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Abstract

In this paper, we propose an emotion recognition method using the facial images and speech signals. Six basic emotions
including happiness, sadness, anger, surprise, fear and dislike are investigated. Facial expression recognition is performed by using
the multi-resolution analysis based on the discrete wavelet. Here, we obtain the feature vectors through the ICA(Independent
Component Analysis). On the other hand, the emotion recognition from the speech signal method has a structure of performing
the recognition algorithm independently for each wavelet subband and the final recognition is obtained from the multi-decision
making scheme. After merging the facial and speech emotion recognition results, we obtained better performance than previous
ones.
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1. Introduction

The popularity of computers has rapidly increased due to
the progress of information technologies. Accordingly, the
researches on human and computer interface are gaining more
interest. Human being usually recognizes others emotional
state based on the language, voice, gesture, sight, etc.

Related to this, various researches on facial emotion
recognition have been performed. These studied are usually
based on the optical flow analysis[1], PCA (principal
component analysis)[2], LFA(local feature analysis)[3],
LDA(linear discriminant analysis)[4], and ICA(independent
component analysis)[5][6] method.

On the other hand, Fukuda[7] attempted the classification of
6 basic emotions using tempo and energy of speech signal.
Moriyamal[8] studied a method of recognizing and synthesizing
emotional content in speech. Also, Silva[9] performed the
emotion recognition using the pitch and HMM (Hidden
Markov Model) of the English and Spanish speech signal.

Fig. 1. Six basic emotions (happiness, sadness, anger, surprise,
fear, dislike)

Manuscript received Feb. 22, 2005; revised Mar. 9, 2005.
This work was supported by grant No.(R01-2002-000-00315-
0) from the Basic Research Program of Korea Science &
Engineering Foundation.

Figure 1 shows the six basic emotions studied by Ekman
and Friesen[10]. It is noted that the six emotions are all
common even for different cultures. Hereafter, we deal with
an emotion recognition for the six emotions using facial
images and speech signals.

Facial expression recognition is performed by using the
multi-resolution analysis based on the discrete wavelet. And
then, the feature vectors are extracted by using the
ICA(Independent Component Analysis) method.

On the other hand, the emotion recognition from speech
signal method has a structure performing of the recognition
algorithm independently for each wavelet subband and then
the final recognition is obtained from the muitiple
decision-making scheme. Here, the matching values of each
emotion state in speech signals and in facial images are
merged using a fuzzy membership function, so called ZMF
(Z-Membership function).

Fig. 2. Traing images for twenty persons (Happiness)

Figure 2 shows 640x480 facial images containing 6 basic
emotions for 20 people (10 males, 10 females). We use 180
female images among 720 facial images(6 images per emotion
for 20 people) to construct a code book. And then we used
the remaining images as checking set.
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The speech signal is acquired from an emotional sentence.
This speech signal contains six basic emotions for 20 people
(10 males, 10 females). We use female 120 speech signals
among 360 speech signals (3 speech signals per emotion for
20 people) to construct a code book. And then we used the
remaining speech signals as checking set.

This paper is organized as follows. Section 2 and Section 3
explain the emotion recognition method from facial image and
speech signal, respectively. Section 4 describes our proposed
fusion scheme and emotion recognition experiments. Finally
we make some concluding remarks in Section 6.

2. Emotion Recognition From Facial
Expression

Fourier analysis expands signals or functions in terms of
sinusoids (or, equivalently, complex exponentials) which has
proven to be an extremely valuable in mathematics, science,
and engineering, especially for periodic, time-invariant, or
stationary phenomena. On the other hand, wavelet is a "small
wave", which has its energy concentrated in time to give a tool
for the analysis of transient, nonstationary, or time-varying
phenomena. It still has the oscillation wavelike characteristic but
also has the ability to allow simultaneous time and frequency
analysis. This is illustrated in Figure 3 with sinusoid over
—oo<t<oo and, therefore, having infinite energy and with the
wavelet having its finite energy concentrated around a point[11].

WY

(b) Daubechies' wavelet
Fig. 3. sine wave and wavelet

(a) A sine wave

Using the wavelet transform, facial image can be
decomposed into several subband frequency images. Figure 4.
shows an example of a decomposed image into third level.
Sub-images LL3, HL3, LH3, and HH3 are third level wavelet
transformed results and correspond to LL, HL, LH, and HH
frequency bands, respectively.

