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Abstract

Computer Science offers a lot of different approaches for solving the problem
of automatic facial expression recognition. Of course these algorithms do
not have a recognition rate of 100%. This paper aims at answering the
question, how reliable humans can specify the six universal facial expression
investigated by the psychologists Ekman and Friesen. We conduct a survey
to determine the capability of humans concerning this task. The results of
that survey are interpreted and evaluated regarding the confusion of facial
expressions by humans. Recent algorithms in this field are briefly presented
and compared to the recognition rate of humans.
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Chapter 1

Introduction and Motivation

In the 1970s, the psychologists Paul Ekman and Wallace Friesen discovered
that six different facial expressions are expressed and recognized equally by
humans of all cultures and origins [6]. These expressions are: anger, dis-
gust, fear, happiness, sadness, and surprise (see Figure 1.1). They are often
caused by minimal activity of facial muscles. Therefore, it is difficult for
machines and algorithms to detect and distinguish the different facial ex-
pressions. Nowadays, the best algorithms offer a recognition rate of approx-
imately 70%. This paper investigates the accuracy of humans recognizing
facial expressions by considering visual information only.

anger disgust fear

happiness sadness surprise

Figure 1.1: One example for each of the six universal facial expressions as
they occur in the Cohn-Kanade AU-Coded Facial Expression Database [11].



2 Introduction and Motivation

1.1 About Facial Expression Recognition

People exchange their emotional state nonverbally by reading information
from other faces. Thereby, the opportunity is given to draw a conclusion
between the facial expressions and their related emotions. Being aware of
the emotion of others, people are able to better judge the situation, which
makes them adapt their own behavior. The challenge for humans is to not
incorrectly interpret the facial expressions and thus to misjudge the situation.

Emotion recognition represents an essential means for improving the commu-
nication between man and machine. There are various applications, which
require an intuitive man-machine-communication. A possible purpose would
be the invention of a learning software which reacts on the learners mood
by asking easier or more difficult questions or cheering up the user with a
learning-game. One could as well imagine a board computer which realizes
when the driver of a car or bus gets tired or stressed and then advises to take
a break from driving. Therefore, a lot of research is spent on developing al-
gorithms for facial expression recognition, and great achievements have been
made during the last decade.

1.2 Outline

First, we summarize the most important milestones towards analyzing facial
expressions such as the theses of Darwin or Ekman and Friesen who studied
the universality of the six basic facial expressions, as well as the Facial Action
Coding System (FACS) and the Cohn-Kanade AU-Coded Facial Expression
Databse, which are both important means in automatic facial expression
recognition, see Chapter 2. Chapter 3 presents some recent algorithms for
facial expression interpretation. In order to compare the recognition rate of
humans and algorithms we investigate the accuracy of humans recognizing fa-
cial expressions by conducting a comprehensive survey, questioning hundreds
of people, see Chapter 4. Afterwards we evaluate the results of our survey
regarding the confusion of facial expressions, see Chapter 5, and compare
the human recognition rate of facial expressions to that of facial expression
recognition algorithms, see Chapter 6.



Chapter 2

History and Basic Techniques

This chapter explains a few basic means in the field of facial expression
recognition. After some history about the six universal facial expressions,
the Facial Action Coding System (FACS) and the Cohn-Kanade AU-Coded
Facial Expression Database are described.

2.1 From Darwin to Ekman and Friesen - The

Six Universal Facial Expressions

In 1872, Charles Darwin asked travelers from different continents about the
facial expressions of the native people and how they recognize the six uni-
versal facial expressions [5]. These early studies already demonstrate the
universality of facial expressions.

The psychologists Paul Ekman and Wallace Friesen like Darwin investigate
whether facial expression recognition is a universal or culture-specific task
by applying current scientific standards to this investigation. They face all
critics of the universality-theory and prove their thesis that the six basic
emotions are universal, because they are expressed and interpreted in the
same way by humans of any origin all over the world [6]. These universal
facial expressions do not depend on the cultural background or the country of
origin. As already stated in Chapter 1 these expressions are: anger, disgust,
fear, happiness, sadness, and surprise. Figure 1.1 shows an example for each
of the six universal facial expression as they occur in the Cohn-Kanade AU-
Coded Facial Expression Database.



