Use of Different Features for Emotion
Recognition Using MLP Network

H.K. Palo, Mihir Narayana Mohanty and Mahesh Chandra

Abstract Emotion recognition of human being is one of the major challenges
in modern complicated world of political and criminal scenario. In this paper, an
attempt is taken to recognise two classes of speech emotions as high arousal like
angry and surprise and low arousal like sad and bore. Linear prediction coeffi-
cients (LPC), linear prediction cepstral coefficient (LPCC), Mel frequency ceps-
tral coefficient (MFCC) and perceptual linear prediction (PLP) features are used
for emotion recognition using multilayer perception (MLP).Various emotional
speech features are extracted from audio channel using above-mentioned features
to be used in training and testing. Two hundred utterances from ten subjects were
collected based on four emotion categories. One hundred and seventy-five and
twenty-five utterances have been considered for training and testing purpose.

Keywords Emotion recognition + MFCC + LPC + PLP - NN - MLP - Radial
basis function

1 Introduction

Emotion recognition is a current research field due to its wide range of applica-
tions and complex task. It is difficult and challenging to analyse the emotion from
speech. Emotion is a medium of expression of one’s perspective or his mental
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state to others. Some of the emotions include neutral, anger, surprise, fear, happi-
ness, boredom, disgust, and sadness and can be used as input for human—computer
interaction system for efficient recognition. Importance of automatically recognis-
ing emotions in human speech has grown with increasing role of spoken language
interfaces in this field to make it more efficient. It can also be used for vehicle
board system where information of mental state of the driver may be provided
to initiate his/her safety though image processing approaches [1]. In automatic
remote call centres, it is also used to timely detect customer’s emotion.

The most commonly used acoustic features in the literature are LPC features,
prosody features like pitch, intensity and speaking rate. Although it seems easy for
a human to detect the emotional classes of an audio signal, researchers have shown
average score of identifying different emotional classes such as neutral, surprise,
happiness, sadness and anger. Emotion recognition is one of the fundamental
aspects to build man—machine environment that provides theoretical and experi-
mental basis of the right choice of emotional signal for understanding and expres-
sion of emotion. Emotional expressions are continuous because the expression
varies smoothly as the expression is changed. The variability of expression can be
represented as amplitude, frequency and other parameters. But the emotional state
is important in communication between humans and has to be recognised properly.

The paper is organised as follows. Section 1 introduces the importance of this work;
Sect. 2 represents the related literature. The proposed method has been explained in
Sect. 3. Section 4 discusses the result, and finally Sect. 5 concludes the work.

2 Related Literature

The progress made in the field of emotion recognition from speech signal by vari-
ous researchers so far is briefed in this section. Voice detection using various sta-
tistical methods was described by the authors [2] in their paper. The concept of
negative, non-negative emotions from a call centre application was emphasised
using a combination of acoustic and language features [3]. A review on various
methods of emotion speech detection, features and resources available were elabo-
rately explained in the paper [4, 5]. A tutorial review on linear prediction in speech
was explored by the author [6] in his paper, and the algorithm behind the repre-
sentation of speech signal by LP analysis was suitably explained in [6, 7]. Spectral
features such as Mel frequency cepstral coefficient (MFCC) was explained com-
pletely in [8, 9]. The concept of linear prediction cepstral coefficient (LPCC) and
neural network classifier has been the main focus in this paper [10]. Perceptual
linear prediction features of speech signals with their superiority over LPC fea-
tures are suitably proved with experimental results and algorithms by the authors
in [11]. The idea about various conventional classifiers including neural network
can be found in the paper of authors [12], while speech emotion recognition by
using combinations of C5.0, neural network (NN), and support vector machines
(SVM) classification methods are emphasised in [13].



Use of Different Features for Emotion Recognition ... 9

3 Proposed Method for Recognition

Two of the major components of an emotional speech recognition system are fea-
ture extraction and classification.

3.1 Feature Extraction

Features represent the characteristics of a human vocal tract and hearing system.
As it is a complex system, efficient feature extraction is a challenging task in emo-
tion recognition system. Extracting suitable features is one of the main aspects of
the emotion recognition system. Linear prediction coefficients (LPCs) [6, 7] are
one of the most used features for both speech and emotional recognition. Basic
idea behind the LPC model is that given speech sample at time n, s(n) can be
approximated as a linear combination of the past p speech samples. A LP model
can be represented mathematically

)4
e(n) = s(n) = > _axs(n — k) (1)

k=1

The error signal e(n) is the difference between the input speech and the estimated
speech. The filter coefficients ay are called the LP (linear prediction) coefficients.
One of the most widely used prosodic features for speech emotion is MFCC [8,
9] which outperformed LPC in classification of speech and emotions due to use of
Mel frequency which is linear at low frequency and logarithmic at high frequency
to suit the human hearing system.
The Mel scale is represented by the following equation

_ S
Mel(f) = 2595 log; <1 + 700) )

where f is the frequency of the signal.

