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Abstract

It is argued that for the computer to be able to interact with
humans, it needs to have the communication skills of humans.
One of these skills is the ability to understand the emotional
state of the person. The most expressive way humans dis-
play emotions is through facial expressions. In most facial
expression systems and databases, the emotion data was col-
lected by asking the subjects to perform a series of facial ex-
pressions. However, these directed or deliberate facial action
tasks typically differ in appearance and timing from the au-
thentic facial expressions induced through events in the nor-
mal environment of the subject. In this paper, we present
our effort in creating an authentic facial expression database
based on spontaneous emotions derived from the environment.
Furthermore, we test and compare a wide range of classifiers
from the machine learning literature that can be used for fa-
cial expression classification.

1 Introduction

Extensive studies of human facial expressions performed by
Ekman [11, 12] gave evidence to support universality in facial
expressions. According to these studies, the “universal facial
expressions” are those representing happiness, sadness, anger,
fear, surprise, and disgust. To code facial expressions, Ekman
and Friesen [12] developed the Facial Action Coding System
(FACS) in which the movements on the face are described by
a set of action units (AUs) which have some related muscular
basis. Ekman’s work inspired many researchers to analyze fa-
cial expressions by means of image and video processing. By
tracking facial features and measuring the amount of facial
movement, they attempt to categorize different facial expres-
sions. Recent work on facial expression analysis and recog-
nition [2, 4,9, 22, 28] has used these “basic expressions” or a
subset of them. The two recent surveys in the area [13, 23]
provide an in depth review of many of the research done in
recent years. All the methods developed are similar in that
they first extract some features from the images or video, then

these features are used as inputs into a classification system,
and the outcome is one of the preselected emotion categories.
They differ mainly in the features extracted and in the classi-
fiers used to distinguish between the different emotions.

Construction and labeling of a good database of facial ex-
pressions requires expertise, time, and training of subjects.
Only a few such databases are available, such as the Cohn-
Kanade [17] and JAFFE [20] databases. Most (or perhaps
all) of these existing facial expression data have been col-
lected by asking the subjects to perform a series of expres-
sions. The main problem with this approach is that these de-
liberate facial action tasks typically differ in appearance and
timing from the authentic facial expressions induced through
events in the normal environment of the subject. Kanade et
al. [17] consider the distinction between the deliberate and
spontaneous/authentic facial actions and show that deliberate
facial behavior is mediated by separate motor pathways than
spontaneous facial behaviors. As a consequence, for a rep-
resentative test for detecting human emotions in spontaneous
settings, we need a test set which captures facial expressions
in spontaneous settings. To be specific, one of our main con-
tributions in this work is to create a test set in which the facial
emotions correspond to the true emotional state of the person
at that moment, not an artificial facial expression which does
not match the emotional state. As far as we are aware, this
is the first attempt to create an authentic emotion database.
More details are given in Section 2.

We have developed a real time facial expression recogni-
tion system. This system presented briefly in Section 3 uses a
model based non-rigid face tracking algorithm to extract mo-
tion features that serve as input to a classifier used for rec-
ognizing the different facial expressions. We were also inter-
ested in testing different classifiers from the machine learn-
ing literature that can be used for facial expression analysis.
We present an extensive evaluation of 24 classifiers using our
authentic emotion database and the Cohn-Kanade database
(Section 4). We have concluding remarks in Section 5.



2 Authentic Expression Database

In many applications of human computer interaction, it is im-
portant to be able to detect the emotional state of the person in
a natural situation. However, as any photographer can attest,
getting a real smile can be challenging. Asking someone to
smile often does not create the same picture as an authentic
smile. The fundamental reason of course is that the subject
often does not feel happy so his smile is artificial and in many
subtle ways quite different than a genuine smile.

Our goal for the authentic expression database was to cre-
ate ground truth where the facial expressions would corre-
spond to the current emotional state of the subject. We con-
sulted several members of the psychology department who
recommended that the test be constrained as to minimize bias.
First, the subjects could not know that they were being tested
for their emotional state. Knowing that one is in a scien-
tific test can invalidate or bias the results by influencing the
emotional state. Second, we would need to interview each
subject after the test to find out their true emotional state for
each expression. Third, we were warned that even having a
researcher in the same room with the subject could bias the
results.
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Figure 1. A snap shot of our facial expression recognition system.
On the right side is a wireframe model overlayed on a face being
tracked. On the left side the correct expression, Angry, is detected
(the bars show the relative probability of Angry compared to the
other expressions). The example is from the authentic database.

