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Abstract

This paper aims to investigate the ability of Neural Network (NN) models in recognizing speech emotions. Extensive simulation of NN
models such as the Radial Basis Function Network (RBFN), the Multilayer Perceptron (MLP), and the Probabilistic Neural Network
(PNN) has been carried out to determine the Speech Emotion Recognition (SER) Accuracy of emotional states such as anger, happiness,
sadness, and boredom. The utterances for these states are chosen from the standard Berlin (EMO-DB) database. The efficient Cepstral
domain vocal tract system features such as the Linear Predictive Cepstral Coefficients (LPCC), Mel Frequency Cepstral Coefficients
(MFCCs), the Perceptual Linear Prediction coefficients (PLP) are put to test for their emotional discriminating ability with the proposed
setup. These features are extracted at a frame-level and are clustered into their corresponding Vector Quantized (VQ) coefficients to get
rid of the redundant information before simulating the chosen classifiers. The NN based identification system models are experienced
with the desired level of SER accuracy as these classifiers remain effective for low-dimensional feature sets. An improved accuracy of
83% has been observed with the PNN using the LPCCVQ feature sets as compared to 82% with the RBFN and 78% with the MLP.
Amongst the derived feature sets, the LPCCVQ remains more reliable in characterizing the intended speech emotions while the PNN has

outperformed other NN classifiers in the classification category as revealed from our results.
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1. Introduction

Amongst many independent modalities of expressive emotions,
such as posture, gesture, speech and facial expressions, this piece
of work will address on spoken contents of the voice signal.
Speech happens to play a pivotal role, as it is the lone effective
channel of communication via the phone. These emotions contain
different spectral, prosodic and acoustic properties. The extraction
of relevant and discriminate features describing speech emotions
for effective characterization and classification remains a chal-
lenge to the community. A judicious selection of the most relevant
features by removing redundant data has been an area of focus
researchers are struggling with during the last few decades. At-
tributes to decrease in high dimensional data calculation in feature
extraction and selection methods employed remained vital for
classifier performance as of today.

It has been observed that the frequency analysis of a signal can
provide more emotional relevant information than the time domain
analysis. This is due to the fact that, the size, and shape of the
vocal tract and vocal folds which vibrate and resonates differently
based on the arousal states of an emotion. The spectral/Cepstral
contents have evidenced with a better emotional description as
compared to the prosodic representation as reported in many piec-
es of literature [1, 2]. Among many spectral techniques, the LP
based features such as the LPC, LPCC, MFCC, and PLP have
been widely acknowledged as standard and effective features in
the field of speech, and emotional analysis. However, these frame-
level features contain irrelevant data due to the presence of the
amplitude and energy information in a signal. Such data redun-

dancy can overload the classifiers with large storage space and
requires more time for modeling the desired emotions. It creates
space for a suitable feature selection algorithm for faster and effi-
cient recognition of the intended emotions. Over the years, many
feature selection algorithms such as the Principal Component
Analysis, Fisher Discriminant Ratio (FDR), Vector Quantization
(VQ), multi-class Linear Discriminant Analysis (LDA), Sequential
Forward Selection (SFS), statistical techniques, i-vector, Harmony
search, etc. have been explored by many researchers [1,3-5]. The
PCA components are unable to discriminate among classes, in
which case the LDA is a preferable choice as the latter can provide
both within the class and between class information by projecting
the training samples onto the fisher basis vectors. However, in
these techniques, the representing variables are the projected ones,
hence cannot be guaranteed in a true sense. On the contrary, the
non-linearity dependency, vector dimensionality, correlation, and
probability density function shape in clustering the features make
the VQ a more versatile technique. It has outperformed the con-
ventional PCA in clustering emotional data with better SER accu-
racy [6-9]. The technique is likely to approximate the human hear-
ing mechanism when applied in conjunction with spectral based
features for better emotional modeling. This has motivated the
authors to explore the application domain of VQ to modify the
vocal tract system features (LPCC, MFCC, and PLP) towards
enhanced SER accuracy. The modified features have been tested
and compared for classification accuracy with a few of the effi-
cient NN models.

