertation addresses these issues.

structure of thesis

The thesis is organised as follows: Chapters 2 to 4 provide a synopsis
of the research performed in this doctoral work. Chapter 2 summarises
the state-of-the-art on automatic pain detection and automatic facial
expression analyses and points out their deficits. Chapter 3 describes
the datasets used in this thesis, while Section 3.1 addresses the re-
search contribution towards the challenge of lack of data for automatic
expression analyses by providing a new, high-quality and penta-view
database, namely the Actor Study Dataset. Chapter 4 addresses the
lack of human comprehensibility in systems for the automatic detec-
tion of mental states. Two detection systems, namely the emotional
appraisal inference system and the pain detection approach are pro-
posed. Both systems are two-step approaches using AUs as intermedi-
ate representation and are designed in such a way that their decisions
are transparent to humans. Section 4.1 describes the approach for
pursuing the detection of emotional appraisals and the incorpora-
tion of domain-specific knowledge in detail. As part of this approach,
Section 4.1.2 addresses the lack of extensibility and use of temporal
information of existing AU detection systems. Moreover, it describes
the approach for automatic AU intensity estimation proposed in this
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thesis. A system for the recognition of pain based on a rule extraction
approach with incorporated domain-specific knowledge is described
in Section 4.2. Chapter 5 concludes this thesis with a proposal for
future research. Furthermore, it presents another contribution, namely
a discussion of Explainable AI and Uncertainty Quantification, which
are both research directions in the context of human-interpretability
of AI approaches.



2
AU T O M AT I C FA C I A L E X P R E S S I O N A N A LY S E S

For a better understanding of the performance of approaches and
how they are embedded in their domains, definitions for measuring
their success and background knowledge of domain-specific theories
is required.

2.1 definitions

2.1.1 Performance Metrics

• True Positive Rate
The True Positive Rate (TPR), also known as sensitivity or recall,
indicates the proportion of positive instances predicted as posi-
tive and is defined as:

TPR = TP
TP+FN

• False Positive Rate
The False Positive Rate (FPR), also known as the inversion of
specificity, indicates the proportion of negative instances pre-
dicted as positive and is defined as:

FPR = FP
FP+TN

• Precision
The precision indicates the proportion of relevant instances
among the retrieved instances and is defined as:

PRECISION = TP
TP+FP

• Accuracy
The accuracy indicates the proportion of right predictions and is
defined as:

ACCURACY = TP+TN
TP+TN+FP+FN

• F1-score
The F1-score is the harmonic mean of the precision and recall
and is defined as:

F1− SCORE = 2 ∗ precision∗recall
precision+recall

It outputs values between 0 and 1, with 1 indicating best result.

7
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2.1.1.1 Receiver Operating Characteristic
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Figure 2.1: The Area Under the ROC curve. Schematic illustration about the
impact to the true positive rate and the false positive rate caused
by the varying threshold (left side) and the resulting area under
curve plot (right side)

A Receiver Operator Characteristic (ROC) curve [24] evaluates the
binary classification performance by measuring how well positive
instances of a class can be distinguished from negative instances. First
the output values from a binary classifier are compared to a decision
threshold to predict whether an input counts to a positive or negative
instance of the target class. This process is repeated for all instances
in the test set. Second, the TPR and FPR are computed by comparing
the predictions with the annotations. Then the decision threshold is
varied to compute new sets of (TPR, FPR) pairs. A ROC curve is a two
dimensional plot of these (TPR, FPR) pairs, TPR plotted along y-axis
and FPR along x-axis (for a schematic overview, see Figure 2.1, left
box).

2.1.1.2 Area Under ROC Curve

The Area Under ROC Curve (AUC) takes the results of a ROC and
attempts to convert its statement into a numerical value. This is useful
when a visual comparison of different ROC curves is too costly or
ambiguous and a performance measurement needs to be broken down
to a value. For computing the AUC, the area under the ROC curve
is calculated. Good AUC values tend towards 1.0, whereas values
towards 0.5 represent a random result. For a schematic overview of
the combination of ROC and AUC, see Figure 2.1.

2.1.2 The Facial Action Coding System

The Facial Action Coding System (FACS, [19, 21]) assigns an AU to al-
most every visible movement of the facial muscles. These are units that
summarise a single or several muscle movements. With this classifica-
tion it is possible to translate facial expressions in writing -comparable
to the notation of verbal expressions with written language.
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Table 2.1: List of the annotated 27 AUs provided by the Actor Study Dataset.
The first column contains the numerical code and the second
column contains the actual name of the AU

AU Code AU Name

AU01 Inner Brow Raiser

AU02 Outer Brow Raiser

AU04 Brow Lowerer

AU05 Upper Lid Raiser

AU06 Cheek Raiser

AU07 Lid Tightener

AU09 Nose Wrinkler

AU10 Upper Lip Raiser

AU11 Nasolabial Furrow Deepener

AU12 Lip Corner Puller

AU13 Cheek Puffer

AU14 Dimpler

AU15 Lip corner Depressor

AU16 Lower Lip Depressor

AU17 Chin Raiser

AU18 Lip Puckerer

AU20 Lip Stretcher

AU22 Lip Funneler

AU23 Lip Tightener

AU24 Lip Pressor

AU25 Lips Part

AU26 Jaw Drop

AU27 Mouth Stretch

AU38 Nostril Dilator

AU43 Eyes Closed

AU45 Squint

AU46 Wink



10 automatic facial expression analyses

AU12 AU06 AU12 + AU06

Figure 2.2: Some Examples of AUs and their combination. Images are part
of the Actor Study Dataset [96]

There are 44 AUs, 12 in the upper face region and 32 in the lower
face region. The AUs in the lower face are subdivided with respect
to the direction of the movements. Thus, horizontal, vertical, oblique,
circular, and mixed actions can be distinguished. The combinations of
such AUs can be assigned to specific emotions or other mental states.
Figure 2.2 shows some exemplary AUs and their combination. For
this thesis, only a subset of the original 44 AUs is important. Table
2.1 shows all 27 AUs and their actual names available in the Actor
Study Dataset –as defined in FACS [19, 21]. The approaches presented
in Sections 4.1.2 and 4.2 use only a domain-specific subset of these 27

AUs.

2.1.3 Emotional Appraisals

In accordance with appraisal theories, emotions arise from our con-
scious or unconscious evaluations (appraisals) of an event [23]. Ac-
cording to the Component Process Model of Emotions (CPM, [89, 90]),
emotions are determined by a cumulative sequence of evaluations
(appraisals) about the relevance of events to an organism, for example:

• was the event expected or not?

• did the event promote or hinder goal attainment?

• how good could the organism deal with the event and potential
consequences?

It is predicted, that the results of these appraisals will directly trigger
specific psychophysiological responses as the preparation for potential
behavioural reactions to this event. This is also true for the facial
muscles, which are used to produce the expression of the internal
state in the face. Experimental studies (e.g. [28, 92]) showed that
facial muscle movements are directly based on the results of specific
appraisal processes, which makes them recognisable for automatic AU

detection systems as proposed in Section 4.1.2.
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These observations classified in appraisal dimensions can also result
in the inference of a basic emotion, e.g.

expectancy ↓ + lack of control ↑ + valence ↓ = (probably) fear

Inference of the basic appraisal dimensions underlying emotion expe-
rience allows for the recognition of more nuanced emotions, including
very subtle and/or volatile emotions. Therefore, the automatic recog-
nition approach proposed in Section 4.1 focuses on the detection of
emotional appraisals to detect even the subtle emotions that occur in
an exemplary real-world scenario, namely market-research recordings.

2.2 state-of-the-art

One-Step

Classifier
Training

Classifier
Training

Data Inference

Intermediate
Representation

Two-Step

Figure 2.3: Processing pipeline for Computer Vision in Machine Learning.
Starting from available data two approaches could be distin-
guished: (1) Two-step approaches consisting of a feature extrac-
tion and classifier training stage and (2) End-to-end approaches
which pursue a classifier training directly on the images. Interme-
diate representation can be basic features like edges up to more
sophisticated representations such as AUs. The classifier performs
the inference depending on the particular task

All approaches presented in the following sections as state-of-the-art
can be classified according to the schematic representation in Figure
2.3. In addition to the general categorisation, whether it is a one or two
stage approach, a distinction is also made according to the datasets
used and the classification objectives.

2.2.1 Pain Detection

Automatic detection of pain is a goal researchers have been pursuing
for decades. One major contribution of this thesis is an exhaustive
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research on the state-of-the-art for automatic pain detection (see [38]).
The state-of-the-art can be divided into three categories as shown
schematically in Figure 2.3. The pain databases used, whether it is
a one-stage or two-stage approach, and the goal of the detection,
for example whether it is distinct pain classes or a pain intensity
estimation.

There are publicly available datasets for the training of automatic
pain detection approaches (e.g. [5, 6, 66, 72, 108, 123]). The variation in
the data related to the demographics of the subjects, the granularity of
the annotations, and the type of annotation range from: the youngest
subjects were between 18–72 hours old, the oldest subjects were 65

years old. Some databases provide annotations on frame level, some
on sequence or segment level. The provided pain annotations range
from binary (pain/no pain) to pain intensity levels. More datasets
exist, but are partly not publicly available until today [38].

As shown in Figure 2.3 approaches could be categorised into one-
step and two-step. One-step approaches predict pain or pain intensities
directly from the input image or video based on geometric or textu-
ral features (see Figure 2.3, top path). Two-step approaches use an
intermediate representation in terms of AUs or AU intensities before
providing the actual pain estimate (see Figure 2.3, bottom path). Some
approaches compute other features in addition to AUs, such as dis-
tances between facial feature points (e.g. [62]). Two-stage approaches
are inspired by the way in which human coders would rate pain [30],
namely based on specific facial expression elements [14].

Approaches using the intermediate representation for classifier train-
ing could make use of

• temporal information of AUs (e.g. [3, 30, 57, 58, 62, 101, 102])

• AU information of a single time-step (e.g. [64, 65, 121, 122])

This intermediate information is used in the second stage to finally
train the classifier. Approaches use different machine learning methods
which can be categorised depending on the prediction task:

• for classification tasks, many approaches use a Support Vector
Machine (SVM) (e.g. [3, 30, 57, 58]). But also other methods, such
as logistical linear regression (e.g. [64, 65]) were used.

• for regression tasks, Support Vector Regression (SVR) (e.g. [101]),
linear regression (e.g. [102]) and multi-task Deep Neural Net-
works (DNNs) (e.g. [62]) were used.