We decided to create a video kiosk with a hidden cam-
era which would display segments from recent movie trailers.
This method had the main advantages that it would naturally
attract people to watch it and we could potentially elicit emo-
tions through different genres of video footage - i.e. horror
films for shock, comedy for joy, etc. From over 60 people
who used the video kiosk, we were able to get the agreement
of 28 students within the computer science department for
the database. After each subject had seen the video trailers,
they were interviewed to find out their emotional state cor-
responding to the hidden camera video footage. We also se-
cured agreement for the motion data from their video footage

to be distributed to the scientific community which is one of
the primary goals for this database.

In this kind of experiment, we can only capture the ex-
pressions corresponding to the naturally occurring emotions.
This means that our range of emotions for the database was
constrained to the ones genuinely felt by the subjects. For
this database, the emotions found were either (1) Neutral; (2)
Joy; (3) Surprise, or (4) Disgust. From having created the
database, some items of note based purely on our experiences:
(2) It is very difficult to get a wide range of emotions for all
of the subjects. Having all of the subjects experience genuine
sadness (or fear) for example is difficult. (2) The facial ex-
pressions corresponding to the internal emotions is often mis-
leading. Some of the subjects appeared to be sad when they
were actually happy. (3) Students are usually open to having
the data extracted from the video used for test sets. The older
faculty members were generally not agreeable to being part
of the database.

3 Facial Expression Recognition System

In this section we briefly present our real time facial expres-
sion recognition system. The sysyem is composed of a face
tracking algorithm which outputs a vector of motion features
of certain regions of the face. The features are used as inputs
to a classifier. A snap shot of the system with the face tracking
and the recognition result is shown in Figure 1.

3.1 Face Tracking and Feature Extraction

The face tracking we use is based on a system developed by
Tao and Huang [26] called the Piecewise Bézier Volume De-
formation (PBVD) tracker. This face tracker uses a model-
based approach where an explicit 3D wireframe model of the
face is constructed. In the first frame of the image sequence,
landmark facial features such as the eye and mouth corners
are selected interactively. A face model consisting of 16 sur-
face patches embedded in Bézier volumes is then warped to fit
the selected facial features. The surface patches defined this
way are guaranteed to be continuous and smooth. The shape
of the mesh can be changed by changing the locations of the
control points in the Bézier volume.

Once the model is constructed and fitted, head motion and
local deformations of the facial features such as the eyebrows,
eyelids, and mouth can be tracked. First the 2D image mo-
tions are measured using template matching between frames
at different resolutions. Image templates from the previous
frame and from the very first frame are both used for more ro-
bust tracking. The measured 2D image motions are modeled
as projections of the true 3D motions onto the image plane.
From the 2D motions of many points on the mesh, the 3D mo-
tion can be estimated by solving an overdetermined system of
equations of the projective motions in the least squared sense.

The recovered motions are represented in terms of mag-
nitudes of some predefined motion of various facial features.
Each feature motion corresponds to a simple deformation on



the face, defined in terms of the Bézier volume control pa-
rameters. We refer to these motions vectors as Motion-Units
(MU’s). Note that they are similar but not equivalent to Ek-
man’s AU’s and are numeric in nature, representing not only
the activation of a facial region, but also the direction and in-
tensity of the motion. The MU’s used in the face tracker are
shown in Figure 2. The MU’s are used as the basic features
for the classifiers described in the next section.

Figure 2: The 12 facial motion measurements

3.2 Classifiers

Several classifiers from the machine learning literature were
considered in our system. We give a brief description for each
of the classifiers and ask the reader to get more details from
the original references. We also investigated the use of voting
algorithms to improve the classification results.

3.2.1 Generative Bayesian Networks classifiers
Bayesian networks can represent joint distributions in an in-
tuitive and efficient way; as such, Bayesian networks are nat-
urally suited to classification. We can use a Bayesian network
to compute the posterior probability of a set of labels given
the observable features, and then we classify the features with
the most probable label.

