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Abstract

ogy in recent years has made computers cheaper and more
powerful, and has made the use of microphones and PCcameras affordable and easily available. The microphones
and cameras enable the computer to “see” and “hear,” and
to use this information to act. A good example of this is
the “Smart-Kiosk” project being done at Compaq research
laboratories [7]. It is argued that to truly achieve effective human-computer intelligent interaction (HCII), there
is a need for the computer to be able to interact naturally
with the user, similar to the way human-human interaction takes place. Humans interact with each other mainly
through speech, but also through body gestures, to emphasize a certain part of the speech, and display of emotions.
Emotions are displayed by visual, vocal, and other physiological means. There is a growing amount of evidence
showing that emotional skills are part of what is called “intelligence” [16, 8].

Human-computer intelligent interaction (HCII) is an
emerging field of science aimed at providing natural ways
for humans to use computers as aids. 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 display emotions
is through facial expressions. This work focuses on automatic facial expression recognition from live video input
using temporal cues. Methods for using temporal information have been extensively explored for speech recognition
applications. Among these methods are template matching
using dynamic programming methods and hidden Markov
models (HMM). This work exploits existing methods and
proposes a new architecture of HMMs for automatically
segmenting and recognizing human facial expression from
video sequences. The novelty of this architecture is that
both segmentation and recognition of the facial expressions
are done automatically using a multilevel HMM architecture while increasing the discrimination power between the
different classes. In the work we explore person-dependent
and person-independent recognition of expressions.

There are many ways that humans display their emotions. The most natural way to display emotions is using
facial expressions. In the past 20 years there has been much
research on recognizing emotion through facial expressions.
This reasearch was pioneered by Ekman and Friesen [6]
who started their work from the psychcology perspective.
In the early 1990s the engineering community started to
use these results to construct automatic methods of recognizing emotions from facial expressions in images or video
[12, 13, 18, 15, 2] . Work on recognition of emotions from
voice and video has been recently suggested and shown to
work by Chen [2], Chen et al. [3], and DeSilva et al [5].

1 Introduction
In recent years there has been a growing interest in improving all aspects of the interaction between humans and
computers. This emerging field has been a research interest for scientists from several different scholastic tracks,
i.e., computer science, engineering, psychology, and neuroscience. These studies focus not only on improving computer interfaces, but also on improving the actions the computer takes based on feedback from the user. Feedback from
the user has traditionaly been through the keyboard and
mouse. Other devices have also been developed for more
application specific interfaces, such as joysticks, trackballs,
datagloves and touch screens. The rapid advance of technol-

This work tries to suggest another method for recognizing the emotion through facial expression displayed in live
video. The method uses all of the temporal information displayed in the video. The logic behind using all of the temporal information is that any emotion being displayed has
a unique temporal pattern. Many of the facial expression
research works classified each frame of the video to a facial
expression based on some set of features computed for that
time frame. This excludes the work of Otsuka and Ohya
[13], which used simple hidden Markov models (HMM) to
recognize sequences of emotion.
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The novelty in this work is that a method to automatically segment the video and do the recognition is proposed,
using a multilevel HMM structure. The first level of the
architecture is comprised of independent HMM’s related to
the different emotions, but instead of looking just at the final
output of these HMM’s and use a ML classifier , the state
sequence of the HMM’s is used as the input of the higher
level HMM. This is meant both to segment the video sequence, but also increases the discrimination between the
classes since it tries to find not only the probablity of each
the sequence displaying one emotion, but the probablity of
of the sequence displaying one emotion and not displaying
all the other emotions at the same time. We demonstrate
this system using a small database of 5 people and show
that in general this architecture outperforms a single level
HMM Maximum likelihood classifier, where the input to
this classifier is a presegmented video sequence, in contrast
to a continous video sequence fed into the multilevel HMM
architecture.

