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Abstract: In recent years, research on automatic emotion recognition is growing
dramatically due to the development of techniques in computer vision, speech analysis and
machine learning. However, humans have a natural ability to recognize the emotion through
speech information but the same task of emotion recognition for machines using speech
signal is difficult since machines do not have sufficient integellence to analyze emotion from
speech. The objective of automatic emotion detection is to extract, characterize and
p
recognize the information of speaker‘s emotions. Feature extraction is the first step for
speaker recognition. Many algorithms are suggested/developed by the researchers for
feature extraction. In this report, the Mel Frequency Cepstrum Coefficient (MFCC) feature
has been used for designing an automatic emotion detection system. Here in this report
\
study is carried out using Gaussian mixture model classifier used for identification of
emotional of speaker’s as we are detecting the emotions in speech i.e whether the speech is
a anger, happiness, sad, surprise ,or neutral etc.
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INTRODUCTION
Emotion recognition through speech is an area which increasingly attracting attention within
the engineers in the field of pattern recognition and speech signal processing in recent years.
Automatic emotion recognition paid close attention in identifying emotional state of speaker
from voice signal. Emotions play an extremely important role in human life. It is important
medium of expressing humans perspective and his or hers mental state to others. Recognition
of emotions in speech is a complex task that is further more complicated because there is no
unambiguous answer to what the “correct” emotion is for a given speech sample.
Machine can detect what is said by using speaker identification and speech recognition
techniques but if we implied emotion recognition system through speech then machine can
also detect how it said as emotions plays an important role in rational actions of human being
there is a desirable requirement for intelligent machine human interfaces for better human
machine communication and decision making. Emotion recognition through speech means
detection of the emotional state of human through feature extracted from his or her voice
signal. Emotion recognition through Speech is particularly useful for applications in the field of
human machine interaction to make better human machine interface. Applications of the
emotion recognition system are lie detection in the psychiatric diagnosis, intelligent toys, in
aircraft cockpits, in call center’s and in the car board system. In the field of emotion recognition
through speech several system are proposed for recognizing emotional state of human being
from speakers voice or speech signal. On the basis of some universal emotions which includes
anger, happiness, sadness, surprise, neutral, disgust, fearful, stressed etc. for this different
intelligent systems have been developed by researchers in last two decades. This different
system also differs by different features extracted and the classifier’s used for classification.
For the purpose of feature extraction, spectral analysis algorithm such as Mel-frequency
Cepstral Coefficients, MFCCs will be used. The extraction and selection of the best parametric
representation of acoustic signals is an important task in the design of any speech recognition
system as it significantly affects the recognition performance. A compact representation would
be provided by a set of mel-frequency cepstrum coefficients (MFCC), which are the results of a
cosine transform of the real logarithm of the short-term energy spectrum expressed on a melfrequency scale. The MFCCs are proved more efficient. Therefore, here we are using MFCC for
spectral feature extraction.
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Fig 1.Emotion recognition system
I. Voice Recognition Algorithim
A voice analysis is done after taking an input through microphone from a user. The design of
the system involves manipulation of the input audio signal. At different levels different
operations are performed on the input signal such as Pre-emphasis, Framing, Windowing, Mel
Cepstrum analysis and Recognition (Matching) of the spoken word.
The voice algorithms consist of two distinguished
phases. The first one is training sessions, whilst, the
second one is referred to as operation session or testing phase as described in figure 2
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Voice Recognition
Algorithim

Testing Phase

Training Phase
Each speaker has to
provide a sample of
their voice so that
refrence template
model can be built.