A Bayesian network is composed of a directed acyclic graph
in which every node is associated with a variable X; and
with a conditional distribution p(X;|IL;), where II; denotes
the parents of X; in the graph. The directed acyclic graph
is the structure, and the distributions p(X;|IL;) represent the
parameters of the network. A Bayesian network classifier is
a generative classifier when the class variable is an ancestor
(e.g., parent) of some or all features. We consider three ex-
amples of generative Bayesian Networks:

NB is the Naive-Bayes classifier [10] which makes the as-
sumption that all features are conditionally indepen-
dent given the class label. Although this assumption is
typically violated in practice, NB have been used suc-
cessfully in many classification problems. One of the
reasons of the success of NB is attributed to the small
number of parameters needed to be learnt. Better re-
sults may be achieved by discretizing the continuous
input features. The NBd classifier provides this pre-
processing step by chaining a discretization filter to the
NB classifier.

TAN is the Tree-Augmented Naive-Bayes classifier [15].
This classifier attempts to find a structure that captures
the dependencies among the input features. Of course,
finding all the dependencies is an NP-complete prob-
lem so TAN restricts to a simple model: the class vari-
able is the parent of all the features and each feature
has at most one other feature as a parent, such that the
resultant graph of the features forms a tree. Using the
algorithm of Friedman et al. [15], the most likely TAN
classifier can be estimated efficiently.

SSS is the stochastic structure search algorithm [7]. This
classifier goes beyond the simplifying assumptions of
NB and TAN and searches for the correct Bayesian net-
work structure focusing on classification. The idea is
to use a strategy that can efficiently search through the
whole space of possible structures and to extract the
ones that give the best classification results.

3.2.2 The Decision Tree Inducers

The purpose of the decision tree inducers is to create from a

given data set an efficient description of a classifier by means

of a decision tree. The decision tree represents a data struc-
ture which efficiently organizes descriptors. The purpose of
the tree is to store an ordered series of descriptors. As one
travels through the tree, he is asked questions and the answers
determine which further questions will be asked. At the end
of the path is a classification. When viewed as a black box the
decision tree represents a function of parameters (or descrip-
tors) leading to a certain value of the classifier. We consider
the following decision tree algorithms and use their MLC++

implementation [18]:

ID3 is a very basic decision tree algorithm with no pruning
based on [24].

C4.5 is an extension of ID3 that accounts for unavailable val-
ues, continuous attribute value ranges, and pruning of
decision trees [25].

MC4 is similar to C4.5 [25] with the exception that un-
knowns are regarded as a separate value. The algorithm
grows the decision tree following the standard method-
ology of choosing the best attribute according to the
evaluation criterion. After the tree is grown, a prun-
ing phase replaces subtrees with leaves using the same
pruning algorithm that C4.5 uses.

OCL1 is the Oblique decision tree algorithm by Murthy [21].
It combines deterministic hill-climbing with two forms
of randomization to find a good oblique split (in the
form of a hyperplane) at each node of a decision tree.

3.2.3 Other inducers

SVM Support vector machines [27] were developed based on
the Structural Risk Minimization principle from statis-
tical learning theory. They are one of the most popular
classifiers and can be applied to regression, classifica-
tion, and density estimation problems. For the SVM
kernel we used Vapnik’s polynomial [27] of order 5.



KNN is the instance-based learning algorithm (nearest-
neighbor) by Aha [1]. This is a good, robust algorithm,
but slow when there are many attributes.

PEBLS is the Parallel Exemplar-Based Learning System by
Cost and Salzberg [8]. This is a nearest-neighbor learn-
ing system designed for applications where the in-
stances have symbolic feature values.

CN2 is the direct rule induction algorithm by Clark and
Niblett [6]. This algorithm inductively learns a set of
propositional if...then... rules from a set of training ex-
amples. To do this, it performs a general-to-specific
beam search through rule-space for the “best” rule, re-
moves training examples covered by that rule, then re-
peats until no more “good” rules can be found.

Winnow is the multiplicative algorithm described in [19].