4 History and Basic Techniques

2.2 The Facial Action Coding System

Ekman and Friesen introduce the Facial Action Coding System (FACS),
which represents a methodology to precisely describe muscle movements
within a human face [6]. Thereby used Action Units (AUs) denote the move-
ments of particular regions of the face and state the involved facial muscles.
Figure 2.1 depicts some examples of facial activity that emerge from combina-
tions of the Action Units AU1, AU2, and AU4. More complex combinations
of Action Units assemble facial expressions. Extended systems like the Emo-
tional FACS (EMFACS) specify the relation between facial expressions and
emotions [10].

Figure 2.1: Combinations of the Action Units AU1, AU2, and AU4 and the
facial expressions that emerge [8].

2.3 The Cohn-Kanade AU-Coded Facial Ex-

pression Database

Kanade et al. gather a database that contains hundreds of short image se-
quences each showing one of the six universal facial expressions determined
by Ekman and Friesen, see Chapter 2.1. Their intention is to provide re-
searchers with a large dataset for experimenting and benchmarking pur-
pose [11]. Therefore, algorithms that base on these image sequences aim
at interpreting the six universal facial expressions.

The database consists of 488 image sequences from 97 different persons. Ev-
ery image sequence contains 18 images on average, ranging from 4 up to 66
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images. Each sequence shows a neutral face at the beginning and then devel-
ops into one of the six universal facial expressions. Figure 1.1 shows an ex-
ample image of the Cohn-Kanade AU-Coded Facial Expression Database for
each of the six universal facial expressions. Furthermore, Cohn and Kanade
provide a manually specified set of Action Units for each sequence that is
determined by licensed FACS-experts.

Note that the Cohn-Kanade AU-Coded Facial Expression Database does not
contain natural facial expressions, but they asked volunteers to act the ex-
pressions. In addition, the image sequences are taken in a laboratory environ-
ment with predefined illumination conditions, solid background and frontal
face views. Algorithms that perform well with these image sequences are not
immediately appropriate for real-world scenes.



Chapter 3

Related Work

The computational task of facial expression interpretation is usually sub-
divided into three subordinate challenges, which is explained by Pantic et
al. [14]: detection of the face within the image or image sequence, feature
extraction, and facial expression classification, see Figure 3.1. Chibelushi
et al. [1] subdivide this task further by adding a pre-processing and a post-
processing step. This chapter presents several state-of-the-art approaches,
which accomplish the involved steps in different ways. For a more detailed
overview we refer to Chibelushi et al.

Figure 3.1: Course of execution for facial expression recognition.

3.1 Face Detection

First, the human face and the facial regions have to be accurately located
within the image. On the one hand, this is achieved automatically as in [13,
8, 9, 4]. Most automatic approaches assume the presence of a full frontal face
view. On the other hand, the researchers specify the necessary information
manually, because they rather focus on the interpretation task itself, as in [16,
2, 15, 17].
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3.2 Feature Extraction

Second, the interpretation process extracts features that are highly descrip-
tive for facial expressions. These features are often taken from the image
data directly. Michel et al. [13] extract the location of 22 feature points
within the face and determine their motion between a neutral frame and a
representative frame for a facial expression. These feature points are mostly
located around the eyes and around the mouth. The very similar approach of
Cohn et al. [3] uses hierarchical optical flow in order to determine the motion
of 30 feature points. They call their approach feature point tracking. Little-
wort et al. [12] utilize a bank of 40 Gabor wavelet filters at different scales
and orientations to extract features directly from the image. They perform
convolution and obtain a vector of magnitudes of complex valued responses.