All listed machine learning approaches are trained in a supervised way.
For a categorisation of weakly-supervised or unsupervised approaches,
see [38].

Most approaches in the review [38] implement a one-stage ap-
proach and don’t make use of an intermediate representation. Many
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approaches extract features like facial landmark positions (e.g. [74]),
Gabor filters (e.g. [86]), combinations of spatial information (e.g. [36])
or spatiotemporal features like deep learned spatiotemporal features
(e.g. [125]) in a first step. In the second step machine learning algo-
rithms depending on the prediction task are for training the actual
classifier:

• for classification tasks, again, most approaches use a SVM (e.g.
[8, 66, 78, 112]).

• for regression tasks, SVR (e.g. [26]) or relevance vector regression
(e.g. [18]) or its variants are used

More recently, deep learning methods, are increasingly being used for
end-to-end learning of pain intensities. These approaches use single
images (e.g. [109]) or image sequences (e.g. [84, 125]) as input.

While some approaches already use methods that make the classifier
decision more interpretable to humans, such as regressions, the ma-
jority of the approaches presented are intransparent in their decision
making. Kunz et al. [51] propose a roadmap to an interdisciplinary
solution for pain detection for patients with dementia, suggesting a
detection system based on AUs. As a major contribution of this thesis,
an approach to pain recognition was developed that uses AUs as an
intermediate representation to infer a grammar capable to classify
pain in a human-interpretable way (see Section 4.2).

2.2.2 Facial Expression Recognition

Within the rapid development of AI, automatic recognition of facial
expressions has been intensively studied in recent years. Systems like
SHORE [50] offer the possibility to automatically recognise emotions
in faces. As one building block of facial expressions, AUs, as described
in Section 2.1.2, are an important concept. They are the language
for interpreting a facial expression, such as of pain and emotions.
However, annotating AUs is slow and tedious work that can only be
done by trained coders. One example is the annotation of the Actor
Study Dataset, presented in Section 3.1. As a rule of thumb, one
minute of video material requires about one hour of annotation work.
This is a major limitation especially for large studies and for practical
systems that build on the information from AUs, therefore automatic
AU detection became popular in recent years. There is a large overlap
in the procedures and approaches for emotion and AU detection.

There are several models for emotions: One example is the valence-
arousal space, which can be viewed as a 2D coordinate system for
continuous emotion recognition. One axis encodes the positive and
negative valence, the second axis encodes the degree of arousal. Sad-
ness, as an example, has the classification medium negative valence
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and medium low arousal. The well-known basic emotions, namely hap-
piness, surprise, sadness, anger, disgust, and fear are another model
[20]. Compound emotions are a rather newer model that encodes
the combinations of two basic emotions each. In [17], 22 emotions
were thus introduced, the 7 basic emotions, 12 combinations of basic
emotions, and 3 additional emotions. Several survey articles have been
published recently [40, 54], but common to all approaches is the cate-
gorisation of the approaches as shown schematically in Figure 2.3: the
available datasets and whether it is a one-stage or two-stage approach.
It is noteworthy that although there are several models for emotions,
mostly the basic emotions are used for automatic classification of
emotions.

There are publicly available datasets for emotion recognition, such
as: JAFFE [68], CK+ [63], CE [17], DISFA [73], MMI [82], BU-3DFE
[117], BP4D-Spontaneous [123], MPI [47], Multi-PIE [33], Oulu-CASIA
[124], GEMEP-FERA [106], AFEW [15], RAF-DB [55], RAF-ML [53],
GENKI-4K [113], UNBC [66]. Many of them, such as MMI [82] and
BP4D-Spontaneous [123] also provide AU annotations. for a deeper
comparison of AU databases please refer to [96].

The databases include between 10 and 337 subjects with posed or
spontaneous induced emotions. On average, six basic emotions are
annotated, up to 55 expressions [47]. None of the databases provide all
three appraisal ratings, i.e. valence, novelty and control as presented
in the Actor Study Dataset (see Section 3.1).

As shown in Figure 2.3 approaches could again be categorised into
one-step and two-step. Here, one-step approaches predict emotions
and AUs directly from the input image or video, based on geometric or
textural features (see 2.3, top path). Two-step approaches use extracted
features for training the final emotion classifier (see 2.3, bottom path).

Two step approaches use manually extracted features as input for
the final classifier training. The approaches differ in the choice of the
features they extract. The most used feature extraction methods are:

• Gabor Feature (e.g. [68, 118])

• Local Binary Pattern (e.g. [25, 35])

• Optical Flow (e.g. [9, 115])

• Active Shape Model (e.g. [10])

• Haar-like Feature (e.g. [116])

• Feature Point Tracking (e.g. [61])

While the mentioned approaches use for example the feature point
coordinates from the feature point tracking for emotion detection, AU

detection approaches like [16, 42] use specific models like CANDIDE-
3 [1] to track AUs directly. Similar methods such as Feature Point
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Tracking or the use of an AU-integrated face model were used for the
approach to automatic estimation of AUs presented in this thesis (see
Section 4.1.2), although they were used in modified forms.

These features are used in the second stage to finally train the clas-
sifier. Approaches use different machine learning methods to detect
emotions, mostly:

• k-Nearest Neighbours (e.g. [104, 110])

• SVM (e.g. [75, 118])

• AdaBoost (e.g. [56, 111])

In addition, methods such as SVR (e.g. [44]) and relevance vector
regression (e.g. [70]) were used for AU intensity estimation.

One-stage approaches are trained in an end-to-end fashion using
mostly one of the following methods:

• Convolutional Neural Network (CNN) (e.g. [59, 76])

• Deep Belief Network (e.g. [60, 67])

• Long Short-Term Memory (LSTM) (e.g. [49])

While the aforementioned approaches are used for emotion recog-
nition, these methods have also been used for AU recognition: Ap-
proaches that use CNNs (e.g. [34]) were used as well as LSTMs (e.g.
[43]).

Almost all approaches of the state-of-the-art for automatic emotion
recognition do not use an interpretable intermediate representation
such as AUs and their recognition is often limited to basic emotions
only. Although there is a system [7] which uses AUs to estimate the
valence-arousal intensity in literature, it only classifies according to
the valence-arousal model, has no additional dimensions integrated
and its decisions are not comprehensible for humans. A continuous
estimation of the emotion into a multidimensional classification while
maintaining human-interpretability as presented in this thesis (see
Section 4.1) is not performed by any approach. For AU detection,
most approaches do not take temporal information into account or
incorporate a model which encodes the knowledge about AUs, like
anatomically possible motions. In addition, most systems are fixed
and do not allow the integration of additional information without re-
training the entire system. In this work, a new approach for automatic
AU detection is proposed to address these challenges.
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D ATA S E T S

3.1 the actor study dataset

This section describes the contributions of this work to the challenges
of low availability of suitable, high-quality and multi-view training
data for facial expression recognition.

The Actor Study Dataset was created for automatic facial expres-
sion analyses namely action unit, emotion and emotional appraisal
detection. For the Actor Study Dataset (see [96]), professional actors
portrayed facial expressions of individual AUs, AU combinations, and
staged facial expressions corresponding to different emotions and
emotional appraisal scenarios:

• All video recordings contain annotations of AUs and their onset
and offset by certified FACS coders

• Individual AUs and their relevant combinations which are im-
portant in facial appraisal and often difficult to detect were
elaborated

• Appraisal scenarios were recorded intended to elicit relatively
subtle emotion expressions

• The subjects faces were recorded from different angles simulta-
neously, which creates a penta-view of the person’s face

• Two state-of-the-art action unit recognition systems were used
for producing benchmark results on all five views

The dataset consists of 21 subjects, 11 women and 10 men, with
an age range of 26-68 years and an average age of 42 years. It aimed
for applications where the target person faces a frontal stimulus or
observer, for example while interacting with a robot or in response
to an advertisement in market-research use cases. The facial angles
in these cases are in an expected range of -30 to 30 degrees. To tackle
the challenge that AUs do not necessarily occur symmetrically, the
recordings contain videos from 30° left and 30° right views.

17
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Synchronised
cameras to
achieve perfect
frame-alignment
for videos
recorded from all
seven cameras
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Figure 3.1: Overview of the Actor Study Dataset’s recording setup with
examples for each recording angle. Images are part of the Actor
Study Dataset [96]

3.1.1 Technical Setup

Professional equipment was used to achieve best recording results:

• Five JAI CB-200 GE industrial cameras (24 frames per second;
1624x1236 px)

• Two high-speed Optronics CL300/2m cameras (125 frames per
second; 1280x1024 px)

• The cameras were synchronised to achieve perfect frame-alignment
for videos recorded from all seven cameras.

• Six high power MultiLED softbox lights were used to achieve
uniform lighting over the actors’ faces and for best visibility of
AUs.

The total of 7 cameras were arranged as follows: The five low-speed
cameras were positioned at five different angles, namely top, center,
30° left, 30° right and bottom. The high-speed cameras were positioned
at 30° right and center positions. The average radial distance to the
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low-speed cameras was 1.6m and that to the high-speed cameras was
1.8m. The setup provides real, multi-view data, which is captured
using frame-synchronised cameras, in contrast to other databases,
such as BP4D [123] dataset, which is synthesised through perspective
distortion. For an overview of the setup with examples for each angle
see Figure 3.1.

In summary, the database has 68 minutes (1,503,495 frames) of total
length of recordings. 1002330 frames of these were from the high-speed
cameras, and 501165 frames from low-speed cameras. The frames of
the low-speed frontal camera were annotated by FACS coders, and the
annotations were interpolated for the high-speed camera frames.

3.1.2 Annotations

The Actor Study Dataset consists of three parts: (1) Display of 32 single
AUs and AU combinations, (2) Reactions to 8 appraisal scenarios and
(3) Enactment of 13 emotion scenarios. Section 2.1.2 introduced the
27 AUs annotated in this database. Based on these, the relevant AU
combinations for facial appraisal detection are:

• AU01+AU02

• AU01+AU04

• AU01+AU02+AU04

• AU06+AU12

• AU12+AU25

Much effort was spent to provide high-quality and frame-wise FACS

annotations for this multi-view dataset. Sixteen certified FACS coders
annotated 27 AUs and 5 AU combinations and 15 certified FACS coders
annotated the appraisal and emotion recordings. For assessing the
quality of the annotations, Cronbach’s Alpha [11] was used to compute
the inter-coder reliability. The actual values had a range from 0.64 to
0.72 (average = 0.69) for (1) and 0.65 to 0.87 (average=0.75) for (2) and
(3), which indicates a good agreement of the coders and therefore a
high quality of the annotations.