Perceptron is the simple algorithm described in [16]. Both
Perceptron and Winnow are classifiers that build linear
discriminators and they are only capable of handling
continuous attributes with no-unknowns and two-class
problem. For our multi-class problem we implemented
several classifiers, each classifying one class against
the rest of the classes and in the end we averaged the
results.

3.2.4 Voting algorithms

Methods for voting classification, such as Bagging and Boost-
ing (AdaBoost) have been shown to be very successful in im-
proving the accuracy of certain classifiers for artificial and
real-world datasets [3]. A voting algorithm takes an inducer
and a training set as input and runs the inducer multiple times
by changing the distribution of training set instances. The
generated classifiers are then combined to create a final clas-
sifier that is used to classify the test set.

The bagging algorithm (Bootstrap aggregating) by
Breiman [5] votes classifiers generated by different bootstrap
samples (replicates). A bootstrap sample is generated by uni-
formly sampling m instances from the training set with re-
placement. T bootstrap samples Bi, Bz, ..., By are gener-
ated and a classifier C; is built from each bootstrap sample
B;. Afinal classifier C* is built from C4, Ca, .. ., CT whose
output is the class predicted most often by its sub-classifiers,
with ties broken arbitrarily. Bagging works best on unsta-
ble inducers (e.g., decision trees), that is, inducers that suffer
from high variance because of small perturbations in the data.
However, bagging may slightly degrade performance of sta-
ble algorithms (e.g. KNN) because effectively smaller training
sets are used for training each classifier.

Like bagging, AdaBoost (Adaptive Boosting) [14] gen-
erates a set of classifiers and votes them. The AdaBoost
however, generates classifiers sequentially, while bagging can
generate them in parallel. AdaBoost also changes the weights
of the training instances provided as input to each inducer
based on classifiers that were previously built. The goal is
to force the inducer to minimize the expected error over dif-
ferent input distributions. Given an integer T specifying the

number of trials, T weighted training sets S1, Sa, ..., St are
generated in sequence and T classifiers Cy, Ca,...,Cr are
built. A final classifier C* is formed using a weighted voting
scheme: the weight of each classifier depends upon its perfor-
mance on the training set used to build it.

4 Facial Expression Recognition Experiments

In our experiments we use the authentic database described
in Section 2 and the Cohn-Kanade AU code facial expression
database [17].

The Cohn-Kanade database [17] consists of expression se-
quences of subjects, starting from a Neutral expression and
ending in the peak of the facial expression. There are 104
subjects in the database. However, because for some of the
subjects, not all of the six facial expressions sequences were
available to us, we used only a subset of 53 subjects, for which
at least four of the sequences were available.

For both databases we only have a small number of frames
per person for each expression which makes insufficient data
to perform person dependent tests. We measure the classifi-
cation error of each frame, where each frame in the video se-
quence was manually labeled to one of the expressions. This
manual labeling can introduce some ’noise’ in our classifica-
tion because the boundary between Neutral and the expression
of a sequence is not necessarily optimal, and frames near this
boundary might cause confusion between the expression and
the Neutral. A different labeling scheme is to label only some
of the frames that are around the peak of the expression leav-
ing many frames in between unlabeled. We did not take this
approach because a real-time classification system would not
have this information available to it.

When performing the error estimation we used n-fold
cross-validation (n=10 in our experiments) in which the
dataset was randomly split into n mutually exclusive sub-
sets (the folds) of approximately equal size. The inducer is
trained and tested n times; each time tested on a fold and
trained on the dataset minus the fold. The cross-validation es-
timate of error is the average of the estimated errors from the
n folds. To show the statistical significance of our results we
also present the 95% confidence intervals for the classification
errors.

We show the results for all the classifiers in Table 1. Note
that the results for the authentic database outperform the ones
for the Cohn-Kanade database. One reason for this is that
we have a simpler classification problem: only 4 classes are
available. Surprisingly, the best classification results are ob-
tained with the KNN classifier (k=3 in our experiments). This
classifier is a distance-based classifier and does not assume
any model. It seems that facial expression recognition is not
a simple classification problem and all the models tried (e.g.,
NB, TAN, or SSS) were not able to entirely capture the com-
plex decision boundary that separates the different expres-
sions. This argumentation may also explain the surprisingly
poor behavior of the SVM.