Fig. 4. A separated image by four band applying wavelet
transform

After decomposing the facial images using the wavelet
transform, we first perform a dimensionality reduction by
applying PCA. We then search for the most discriminant
projection along eigenvectors by successively selecting the
independent components by using the ICA algorithm.

ICA is originally proposed to solve the blind source
separation problem of recovering independent source signals
after they are linearly mixed by an unknown matrix A.
Nothing is known about the sources or the mixing process
except that there are N different recorded mixtures. The task
is to recover a version, Y, of the original sources, S, identical
save for scaling and permutation, by finding a square matrix,
W, specifying spatial filters that linearly invert the mixing
process, i.e. Y=WX which ensures stability of the learning
rule. Note that although a non-linear function is used in
determining W, once the algorithm converges and W is found,
the decomposition is a linear transformation, Y=WX. Figure 5
shows the Block diagram for ICA algorithm[12].

Observation /
vector : X
Source vectof Output vector :
S y
Unknown environment /

Fig. 5. Block diagram for ICA algorithm

Figure 6 shows the flowchart of independent component
analysis after principal component analysis and Figure 7
shows the linear combination of feature vectors and there
icafaces

Fig. 7 Linear combination of feature vector and icafaces

In this paper, we applied the discrete wavelet transform
three times for the training images of 640x480 and acquired
the decomposed images of 40x30 from third band. These
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images use the information of LL band. “"hereafter, we apply
the PCA method for the LL4. Here, we use 140 eigenfaces
for male and 120 eigenfaces for female. After applying the
PCA, we use ICA method to get the icafaces. Here, we use
20 icafaces shown in Figure 8.

Fig. 8. icafaces obtained by ICA

We apply the ICA for the image data set. Here we also get
the best recognition rate at LL3 band which are 94.44% and
96.11% for male and female, respectively.

3. Emotion Recognition from Speech Signal

We adopt the multiresolution analysis of wavelet packet for
a speech signal. From this, we obtain a ciscrete approximation
axd a detail signal at a particular resolution. The detailed
signal corresponds to the coefficients generated from high-pass
filter convolution of h(n) and the approximation signal
correspond to the coefficients generated from high-pass filter
convolution of g(n). The resulting convolution coefficients are
subsampled or decimated, the output signals subband-4 and
subband-3 are decreased by a factor of four as compared with
original signal.

As you can see in Figure 9, output signals are generated
through the structure of wavelet packets. For example, output
signals subband-2 and subband-1 imply high-frequency signal
and low-frequency each in lower frequency band.

AXERNNRREXNKITRY,

* Subband-4 &

enunznnnsxennna®

RNIXNNNIRXMNZE @Y,

2 — Subband-3 §

XRE%NRRTENYEE RIS

RNRARNNRRRREEZXY,
»

% Subband-2 7

Bexsxunxzznunzal

AEXKANNSENMNNZIERE

2 =% subband-1 £

kExzumxxsxxenzs’

Fig 9. Structure of wavelet packet

The speech signal is divided equally into frequency bands
through the wavelet packet. The input signal is analyzed by
adopting Daubechies basis function of a mother wavelet. The
detection of speech utterances in the presence of background
noise is the first step of a speech processing. The efficiency
of endpoint detection affects the performance of the entire
recognition system. For the detection of the endpoints, several
algorithms have been used. Among these algorithms, we use
both short-time energy and zero crossing rate.

After detecting the speech segment, we devide the whole
frequency band into several subbands. And then speech
features from each subband are extracted. These speech
features may be MFCC, LPCC or other features[8]. We also
use the 13 dimentional MFCC of each subband as feature
vector.

First, codebook is constructed by the K-means algorithm.
Here, we make two codebooks for male and female
respectively to improve the recognition rate. The size of
codebook is very important factor. Increasing of codebook size
improves recognition rate but it makes worse influence on the
recognition time or required memory. Thus, we take the size
of codebook as 384x13 per a subband.

The overall recognition process is shown in Figure 10. For
an input speech signal, the start and end points are detected
and then we apply the wavelet transform for the detected
segments to extract the feature vectors. The obtained feature
vectors are compared with the codebooks to compute the
matching scores. Using these matching scores, we apply the
multiple band decision-making scheme shown in Figure 11 to
get a total score. Here, we compute the matching scores for
each codebook at each subband and then the matching scores
are summed at each emotioin, which will be the
matching score for the emotion. The final decision is made by
taking the maximum score.
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Fig 11. Multiple band decision-making method

We carry out various experiments to test the performance
of the methods. For establishing the database, we obtain six
emotional speech signals by pronouncing in Korean "¥ 2}
(So what?)". Here, we take the sampling frequency as
11.025kHz and use the Hamming window whose width is 10
ms with 5 ms overlapping. After dividing the original signal
by using the Hamming Window, we obtain 13 dimensional
Mel-Cepstrum calculation per each frame. In this manner, we
obtain a codebook whose size is 64 for each emotion.