3.1.3 Benchmarks

For benchmarking, two state-of-the-art systems were used:

1. OpenFace [2]
OpenFace is an open source software which is used among other
things for facial landmark detection and head pose estimation.
Furthermore, it is able to detect 18 AUs. For evaluation, only
AU output was considered. The system uses appearance and
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geometric features for AU detection in videos or single images.
When a video as input is provided, OpenFace extracts frames
and performs a calibration by estimating the person’s expression
at rest, before providing AU detection results. The system is not
limited to full frontal faces.

2. AU detection system from ISIR [13]
This system provides probability and confidence scores for six
basic facial expression plus neutral expression and 12 AUs. For
evaluation, only the AU probability scores were considered. The
system uses a random forest where each tree uses features ex-
tracted from a randomly selected local facial region for predict-
ing the prototypical expressions. The tree’s local predictions
were combined to get the global prototypical expression prob-
ability. The local predictions are furthermore used as inputs to
another random forest for AU prediction. An autoencoder net-
work is used to estimate confidence measures, used to weight
the emotion predictions to achieve robustness against partial
facial occlusions.

Table 3.1: Benchmark results of both systems for the center view

OpenFace ISIR

AU01 0.65 0.76

AU02 0.60 0.83

AU04 0.80 0.73

AU05 0.58 0.83

AU06 0.93 0.81

AU07 0.85 -

AU09 0.62 0.83

AU10 0.88 -

AU12 0.94 0.83

AU14 0.78 -

AU15 0.63 0.75

AU17 0.70 0.70

AU20 0.56 0.69

AU23 0.53 -

AU25 0.76 0.89

AU26 0.73 0.88

AU45 0.81 -
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For the evaluation of both systems, first the ROC curve for each
AU based on the output scores was computed. Second, the AUC was
computed based on the ROC curves. This is a standard metric for
performance evaluation in classification tasks.

OpenFace was evaluated using all five available views of the Actor
Study Dataset recordings. The system from ISIR was evaluated only
on the center view videos, since it was only trained on frontal faces. A
comparison of the results from both approaches is shown in Table 3.1.

OpenFace analysed 100233 frames and 1290 more frames than the
system from ISIR. A comparison of the mean AUC value show a
slighty higher result for ISIR’s system (0.79) compared to OpenFace
(0.73). One explanation could be an increased chance for inter-AU

confusion, since OpenFace recognises more AUs.

Table 3.2: Benchmark results for the five views, listed in the order: bottom;
center; top; right; left

F1-score AUC

AU01 0.34;0.33;0.31;0.25;0.27 0.64;0.65;0.64;0.61;0.62

AU02 0.36;0.37;0.35;0.29;0.28 0.60;0.60;0.59;0.57;0.57

AU04 0.46;0.42;0.37;0.25;0.35 0.79;0.80;0.82;0.72;0.75

AU05 0.12;0.14;0.19;0.13;0.15 0.57;0.58;0.57;0.55;0.57

AU06 0.45;0.47;0.38;0.37;0.32 0.93;0.93;0.89;0.82;0.85

AU07 0.29;0.33;0.31;0.40;0.32 0.82;0.85;0.79;0.69;0.71

AU09 0.16;0.21;0.20;0.16;0.14 0.62;0.62;0.62;0.60;0.62

AU10 0.17;0.19;0.20;0.11;0.07 0.82;0.88;0.85;0.77;0.77

AU12 0.54;0.54;0.50;0.54;0.27 0.94;0.94;0.90;0.89;0.89

AU14 0.16;0.12;0.09;0.16;0.14 0.79;0.78;0.74;0.68;0.77

AU15 0.08;0.06;0.07;0.06;0.08 0.61;0.63;0.62;0.59;0.58

AU17 0.19;0.21;0.17;0.16;0.14 0.64;0.70;0.65;0.61;0.57

AU20 0.06;0.07;0.03;0.04;0.07 0.56;0.56;0.56;0.56;0.55

AU23 0.05;0.04;0.03;0.04;0.04 0.52;0.53;0.53;0.54;0.53

AU25 0.46;0.44;0.38;0.31;0.40 0.75;0.76;0.73;0.70;0.74

AU26 0.36;0.37;0.27;0.28;0.30 0.72;0.73;0.69;0.66;0.68

AU28 0.04;0.03;0.04;0.00;0.02 -

AU45 0.21;0.21;0.23;0.20;0.19 0.80;0.81;0.80;0.76;0.77

OpenFace was further evaluated using the four additional views
provided by the Actor Study Dataset, since the system is able to detect
AUs in non-frontal faces. These results are especially important for
other researchers who want to compare their approaches and work in
fields where a full frontal face as input cannot be guaranteed. For this
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evaluation, F1-score was used as an additional standard metric. The
F1-score could be computed since OpenFace also provides a binary
decision wether an AU is present or not. Table 3.2 shows the F1 and
AUC scores, obtained with OpenFace for all five views.

Both systems provide promising results. However, automatic AU

extraction sometimes fails even on this high quality data. This indicates
that there are still challenges in AU detection and hopefully, the Actor
Study Dataset as a new dataset will help to improve AU recognition.

This chapter described the contribution of this dissertation in re-
lation to the lack of training data by introducing a new multi-view
database with 1,503,495 annotated frames and benchmark results of
two state-of-the-art approaches. The included benchmark results give
other researchers the opportunity to compare their approaches and
probably find some hints for improvements like robustness in change
of camera angles.

This dataset is used in Section 4.1.2 to train the SVMs for AU classifi-
cation and for benchmarking the AU detection approach.

other methods to overcome data scarcity Many methods,
especially Deep Learning (DL)-based methods, require a large number
of training data. In addition to the provision of a new, high-quality
dataset, other approaches, namely the synthetic production of data
was also investigated. Here, the aim is to generate new, similar data
from already existing and preferably annotated data. There are ap-
proaches for generating synthetic data (e.g. [31, 46]) and approaches
for expression transfer (e.g. [105, 126]). The latter are about trans-
ferring facial expressions from one class of training data to another.
This task was pursued in the form of two supervised master’s the-
ses12. These theses focused on generating additional samples for an
underrepresented class by means of facial expression transfer using
the overrepresented class. Both theses showed promising results for
the transfer of the facial expressions and the evaluation of the quality
of transferred images, although they could not yet show a significant
improvement for classifier training.

3.2 third party datasets

3.2.1 Proprietary Market-Research Database

This undisclosed dataset was generated for applying appraisal in-
ference in a real-world scenario. It contains images of natural and
spontaneous emotion displays. The dataset covers the use case of con-

1 Maximilian Iftner: “Facial expression transfer on unpaired image sets by using deep
neural networks”, Master’s Thesis

2 Stefan Saloman: “Defining a new Metric for Generative Adversarial Networks in
context of Facial Expression Transfer”, Master’s Thesis
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sumer research studies and consists of 408 video sequences, extracted
from longer face recordings of 155 subjects, exposed to a series of TV
commercials. The sequences have full HD resolution and an average
length of 8 seconds [91]. In a verification step, psychology students
made sure that an identifiable facial movement was shown and its
apex (the point of maximum muscle contraction) was within the se-
quence. For FACS annotations, the 408 sequences were distributed to
certified FACS coders, who generated the AU annotations including
three levels of intensity. These three are a derivative of the original
five levels, which are as follows:

• A =̂ a and b in FACS manual (small action)

• B =̂ c in FACS manual (moderate to strong action,)

• C =̂ d and e in FACS manual (estimated maximum action)

This dataset is used in Section 4.1 for the assessment of the generalisa-
tion performance of the AU detection approach and the training and
evaluation of the emotional appraisal inference system.

3.2.2 Extended Cohn-Kanade Dataset

The Extended Cohn-Kanade (CK+) dataset [63] is a well-known database
for facial expression recognition. It contains 593 sequences of subjects
showing mostly posed facial expressions. The subjects are between 18

and 50 years old while 69% are female and 31% are male. Different
ethnicities are represented: 81% Euro-American, 13% Afro-American
and 6% other groups. The sequences contain AU annotations accord-
ing to FACS and additionally, annotations of basic emotions and the
coordinates of a 68-point facial mesh. The image resolution is mostly
640x480 pixels. An example image is given in Figure 3.2.

Figure 3.2: Example picture from the CK+ Database [63]

This dataset is used in Section 4.1.2 to empirically determine the
noise in the face alignment method and to train the SVMs for AU

classification.
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3.2.3 Pain Sequence Dataset

This undisclosed dataset is a derivate of the work from Kunz et al.
[52]. The original data was obtained in a psychological study of facial
expression of pain in patients with dementia. In this study, demented
patients and healthy persons were exposed to pain of various intensi-
ties resulting in 347 sequences of 86 subjects with a maximum length
of 17 AUs and a mean of 4.03 AUs. These pain episodes were converted
into a sequence of AUs, while maintaining properties like chronological
order and simultaneous occurrence. Following these definition two
entities can be distinguished:

1. Singular AUs, such as AU06 and AU07, where the string “AU06

AU07” denotes a sequential event of AU07 follows after AU06

was present.

2. AU compound, such as AU06-07, denoting the simultaneous
presence of AU06 and AU07 and therefore coding a single event.

Converting the original data into this format results in a total of 76

distinct AU and AU compounds with a maximum of 13 and a mean of
3.54 AUs and AU compounds per sequence.

This dataset is used in section 4.2 to extract the set of rules for
classifying pain and for its performance evaluation.
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4.1 automatic appraisal inference

One-Step

Classifier 
Training

Classifier 
Training

Data Inference

Intermediate 
Representation

Two-Step

Figure 4.1: Processing pipeline for Computer Vision in Machine Learning.
The focus is on the use of an intermediate representation (AUs)
for training a classifier for appraisal detection (red boxes)

Classifying facial expressions into emotional appraisal dimensions
instead of basic emotions while maintaining human-interpretability is
one of the challenges addressed as another main contribution in this
thesis.

An approach for automatic emotional appraisal inference combined
with an approach for automatic AU intensity estimation (see [98]) is
proposed. It is implemented as a two-stage approach (see Figure 4.1,
bottom path) and is inspired by the way how humans are thought to
recognise internal states of others. Therefore, the detection of facial
expressions is separated from the inference of the hidden mental state.

As another contribution of this thesis, an approach for AU intensity
estimation was developed (see Section 4.1.2 and is used in the first
step. In the second step, the AU intensity observations are used in
an Ordinary Least Squares (OLS) regression model to infer the emo-
tional appraisal dimension, namely valence, control and novelty. For a
schematic overview see Figure 4.2.