. Datasets

Classifiers Authentic | Cohn-Kanade
NB 8.46 + 0.93% 24.40 £0.85%

NB bagging | 8.35 +0.92% | 24.33 % 0.82%
NB boosting 8.25 +£0.97% | 24.45 + 0.82%
NBd 8.46 + 0.93% 24.40 £0.85%
NBd bagging | 9.26 + 1.15% | 21.08 & 0.49%
NBd boosting | 8.65 4+ 1.03% | 18.95 + 0.53%
TAN 6.46 + 0.34% 13.20 +0.27%
SSS 5.89 + 0.67% 11.40 +0.65%

ID3 9.76 £+ 1.00% 16.70 £0.53%

ID3 bagging | 7.45 £ 0.66% | 11.82 + 0.48%
ID3 boosting 6.96 + 1.00% 10.70 +0.53%
C4.5 8.45+0.91% | 16.10 +0.69%
MC4 8.45 + 0.94% 16.32 +0.53%
MC4 bagging | 7.35 +0.76% | 12.08 & 0.32%
MC4 boosting | 5.84 + 0.78% 8.28 +0.43%
OC1 9.05+ 1.10% | 16.87 £0.29%
SVM 13.23 + 0.93% | 24.58 +0.76%
kNN 4.43 +0.97% 6.96 +0.40%
kNN bagging | 4.53 £+ 0.97% 6.94 + 0.40%
kNN boosting | 4.43 +0.97% 6.96 +0.40%
PEBLS 6.05 £ 1.09% 15.29 £0.27%
CN2 9.26 + 0.82% | 27.54 £0.27%
Winnow 12.07 + 1.87% | 15.69 +2.06%
Perceptron 7.75+1.41% | 12.50 +1.54%

Table 1: Classification errors for facial expression recognition to-
gether with their 95% confidence intervals.

kNN may give the best classification results but it has its
own disadvantages: it is computationally slow and needs to
keep all the instances in the memory. The main advantage
of the model-based classifiers is their ability to incorporate
unlabel data [7]. This is very important since labeling data for
emotion recognition is very expensive and requires expertise,
time, and training of subjects. However, collecting unlabel
data is not as difficult. Therefore, it is beneficial to be able
to use classifiers that are learnt with a combination of some
labeled data and a large amount of unlabeled data.

Another important aspect to notice is that the voting algo-
rithms improve the classification results of the decision trees
algorithms but do not significantly improve the results of the
more stable algorithms such as NB and KNN.

We were also interested to investigate how the classifica-
tion error behaves when more and more training instances are
available. The corresponding learning curves are presented in
Figure 3. As expected kNN improves significantly as more
data are used for training.

To analyze the confusion between the different emotions,
we present the average confusion matrices of two classifiers
in Tables 2 and 3. Note that most of the expressions are de-
tected with high accuracy and the confusion is larger with the
Neutral class. One reason why Surprise is detected with only
81% for the authentic database is that in general this emotion
is blended with happiness. This is why in this case the confu-

sion with Happy is much larger that with the other emotions.

Emotion | Neutral | Happy | Surprise | Disgust
Neutral 94.20 3.96 0.60 1.24
Happy 6.34 93.14 0.00 0.52

Surprise 2.43 16.43 81.14 0.00
Disgust 0.45 0.45 0.00 99.10

Table 2: Average confusion matrix using the MC4 boosting clas-
sifier (authentic database)

5 Conclusion

In this work we presented our efforts in creating an authen-
tic facial expression database based on spontaneous emotions.
We created a video kiosk with a hidden camera which dis-
played segments of movies and allowed filming of several
subjects that showed spontaneous emotions. One of our main
contribution in this work was to create a database in which
the facial expressions correspond to the true emotional state
of the subjects. As far as we are aware this is the first attempt
to create such a database and our intention is to make it avail-
able to the scientific community.

Furthermore, we tested and compared a wide range of
classifiers from the machine learning community including
Bayesian Networks, decision trees, SVM, kNN, etc. We
also considered the use of voting classification schemes such
as bagging and boosing to improve the classification results
of the classifiers. We demonstrated the classifiers for facial
expression recognition using our authentic database and the
Cohn-Kanade database. Finally, we integrated the classifiers
and a face tracking system to build a real time facial expres-
sion recognition system.
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