3.3 Facial Expression Classification

Third, a classifier interprets the extracted features and delivers a facial ex-
pression. It is usually learned from a comprehensive set of annotated exam-
ples for training. Most classification systems recognize one of the six basic
emotions as they were introduced by Ekman and Friesen [6], see Chapter 2.1.
Some approaches first determine the involved Action Units of the Facial Ac-
tion Coding System, which we describe in Chapter 2.2, and determine the
facial expression in a subsequent step from these Action Units referring to the
rules stated by Ekman and Friesen [7]. Michel and El Kaliouby [13] train a
Support Vector Machine (SVM) that determines the visible facial expression
within the video sequences of the Cohn-Kanade AU-Coded Facial Expres-
sion Database by comparing the first frame with the neutral expression to
the last frame with the peak expression. Schweiger and Bayerl [15] compute
the optical flow within 6 predefined regions of a human face in order to ex-
tract the facial features. Their classification is based on supervised neural
network learning. Cohen et al. [2] use a three-dimensional wireframe model
consisting of 16 different surface patches embedded in Bézier volumes. The
surface patches represent different parts of the face. The model’s deforma-
tion parameters are related to the changes of the Bézier volume parameters.
The intensity and direction of facial motion is derived from these parameters.
The motion vectors are the basis for determining the facial expression of the
person in the image. In order to classify the different facial expressions Cohen
et al. use two variants of Bayesian Network classifiers, a Naive Bayes classi-
fier with Cauchy distribution and a Tree-Augmented-Naive Bayes classifier.
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Whereas the Naive Bayes classifier treats the motion vectors to be indepen-
dent from each other, the Tree-Augmented-Naive Bayes classifier assumes
dependencies between them, which facilitate the interpretation task. Fur-
ther improvements are achieved by integrating temporal information about
facial expressions. The temporal information is inferred from measuring dif-
ferent muscle activity within the face, which is represented by Hidden Markov
Models.



Chapter 4

About our Survey

In order to investigate the human recognition rate of facial expressions which
are caused by one of the six basic emotions, we conduct a comprehensive sur-
vey. Therefore we can afterwards analyze the results regarding the confusion
of facial expressions and compare the recogniotion rates of humans and al-
gorithms.

4.1 Description of the Survey

Our survey questions a few hundred people about the facial expressions vis-
ible in the Cohn-Kanade AU-Coded Facial Expression Database, see Chap-
ter 2.3. Note that this database does not provide communication channels
and further context information. Therefore, the participants are provided
with the same information as current facial expression interpretation algo-
rithms. This makes a comparison of human capabilities and current computer
algorithms appropriate.

The participants of the survey are shown randomly selected image sequences
of the Cohn-Kanade AU-Coded Facial Expression Database and they have
to specify one of the six universal facial expressions for each sequence. There
is the possibility to annotate “none” in case that they are not able to decide
on one of the facial expressions. Each sequence can be replayed as often as
necessary. The participants are asked to annotate as many image sequences
as they want.

In the end, 250 different persons were specifying their impression on some of
the 488 image sequences of the Cohn-Kanade AU-Coded Facial Expression
Database and we collected q = 5413 annotations altogether. On average,
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each participant annotated around 5413
250

≈ 22 image sequences, which results
in approximately 5413

488
≈ 11 annotations per sequence.

4.2 About the Participants of the Survey

Furthermore, the participants stated their gender, age, and origin on a volun-
tary base. 45.7% of the participants are female, 48.8% are male, and 5.5% did
not tell their gender. 64.0% of the participants are adults, 12.5% are less than
18 years old, and 23.5% did not specify their age.

83.2% of the participants are European, 4.1% are Asian, 0.7% are African,
and 12% did not state their origin. 31.4% of the participants didn’t specify
which country they come from, 52.9% are German, 5.8% are Italian, 3.6%
are Iranian and the rest come from several other countries.