Using a two-stage approach has two important advantages:

• Interpretability
Using AUs as an intermediate representation in combination with
a regression model allows the tracing of the system’s decision.
The different weights of a regression represent the contribution

25
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Input

Kalman 
Filter

AU02

AU04

AU12

AU01

AU43

Valence

Control

Novelty

Step 1: 
Fusing geometric and texture 
information to detect 22 AUs

Step 2: 
Regression models for 

appraisal inference

Figure 4.2: Overview of two-step approach for appraisal inference. Images
are part of the Actor Study Dataset [96]

of each AU to the detected appraisal, while each AU is defined via
FACS, which makes the entire system’s decision process under-
standable to humans. The regression weights could be further
used for a comparison with theories of emotion, comparing
data-driven approaches with psychological theorems.

• Flexibility
The generic nature of the approach allows the exchange of ap-
proaches in the individual steps. For instance, detected AUs could
be used as input for other types of inferences, for example for
pain detection (see Section 4.2). In the same way, additional input
like vocal expressions or physiological parameters [94] could be
added to infer emotional states.

4.1.1 Domain Knowledge

Scherer et al. [93] conducted studies using synthesised avatar expres-
sions in a similar way as mentioned in the introduction of this thesis to
empirically determine which AUs contribute to the different appraisals.
For the three important appraisal dimensions, namely valence, control
and novelty, following AUs are important:

• Positive valence:
AU05, AU06, AU12, AU13, AU14, AU23, AU25, AU27, AU43

• Negative valence:
AU04, AU09, AU10, AU11, AU14, AU15, AU17, AU20, AU23,
AU24
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• Lack of control/confusion:
AU01, AU04, AU16, AU25, AU26

• Novelty:
AU01, AU02, AU04, AU05, AU07, AU26

Exploiting this domain-specific knowledge, only a subset of the
AUs, introduced by the Actor Study Dataset (see Section 3.1) was used
for the development of the AU intensity estimation approach. For
appraisal inference, these 22 AUs (see Table 4.1) are important and
integrated into the system.

Table 4.1: List of the annotated 22 AUs, integrated in the AU detection ap-
proach. The first column contains the numerical code and the
second column contains the actual name of the AU

AU Code AU Name

AU01 Inner Brow Raiser

AU02 Outer Brow Raiser

AU04 Brow Lowerer

AU05 Upper Lid Raiser

AU06 Cheek Raiser

AU07 Lid Tightener

AU09 Nose Wrinkler

AU10 Upper Lip Raiser

AU11 Nasolabial Furrow Deepener

AU12 Lip Corner Puller

AU13 Cheek Puffer

AU14 Dimpler

AU15 Lip corner Depressor

AU16 Lower Lip Depressor

AU17 Chin Raiser

AU20 Lip Stretcher

AU23 Lip Tightener

AU24 Lip Pressor

AU25 Lips Part

AU26 Jaw Drop

AU27 Mouth Stretch

AU43 Eyes Closed
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4.1.2 Automatic Action Unit Detection

This section describes the contributions of this thesis to address the
challenge of integrating temporal information into an automatic AU de-
tection system without being limited to a fixed number of information
sources.

One-Step

Classifier 
Training

Classifier 
Training

Data Inference

Feature Extraction

Two-Step

Figure 4.3: Processing pipeline for Computer Vision in Machine Learning.
The focus is on the use of extracted features for training a classifier
for AU detection (red boxes)

The AU detection approach realises the first stage of the two-stage
emotional appraisal inference approach and is another contribution of
this thesis. Its development started as a supervised masters’ thesis1,
was further developed [39] and finally patented (see Appendix). The
AU intensity estimation is implemented as a two-step approach (see
[39, 98]) visualised in Figure 4.3. It uses extracted features, namely
shape and texture information for inferencing AU intensity values.

4.1.2.1 Face Models

The shape information is calculated using two face models, describing
a 68 point mesh of a face. This domain-knowledge in comparison with
the actual measurement of the corresponding facial feature point loca-
tions are crucial and incorporated for the final AU intensity estimation.

facial landmark detection A detection model to identify
landmark positions in the current face region is essential for further
processing. The detected landmarks cover the same points as intro-
duced in the CK+ [63] database (see Figure 4.4 for example meshes).
The first approach for training such a model was a former state-of-

1 Teena Hassan: “Dynamic Facial Expression Estimation by means of Model Fitting”,
Master’s Thesis
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Combination

A Shape Unit Vector

AU12 Vector

Initial Neutral Face

Figure 4.4: Visualisation for the combination of the different face models. The
neutral face (top left) shows the start for the AU detection. The
fitting to the detected facial feature points in the detected face is
done via the combination of the AU models (here, for example
AU12, mid left) and the shape unit models (here, an exemplary
shape unit, bottom left) to get the final facial shape (mid right)

the-art constraint local model algorithm [88]. In a supervised thesis2,
the parameter of the algorithm with respect to processing time and
accuracy were evaluated. While the results for the detected facial
landmarks showed a good accuracy, the processing time was quite
high. This is due to the fact that the approach must perform several
optimisation steps for retrieving the final positions of the points. In
this Bachelor’s thesis, the possibility of reducing the number of opti-
misation steps was investigated. However, this reduction had a huge
impact on accuracy and was not feasible.

2 Jan Dörntlein: “Weiterentwicklung eines Constrained Local Model Fitting Verfahrens”,
Bachelor’s Thesis
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Since the system was developed to be real-time capable another,
more recent state-of-the-art approach for face alignment was investi-
gated and implemented [48], which uses regression trees to estimate
the facial landmark coordinates. Due to the structure of the new model,
the processing time is much shorter, while higher accuracy is achieved
than with the previous approach. Different combinations of param-
eters like width and depth of the tree structure were evaluated. The
final facial landmark detection model was trained in such a way that
its detection model size (around 100MB) and processing time (20-50

millisecond range on a regular system) is suitable for real-time appli-
cations. Changing the parameters to achieve higher model capacity
resulted in only minor improvements in accuracy, but made the model
significantly larger and longer in execution.

action unit models A 3D, parameterized and deformable model
of human facial shape (similar to CANDIDE model [1, 87]) is used to
describe the facial shape deformations corresponding to the 22 AUs,
shown in Table 4.1. The deformation information is stored as a vector
which encodes how the shape of the face is changed when an AU is
displayed (see Figure 4.4, mid left for an example). In this system, each
AU is a 3D 68-point displacement vector and could be seen as the en-
coding of a prototypical movement of points for the respective AU. The
actual values for the displacement can be interpreted as the intensities
of the corresponding AU, since the vectors were designed to show the
maximum anatomically possible deformation when the value is set to
maximum. Those 22 models were obtained from FACSGen [85] by the
Swiss Center for Affective Sciences. These deformation information
are vectors for a high dimensional face mesh and needed to be scaled
down to a 68 point mesh that corresponds to the landmark detection
output.

shape unit models A similar model of human facial shape is
used to describe the person-specific facial shape. This facial shape
information is crucial for the AU intensity estimation approach, since it
incorporates information about the person-specific facial shape, which
is seen as relatively unvarying. This information can be encoded as
shape units in contrast to AUs, enabling calibration to a persons’s neu-
tral face (see Figure 4.4, bottom left for an example). One can imagine
a person whose corners of the mouth point downward even when
showing a neutral face. In this case, however, it is not the activation of
one or more AUs but an individual facial feature. Shape units and AUs

can be treated as antagonists, all information covered by the shape
units is not encoded by the AUs, reducing the risk of false intensity
estimates and false positive AU detections. These 61 shape units were
obtained in a similar fashion as the AU deformation vectors by re-
ducing high dimensional models from Singular Inversion’s FaceGen
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software [41] to a 68 point mesh that corresponds to the landmark
detection output.

4.1.2.2 Description of the System

The system consists of three steps: (1) Preprocessing, (2) Extraction of
shape and appearance information and (3) dynamic state (AU intensity)
estimation (see [98]). Steps 1 and 2 are performed only on every single
frame, therefore this information is referred as static information.

Action Unit 
Intensity Estimation

Texture ClassificationFacial Feature Point  
Detection

Face Normalization

Video Capture 
Device

Face Detection (SHORE)

a b

Figure 4.5: Flow chart of the AU intensity estimation approach. Extracted face
mesh of the detected face is shown in (a). Two texture features,
namely horizontal and vertical edges, as an example are shown
in (b). Images are part of the Actor Study Dataset [96]

1. Preprocessing:
In this step, the video stream provided as input is processed.
Each frame is analysed with the software SHORE [50] to detect
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a face in the image. If more than one face is detected, the largest
face based on the number of pixels it contains is selected.

2. Extraction of shape and appearance information
The face region, obtained in the previous step is processed fur-
ther for extracting information about geometric deformations in
the facial shape and characteristic textural patterns in the facial
appearance.

The detection model (introduced in Section 4.1.2.1) to locate the
68 landmark positions in the current face is crucial for extracting
geometric deformations. The detected positions (see Figure 4.5
a) contain information about the facial shape, facial muscle
movement and are very person-specific. The combination of
this measurement and the two face models described in Section
4.1.2.1 transform the problem of estimating the intensities of
AUs into the problem of estimating the parameters of the face
models. The face alignment results were compared with the
annotations of the CK+ Dataset (presented in Section 3.2.2). This
comparison allows to empirically determine the noise associated
with the measurement, which is important for the dynamic state
estimation step.

The appearance information contain information about specific
patterns, like wrinkles in the face (see Figure 4.5 b). The location
of those wrinkles is often very AU-specific and limited to a partic-
ular region of the face. AU04, appearing as a single AU, produces
vertical wrinkles between the eye brows. AU01, if appearing as
single AU, produces horizontal wrinkles on the forehead. Both
AUs in combination produce a different specific pattern, namely a
rectangular wrinkle pattern. Detecting these appearance informa-
tion was done following the same steps visualised in Figure 4.3:
Textural features are first extracted using appearance-based fea-
tures, such as Histograms of Oriented Gradients [12] and Local
Binary Patterns [79] on the CK+ dataset (see Section 3.2.2) and
parts of the Actor Study Dataset (see Section 3.1, namely actors
1-11). These features are then classified using a SVM, extended by
pairwise-coupling [114] to obtain probability estimates which are
necessary for the dynamic state estimation step. In this system,
appearance information for nine AUs was used, namely AU01,
AU02, AU04, AU06, AU09, AU12, AU15, AU17 and AU25.