In the discrete case, becomes a matrix of probablity entries (Conditional
Probability Table), and in the continuous

case, will be given by the parameters of the probability
distribution function of the observations (normally chosen
to be the Gaussian distribution or a mixture of Gaussians).
Given an HMM there are three basic problems that are of
interest. The first is how to efficiently compute the probablility of the observations given the model. This problem
is related to classification in the sense that it gives a measure of how well a certain model describes an observation
sequence. The second is how, given a set of observations
and the model, to find the corresponding state sequence in
some optimal way. This will become an important part of
the algorithm to recognize the expressions from live input
and will be described later in this paper. The third is how to
learn the parameters of the model given the set of observations so as to maximize the probability of obervations given
the model. This problem relates to the learning phase of the
HMMs which describe each facial expression sequence. A
comprehansive tutorial on HMMs is given by Rabiner [14].

2 Hidden Markov Models

3 Expression Recognition Using EmotionSpecific HMMs

Hidden Markov models have been widely used for many
classification and modeling problems. Perhaps the most
common application of HMM is in speech recognition. One
of the main advantages of HMMs is their ability to model
nonstationary signals or events. Dynamic programming
methods allow one to align the signals so as to account for
the nonstationarity. However, the main disadvatage of this
approach is that it is very time-consuming since all of the
stored sequences are used to find the best match. The HMM
finds an implicit time warping in a probabilistic parametric fashion. It uses the trasition probablities between the
hidden states and learns the conditional probablities of the
observations given the state of the model. In the case of
emotion expression, the signal is the measurements of the
facial motion. This signal is nonstationary in nature, since
an expression can be displayed at varying rates, with varying intensities even for the same individual.
An HMM is given by the following set of parameters:
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Since the display of a certain facial expression in video
is represented by a temporal sequence of facial motions it
is natural to model each expression using an HMM trained
for that particular type of expression. There will be six
*
such HMMs, one for each expression: happy(1), angry(2)
/
, surprise(3), disgust(4), fear(5), sad(6) . There are several
choices of model structure that can be used. The two main
models are the left-to-right model and the ergodic model. In
the left-to-right model, the probablity of going back to the
previous state is set to zero, and therefore the model will
always start from a certain state and end up in an ‘exiting’
state. In the ergodic model every state can be reached from
any other state in a finite number of time steps. In [13], Otsuka and Ohya used left-to-right models with three states to
model each type of facial expression. The advantage of using this model lies in the fact that it seems natural to model
a sequential event with a model that also starts from a fixed
starting state and always reaches an end state. It also involves fewer parameters, and therefore is easier to train.
However, it reduces the degrees of freedom the model has to
try to account for the observation sequence. There has been
no study to indicate that the facial expression sequence is indeed modeled well by the left-to-right model. On the other
hand, using the ergodic HMM allows more freedom for the
model to account for the observation sequences, and in fact,
for an infinite amount of training data it can be shown that
the ergodic model will reduce to the left-to-right model, if
that is indeed the true model. In this work both types of
models were tested with various numbers of states in an at-
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where is the state transition probablity matrix,
is
the observation probability distribution, and is the initial state distribution.
The number of states of the HMM
)
-
is given by . It should be noted that the observations ( )
can be either discrete or continuous, and can be vectors.
2

tempt to study the best structure that can model facial expressions.
In Figure 1 an example of a five-state left-to-right HMM
(with return) is shown, with the problilities as learned from
the experiments described in the following section.
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from the video. In reality, this segmentation is not available, and therefore there is a need to find an automatic way
of segmenting the sequences. Concatenation of the HMMs
representing phonemes in conjuction with the use of grammar has been used in many systems for continuous speech
recognition. Dynamic programming for continuous speech
has also been proposed in different researches. It is not very
straightforward to try and apply these methods to the emotion recognition problem since there is no clear notion of
language in displaying emotions. Otsuka and Ohya [13]
used a hueristic method based on changes in the motion of
several regions of the face to decide that an expression sequence is beginning and ending. After detecting the boundries, the sequence is classified to one of the emotions using
the emotion-specific HMM. This method is prone to errors
because of the sensitivity of the classifier to the segmentation result. Although the result of the HMM’s are independent of each other, if we assume that they model realisticaly
the motion of the facial features related to each emotion,
the combination of the state sequence of the six HMM’s together can provide very useful information and enhance the
discrimination between the different classes. Since we will
use a left-to-right model (with return), the changing of the
state sequence can have a physical attribute attached to it
(such as opening and closing of mouth when smiling), and
therefore there we can gain useful information from looking
at the state sequence and using it to discriminate between
the emotions at each point in time.