The choice of NN classifiers is made based on evidences and their
advantages over the Gaussian Mixture Models or Hidden Markov
Models in a reduced feature space [10]. The classifiers have better
self-learning ability and regulating property in describing complex
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input/output relationship between emotional states [11]. Their
parallel structure suits speech analysis application as these signals
have frequencies occurring in parallel. The use of the VQ cluster-
ing algorithm helps to maintain the desired level of compatibility
with the NNs. The derived low-dimensional feature sets are likely
to take less time and storage space during training of the classifi-
ers. In the process, the effectiveness of three NNs such as the MLP,
RBFN, and the PNN is considered for the proposed analysis. As
compared to the MLP, the input to the hidden space is non-linearly
mapped in RBFN whereas it is linearly mapped in MLP. The use
of a table look-up interpolation scheme in a reduced feature space
makes the RBFN more versatile than the MLP. It is faster to train
the RBFN as the network does not back-propagate the error during
classification modeling, unlike MLP [12]. Among the discussed
classifiers, the PNN has better statistical properties, higher speed
of learning, and lower computation time than other NNs such as
the MLP or the RBFN [13]. The effectiveness of the PNN as a
pattern recognizing tool in the field of SER is attributed to the
following. First: the ability of the network to approach the Bays’
optimal solution makes it faster with better convergence. Second:
the absence of any local minima issues assists the network to gen-
erate the required predicted class accurately. Third: it is not neces-
sary to retrain the network when the size of the training data varies.
Fourth: the ominous presence of parallel structure in this network
makes them reluctant to outliers. Finally, the network remains
accurate and faster than other conventional machine learners in
pattern recognition application. Quick convergence, simple train-
ing, and ease of implementation have been three motivation fac-
tors for choosing this classifier in this work.

The organization of the paper is as follows: Section 2 elaborates
the feature modification algorithm proposed to simulate the cho-
sen classifiers. This section also briefly explains the chosen data-
base and classification schemes employed in this work. Section 3
analyzes the findings of this work. Section 4 concludes the work
with necessary future directions.

2. Materials and Methods:

The derived feature extraction algorithm, choice of an emotional
dataset and the classification models used to compare the SER
accuracy have been explained in this section.

2.1. The Key Feature Extraction Algorithm

To form the desired feature vectors, the signal ‘x(n)’ under con-
sideration is pre-processed, normalized and mean subtracted to
minimize the speaker and environmental variability. The frame
level features are extracted from each sampled signal using a
frame size of 30ms with 50% overlapping between frames. The
signal passes through a Hamming window before further pro-
cessing.

The LPCC uses a log scale that takes into consideration the human
hearing mechanism. The coefficients are thus more discriminating
and can provide better emotional relevant information than the
conventional LPCs. The LPCC coefficients can be derived from
the LP coefficients features using the relation
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wherep denotes the number of samples in a windowed frame
andr representsthe number of previous samples to be combined
linearly. The terms @; denote the LP coefficients. Out of each

frame, sixteen number of LPCC coefficients are retained for fur-
ther simulation as it can provide most of the perceptual emotional

relevant information. The feature matrix of an emotional class so
formed can be represented as
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Where U represents the number of utterances in an emotional

state, I is the number of frames per utterance, and E denotes the
number of emotional states. The LPCC feature set extracted this

way has a size of UF X 16. The VQ clustering algorithm is
then applied to the first coefficient of each frame individually to
obtain a single LPCC-VQ coefficient. Thus, a signal comprising

of F — number of first LPCC coefficient can be represented by a
single LPCCVQ coefficient and so on. This way an LPCC-VQ

feature vector of size 16 X 1 per utterance of an emotion is
formed from sixteen columns of the LPCC feature matrix using
equation (1). The size of the LPCC-VQ vector of an emotional

state with a U — number of utterances becomes 16U X 1 for
simulation of the classifier. The LPCC-VQ feature vector of an
emotional utterance can be represented as

Ly(w) = {Ly(1),Ly(2),...Ly(16)}u=12,.. U ©)

For the extraction of the MFCC coefficients, the windowed
spectrums of the signal xp(t) under consideration with the

fundamental frequency f is wrapped into a Mel frequency scale
using the relation

fu = 2595 logyo (- +1) @)
The resultant Mel-filter coefficients are fed to a logarithm block to
approximate the logarithmic human hearing mechanism. The log-
Mel coefficients are converted into the Discrete Cosine Transform
(DCT) coefficients to obtain the MFCCs finally. It is observed that
the higher order DCT parameters change very fast and tend to
degrade the performance of the recognizer. Hence, these
coefficients are dropped and only the first sixteen coefficients are
retained similar to LPCC technique. The VQ clustering algorithms
is then applied to the frame-level MFCCs similar to eqution (3).