3. Dynamic State Estimation:
The last step in the framework is the dynamic state estimation for
AU intensity prediction. In this step, AU intensities are predicted
using the estimates from the previous frame and dynamic mod-
els that incorporate the face and head motion. The prediction is
updated using the static information obtained in the previous
step. This is possible, since the Kalman filter [45] allows to fuse
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measurements from multiple sources as long as each source has
a noise model during the update step. An advantage of using a
Kalman filter is the possibility to easily integrate new informa-
tion sources for AUs in the future, since these only require a noise
model without having to completely retrain the system as would
be the case with other classifiers. The fusion is performed with
the aim to minimise the uncertainty of the predictions on the
basis of the noise of the measurements: While sources with less
noise contribute more to the state update, sources with greater
noise contribute less. This results in the filtered AU intensity
estimates, where predictions for each AU are based more on
geometric information in cases where it’s noise is low and based
more on appearance information in cases where it has less noise.

The dynamic state estimation, which is handled as a Gaussian
state estimation, is implemented as an extended Kalman filter to
incorporate the non-linearities in the models. The filters’ state
vector has to cover all properties of a detected face:

• Head pose parameters:
For predicting the x, y, z rotation and x, y, z translation of
the head, a constant velocity model was used for modelling
head motion and head pose changes.

• AU intensity estimates:
For predicting the AU intensities, a driven mass-spring-
damper model is used for modelling the dynamics of AUs.
Soft constraints were applied [37] to restrict the values to
the range [0,1], as per definition of an AU, where each AU

has only one direction of muscular movement.

• Facial shape information:
For predicting the facial shape information, a constant posi-
tion model is used for the person-specific facial shape. No
constraints were applied, since the movement of the points
is allowed in both directions, proving adaptability to for
example wider or narrower faces.

For more information about the different models, see patent in
the appendix.

4.1.2.3 Results

For benchmarking the proposed AU intensity estimation approach,
results are compared with OpenFace (introduced in Section 3.1). Table
4.2 provides an overview of the classification performance using AUC

as evaluation metric on parts of the Actor Study Dataset not used for
training the system.

A comparison of the mean AUC values shows, that both approaches
seem to be equal in their performance measurement. In order to
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Table 4.2: Comparison of AUC values between proposed AU intensity esti-
mation approach and OpenFace based on common detected AUs
for Actor Study Dataset

Proposed Approach OpenFace

AU01 .82 .63

AU02 .70 .61

AU04 .58 .75

AU05 .85 .59

AU06 .78 .93

AU07 .63 .83

AU09 .67 .62

AU10 .60 .81

AU12 .88 .92

AU14 .79 .77

AU15 .65 .62

AU17 .81 .69

AU20 .58 .56

AU23 .70 .51

AU25 .89 .73

AU26 .89 .74

Average .74 .71

implement this approach in the big picture of automatic emotion and
appraisal inference a closer look at the requirements is necessary. In
Section 4.1 the important AUs for appraisal recognition are pointed out.
OpenFace provides only a few of the important AUs, determined both
theoretically and data-driven. Especially in the important dimensions
for use cases like market research, namely positive valence and novelty,
the proposed approach outperforms OpenFace.

• For positive valence (important AUs: AU05, AU06, AU13, AU14,
AU25, AU27, AU43), the proposed approach outperforms Open-
Face in 3 of 4 AUs, providing two AUs more.

• For novelty (important AUs: AU01, AU02, AU24, AU25), this
approach outperforms OpenFace in 3 of 3 AUs, providing one
AU more.

The proposed approach performs an AU calibration online, i.e. while
processing a video stream. This allows use in real-time scenarios such
as market research applications and, in perspective, pain assessment
(presented in Section 4.2). OpenFace, in contrast, performs a calibration
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after processing the input video by estimating the person’s neutral
expression, before providing AU detection results.

In this section, a two-stage approach was proposed for automatic
detection of AU intensities for 22 AUs based on domain-specific knowl-
edge about emotional appraisals. A Gaussian state estimation ap-
proach was used to incorporate the temporal dynamics of AUs and can
be extended with additional information sources without re-training
the system.

action unit detection using deep learning methods In
a supervised thesis3, end-to-end training of a classifier for AU detection
was evaluated. In contrast to the approach presented in this section,
the classifier did not use an intermediate representation but learned
directly on provided input images. This corresponds to the top path,
shown in Figure 4.3. The results were promising, but only a subset
of the provided AUs by the system described in this section could
be learned, showing the disadvantage of most DL methods: the need
of a large amount of labeled training data. In other DL approaches
for AU detection, the lack of training data was tried to be mitigated.
This was done by combining datasets where possible and enhancing
algorithms for a better handling in case of imbalanced classes. These
approaches also used the Actor Study Dataset and showed promising
results [80, 81, 83]. However, a drawback of these approaches is that
additional sources of information cannot be easily integrated because
these trained models are static with respect to the expected input.

4.1.3 Appraisal Inference

The inference of emotional appraisals is the second stage of the pro-
posed two-stage approach.

4.1.3.1 Generalisation of the Action Unit Intensity Estimation Approach

The AU intensity estimation approach proposed in Section 4.1.2 was
benchmarked on the Proprietary Market-Research Database (see Sec-
tion 3.2.1) before its’ output was used to train the appraisal inference
regression. This was done to obtain an impression of the generalisabil-
ity and the performance in respect to spontaneous facial expressions
in an applied market-research setting. The results are shown in Table
4.3.

The results are promising although the most AUC values are lower
than the ones in Table 4.2. This was expected, since the Proprietary
Market-Research Database consists of webcam videos with different
lighting conditions and different distances between the subjects and

3 Jeanette Lobentanzer: “Performance of Deep Neural Networks for Facial Action Unit
Detection in Cross-Dataset Evaluation”, Master’s Thesis
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Table 4.3: AUC values and correlations between detected AU intensities and
annotations for Proprietary Market-Research Database

AUC Correlations

AU01 .73 .39

AU02 .77 .32

AU04 .76 .43

AU05 .71 .04

AU06 .68 .27

AU07 .59 .10

AU09 .79 .07

AU10 .79 .05

AU11 .64 .07

AU12 .74 .39

AU13 .68 .10

AU14 .58 .06

AU15 .57 .32

AU16 .57 .01

AU17 .76 .26

AU20 .52 -.03

AU23 .54 -.04

AU24 .46 .18

AU25 .88 .65

AU26 .73 .33

AU27 .95 .13

AU43 .64 .08

Average .69 .19

the camera. In contrast to the Actor Study Dataset, the facial expres-
sions are spontaneous rather than posed, which results in far more
subtle facial expressions. Correlations were introduced as an addi-
tional performance metric. While computing the AUC is a common
metric for classification tasks, correlations are often used for regression
tasks. The more similar the detected AU intensities and the annotated
temporal AU courses, the higher are the correlation values.
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4.1.3.2 Comparison of Approaches for Appraisal Inference

In a further step the Proprietary Market-Research Database was used
to train the actual classifier, i.e. the mapping between detected AUs and
the annotated appraisal dimensions. Choosing the most appropriate
classifier is not a simple matter, as it is usually a trade-off between
several objectives. Methods that produce a decision that can be inter-
preted by humans often perform worse than approaches that have no
such constraint. For the training of the classifier different methods,
namely OLS regression, SVR and Multilayer Perceptron were compared.
This procedure was chosen because, although the focus of this work
is on interpretable models (e.g. OLS regression), their performance
should be compared to other approaches that do not have this limi-
tation of human-interpretability and are used in literature (e.g. SVR,
Multilayer Perceptron).

Optimising all approaches would be extremely complex and does
not correspond to the actual goals of this thesis. The parameters of
the SVR and the Multilayer Perceptron were tested for intervals of
common values for that type of problem category45.

Table 4.4: Comparison of different methods for appraisal inference: OLS
regression was compared to SVR and Multilayer Perceptron with
correlation as performance metric

OLS regression SVR Multilayer
Perceptron

Valence .73 .64 .7

Control .42 .42 .25

Novelty .26 .37 .11

Table 4.4 shows the results of each method for each emotional
appraisal dimension. All approaches yield similar results for the va-
lence dimension with at most marginal differences. For the control
dimension, OLS regression and SVR were on par and outperformed
the Multilayer Perceptron. Only for the novelty dimension does the
SVR yield an around .1 better result compared to the OLS regression.
This performance difference is accepted here for the advantage of
interpretability and therefore OLS regression was also chosen for the
novelty dimension.

4 SVR: (RBF-kernel, gamma ([10−6; 10−2]) and C ([100; 102])
5 Multilayer Perceptron: Sigmoid Activation Function, 2 layers with size of 12 and 6

were used (Different number of layers and different layers sizes did not change the
results significantly)
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4.1.3.3 Ordinary Least Squares Regression Model

Different OLS model specifications were compared to find the best
configuration of AUs for predicting each appraisal dimension (see [98]).
As performance criterion, the model with the highest correlation of
predicted appraisal intensities using AU data and the actual annotated
appraisal intensity values was chosen. For better comparison of the OLS

model with findings from literature afterwards, the valence dimension
was divided into positive and negative valence.

The definition of the OLS model used for appraisal inference is:
Appi,t = α + βi,jsAUT

i,j,t + δi,lValT
i,l,t + εi,t

sAUi,j,t is a vector and contains j single AUs which were identified
to contribute to the appraisal dimension i. Vali,l,t is the positive and
negative valence classification from SHORE enhanced with a valence
classification module [27]. For each appraisal dimension i the model
was optimised separately. Training of the final OLS regression model
is done in two steps:

1. Variables were selected using a step-wise regression approach
with forward adding and backward elimination of variables. The
Akaike Information Criterion was used to determine the optimal
set of variables. It is a common selection criterion in economic
research, where low values encode the best.

2. A ten-fold cross validation was used to evaluate the different
models per appraisal dimension, using unique assignment of
respondents to a certain subset. The correlation values between
predicted appraisal value and the ground truth was computed
for each of the ten iterations and averaged across the ten folds.

Finally, the model with the highest average correlation was selected.
Table 4.5 shows the coefficient values for the final model, trained on
the AU predictions from the approach presented in Section 4.1.2.

