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Abstract
In this paper, a Mandarin speech based emotion classification method is presented. Five basic
human emotions including anger, boredom, happiness, neutral and sadness are investigated. The
features we extracted include 16 LPC coefficients and 20 MFCC components and the recognizer
presented in this paper is based on two statistical pattern recognition techniques, the
minimum-distance method and the nearest class mean method. For minimum-distance emotion
recognition, an average accuracy of 78.3% is obtained. For the nearest class mean emotion

recognition, higher accuracy of 82.8% is achieved.
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Speech is the most basic and main communication tool in human-to-human interaction. Emotion
can make it’s meaning more complex and the listeners can react differently according to what
kind of emotion the speaker transmit, e.g., consoling a sad one with soft words.

From the signal processing point of view, speech signal includes the linguistic
information, speaker’s tone and emotion. There are several applications for automatic machine
recognition of the type of emotion expressed in a given speech. For example, it may be desirable
to include information of emotions to other party in conventional video teleconferencing and
web-based teaching for added effects. In distance teaching, if a student does not understand what
the teacher is saying, it may be detected from expression of emotions on his face and in his

speech. These responses may have a direct and immediate influence on the teacher who would in

1



CEARG RS E T d AR RS
LRk L ks R SEARL Lo EL- 9 Ly

turn try to explain the topic again. The emotion-based feedback is especially important in

communicating with young children.

Foze

— ~ Background

‘Emotion in speech’ is a topic that has received much attention during the last few years, in the
context of speech synthesis as well as in automatic speech recognition (ASR). Speech is the most
convenient means of communication between people. In this section, we will describe the
background knowledge about emotion recognition in Mandarin speech and review several

emotion recognition systems.
(— ) Emotions

What are emotions? Emotions can be considered as communications (messages) to oneself and
others [1]. They consist of behaviors (e.g., hiding), physiologic changes (e.g., tachycardia) and
subjective experience (e.g., “I’'m scared”) as evoked by thoughts or external events, particularly
events that one perceives as important.

Emotions are traditionally classified into two main categories: primary (basic) and
secondary (derived) emotions [2, 3]. Primary or basic emotions, including fear, anger, joy,
sadness and disgust, are generally those, which are experienced by all social mammals and have
particular manifestations associated with them. Secondary or derived emotions, such as pride,
gratitude, sorrow, tenderness, irony and surprise, are variations or combinations of primary ones,

and may be unique to humans.
(= ) Expression of Emotions

There is a large literature on the signs that indicate emotion. Figure 1 shows the different ways to
express emotions. The vocal cue is one of the fundamental expressions of emotions, on a par with
facial expression. Primates, dolphins, dogs and all the mammals have emotions and can convey
them by vocal cues. Humans can express their feelings by crying, laughing, shouting and also by
more subtle characteristics of the speech. Besides, emotions can also be expressed by somatic
correlates, including heart rate, skin resistivity, temperature, pupillary diameter and muscle
activity. They have been widely used to identify emotion-related states, for instance in lie
detection. Finally, the face is our emotional signaling system, too. In contrast to speech, emotion
recognition through face analysis counts with a good deal of information. Most of the information
about facial expression can be extracted from the position of the eyebrows and positions of the

corners of the mouth.
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Figure 1: Different channels in the communication of human emotions

(= ) Emotion Recognition Review

The first studies that were conducted [4] were not so much trying to get an efficient machine
recognition device, but rather were searching for general qualitative acoustic correlates of
emotion in speech. The use of acoustic prosodic cues in order to classify angry vs. neutral
speaking style is described in [5]. Twenty speakers were asked to produce 50 neutral and 50 angry
utterances and multi-layer perceptrons were trained with these data. Results reach around 90% of
accuracy in the simplified tasks of distinguishing emotional from non-emotional utterances.

Valery A. Petrushin [6] performed an experimental study on vocal emotions and the
development of a computer agent for emotion recognition. The study dealt with a corpus of 700
short utterances expressing five emotions: Aappiness, anger, sadness, fear and normal
(unemotional) state, which were portrayed by thirty subjects. Some statistics of the pitch, the first
and second formants, energy and the speaking rate were selected and several types of recognizers
were created and compared. The best results were obtained using the ensembles of neural
network recognizers. The total recognition accuracy is about 70%.

In [7] the elicited speech data came from different passages selected because they were
effective at evoking specific emotion — fear, anger, happiness, sadness and neutrality. 40
volunteers were recorded. A battery of 32 potentially relevant features, derived from contours
tracing the movement of intensity and pitch, were extracted. Two different classifiers were tried
and results showed that, for this particular case, discriminant analysis outperformed the neural
networks. Using 90% of the data for training, and testing with the remaining 10%, a classification
rate of 55% was achieved.