Chapter 5

Evaluation

This section evaluates the annotations specified by the participants of our
survey. It shows, which facial expressions are mostly classified equally and
which are more likely to be confused. Kanade et al. provide a manually
specified set of Action Units for each sequence of the Cohn-Kanade AU-
Coded Facial Expression Database. Unfortunately, these Action Units do
not relate to one of the six universal facial expressions definitely. Therefore,
we do not have the possibility to decide whether the annotations of the
participants specify the facial expression correctly or not. For this reason, the
entire Chapter 5 rather compares the annotations of the participants to one
another. In contrast, Chapter 6 will compare the capability of humans and
computer algorithms to determine facial expressions correctly. This requires
us to adapt the annotations that are treated to be the correct ones by Michel
et al. [13].

5.1 Annotation Rate for Each Sequence

We denote E = {happiness, sadness, disgust, fear, anger, surprise} to be the
set of facial expressions that the participants are able to specify. During our
survey, we obtained q annotations on the entire image database, which we
subdivide into the number of annotations qi for each image sequence i. Again,
we subdivide qi into the number of annotations qi,ε for the facial expression ε,
see Equation 5.1. The annotation rate ri,ε gives evidence about the number of
annotations for one image sequence and for one facial expression in relation
to the total amount of annotations for that sequence.
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surprise fear disgust anger sadness happiness

Table 5.1: The result of humans specifying the facial expression visible in each
of the 488 image sequences of the Cohn-Kanade AU-Coded Facial Expression
Database. An intense grey scale value denotes a high annotation rate for a
particular facial expression.
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q =
488∑
i=1

qi, qi =
∑
ε∈E

qi,ε, ri,ε =
qi,ε

qi

(5.1)

Table 5.1 illustrates the annotation rates for all 488 sequences. Every row
denotes one image sequence i and indicates the annotation rate ri,ε for all
facial expressions ε ∈ E for that sequence. An intense grey scale value denotes
a high annotation rate for a particular facial expression. We sort the rows of
the table such that similarly specified image sequences are adjacent to one
another, which clusters the sequences by the predominantly recognized facial
expressions. In this representation, the confusion of the facial expressions is
clearly visible.

Obviously, happiness is best distinguished from the other facial expressions.
Sadness gets little confused with disgust and fear, but gets highly confused
with anger and surprise. Anger and disgust are the most mixed up facial
expressions. Anger gets also confused with sadness and sometimes fear or
surprise. Disgust gets also confused with fear and sometimes surprise. It
seems that fear is the hardest to tell apart from the other facial expressions.
It gets often confused with surprise, disgust and sometimes with sadness or
anger. Surprise gets most confused with fear, sometimes with sadness or
anger and even less with disgust and happiness.

5.2 Histograms of the Annotation Rates

The previous section calculates the annotation rate to be specified as a par-
ticular facial expression for each image sequence. This section elaborates
on the cumulative occurrence of the different annotation rates. Note that
the participants were able to annotate a particular image sequence i well,
if the annotation rate shown in the histogram for one facial expression ε1

is close to ri,ε1 = 1 and the annotation rate for the other facial expres-
sions ε2 ∈ E\{ε1} is ri,ε2 = 0.

Figure 5.1 shows the histograms of the annotation rates for all facial expres-
sions and for “none”. Distinctive values for the annotation rate ri,ε = 0 and
the annotation rate ri,ε = 1 in the histograms would indicate an excellent
recognition for a particular facial expression ε. This fact is illustrated by the
optimal distribution, which bases on the assumption that the six universal
facial expressions occur equally often. This distribution would indicate the
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Figure 5.1: Distribution of the annotation rate ri,ε for each facial expres-
sion ε, “none” and an optimal distribution.
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annotation rate ri,ε = 0 with 5
6

of the image sequences and the annotation
rate ri,ε = 1 with 1

6
of the image sequences.

Similar to the evaluation in the previous section, happiness is the most dis-
tinctive facial expression, because its histogram shows the most distinctive
peaks for ri,ε = 0 and for ri,ε = 1. This evaluation once again demonstrates
that fear is recognized worst of all facial expressions, because no sequence
has an annotation rate of ri,fear = 1 or close to it.