4.1.3.4 Evaluation

For the evaluation of the automatic appraisal inference approach, the
OLS regression was applied two times:

1. using the annotated AU ground truth annotation to predict the
appraisal ground truth ratings

2. using the actual output of the automatic AU intensity estimation
approach to predict the appraisal ground truth ratings

The first evaluation can be seen as a benchmark for the second one,
since it provides the theoretically best result possible. Table 4.6 shows
the results when applying the OLS regression model shown in Table
4.5 to both cases. Since the positive and negative valence predictions
were inferred separately, their predictions needed to be combined
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Table 4.5: Overview of regression coefficients for the final appraisal inference
model. Valpos and Valneg denote the output of the valence detection
model of SHORE. Please note that these values are up to 100 times
higher than the AU intensity estimates

Positive
Valence

Negative
Valence

Lack of
Control

Novelty

Intercept .0649 .0249 .018 .0121

Valpos .0015 -.0002 -.0004 -.0003

Valneg -.0001 .0007 .0004

AU01 -.0947 .1553 .0525 .4242

AU02 -.0942 .1924 .3792

AU04 -.0384 .2267 .4144

AU05 .1451

AU06 .1522 -.049 -.0555

AU07 -.1303 .364 .1504 -.1425

AU09 -.4251 -.4083

AU10 .0878 .1007 .0857

AU11 .0696

AU12 .0571 -.0345

AU13 .3838 .0576 .0804

AU14 .1065 -.0463 -.0316

AU15 -.0625 .1297 .0757

AU16 -.4074 .238 .1288 .0911

AU17 .0835

AU20 .1737 -.1132

AU23 -.0627 -.0623

AU24 -.5234 -.6012 .356

AU25 .1877 -.1017 -.0555 .1069

AU26 .3712 -.1459 -.2587

AU27 .2766 .1198

AU43 .1344 .0397 .0528 -.0447
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for the final results. This was done by choosing the maximum value
from either the positive or the negative valence prediction. Only few
cases were found for positive control and negative novelty. To reduce
the complexity of the prediction problem, control and novelty were
therefore transformed to unipolar dimension, i.e. only negative control
(lack of control) and positive novelty were considered.

Table 4.6: Correlation values for the different appraisal dimensions. Appraisal
inference was done using (1) annotated AU values (second col-
umn) and (2) the estimated AU intensity values obtained by the
automatic AU intensity estimation approach (third column) as
input

Appraisal
dimension

Correlations
between
appraisal

inference and
ground truth

using annotated
AU values

Correlations
between
appraisal

inference an
ground truth

using automatic
AU intensity

estimation
approach

Valence .72 .72

Control .59 .56

Novelty .51 .39

The correlation values are equal for both models. This is noteworthy,
since classifier outputs from the appearance-based detection system
[27] were integrated into the regression model. The correlation coeffi-
cients presented in Table 4.5 show that the detected AUs still contribute
and enhance this system’s classifiers. Only for novelty, predictions
from the AU intensity estimation approach are behind those from
ground truth. A possible reason could be that responses in the nov-
elty dimension are often subtle and short (see [29]), which can be a
challenging for detection systems.

As the last part in this section, the data-driven determined important
AUs per dimension (shown in Table 4.5) are compared with the findings
in literature [93]. Note that to maintain readability, only coefficients
greater than 0.1 were considered (see [98]).

Table 4.7 shows a great overlap between the AUs from the regression
model and the theoretically determined AUs for the positive valence
dimension. However, this overlap is smaller for the other dimension,
namely negative valence, lack of control and novelty. One explanation
could be that the respondents in the Proprietary Market-Research
Database were recorded while passively watching commercials. This
situation is more likely to expose only a limited range of observable
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Table 4.7: Comparison of the data-driven determined AUs with the findings
in literature. For better clarity, common AUs are bolded

Appraisal
Dimension

Data-driven
determined AUs

AUs from
literature

Positive valence AU05, AU06,
AU13, AU14,
AU20, AU25,
AU26, AU27,
AU43

AU05, AU06,
AU12, AU13,
AU14, AU23,
AU25, AU27,
AU43

Negative valence AU01, AU04,
AU07, AU15,
AU16, AU27

AU04, AU09,
AU10, AU11,
AU14, AU15,
AU17, AU20,
AU23, AU24

Lack of control/
confusion

AU02, AU04,
AU07, AU10,
AU16

AU01, AU04,
AU16, AU25,
AU26

Novelty AU01, AU02,
AU24, AU25

AU01, AU02,
AU04, AU05,
AU07, AU26

expressions. Particularly strong responses like being overwhelmed,
angry and fearful are missing. For this dimensions, more overlap in
“signature” AUs is found:

• Negative valence: AU04 (lowered brows) and AU15 (depressed
lip corners)

• Lack of control: AU04 (lowered brows) and AU16 (depressed
lower lip)

• Novelty: AU01 (inner brows raised) and AU02 (outer brows
raised)

Albeit this example is very limited, no evidence, apart from the
positive valence dimension, for the contribution of the more subtle
AUs from literature could be found.

This section described the contributions of this thesis to address
the challenge of human-interpretable emotional appraisal inference
by proposing a new two-stage approach. Domain-specific knowledge
in the form of important AUs and their contribution to each appraisal
dimension was integrated into the classification in both steps of the
approach. The use of AUs as an intermediate representation and OLS

regression as the final classifier allowed humans to understand the
decisions of this system.
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4.2 automatic pain recognition

The challenge of training a system that incorporates knowledge about
facial pain expressions and produces a set of rules to recognise pain
in a human comprehensible way is addressed in this section.

For the recognition of pain a modified grammar inference approach
(see [100], [95]) is used on the pain sequence dataset from Section 3.2.3.
These AU sequences represent an intermediate representation and are
used for creating a classifier, in this case a grammar. This procedure
follows the workflow shown in Figure 4.6 (red boxes).

One-Step

Classifier 
Training

Classifier 
Training

Data Inference

Intermediate 
Representation

Two-Step

Figure 4.6: Processing pipeline for Computer Vision in Machine Learning.
The focus is on the use of an intermediate representation (AUs)
for training a classifier (red boxes)

4.2.1 Definition of Grammar

A grammar, from a formal language point of view, is described as the
production of words by rules. For understanding the formal definition
of the rule set, the most important definitions of the buildings blocks
are given below:

• A word is a concatenation of symbols

• An alphabet predefines all symbols which are allowed to appear
in words. Those symbols are called terminals

• Non-terminals can be seen as variables in the production rules
and describe how words over the alphabet can be generated

• Production rules are defined as a finite set

• A grammar starts with a distinguished non-terminal called start
symbol



4.2 automatic pain recognition 43

Every production rule has the form: A→ α where A is a single non-
terminal symbol, and α is a string of terminals and/or non-terminals
(additionally, α can be empty). A formal grammar is called “context
free” when its production rules can be applied no matter of the con-
text of a non-terminal. The single non-terminal on the left hand side
can always be replaced by the right hand side, regardless of which
symbols surround it (in contrast to context-sensitive grammars). In the
following we will focus on context free grammars. Usually grammars
are used to characterise classes of languages, deriving for example
rule sets for accepting or generating those languages. In this machine
learning context the inverse procedure is pursued: a grammar should
be infered from sample words.

4.2.2 Grammar Extraction from Sequences

For the extraction of a grammar for pain sequences, a method called
Alignment-based Learning (ABL) is used [107, 119, 127]. This approach
is an unsupervised grammar inference algorithm creating a context-
free grammar from input words. ABL extracts a set of rules for the
given input in two phases: “alignment phase” and “selection learning
phase”.

1. Alignment Phase:
The input words (actually the AU sequences) are pair-wisely
compared to align identical symbols between the words. The dif-
fering symbols are seen as candidates for possible interchanging.
Consider following two AU sequences as an example:

AU01 AU02 AU04 AU06

AU01 AU02 AU12 AU06

Both words are identical besides the AU04 in the first word and
AU12 in the second. These symbols are therefore recognised as
to create a potential constituent. This results in an annotation for
both words:

AU01 AU02 (AU04)1 AU06

AU01 AU02 (AU12)1 AU06

This process is repeated with the original words and the newly
annotated words. It is important to also consider the newly
annotated words, since this allows for nesting of the constituents.
Consider the case that the second word is compared to a new
word like, for example “AU01 AU02 AU10”, new constituents
are created:

AU01 AU02 ((AU04)1 AU06)2

AU01 AU02 ((AU12)1 AU06)2

AU01 AU02 (AU10)2
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2. Selection Learning Phase:
In this phase, the results from the predecessing step are reduced
before the transfer from the constituents to the final grammar
is applied. This is necessary, because the proposed alignments
might not be unique, i.e. overlapping candidates for constituents
might exist. To perform such a reduction, frequency information
is used by computing the possibility of each possible constituent.
Finally, for each word the constituent combination with the
highest probability is kept.

For the final inference of the grammar, each constituent receives an
unused non-terminal and for each possible replacement in the con-
stituent a production rule ist created. Applied to the example above,
the following set of non-terminal→ production rule is extracted:

• nt1→ AU04

• nt1→ AU12

• nt2→ nt1 AU06

• nt2→ AU10

4.2.3 Performance Optimisation through Domain Knowledge

ABL applied on the pain sequence dataset produces a large amount
of rules and seems to incorporate individual specific information.
Following the goal to extract typical facial expressions with a good
generalisation performance, changes and extensions were made to
both: (1) the dataset and (2) the algorithm.

1. The AU sequences in the dataset have been transferred into
a more compressed representation. Pursuing the goal of pain
recognition, only the pain-relevant [52] AUs, namely AU04, AU06,
AU07, AU09 and AU10 were kept. The other, non pain-relevant
AUs were replaced by a wildcard character, namely “I”. Exploit-
ing this domain-specific knowledge lead to a change in the
distribution of the AUs and AU compounds (see [100]): The max-
imal number of distinct AUs and AU compounds per sequence
decreased from 13 to 9 and the mean number of distinct AUs

and AU compounds decreased from 3.54 to 2.69. The aggrega-
tion of different entities to a more generic representation in a
similar way is a well-known method used for example in natural
language processing [69].

2. ABL was enhanced to perform a heuristic rule extraction. The
selection learning step was extended to obtain a frequency dis-
tribution of the applied production rules. Based on this, the
probability of each production rule is the relative frequency of
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the replacement within the constituent. For detailed explana-
tion on how to handle special cases like production rules with
a probability of 1, please refer to [100]. This procedure allows
the introduction of a threshold, which controls the amount of
production rules of the grammar. Each production rule used in
the derivation is kept as long as a word can be derived from the
start symbol with a sequence of rules with a probability higher
than the threshold.