Linear prediction cepstral coefficients (LPCC) [10] use all the steps of LPC.
The LPC coefficients are converted into cepstral coefficients using the following
algorithm.

o (k—i
LPCC = LPC; + Y ( —— JLPCC; 4LPC; 3)
1
k=1

PLP [11] uses three concepts from the psychophysics of hearing to derive an esti-
mate of the auditory spectrum: (1) the critical-bands spectral resolution, (2) the
equal-loudness curve and (3) the intensity-loudness power law. The auditory
spectrum is then approximated by an autoregressive all-pole model. A fifth-order
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all-pole model is effective in suppressing speaker-dependent details of the auditory
spectrum. In comparison with conventional LP analysis, PLP analysis is more con-
sistent with human hearing.

The spectrum P(w) of the original emotional speech signal is wrapped along its
frequency axis w into the Bark frequency 2 by

“4)

w w 2 03
2(w) = 61 1
(@) =o6ln [120071 + [(120071) + }

where w is the angular frequency in rad/s.

3.2 Emotion Classification

In this paper, multilayer perception (MLP) [12, 13] classifier is used and the
results with different features are compared.

The structure of MLP for three layers is shown in Fig. 1. The three layers are
input layer, hidden layer and output layer. Let each layer has its own index vari-
able, ‘k’ for output nodes, ‘j’ for hidden nodes and ‘i’ for input nodes. The input
vector is propagated through a weight layer V. The output of jth hidden node is
given by,

esty

Hidden
Layer

Input
Layer

Fig. 1 Structure of MLP
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nj = ¢(q;(1)) (5)

where a;(1) = Z xi(vji + b; (6)

and a; is output of jth hidden node before activation. x; is the input value at ith
node, b; is the bias for jth hidden node, and ¢ is the activation function.

The output of the MLP network is determined by a set of output weights, W,
and is computed as

esti (1) = @(ax (1)) (7

ar(t) =Y ni(Owy + by @®
j

where 7 is the learning rate parameter of the back-propagation algorithm.
where esty is the final estimated output of kth output node. The learning algo-
rithm used in training the weights is back-propagation. In this algorithm, the cor-
rection to the synaptic weight is proportional to the negative gradient of the cost
function with respect to that synaptic weight and is given as
9§

AW = —ﬂ% (9)

where 7 is the learning rate parameter of the back-propagation algorithm.

4 Result and Discussion

The database has been prepared for four emotions for a group of 10 subjects for
a sentence ‘who is in the temple’. The emotions include boredom, angry, sad and
surprise. Database of children in the age group of six to thirteen were selected,
including four boys and six girls. Duration of database is 1.5-4 s. The database
was recorded using Nokia mobile and converted to wav file using format factory
software at 8 kHz sampling frequency with 8 bits. From the Figs. 2, 3, 4 and 5, it
was observed that high-arousal emotions like surprise and angry emotions have
higher magnitudes than low-arousal emotions, like sad and boredom. Surprise
emotions have highest magnitude, while bore emotions have lowest magnitude
among all emotions.

As shown in the Table 1. The classification rate of MLP using MFCC feature
vectors for the two classes of emotions was found to be highest (80 %) when all
the four emotions angry, surprise, sad and bore are taken together. The reorganisa-
tion accuracy increases when one of the low-arousal emotions is compared with
both the high-arousal emotions. Classification rate is lowest in case of LPC feature
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MLP Recognition of Bore, Angry, Sad and Surprise emotions using LPC
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Fig. 2 Recognition of Bore, Angry, Sad and Surprise emotions using LPC

MLP recognition of Bore, Angry,
Sad and surprise emotions using LPCC
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Fig. 3 Recognition of Bore, Angry, Sad and Surprise emotions using LPCC
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MLP recognition of Bore, Angry,
Sad and Surprise emotions using MFCC
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Fig. 4 Recognition of Bore, Angry, Sad and Surprise emotions using MFCC
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Fig. 5 Recognition of Bore, Angry, Sad and Surprise emotions using PLP
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Table 1 Classification results

Feature extraction Bore, angry, sad and | Bore, angry, surprise | Bore, sad, surprise
technique surprise (%) (%) (%)

MFCC 80 83.20 81.40

LPC 48.60 56.20 52.70

LPCC 54.50 65.20 62.50

PLP 70.00 74.30 71.80

vectors, whereas LPCC gives better classification than LPC since it takes into
account the cepstrum of the features. PLP features give better accuracy than both
LPC and LPCC but gave poor performance than MFCC.

The superiority of MFCC and PLP is on account of their consideration of both
linear and logarithmic scale of the voice range corresponding to the human hear-
ing mechanism, while LPC and LPCC feature purely assume linear scale for the
entire duration of speech.

5 Conclusion

It was observed that it is possible to distinguish the high-arousal speech emo-
tions against the low-arousal emotion from their spatial representation as shown in
Figs. 2, 3, 4 and 5. The range of magnitude of the feature coefficients can identify
the emotions effectively as shown in these figures with maximum and minimum
dispersions.
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