5.3 Confusion of Two Facial Expressions

The previous two sections show that people often do not agree on the facial
expression visible in a particular image sequence, but confuse certain facial
expressions with one another. This section determines the level of confusion
between two facial expressions by comparing the annotations of different
participants for each image sequence. We consider two facial expressions to
be confused if two different participants of the survey annotate the same
image sequence with these two different facial expressions. As the measure
of confusion τ(ε1, ε2) between two facial expressions ε1, ε2 ∈ E , we determine
the quotient of H(ε1 ∧ ε2) and H(ε1 ∨ ε2), see Equation 5.2.

τ(ε1, ε2) =
H(ε1 ∧ ε2)

H(ε1 ∨ ε2)
(5.2)

Here, H(ε1 ∧ ε2) is the amount of sequences that are both annotated as ε1

and ε2, H(ε1 ∨ ε2) is the amount of sequences that are either annotated as
ε1 or ε2. Higher values of τ denote a higher confusion between two facial
expressions.

τ(ε1, ε2) anger disgust fear happiness sadness surprise
anger 100.0% 42.4% 23.8% 7.3% 43.2% 28.9%
disgust 42.4% 100.0% 32.6% 6.2% 19.3% 24.6%
fear 23.8% 32.6% 100.0% 11.0% 15.8% 43.8%
happiness 7.3% 6.2% 11.0% 100.0% 6.7% 14.5%
sadness 43.2% 19.3% 15.8% 6.7% 100.0% 28.9%
surprise 28.9% 24.6% 43.8% 14.5% 28.9% 100.0%

Table 5.2: The amount of confusion between either pair of the six universal
facial expressions.
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Table 5.2 illustrates the confusion of either pair of facial expressions. It
shows that people have difficulties in interpreting the facial expressions, be-
cause some facial expressions seem to get confused very easily with certain
other expressions. The participants did not decide well between fear and
surprise for some image sequences. According to FACS, some Action Units
are the same in these two facial expressions [10]. Further expressions, which
get easily confused because of some coinciding Action Units are anger and
sadness, anger and disgust, fear and disgust, and anger and surprise. Inter-
estingly, people confused least between happiness and disgust and happiness
and sadness.



Chapter 6

Comparison of Humans and
Algorithms

Based on the survey’s results this section calculates the recognition rate of
humans and compares it to the recognition rate of particular algorithms.
For each image sequence, objectively comparing the accuracy requires to
know about the correct facial expression, which we will denote with ground
truth. Unfortunately, Cohn and Kanade did not specify this ground truth
for their image sequences. As a consequence, researchers often specify the
ground truth on their own in order to train their interpretation algorithm
and to evaluate its result, see Michel et al. [13]. Note that our evaluation in
Chapter 5 proves that these manual annotations are not very reliable either.

Nevertheless, this section applies the manual annotations of Michel et al.
as the ground truth and compares the accuracy of their algorithm to the
accuracy of the human annotations obtained by our survey. We choose the
recent project of Michel et al., because they also utilize the Cohn-Kanade
AU-Coded Facial Expression Database and they provide the manually anno-
tated facial expressions. Their algorithm determines one of the six universal
facial expressions for each image sequence by tracking facial feature points
that perform face localization and feature extraction. The displacements of
the facial features in the image sequence are used as input data to a Support
Vector Machine classifier (SVM). They consider SVMs combined with their
facial feature tracking approach effective towards fully automatic and unob-
trusive expression recognition in real-world scenarios. For the comparison
within this chapter, we apply the accuracy values that Michel et al. provide
for recognizing one of the six universal facial expressions [13, Table 5].
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6.1 Recognition Rate

For determining the capability of humans, we calculate the accuracy of hu-
mans recognizing facial expressions via the annotations of our survey. We
consider each annotation of the participants and evaluate its correctness by
comparing it to the ground truth.