Applied on the example above, the rules nt1→ AU04 and nt1→ AU12

get the probability .5 assigned, since each of them occurs once in the
first constituent. The rule nt2→ nt1 AU06 has the probability of .66

since the replacement occurs twice compared to nt2→ AU10 which
occurs only once and gets a probability of .33 assigned.

The extension of the selection learning phase, the extraction of the
grammar up to this step, and the application to the pain sequence
dataset are the main contributions of this work. In the last section the
results of the evaluation of this approach is discussed.

4.2.4 Results

Evaluating the output of an unsupervised empirical grammar infer-
ence is different [120] compared to the evaluation metrics used in
Sections 3.1, 4.1 and 4.1.2. To benchmark the performance of the pro-
posed method, the ability to classify a given input whether it belongs
to the language of the induced grammar or not is tested (as proposed
by [120]). Given words from the same language, the induced gram-
mar should be able to derive all of them. Words not included in the
language should, in contrast, not be derivable. For performance evalu-
ation, a ten-fold cross validation (like in Section 4.1) was conducted.
For generating the necessary negative examples (i.e. words that are
not part of the language), for each positive example a random negative
example was created. Properties like equal distribution of word length
and terminal frequency were ensured and applied to each fold.

For final performance measurement the mean of precision, recall
and accuracy over all ten folds was calculated. These metrics are
calculated in the usual way but with following definitions:

• True positives are words from the positive example set, which
can be derived by the induced grammar

• False negatives are words from the positive example set, which
cannot be derived by the induced grammar

• False positives are words from the negative example set, which
can be derived by the induced grammar

• True negatives are words from the negative example set, which
cannot be derived by the induced grammar
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After applying the modifications introduced in Section 4.2.3 the
benchmark values on the pain sequence dataset are as follows. The
mean precision is .50 with a deviation of .02, which is an increase by
over 25% compared to the results with the full alphabet. The mean
recall is .91 with a deviation of .04 and decreased by just 2.5%. The
mean accuracy is .51 with a deviation of .03 and decreased by just
3% compared to the results using the full alphabet. For all evalua-
tion results and an excerpt of the extracted grammar please refer to
[100]. Despite the set having an amount of 897 production rules, the
actual derivation for each example is tractable and understandable
by humans. Therefore, inferencing a grammar using domain-specific
knowledge, namely AUs and their pain-relevant subset provides an ad-
vantage compared to black box methods especially in such a sensitive
field like pain recognition.

This section described the contribution of this thesis to address
the challenge of creating human-interpretable pain classifiers using a
rule extraction approach. It was shown that the incorporated domain-
specific knowledge in the form of AUs and their occurrence in facial
pain expressions improves the grammar inference method. The applied
rules that have led to a decision of the system are traceable and
comprehensible for humans and provide explanations for experts and
medical staff.

pain recognition using deep learning methods Section
2.2.1 provided a review of methods for automatic pain detection.
Many methods use end-to-end learning to classify images of facial
expressions of pain, which is illustrated as the top path in Figure 4.6.
Those approaches do not use an intermediate representation before
the actual classifier is trained and are mostly treated as black boxes.
In a co-supervised thesis6, a DNN was trained to classify sequences of
images of facial expressions of pain. Although the results seemed very
promising, the lack of available data for training such a classifier, as
well as the non-explainability of the approach, made it more suitable
for other, not so sensitive, research areas.

6 Johannes Rabold: “Exploring Deep Learning for Image Data — Effort and Perfor-
mance For Learning a Classifier for Facial Expressions of Pain”, Bachelor’s Thesis
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C O N C L U S I O N A N D O U T L O O K

5.1 emotional appraisal inference

As an important contribution of this thesis, a new high quality database,
namely the Actor Study Dataset was curated and published and thus
provides an important resource for the scientific research community.
It includes frame-synchronised penta-views of actors enacting differ-
ent AUs, AU combinations, emotion and appraisal scenarios. All images
have a high resolution and are FACS annotated by professional FACS

coders. Benchmark results of state-of-the-art approaches for the frontal
and for all views are provided. This makes the Actor Study Dataset an
important contribution to scientific community: It mitigates the prob-
lem of data scarcity by providing training data for the development of
AU detection as well as emotion recognition approaches. Additionally,
the Actor Study Dataset is a valuable database for benchmarking new
as well as existing approaches for automatic AU recognition, and for
emotional phenomena research.

In this thesis, a novel, hybrid and adaptable approach for the val-
idated inference of emotional appraisals was presented as another
important contribution. Implemented in this framework, a method for
automatic action unit detection incorporating domain-specific knowl-
edge was proposed and a comparison with a state-of-the-art approach
provided. In contrast to other static approaches, the AU detection
method uses a modified Kalman filter to model the temporal charac-
teristics of AUs. Furthermore, it allows adding new information sources
without re-training the whole system. This makes it more flexible in
dynamic multimodal environments than other static approaches. The
detected AU intensities provide the input for a regression approach to
finally infer the three appraisal dimensions, namely valence, control
and novelty. A comparison between different methods showed that
the chosen regression model is on par and at the same time provides
interpretability of the model’s decision in the way that a human ob-
server can see the influence of the different detected AU intensities.
Evaluation shows that this entire approach for automatic emotional
appraisal inference, implementing domain-specific knowledge in form
of selected AUs as an intermediate representation performs well while
maintaining a human-interpretable decision model. The findings of
this data-driven approach could further be validated to expert knowl-
edge and findings in literature.

The use of the three appraisal dimensions make the classifications
of the system more meaningful compared to the use of basic emotions.

47
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Furthermore, the fact that the decisions of the presented approach are
comprehensible to humans sets it apart from other approaches and
can make it a valuable contribution to emotion research.

5.2 pain recognition

In the context of this thesis, an approach for inferencing a context-free
grammar and its application to AU sequences of pain was proposed.
Grammar inference approaches extract an interpretable model out
of its training data, although the number of rules might be high. To
diminish this effect, the used approach was extended to calculate a
frequency distribution of applied production rules. That information
was used to compute the probability of each production rule wich
allows the introduction of a threshold to control the amount of pro-
duction rules adopted from the grammar. This grammar, modified
by implementing domain-specific knowledge is able to differentiate
pain from not pain sequences based on the pain sequence dataset.
Thus, an approach is provided that generates a set of rules for pain
recognition. Since this system can be validated by humans, it can make
an important contribution to pain research and to medical staff.

5.3 future research

Human-interpretability was always an aspect discussed in all ap-
proaches in this thesis. For AI research, frameworks like “Responsible
AI” are now coming to the fore, postulating properties like fairness,
interpretability, privacy and security of applications. In [97], the author
did a call to action and discussed the necessity of joint research in the
fields of Explainable AI and Uncertainty Quantification, to enhance
trust and trustability in AI approaches. The more we use machine
learning approaches to solve even sensitive tasks, the more important
it is to know what the system is doing. This awareness of the system
includes, in addition to the explanation for a decision, the certainty of
the system about its output. The author pursues the combination of
these two research fields as the coordinator for “Explainable Learn-
ing”, one of the main research focus areas at the ADA Lovelace Center
for Analytics, Data and Applications1. In this setting, the author brings
those researchers working on explainability of AI approaches together
with those working on Uncertainty Quantification. To spread aware-
ness to this topic, the author was also responsible for a tutorial about
Bayesian Deep learning, a research field for Uncertainty Quantification
at KI2020

2.

1 https://www.scs.fraunhofer.de/en/focus-projects/ada-center.html
2 43rd German Conference on Artificial Intelligence, September 21–25, 2020: Bamberg,

Germany
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The methods proposed in this work each cover one aspect of the
call to action mentioned above. The presented approach for automatic
action unit detection in Section 4.1.2 deals with uncertainties internally,
since it is based on a Kalman filter, although without explaining
the source of the uncertainty to the user. The grammar inference
approach, proposed in Section 4.2 produces an explanation of its
decision regarding the presence of pain or not that is understandable to
humans. This approach does not consider any uncertainty information
of the input and handles each part of the input as entirely trustworthy.

In future research it is thinkable to combine both approaches and
extend the grammar extraction by incorporating uncertainty informa-
tion obtained by the Kalman filter which is part of the AU detection
approach. An induced grammar could then incorporate the uncertain-
ties of the AU detection, caused for example by a partially covered
face, and could adapt its production rules accordingly, resulting in a
more differentiated and probabilistic classification of the input data
by maintaining its explanatory component. These modifications could
lead to a more natural understanding of the power and weaknesses of
future approaches.
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BRIDGING THE GAP BETWEEN EXPLA INABLE AI AND
UNCERTAINTY QUANTIF ICAT ION TO ENHANCE

TRUSTABIL ITY

A Call to Action

Dominik Seuss
Fraunhofer Institute for Integrated Circuits IIS, Erlangen, Germany

Abstract

After the tremendous advances of deep learning and other AI methods, more attention
is flowing into other properties of modern approaches, such as interpretability, fairness,
etc. combined in frameworks like Responsible AI. Two research directions, namely
Explainable AI and Uncertainty Quantification are becoming more and more important,
but have been so far never combined and jointly explored. In this paper, I show how
both research areas provide potential for combination, why more research should be
done in this direction and how this would lead to an increase in trustability in AI
systems.

Keywords: Responsible AI, Trust, Explainable AI, Uncertainty Quantification

1 Introduction

Deep Learning methods have achieved tremendous success in almost all disciplines in
the field of Artificial Intelligence and Machine Learning. Now, there are signs of a
shift away from the goal of improving the recognition performance of the models alone.
Frameworks like “Responsible AI” are now coming to the fore, postulating properties
like fairness, interpretability, privacy and security of AI applications. In this paper,
I will focus on the notion of interpretability in particular, expand interpretability to
include “Trust” and show why more research should go into combining the methods
of Explainable AI and Uncertainty Quantification. To this end, I will take up these
two separate research branches, point out their methods, and show their relatedness in
contributing towards trustability - the quality or state of being trustable. There are
already research fields such as “Planning under Uncertainty” and “Decision making
under Uncertainty” which combine known methods with uncertainty but these either
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assume that uncertainties already exist or refer to methods for quantifying uncertainty
[5, 7] without having properties such as trustability towards humans as a goal.