-

The observation vector
for the HMM represents con
tinuous motion of the facial action units. Therefore,
is
represented by the probablity density functions (pdf) of the
observation vector at time a given the state of the model.
The Gaussian distribution is chosen to represent these pdf’s,
i.e.,
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Where
and
are the mean vector and full covariance
matrix, respectively.
The parameters of the model of emotion-expression
specifc HMM are learned using the well-known BaumWelch reestimation formulas. See [11] for details of the
algorithm. For learning, hand labeled sequences of each of
the facial exressions are used as ground truth sequences, and
the Baum algorithm is used to derive the maximum likelihood (ML) estimation of the model parametes ( ).
Parameter learning is followed by the construction of a
ML classifier. Figure 2 shows the structure of the ML clas- 
@!ij(
sifier. Given an observation sequence , where ahg
,
the probability of the observation given each of the six mod  -   
els
is computed using the forward-backward procedure [14]. The sequence is classified as the emotion corresponding to the model that yielded the highest probablility, i.e.,
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To solve the segmentation problem and enhance the discrimination between the classes, a different kind of architecture is needed. Figure 3 shows the proposed architecture for automatic segmentation and recogntion of the displayed expression at each time instance. As can be seen,
the motion features are fed continuously to the six emotionspecific HMMs. The state sequence of each of the HMMs
is decoded and used as the observation vector for the high-

4 Automatic Segmentation and Recognition
of Emotions Using Multilevel HMM.
The main problem with the approach taken in the previous section is that it works on isolated facial expression sequences or on presegmented sequences of the expressions
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level HMM. The high-level HMM consists of seven states,
one for each of the six emotions and one for neutral. The
neutral state is neccessary as for the large portion of time,
there is no display of emotion on a person’s face. The transitions between emotions are imposed to pass through the
neutral state since it is fair to assume that the face resumes
a neutral position before it displays a new emotion. For instance, a person cannot go from expressing happy to sad
without returning the face to its neutral position (even for
a very brief interval). The recognition of the expression is
done by decoding the state that the high-level HMM is in
at each point in time since the state represents the displayed
emotion. To get a more stable recognition, output of the
classifier will actualy be a smoothed version of the state sequence, i.e., the high-level HMM will have to stay in a particular state for a long enough time in order for the output
to be the emotion related to that state.
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Higher-Level HMM


Compute the transition probability
of
the high-level HMM using the frequency of transiting
from each of the six emotion classes to the neutral state
in the training sequences and from the neutral state to
the other emotion states. For notation, the neutral state
is numbered  , and the other states are numbered as in
the previous section. It should be noted that the transition probablities from one emotion state to another that
is not neutral are set to zero.

Happy
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The steps followed during the testing phase are very similar to the ones followed during training. The face tracking sequence is fed into the lower-level HMMs and a decoded state sequence is obtained using the Viterbi
algo-
is fed
rithm. The decoded lower-level state sequence
into the higher-level HMM and the observation probablities
are computed using Eq.(4). Note that in this way of computing the probability, it is assumed that the state sequences of
the lower-level HMMs are indepedent given the true labeling of the sequence. This assumption is reasonable since the
HMMs are trained independently and on different training
sequences. In addition, without this assumption, the size of

will be enormous, since it will have to account for all possible combinations of states of the six lower-level HMMs,
and it would require a huge amount of training data.
Using the Viterbi algorithm again for the high-level
HMM, a most likely state sequence is produced. The state
that the HMM was in at time a corresponds to the expressed
emotion in the video sequence at time a . To make the classification result robust to undesired fast changes, a smoothing of the state sequence is done by not changing the actual
classification result if the
the HMM didj not stay in a particj
ular state for more then times, where can vary between
1 and 15 samples (assuming a 30-Hz sampling rate). The
j
introduction of the smoothing factor will cause j a delay in
the decision of the system, but of no more than sample
times.
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The training procedure of the system is as follows:


Train the emotion-specific HMMs using a hand segmented sequence as described in the previous section.


Feed all six HMMs with the continuous (labeled) facial
expression sequence. Each expression sequence contains several instances of each facial expression with
neutral instances separating the emotions.


Obtain the state sequence of each HMM to form the
six-dimensional observation vector of the higher-level
HMM,

v
- 

wZ, 

, 

xy

 

i.e.,
,...,
, where is the state of the
ith emotion-specific HMM. The decoding of the state
sequence is done using the Vitterbi algorithm [14].


Set the initial probablity of the high-level HMM to be
1 for the neutral state and 0 for all other states. This
forces the model to always start at the neutral state and
assumes that a person will display a neutral expression
in the beginning of any video sequence. This assumption is made just for simplicity of the testing.

Learn the probability observation matrix for each state
of the high-level HMM using
4
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5 Experiments

the data this way is the impracticality of it and the ethical issue of hidden recording. In the following experiments, both
approaches (emotion-specific HMM, and multilevel HMM)
are tested using the database. In all of the tests, a leaveone-out cross validation is used to obtain the probability of
error.

The testing of the algorithms described in previous sections is performed on a database of people that are instructed to display facial expressions corresponding to the
six types of emotions. This database is the same as the
one tested in [2]. The data collection method is described
in detail in [2]. However, the classification done in [2]
was based on a frame-to-frame basis; whereas, in this work,
the classification is based on an entire sequence of one displayed emotion. All the tests of the algorithms are performed on a set of five people, each one displaying six sequences of each one of the six emotions, and always coming
back to a neutral state between each emotion sequence. The
video was used as the input to the face tracking algorithm.
We used a face tracking algorithm developed by Tao [17].
The tracking algorithm uses a 3D Bezier volume model for
face tracking and outputs the values of 12 action unit like
measurements corresponding to the motion of various regions on the face for each frame. This AU’s are used as
the input to the HMM architecture. The sampling rate was
30 Hz, and a typical emotion sequence is about 70 samples
long (2̃ s). Figure 4 shows one frame of each emotion for
three subjects. The data was collected in a open recording scenario, where the person is asked to display the expression corresponding to the emotion being induced. This
is of course not the ideal way of collecting emotion data.
The ideal way would be using a hidden recording, inducing
the emotion through events in the normal enviroment of the
subject, not in a studio. The main problem with collecting

6 Person-Dependent Tests
A person-dependent test is first tried. Since there are
six sequences of each facial expression for each person, for
each test one sequence of each emotion is left out, and the
rest are used as the training sequences. For the HMM-based
models, several states were tried (3-12) and both the ergodic
and left-to-right with return were tested. The results presented below are of the best configuration (an ergodic model
using 11 states). Table 1 shows the recognition rate for each
person for the two classifiers, and the total recognition rate
averaged over the five people. Notice that the fifth person
has the worst recognition rate. person.
The fact that subject 5 was poorly classified can be attributed to the inaccurate tracking result and lack of sufficient variability in displaying the emotions. It can be seen
that the multilevel HMM does not significantly decrease
the recognition rate (and improves it in some cases), even
though the input is unsegmented continuous video, in contrast to the emotion-specific HMM which needs the segmented emotion sequences. Analysis of the confusion between different emotions (described in details in [4]) shows
that happiness and surprise are well recognized for both
5
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Subject
1
2
3
4
5
Total

Single HMM
82.86%
91.43%
80.56%
83.33%
54.29%
78.49%

Multilevel HMM
80%
85.71%
80.56%
88.89%
77.14%
82.46%

Recognition rate

Single HMM
55%

Multilevel HMM
58%

the training of the system. This conclusion cannot be made
strongly since the database is small. A study of a larger
database of subjects can confirm or dispute this conclusion,
and there are suggestions in the literature on the validity of
this conclusion.