Noam Amir [8] uses a corpus that has been studied extensively, property of Universidad
Politécnica of Madrid — Departamento of Ingenieria Electrénica — Group of Technology of Habla,

and verifies it through subjective listening tests. The overall recognition is approximately 70%.
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~ ~ Emotion Recognition in Mandarin Speech

Figure 2 shows the block diagram of the proposed system. The input speech is partitioned into
frames of 256 samples and a frame is overlapped with the next frame by 128 samples. Then the
speech frame is high-pass filtered to emphasize the important higher frequency components. The
next step is to window each individual frame as to minimize the signal discontinuities at the
beginning and end of each frame. The Hamming window is used. Each windowed speech frame
is then converted into some type of parametric representation for further analysis and recognition.
Finally, the input speech is recognized by statistical pattern classification methods.

Many researches integrated several different techniques in emotion recognition in speech

Filtering Statistical s
hmple > Partionin and ey g on [ Fattern SR
P & Windowing Classification

Figure 2: Block Diagram of the Proposed System

to improve performance of emotional speech recognizer. According to the results of emotion
recognition research that has been done today, the aspect of features that is most suitable for
emotion recognition in speech is still in research stage. A possible approach is to apply various
different and known feature extraction methods to investigate how far we can go by using only
these information.

There are two kinds of features used in the proposed system. They are MFCC (Mel
Frequency Cepstrum Coefficients) and LPC coefficients as they convey information of short time
portions that describe the power of speech signal and are used successfully in many automatic
speech recognition (ASR) systems. The LPC coefficients can be calculated by either
autocorrelation method or covariance method [9] and the order of linear prediction used is 16.

The MFCC is a widely used form of cepstrum in automatic speech recognition system as
they convey information of short time energy migration in frequency domain. We expect that
these information can help to determine the emotional content of the Mandarin speech. The
procedure to obtain MFCC features is shown in Fig. 3. After frame partitioning, high-pass
filtering and windowing described previously, the next step is the Fast Fourier Transform, which
converts each frame of 256 samples from the time domain into the frequency domain. Then, a set
of 20 Mel scaled filter banks which has frequency span between 200 Hz to 4k Hz is applied to the
FFT power spectrum. In the final step, we convert the log mel spectrum back to time domain to
obtain the MFCC coefficients.
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Figure 3: Block Diagram of the MFCCs Extraction

The final step in Fig. 2 is the classification. The classifier uses the features extracted from
the feature extraction step to assign the input speech sample to one of the five emotion classes:
anger, boredom, happiness, sadness and neutral. There are two statistical pattern classification
methods we used in this research.

The nearest class mean classification is a simple classification method that assigns an
unknown sample to a class according to the distance between the sample and each class’s mean.

The class mean, or centroid, is calculated as follows:

m; =~ i X,
=
()

where x;;1s the jth sample from class Z. An unknown sample with feature vector x is classified as
class 7if it is closer to the mean vector of class 7than to any other class’s mean vector. Rather than
calculate the distance between the unknown sample and the mean of every classes, the
minimum-distance classification estimates the distance between the unknown sample and each

training sample.
= ~ Experimental Results

The speech corpus used in the experiments was recorded from two Chinese female, in 8-bit PCM
with a sampling frequency of 8k Hz. To provide reference data for automatic classification
experiments, only those data that had complete agreement between two other taggers were chosen
for the experiments reported in this paper. Finally, we obtained 415 utterances with 76 angry, 88
bored, 75 happy, 89 neutral, and 87 sad utterances.

The Mandarin emotion recognition system was implemented using “MATLAB” software
run under a desktop PC platform. The correct recognition rate was evaluated using leave-one-out
(LOO) cross-validation which is a method to estimate the predictive accuracy of the classifier.
The experimental results showed that the correct recognition rate is 78.3% in the minimum
distance classification and reaches 82.8% in the nearest class mean classification. All these results

are presented in Table 1 and Table 2.
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Table 1: Experimental results (with minimum-distance method)
Anger Boredom Happiness Neutral Sadness Correct Recognition Rate (%)
Anger 57 5 5 3 6 75.1
Boredom 3 72 3 8 2 81.8
Happiness 6 4 56 5 4 74.6
Neutral 4 10 2 69 4 77.5
Sadness 4 3 4 5 71 81.6
Table 2: Experimental results (with nearest class mean method)
Anger Boredom Happiness Neutral Sadness Correct Recognition Rate (%)
Anger 53 5 8 6 4 69.7
Boredom 1 69 7 8 3 78.4
Happiness 1 2 67 5 0 89.3
Neutral 1 5 2 77 4 86.5
Sadness 1 3 2 3 78 89.6

We express our emotions in three main ways: the words that we use, facial expression and
intonation of the voice. Whereas research about automated recognition of emotions in facial
expressions is now very rich, research dealing with the speech modality, both for automated
production and recognition by machines, has only been active for very few years and is almost for
English.

In this paper, we proposed a Mandarin emotion recognition system. Sixteen LPC and
twenty MFCC coefficients are selected as the feature to identify the emotional state of the
speaker. Five basic emotions of anger, boredom, happiness, neutral and sadness are classified
using two common statistical pattern classification methods, the minimum-distance method and
the nearest class mean method. For minimum-distance emotion recognition, an average accuracy
of 78.3% is obtained. For the nearest class mean emotion recognition, higher accuracy of 82.8%

is achieved.
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