We summarize the results of emotion recognition in Table
1. As you can see, Al band shows the best recognition results
for male and female. It is noticeable that the characteristic of
recognition rates for each band is different with sexuality.
This may reflect the fact that the frequency characteristics of
male and female voice is different. In case 1, we used three
subband A1,A2, and A3 for the multiple band decision
making scheme shown in Figure 11. On the other hand, we
used all subband for the multiple band decision making
scheme in case 2. We can find that the best recognition rate
of 93.3% is obtained in case 1 for male and also the best
recognition rate of 93.3% is obtained in case 2 for female. So,
we will reflect this results the further processing of the fusion
scheme.

Table 1. Emotion recognition rate for each subband

Band
Subject case 1 case 2
Al A2 A3 A4
male 89% | 78% | 711% | 57% 93.3% 85%
female 85% | 72% | 81% | 68% 86% 93.3%

4. Emotion Recognition Using the Facial
Image and Speech Signal

Various emotion recognition studies have been performed
by using facial expression or speech signal independently.
Recently, for obtaining high accuracy, it is interested in a
fusion model which consisted of two or more features such as
face, speech, etc. We also propose an emotion recognition
method using facial expressions and speech signal in this
paper. As mentioned before, the facial expression recognition
is performed by using the multi-resolution analysis based on

-using ICA method. On the other

the discrete wavelet. Here, the feature vectors are extracted by
hand, the emotion
recognition from speech signal method has a structure of
performing the recognition algorithm independently for each
wavelet subband and then the final recognition is obtained
from the multi-decision making scheme.

Let us consider the emotion recognition scheme based on
the facial images and speech signals. We make the codebooks
such as describing in Section 2 and Section 3. Figure 12
shows the structure of codebooks.
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Fig 12. Process of making codebook for ten speakers

First, we classify the subject into male or female by the
pitch of a speech signal. Then, the membership degree for
each emotion is calculated by comparing the features in the
input speech and reference features in codebook as described
in Section 3. In this manner, the membership degree for face
images is also calculated. Membership degree for each
emotion can be expressed between number of 0 and 1 using
ZMF(Z-Membership Function) where critical value arte
determined as 0.2 and 0.8 through various experiments[13].

Speech Fedire
Extraction

Facial Fere
Extrattion

Fig. 13. Multimodal recognition method

Final emotional state can be decided by selecting the
maximum membership value or adding two membership values.
We take the method of selecting the maximum value. The final
emotion recognition results are shown in Table 2 and Table 3
for male and female, respectively. The final recognition rates
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arz 97.7%(176/180) for male and 98.3%(177/180) for female,
which show better results than previous ones. We find that the
emotion of surprise makes most errors in male and the emotion
of anger makes most errors in female. These show that the
way of emotional expressions are different between male and
female and also female usually express their emotion more
explicitly in our case.

Table 2. Final recognition rate for male

happiness | sadness | anger |surprise| fear | dislike
happiness 30 0 0 0 0 0
sadness 0 30 0 0
anger 0 1 29 0
surprise 0 0 1 29 0
fear 0 0 0 2 28 0
dislike 0 0 0 30
Table 3. Final recognition rate for female
happiness|sadness | anger |surprise| fear |dislike
happiness 28 0 1 0 1
sadness 0 30 0 0 0
anger 0 0 30 0 0
surprise 0 0 29 0 1
fear 0 0 30 0
dislike 0 0 0 30
5. Conclusions
In this paper, we deal with a multimodal emotion

recognition method using facial expressions and speech signal.
Six basic human emotions including happiness, sadness, anger,
surprise, fear and dislike are investigated. Facial expression
recognition is performed by using the multi-resolution analysis
based on the discrete wavelet. Then, the feature vectors are
extracted by using ICA. On the other hand, the emotion
recognition from speech signal method has a structure of
performing the recognition algorithm independently for each
wavelet subband and then the final recognition are obtained
from the multi-decision making scheme. Finally we obtained
better performance results than previous ones after merging
the facial and speech emotion recognition methods by using
the proposed scheme.
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