Table 6.1 compares the recognition rate of humans, obtained by the results
of our survey with that of the algorithms of Michel et al. [13] and Schweiger
et. al. [15].

facial human specification result of the algorithm result of the algorithm
expression during our survey of Michel et al. [13] of Schweiger et al. [15]
anger 71.7% 66.7% 75.6%
disgust 64.1% 64.3% 30.0%
fear 27.9% 66.7% 0.0%
happiness 90.5% 91.7% 79.2%
sadness 52.7% 62.5% 60.5%
surprise 76.8% 83.3% 89.8%
average 64.0% 71.8% 55.9%

Table 6.1: Recognition rate of the survey compared with the results of dif-
ferent algorithms.

The algorithm of Michel et al. [13] shows a higher recognition rate for hap-
piness, surprise, fear, disgust and sadness than humans and a lower one for
anger. The algorithms average recognition rate for all facial expressions is
higher, too.

Furthermore, we also consider the results of Schweiger et al. [15]. They
propose a neural architecture for temporal emotion recognition from image
sequences. Features that represent temporal facial variations are extracted
within a bounding box around the face that is subdivided into regions.
Within each region, the optical flow is tracked over time and its principal
components are considered as representative features for classification. For
each facial expression a neural network is trained. They also utilize the Cohn-
Kanade AU-Coded Facial Expression Database for training and evaluation
purpose. Their algorithms recognition rate for anger, sadness and surprise
is higher than that of humans, whereas the values for disgust, fear, happi-
ness and the average recogniotion rate for all facial expressions are lower.
They relate their low recognition rate of 0% for fear with the fact that they
have only a few sequences of this facial expression for training and testing.
Note that the evaluation of their algorithm is not based on the ground truth
specified by Michel et al. and therefore, it is not entirely comparable to the
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recognition rate of the algorithm of Michel et. al. and the recognition rate
of humans.

6.2 Confusion Matrix

A confusion matrix is an excellent means to present the correctness of the
facial expressions determined by humans or algorithms. It states the confu-
sion of facial expressions based on the ground truth, compared to the results
of our survey or the results of an algorithm.

Table 6.2 contains the confusion matrix that shows the confusion between
the results of our survey and the ground truth.

ground specified as: recogn.
truth anger disgust fear happiness sadness surprise none rate
anger 208 30 7 0 11 11 23 71.7%
disgust 77 198 5 0 0 8 21 64.1%
fear 17 119 67 0 2 23 12 27.9%
happiness 2 4 4 237 1 3 11 90.5%
sadness 55 15 3 1 125 21 17 52.7%
surprise 0 4 42 5 0 202 10 76.8%

Table 6.2: Confusion matrix of the survey’s annotations.

The recognition rate is determined by computing the ratio of the cases in
which one facial expressions was classified correctly and the total number of
classifications for that facial expression.

For example, the sequences which Michel et al. specify as the facial expression
anger are classified correctly in 208 cases of 290 annotations, and therefore,
the human recognition rate for anger is 71.7%. Anger was never mistaken
for happiness, but in 30 cases it was mistaken for disgust etc. With 90.5%,
we get the best recognition rate for happiness, while fear was distinguished
poorly with 27.9%. The sequences which are showing fear were even more
often classified as disgust (in 119 cases) than as fear (in 67 cases).



Chapter 7

Conclusion and Outlook

This survey shows that humans are not as good in determining the facial ex-
pression of other people as computer vision researchers would expect them to
be. Human annotations are not even more accurate than current algorithms
for facial expression interpretation. One of the main reasons for these poor
recognition rates originates from the fact that the Cohn-Kanade AU-Coded
Facial Expression Database does not contain natural expressions. Instead,
Cohn and Kanade asked the persons to act the six universal facial expres-
sions and therefore, the expressions are recorded as the performing person
would consider them to look like. Showing a laughing expression is more
or less simple, but most people are not sure how angry, afraid, or disgusted
faces look like. Furthermore, this recording was conducted in a laboratory
environment rather than in a real-world scene. The consequence is that these
performed expressions are different from natural expressions and therefore,
the participants of our survey are not too accurate in recognizing them.