8 Discussion

classifiers, with happiness achieving near 100%, and surprise approximately 90%. The other more ‘subtle’ emotions
are confused with each other more frequently, with sadness
being the most confused emotion. Although the emotions
usually do not confuse with happiness, in some instances
surprise was confused with happiness due to the fact that
the subject smiled while displaying the surprise, something
that does happen in real life when the surprise is a good one.
These results suggest the use of a different labeling of the
emotional states to scales of positive and negative and intensity of the emotions. This 2D representation of the emotions
has been described by Lang [10].

In this work a new method for emotion recognition
from video sequences of facial expression were explored.
Emotion-specific HMM, relied on segmentation of a contiuous video into sequences of emotions (or neutral state).
However, multilevel HMM, performed automatic segmentation and recognition from a continuous signal. The experiments on a database of five people showed that the recognition rates for a person-dependent test are very high using
both methods. The recognition rates drop dramatically for a
person-independent test. This implied that a larger database
is needed for the training, and possibly the subjects should
be classified according to some catergories, such as ethnic
background and gender. The tests also showed that some
emotions are greatly confused as against others (anger, disgust, sadness and fear), while happiness and surprise are
usually classified well. This implies the use of a different
set of classes to get more robust classification. The classes
can be positive, negative, surprise and neutral. This scale
clusters the emotions into four categories, and can improve
the recognition rate dramatically.
One of the main drawbacks in all of the works done on
emotion recognition from facial expression videos is the
lack of a benchmark database to test different algorithms.
This work relied on a database collected by Chen [2], but it
is difficult to compare the results to other works using different databases. The recently constructed database by Kanade
et al [9] will be a useful tool for testing these algorithms.
A useful extension of this work would be to build a real
time system comprised of a fast and accurate face tracking
algorithm combined with the multilevel HMM structure. By
giving this feedback to the computer, a better interaction can
be achieved. This can be used in many ways. For example,
it can help in education by helping children learn effectively
with computers.
Recognizing the emotion from just the facial expressions
is probably not accurate enough. For a computer to truly
understand the emotional state of a human, other measurements probably have to be made. Voice and gestures are

7 Person-Independent Tests
In the previous section it was seen that a good recognition rate was achieved when the training sequences were
taken from the same subject as the test sequences. The main
challenge is to see if this can be generalized to a personindependent recognition. For this test all of the sequences
of one subject are used as the test sequences, and the sequences of the remaining four subjects are used as training
sequences. This test is repeated five times, each time leaving a different person out (leave one out cross validation).
Table 2 shows the recognition rate of the test for the two
algorithms. The results indicate that in this case, the multilevel HMM gave better results than the one layered HMM,
and both gave results much higher then pure chance. In
general the recognition rate is much lower than the persondependent case (58% at best, compared to 88%). The first
reason for this drop is the fact that the subjects are very different from each other (three females, two males, and different ethnic backgrounds); hence, they display their emotion differently. In fact, the recognition rate of subject 3, an
asian woman, was the lowest in this case (36% for multilevel HMM). Although it appears to contradict the universitality of the facial expressions as studied by Ekman and
Friesen [6], it shows that for practical automatic emotion
recognition, consideration of gender and race play a role in
6

widely believed to play an important role as well [2, 5],
and physiological states such as heart beat and skin conductivity are being suggested [1]. People also use context as
an indicator of the emotional state of a person. This work
is just another step on the way toward achieving the goal of
building more effective computers that can serve us better.
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