To compute the PLP coefficients, a Bark frequency scale has been

used to wrap the windowed signal X (t)instead of a Mel-scale in
MFCC using the relation

fe(w) = 61n [12‘(,;]01r + [(12‘g0n)2 + 1]1/2] ()

Where W denotes the angular frequency of the windowed signal
under consideration. The PLP technique is capable of providing
the critical band spectral resolution and gives due importance to an
equal loudness level. The use of the intensity-loudness power law
algorithm makes it more versatile than the LPC technique in de-
scribing the emotions in a speech signal. Further, the coefficients
deemphasize higher order frequencies, unlike LPCs that considers
only higher frequencies. This makes the PLP features more corre-
lated for better emotional portrayal. The modified feature extrac-
tion method is shown in Fig. 1.
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Fig. 1: The Modified Feature Extraction Method
2.2. The Classification Method:

Three efficient NN classifiers such as the Multilayer Perceptron
(MLP), Radial Basis Function Network (RBFN) and the Probabil-
istic Neural Network (PNN) have been chosen for the proposed
work. The ability of these classifiers has been compared with the
derived low-dimensional feature sets for better SER accuracy. A
brief on the machine learning algorithms have been given below.
The MLP updates the weights and biases using the error back-
propagation algorithm during training and classification purpose.
The input feature vectors pass through the hidden layer to the
output and back-tracked to minimize the error between the input
and the target vectors. A negative gradient cost function (8) is
used to update the synaptic weights AW as per the relation

- _p%
AW = -~ (6)
whereg signifies the back propagation learning parameter.
Similar to the MLP, the RBFN has input, hidden, and the output
layers. However, in this case, the functiony;, (-) is formulated with
the Euclidean distance norm using the relation

Yr() = erf=1 yh”rm,h - Ch” (7

Where h = 1,2, ..., H are the number of hidden layers RBF units,
||e|lis the Euclidean distance measure, x,, denotes the input

feature vector, ¢, is the RBF centre, y;, is the RBFN activation
function, and 1 < m < M represents the training pattern index. A
Gaussian activation function has been used in this work as given

by
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whereay, represents the spread factor and r is the input pattern.
The PNN consists of the input, pattern, summation and the output
layers [14]. For a given input patternr;, ,,, @ Smoothing parameter
o is used to obtain the pattern layer output as given by.
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Where r is the input pattern with pattern vector dimensions. A
maximum likelihood of the chosen pattern ‘r’ is then computed by

the third layer (summation layer) neurons. The layer summarizes
and computes the average of all the neuron outputs corresponding
to a particular emotional class and classifies the pattern‘r’ as be-
longing to that class.
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whereF,, is the number of features in the designated emotional
class.

2.3. The Chosen Database:

For extraction of the derived feature sets and classification pur-
pose, the widely popular Berlin (EMO-DB) has been chosen [15].
The database comprises of fear, sadness, anger, boredom, disgust,
happiness, and neutral emotional states simulated by ten (five
male and five female) professional actors. A sampling frequency
of 48 kHz down-sampled to 16 kHz has been used to record the
emotional utterances and evaluated for their emotional relevance
by subjective judgments. From each emotional category, forty-
five numbers of utterances are chosen for the proposed analysis.
These emotions are anger, boredom, sadness and happiness. The
choice of the dataset is made on the basis that a number of authen-
ticated works in this field have been validated using this dataset
which can create a sound comparing platform.

3. Results and Discussion:

The classifiers are simulated with feature vectors of all emotions
fed as input and the feature vector of each emotion fed as output
for testing the recognition accuracy. The individual accuracy is
averaged out to obtain the overall accuracy of the emotional states.
For classification purpose, 70% of the input feature vectors is used
for training. For validation and testing the classifier 15% each of
the input feature vectors has been used. A comparison of recogni-
tion error among different emotional states with the derived fea-
ture sets has been made for the MLP classifier in Table 1. The
classifier has shown a lower error for the happy and angry states
as compared to the bore and sad states. Between the derived fea-
ture sets, the LPCCVQ has shown to outperform all other feature
extraction techniques as observed from this Table. The reason
being, the LPCC technique considers the acoustic properties of a
speech signal uniformly at all frequencies as compared to the
MFCCs or the PLPs that use either Mel or Bark scales in describ-
ing the signal contents. Arguably, the accuracy level using LPCCs
has been better as there is every possibility of emotional infor-
mation to be present uniformly across the entire frequency band.