No one would question that explainability of approaches is conducive to building
trust. But uncertainties and awareness of them also have an impact on people. A
number of behavioral and electrophysiological studies indicate “[...] a strong relationship
between uncertainty and a key component of cognitive control - outcome monitoring.
In particular, it appears that highly uncertain environments tend to increase the
recruitment of monitoring processes” [21]. So the more uncertain a situation is for us, the
more we try to monitor the outcome. Applied to AI systems, this would mean a stronger
need for explanation and predictability of the outcome. Both properties that can be
achieved through a combination of Explainable AI and Uncertainty Quantification
methods. As the coordinator for “Explainable Learning”, one of the main research
focus areas at the ADA Lovelace Center for Analytics, Data and Applications1, I
bring those researchers working on explainability of AI approaches together with those
working on Uncertainty Quantification.

In the next section, both branches of research with their definitions and methods
will be introduced. In the third section, possible combinations of the two research
directions and the importance of their combination will be discussed. The outlook will
be a suggestion on how to handle trust in the future.

2 Overview of Explainable AI and Uncertainty Quantification

2.1 Explainable AI

There is no clear definition of Explainable AI. The Defense Advanced Research Projects
Agency (DARPA, [12]) formulates the goals as “produce more explainable models,
while maintaining a high level of learning performance (prediction accuracy); and
enable human users to understand, appropriately, trust, and effectively manage the
emerging generation of artificially intelligent partners”. Another definition comes from
the organisers of xML Challenge, FICO [9], who see XAI as “an innovation towards
opening up the black-box of ML” and as “a challenge to create models and techniques
that are both accurate and provide good trustworthy explanation that will satisfy
customers’ needs”. Both definitions already contain the term “trust” without going
further into it. An overview of the individual methods without concrete approaches
can be seen in Figure 1 (for an in-depth survey please refer to [2]).

One way to group Explainable AI methods is to divide them into three categories

1https://www.scs.fraunhofer.de/en/focus-projects/ada-center.html
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according to their chronological order of use: “Pre-modelling explainability”, “Ex-
plainable Modelling” and “Post-modelling Explainability” [15]. We will leave out the
“Pre-modelling explainability” category for this paper, as this deals with understanding
the data itself before actually training a model.

• Explainable modelling
For explainable modelling, a component for comprehensibility is already imple-
mented in the model during training. Two types of approaches can be distin-
guished: “Representation Explaining” and “Explanation Producing Systems”
(see lower block in Figure 1). An example for Representation Explaining are
Concept Activation Vectors [16], which can be used to show for example how
sensitive a prediction of “zebra” is to the presence of stripes. Approaches like
Beta VAE [13], from the field of Explanation Producing Systems, try to introduce
interpretable latent representations, which means that the latent representations
contain human-interpretable information already.

• Post-Explainability
In Post-Explainability, after the decision of the model, the processing is examined
up to the decision (see upper block in Figure 1). The different approaches use
different types of and representations for explanations. An example for a graphical
representation is “Layerwise Relevance Propagation” [18] and is often used with
images and shows the user which pixels of the input made what contribution
to the decision. An example for a different type of representation is another
approach named ANN-DT [22]. It extracts decision trees from neural networks
to make the underlying decision processes more comprehensible for humans.

2.2 Uncertainty Quantification

One comprehensive description [20] of Uncertainty Quantification (UQ) from the field of
applied mathematics is: “UQ involves the quantitative characterisation and management
of uncertainty in a broad range of applications. It employs both computational
models and observational data, together with theoretical analysis. UQ encompasses
many different tasks, including uncertainty propagation, sensitivity analysis, statistical
inference and model calibration, decision making under uncertainty, experimental design,
and model validation. UQ thus draws upon many foundational ideas and techniques
in applied mathematics and statistics (e.g., approximation theory, error estimation,
stochastic modelling, and Monte Carlo methods) but focuses these techniques on

3



Explainable AI by 
Methods
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Figure 1: Overview of Explainable AI by Methods. All three categories (Processing,
Representation Explaining, and Explanation Producing Systems) can be
further divided into post-explainability (upper box) and explainable modelling
(lower box).

complex models, for instance, of physical or socio-technical systems that are primarily
accessible through computational simulation. [...]”

This definition also holds for the field of machine learning, since we do almost
always deal with complex models. There are two main sources of uncertainty, aleatoric
uncertainty and epistemic uncertainty [14]. The former is caused by noise in data or
labels, and the latter is caused by data sparsity or out of data distribution. The scope
of this paper is not to give a comprehensive overview of uncertainty quantification
methods, but to provide a categorisation of selected approaches (see Figure 2) to show
their combinability with Explainable AI methods. For a more extensive treatise on
uncertainty quantification methods, see [1]. In AI research, Uncertainty Quantification
can be used to pursue two goals. First, to calibrate neural networks so that the
output confidence reflects the empirical accuracy, and second, for out-of-distribution
detection, i.e., to detect whether a new classification example really corresponds to the
distribution with which the network was trained.

Uncertainty quantification methods can be divided into two types, discriminative
methods and generative methods. Generative methods are used, among other things,
to perform out-of-distribution detection [11], or to reconstruct data, such as image
reconstruction from noisy and incomplete images [6]. Discriminative methods - the
focus of this work - are used to perform e.g. classification, i.e. to assign an input to
one or more or no output classes. Here, one can distinguish between model-agnostic
approaches, Bayesian and Non-Bayesian methods.

• Model-agnostic methods
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Figure 2: Overview of Uncertainty Quantification Methods in Machine Learning

This includes approaches that are independent of the method used. They generate
e.g. through data augmentation, better calibrated DNNs (Mixup [23]) or alleviate
the over-confidence of the model (CutMix [24]).

• Bayesian methods
They use Bayesian Inference, in which Bayes’ theorem is used to update the
probability for a hypothesis as more evidence or information becomes available.
Two well-known approaches of this type are Bayes by Backprop [4] and MC
Dropout [10].

• Non-bayesian methods
These include approaches that are not based on Bayesian inference. Reasons for
this are, e.g., that Bayesian approaches require significant modifications to the
training procedure and are computationally expensive compared to non-Bayesian
neural networks. One well-known approach is to estimate uncertainty using deep
ensembles [17]. In this context, the quantification of Uncertainty comes from
sampling from several models, where each model is trained separately on the
same data or subsets. The Consensus of the models gives confidence in overall
model ensemble.
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3 Discussion

In this section, I will address the question of why more research should be done in
the direction of joint approaches for Explainable AI and Uncertainty Quantification
and will also discuss the desired properties of such an approach. Then two short
exemplary possible combinations of methods from Explainable AI and Quantification
of Uncertainties will be shown. Finally, I will discuss the concept of trust and highlight
why both research areas can jointly contribute to improving trustability.

3.1 Combination of Explainable AI and Uncertainty Quantification

When one speaks of Interpretability, one automatically thinks of Explainable AI
methods. The research field of Uncertainty Quantification is almost not present here.
In my opinion, however, current research needs to be more concerned with merging
the two research directions, as in a sense they show two sides of the same coin. While
the methods of Explainable AI try to show the way to the decision, the methods of
Quantification of Uncertainty try to give a realistic evaluation regarding the reliability
of the decision. Thus, through their respective statements, “I know why I made a
decision and can show it to you” and “I know what I don’t know or how certain I
am about my decision”, both research directions contribute to paint a more complete
picture and thus should end up in their combination being more than the sum of their
parts.

Sections 2.1 and 2.2 have shown different methods that differ in their complexity
and in their integrability, but can form a basis for combinations. On a meta-level, the
result of such a combination should be a model that combines both Explainable AI
and Uncertainty Quantification, so that one gets back not only an explanation but also
an uncertainty in the decision including an indication of where the uncertainty comes
from. This must be done in a way that is appropriate for humans: The nature of the
explanations must be both understandable to humans and delivered in an appropriate
manner. A few possibilities for this are:

• Concrete explanations: The user is directly provided with the explanation in the
form of decision → certainty → explanation. An example of this in an emotion
classification task would be the feedback “The person is classified as sad to 30%
due to a covering of the mouth.”

• Counterfactual Explanations: The user is shown under which conditions the
system would have decided differently and with what degree of certainty. Applied
to the example just presented, the feedback would be “If the person’s mouth

6



was not covered, I would classify the person as 80% happy”. User-studies [3, 8]
have shown, for example, that people prefer counterfactual explanations over
case-based reasoning, i.e., solving new problems based on the solutions of similar
past problems.

The type of representation also has to be understandable to humans. It is very
input-specific and must be appropriate and expectable for the user depending on the
problem. Some forms of representation that could be considered are:

• Textual
The system provides an explanation in the form of a text in which the uncertainty
of the decision is also verbalised. For example, a combination of approaches
for generating interpretable latent representations, presented in section 2.1 and
“Bayes by Backprop”, presented in section 2.2, would be conceivable.

• Visual
The system provides an explanation in the form of a visualisation with an
appropriate representation of uncertainties. One possibility here would be, for
example, to link the method LRP, presented in section 2.1, with an elliptic
coding of uncertainties obtained by Monte Carlo dropout procedure, presented
in section 2.2.

3.2 The Role of Trust

Early in the introduction, I talked about trust and its psychological role and necessity
to humans. In other disciplines, especially in human-machine interaction, trust has
played a major role from the very beginning. Parts of these definitions from other
research branches can also be transferred to the requirements of Responsible AI.

In robotics, Lewis et al. [19] distinguish two properties of systems: System pre-
dictability and system intelligibility and transparency. The former is important because
“[...] knowing that the automation may fail reduces the uncertainty and consequent
risk associated with use of the automation. In other words, predictability may be
as (or more) important as reliability.” This in combination with “Systems that can
explain their reasoning will be more likely to be trusted, since they would be more
easily understood by their users [...]” describe in my opinion exactly this combination
of Explainable AI (“Systems that can explain their reasoning [...]”) and Uncertainty
Quantification (“[...] predictability may be as (or more) important as reliability”).

7



A system that can tell the user that it is uncertain in combination with a reasoning
for it corresponds to my propositions from section 3.1 and should have as a goal an
enhancement of trustability in AI systems.

4 Outlook

It is remarkable that both definitions of Explainable AI in section 2.1 address trust,
even if it only seems more like trust is a pleasant side effect of explainability. At this
point, I wonder if this has led to less attention being paid to linking it to quantification
of uncertainty, on the one hand, and whether this classification is appropriate, on the
other hand. It would also be conceivable to rename the “Interpretability” pillar in the
Responsible AI framework to “Trust” and to downgrade Explainable AI to a method
for increasing the trustability of an AI system. Even if the actual idea behind the point
“Interpretability” is perhaps to check whether AI systems function as intended, this
goal can also be subordinated to the term “Trust” or trust-building measure. Perhaps
it will also come about in the near future that one will focus even more on the human
component and human acceptance in this case and carry out such a renaming.
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