In our opinion, the most decisive reason for the poor results is the consid-
eration of video information only. We expect humans to be more accurate
being provided further information as well, such as audio information and
long-term context information. Therefore, we recommend integrating this
information into facial expression interpretation algorithms as well in order
to improve recognition.



Bibliography

[1] C. C. Chibelushi and F. Bourel. Facial expression recognition: A brief
tutorial overview, January 2003.

[2] I. Cohen, N. Sebe, L. Chen, A. Garg, and T. Huang. Facial expression
recognition from video sequences: Temporal and static modeling, 2003.

[3] Jeffrey Cohn, Adena Zlochower, Jenn-Jier James Lien, and Takeo
Kanade. Feature-point tracking by optical flow discriminates subtle dif-
ferences in facial expression. In Proceedings of the 3rd IEEE International
Conference on Automatic Face and Gesture Recognition (FG ’98), pages
396 – 401, April 1998.

[4] Jeffrey Cohn, Adena Zlochower, Jenn-Jier James Lien, and Takeo
Kanade. Automated face analysis by feature point tracking has high
concurrent validity with manual facs coding. Psychophysiology, 36:35 –
43, 1999.

[5] Charles Darwin. The Expression of the Emotions in Man and Animals.
Philosophical Library, New York, 1872.

[6] Paul Ekman. Facial expressions. In T. Dalgleish and M. Power, editors,
Handbook of Cognition and Emotion, New York, 1999. John Wiley &
Sons Ltd.

[7] Paul Ekman and Wallace Friesen, editors. The Facial Action Coding
System: A Technique for The Measurement of Facial Movement. Con-
sulting Psychologists Press, San Francisco, 1978.

[8] Irfan A. Essa and Alex P. Pentland. Facial expression recognition us-
ing a dynamic model and motion energy. In ICCV ’95: Proceedings
of the Fifth International Conference on Computer Vision, page 360,
Washington, DC, USA, 1995. IEEE Computer Society.



22 BIBLIOGRAPHY

[9] Irfan A. Essa and Alex P. Pentland. Coding, analysis, interpretation,
and recognition of facial expressions. IEEE Trans. Pattern Anal. Mach.
Intell., 19(7):757–763, 1997.

[10] Wallace V. Friesen and Paul Ekman. Emotional Facial Action Coding
System. Unpublished manuscript, University of California at San Fran-
cisco, 1983.

[11] Takeo Kanade, John F. Cohn, and Yingli Tian. Comprehensive database
for facial expression analysis. In International Conference on Automatic
Face and Gesture Recognition), pages 46–53, France, March 2000.

[12] Gwen Littlewort, Ian Fasel, Marian Stewart Bartlett, and Javier R.
Movellan. Fully automatic coding of basic expressions from video. Tech-
nical report, March 2002.

[13] R. El Kaliouby P. Michel. Real time facial expression recognition in
video using support vector machines. In Fifth International Conference
on Multimodal Interfaces, pages 258–264, Vancouver, 2003.

[14] Maja Pantic and Leon J. M. Rothkrantz. Automatic analysis of fa-
cial expressions: The state of the art. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 22(12):1424–1445, 2000.

[15] R. Schweiger, P. Bayerl, and Heiko Neumann. Neural architecture for
temporal emotion classification. In Affective Dialogue Systems 2004,
LNAI 3068, pages 49–52, Kloster Irsee, June 2004. Elisabeth Andre et
al (Hrsg.).

[16] Nicu Sebe, Michael S. Lew, Ira Cohen, Ashutosh Garg, and Thomas S.
Huang. Emotion recognition using a cauchy naive bayes classifier. In
Proceedings of the 16th International Conference on Pattern Recogni-
tion (ICPR’02), volume 1, page 10017, Washington, DC, USA, 2002.
IEEE Computer Society.

[17] Ying-Li Tian, Takeo Kanade, and Jeffrey F. Cohn. Recognizing ac-
tion units for facial expression analysis. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 23(2):97–115, February 2001.