To ensure the input
test voice is match with
stored reference model
and recognition
decision are made

Fig 2. Phases of recognition system
II. Database of Emotion Codebooks
Like any other recognition systems, emotion recognition systems also involve two phases
namely, training and testing. Training is the process of familiarizing the system with the
emotions characteristics of the speakers. Testing is the actual recognition task. The block
diagram of training phase is shown in Fig2. Feature vectors representing the emotion
characteristics of the speaker are extracted from the training utterances and are used for
building the reference models. During testing, similar feature vectors are extracted from the
test utterance, and the degree of their match with the reference is obtained using some
matching technique. The level of match is used to arrive at the decision.
III. Feature Extraction
This feature extraction can be implemented in many ways, but a very common, is to use Melbased Cepstral Coefficients. Mel Frequency Cepstral Coefficients (MFCC) is the most widely
used spectral representation of the speech signal in many applications, such as speech
recognition and speaker recognition. These are based on an (fast) Fourier transform, followed
by a non-linear warp of the frequency axis, the logarithm of the power spectrum, and the
evaluation of the first N coefficients of this log warped power spectrum in terms of cosine basis
functions.
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Feature Extraction Using MFCC
MFCC is based on the human peripheral auditory system. The human perception of the
frequency contents of sounds for speech signals does not follow a linear scale. Thus for each
tone with an actual frequency t measured in Hz, a subjective pitch is measured on a scale called
the ‘Mel Scale’ .The Mel frequency scale is a linear frequency spacing below 1000 Hz and
logarithmic spacing above 1kHz.As a reference point, the pitch of a 1 kHz tone, 40 dB above the
perceptual hearing threshold, is defined as 1000 Mels.
F hertz converted to mels as:

Fig 3. MFCC block diagram
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Step 1: Pre-emphasis
This step processes the passing of signal through a filter which emphasizes higher frequencies.
This process will increase the energy of signal at higher frequency. Speech signal sent to a high
pass filter
x̕(n)= x(n)-a*x(n-1)………………1
x̕(n) is the output of the input signal
a is the pre-emphasized parameter value is in between 0.9 and 1.
Step 2: Framing
The process of segmenting the speech samples obtained from analog to digital conversion
(ADC) into a small frame with the length within the range of 20 to 40 msec. The voice signal is
divided into frames of N samples. Adjacent frames are being separated by M (M<N). Typical
values used are M = 100 and N= 256.

Step 3: Hamming windowing
Here the speech signal s(n) is multiplied by a window w(n) which yeilds a set of speech samples
x(n). By shifting w(n) we can examine any part of s(n) through movable window.
So Hamming window is used as window shape by considering the next block in feature
extraction processing chain and integrates all the closest frequency lines. The Hamming window
equation is given as:
If the window is defined as W (n), 0 ≤ n ≤ N-1 where :-N = number of samples in each frame
Y[n] = Output signal ,X (n) = input signal
W (n) = Hamming window, then the result of windowing signal is
..2
439

Available Online at www.ijpret.com

Research Article
Impact Factor: 0.621
Apurva Taley, IJPRET, 2014; Volume 2 (9): 434-445

ISSN: 2319-507X
IJPRET

-

..............................................................3
Step 4: Fast Fourier Transform
To convert each frame of N samples from time domain into frequency domain. The Fourier
Transform is to convert the convolution of the glottal pulse U[n] and the vocal tract impulse
response H[n] in the time domain. This statement supports the equation below:

If X (w), H (w) and Y (w) are the Fourier Transform of X (t), H (t) and Y (t) respectively.
Step 5: Mel Filter Bank Processing
The frequencies range in FFT spectrum is very wide and voice signal does not follow the linear
scale. The bank of filters according to Mel scale as shown in figure 4 is then performed

Fig 4 Mel scale filter bank
This figure shows a set of triangular filters that are used to compute a weighted sum of filter
spectral components so that the output of the process approximates to a Mel scale. Each filter‘s
magnitude frequency response is triangular in shape and equal to unity at the centre frequency
and decrease linearly to zero at centre frequency oftwo adjacent filters [7, 8]. Then, each filter
output is the sum of it’s filtered spectral components. After that the following equation is used
to compute the Mel for given frequency f in HZ:

Step 6: Discrete Cosine Transform
This is the process to convert the log Mel spectrum into time domain using Discrete Cosine
Transform (DCT). The result of the conversion is called Mel Frequency Cepstrum Coefficient.
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The set of coefficient is called acoustic vectors. Therefore, each input utterance is transformed
into a sequence of acoustic vector
IV. Classification
The most important aspect of emotion recognition through speech is classification of an
emotion. The performance of the system is influenced by the accuracy of the classification, on
the basis of different features extracted from the emotional speech samples.
Each emotion is expressed by a codebook, and each codeword is represented as a vector in the
feature vector matrix. When we have an input feature vector, we calculate the likelihood
between the input and all the code words. Finally, the emotional label of the nearest codeword
becomes the classification result.
Gaussian Mixture Model (GMM)
A Gaussian Mixture Model (GMM) is a parametric probability density function represented as a
weighted sum of Gaussian component densities. GMMs are commonly used as a parametric
model of the probability distribution of continuous measurements or features in a biometric
system, such as vocal-tract related spectral features in a speaker recognition system. To
estimate GMM parameters there are two estimation techniques as Maximum likelihood
parameter estimation technique which is computed by using Expectation-Maximization (EM)
algorithm and other technique is Maximum A Posteriori (MAP) from a well trained prior model.
In this work Gaussian mixture model(GMM) is adopted to represent the distribution of
features. Under the assumption that feature vector sequence X={x1,x2,.....,xn} is an
independent identical distribution (i.i.d) sequence, the estimated distribution of the Ddimensional feature vector x is a weighted sum of M component
A GMM is a weighted sum of M component densities and is given by the form

Where x is a dimensional random vector,
bi(x), i = 1,. . ., N, is the component densities and
ci, i = 1,. . .,N, is the mixture weights.
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Gaussian function of the form

with mean vector µi and covariance matrix ∑ i
The mixture weights satisfy the constraint that:

The complete Gaussian mixture model is parameterized by the mean vectors, covariance
matrices and mixture weights from all component densities. These parameters are collectively
represented by the notation: λ={ci, µi, ∑i}
For a sequence of T test vectors X = x1, x2. . . xn, the standard approach is to calculate the
GMM likelihood in the
log domain as:

Given a collection of training feature vectors, maximum likelihood model parameters will be
estimated using an iterative expectation–maximization (EM) algorithm. The
EM algorithm iteratively refines the GMM parameters to monotonically increase the likelihood
of the estimated model for the observed feature vector.
The EM equations for training a GMM can be found in the reference papers .After parameter
estimation, we will determine which category the test emotional speech belongs to. By
computing the likelihood of all emotional speech models and finding the model which has a
maximum likelihood value, we can categorize the test sample of speech. The likelihood of
speaker λ is
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where T is the number of frames and xt is the feature vector from the t -th frame The
probability of t x given the speaker model λ is:

denote the weight, the covariance matrix and the mean vector of the i –th Gaussian of the
speaker model λ respectively.
Now for a sequence of T test vector X=x1,x2,.....xn the standard approach to calculate GMM
likelihood in log domain is:
( / )=∑

( / )

V. Result
While performing emotion recognition using Gaussian mixture model, first the database is sort
out according to the mode of classification. In this study for five modes for five different
emotional states features were extracted from the input waveform
Experimental results obtained using GMM
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VI. Conclusion
Automatic detection of emotions will be evaluated using standard Mel-frequency Cepstral
Coefficients, MFCCs. These acoustic features will be modeled by Gaussian mixture models
(GMMs). Survey indicates that using GMM is a feasible technique for emotion classification.
Also Gaussian modeling is among the best methods to distinguish emotional classes by the
following phonetic parameters: pitch, pitch range, average pitch, all measured across the entire
utterance. As a result of changes in shape of human vocal tract during generation of different
emotions, resonance frequencies of vocal tract, formants, also changes. Using this
phenomenon, we can extract voice features of each emotion and we can implement an
emotion detection system.
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