Table 1: Comparison of Recognition Error with the Derived Feature Sets
using MLP Classifier

Feature Bore Angry Happy Sad Average
LPCCVQ 0.25 0.22 0.21 0.23 0.22
MFCCVQ 0.29 0.24 0.23 0.28 0.26
PLPVQ 0.33 0.28 0.25 0.30 0.29

Similar results have been obtained with the RBFN and the PNN
classifiers with the LPCCVQ feature sets. The classification error
with respect to different emotional states using the derived feature
sets has been shown in Table 2 for RBFN.

Table 2: Comparison of the Recognition Error with the Derived Feature
Sets using RBFN Classifier

Feature Bore Angry Happy Sad Average
LPCCVQ 0.17 0.21 0.14 0.22 0.18
MFCCVQ 0.21 0.24 0.22 0.25 0.23
PLPVQ 0.23 0.28 0.25 0.32 0.27
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Table 3 provides the classification error with respect to different
emotional states using the derived feature sets for the PNN classi-
fier.

Table 3: Comparison of the Recognition Error with the Derived
Feature using PNN Classifier

Feature Bore Angry Happy Sad Average
LPCCVQ 0.20 0.15 0.21 0.13 0.17
MFCCVQ 0.23 0.17 0.25 0.19 0.21
PLPVQ 0.25 0.21 0.27 0.23 0.23

Fig. 2 provides a graphical representation of training versus the
testing accuracy of the PNN classifier using the LPCCVQ feature
sets with the variation in smoothing parameter for the happy
emotional state. A highest average testing accuracy of 69.7% has
been observed by this state as observed from this Figure.
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Fig. 2: PNN Recognition Accuracy versus the Smoothing Parameter for
Sad Emotional State with LPCCVQ Feature sets

A comparison of classification accuracy has been made among the
chosen classifiers with the derived spectral feature sets and is
shown in Fig. 3. The PNN has shown to outperform the RBFN
and the MLP in providing better emotional models as observed
from this Table. The ability of the PNN classifier to approach the

Bayes’ optimal solution and absence of multi-parameter adjust-
ment makes the system faster and less complex with better SER
accuracy without any data over-fitting. Among the RBFN and the
MLP, the former has shown better recognition accuracy as our
results reveal. The possibility to use the table look-up interpola-
tion scheme has favored the RBFN classifier with better accuracy
as observed in this Figure.
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Fig. 3: Comparison of Recognition Accuracy with Different Classifiers
using the Derived Feature Sets

A comparative table is provided in Table 4 for the proposed meth-
od with that of state-of-art feature extraction and classification
algorithm applied in the field of SER.

Table 4: Comparison of the State-of-art Methods with the Proposed Method

Literature Baseline features Feature reduction Classifier Highest accuracy Database used No of
( dimension) emotions
Wenjinget. al., Prosodic, VQ ANN 71.7% Self-database
2009 [9] 12 MFCC, Statistical ANN 62.4%
12 AMFCC
Rao et. al., LPCC - GMM 64% EMO-DB
2013[16] MFCC 63%
Kaminska et. al., MFCC Statistical KNN 68.9% EMO-DB 7
2013 [17] PLP 61.8%
Wau et. al., 2011 MFCC SFFS, LDA SVM 76.5% EMO-DB
[5] PLP 71.2%
Yuanet. al., 2015 | Prosodic, MFCC WLDA (3), SVM WLDA: 88.78% UCI and CASIA 4
[18] PCA (161), LDA PCA: 80.40%
3) LDA: 79.63%
Quanet. al., 2017 Correlation, PCA+ SVM <80% (highest for 3 emotion) EMODB 3,4,6
[2] cepstral distance, grid search
MFCC,
prosodic
Proposed method | LPCCVQC VQ statistics MLP Highest with PNN (83%) EMO-DB 4
MFCCVQC RBFN 79%
PLPVQC PNN, DNN 76%

4. Conclusion:

The work aims to investigate the ability of three efficient NN clas-
sifiers in modeling speech emotions such as anger, sadness, bore-
dom and happiness. It modifies a few Cepstral domain features
using VQ coefficients to simulate the classifiers for better SER
accuracy. The LPCC features represented by their VQ coefficients
have provided most discriminating features as experienced from
our simulation. In the classification category, the PNN has outper-
formed other chosen NNs in recognizing the emotions considered

in this work. Application of other feature extraction and selection
techniques, combination mechanism and compatible classifiers
may lead to better SER accuracy and provide future perspective in
this direction.
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