International Journal of Engineering Research & Technology (1JERT)
ISSN: 2278-0181

Vol. 4 Issue 04, April-2015

FPGA Implementation of Sequential Minimal
Optimization for MFCC-SVM Based Speech
Recognition

Prabha.S
M. Tech VLSI Design
School of Electronics Engineering (SENSE)
VIT University,

Abstract: Support vector machines(SVM) are one of the very
efficient supervised machine learning algorithms.Many
training algorithms are used to train SVM.This paper
presents FPGA implementation of Sequential Minimal
Optimization, which is a widely used algorithm for
optimization of SVM .In order to obtain better featuresa
comparison of performance of svm based on acoustic features
extracted from algorithms such as FFT,MFCC,VAD has been
done.The feature extraction and classificationis done using
MATLAB.SMO algorithm is verified using Modelsim and is
implemented in Altium Nanoboard NB3000XN.
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l. INTRODUCTION

Speech is a complex process without clearly distinguished
parts.The sounds or phones might vary based on phone
context,speaker and style of speech.Hence speech
recognition system consists of two basic operations: signal
modeling and pattern recognition[1].Signal modeling helps
in converting given speech into set of parameter values and
Pattern matching helps in matching the parameters to the
parameter set in the memory. Feature extraction is a very
important process involved in signal modeling.Acoustic
features such as energy,power,centroid etc are extracted
from the input speech.These features help in differentiating
between speech and non-speech signal. Speech recognition
system consists of two main blocks as shown in Fig.1.1t
consists of Feature extraction block to extract acoustic
features and a classifier to segregate speech and non-speech
features. Based on the input considered for speech
recognition,the speech recognition analysis can be
classified into spectral and temporal.Speech recognition
can also be based on two approaches: pattern recognition
approach and acoustic phonetic approach [2].The spectral
analysis involves Bank of filter method[3],Linear
Predictive Coding(LPC),Cepstral analysis,Mel Frequency
Cepstral Coefficients(MFCC).These methods are the most
commonly used front end signal processing for speech
recognition.In bank of filter approach,the signal is passed
through a bank of overlapping band pass filters .In linear
Predictive coding,the spectral envelope of speech is
represented in compressed form[4].LPC estimates the
formants,removes their effects and estimates intensity of
the rest of the signal. In cepstral analysis[5],the cepstrum is
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obtained as a result of taking inverse Fourier transform of
logarithm of the speech spectrum. The power cepstrum is
very useful in speech recognition. Mel Frequency Cepstral
Coefficients (MFCC) is widely used in automatic speech
and speaker recognition MFCC,the speech is broken into
smaller frames and DFT is computed for the same.The
output of DFT is used to find log filter bank energies in
which discrete cosine transform is applied to obtain mel
cepstrum.The temporal analysis[6] involves methods such
as power estimation, fundamental frequency estimation,
Cepstrum based pitch determination, whichinvolves
analysis of speech waveform directly.

INPUT SPEECH RECOGNIZED
FEATURE EXTRACTION CLASSIFIER OUTPUT

Fig 1.Basic Blocks involved in speech recognition

Hidden Markov Models are widely used for speech
recognition.It was developed by L.E.Baum et al [7].1t is
probability based model and can be easily related to the
simple urn problem.In HMM the states are not visible,but
the output is visible.S.Igbal et al[8] have suggested a voice
recognition based secure ATM using MFC-HMM along
with k-means algorithm. I. Patel et al[9] have suggested a
sub band technique to obtain frequency spectral
information for MFCC-HMM based speech
recognition.Young-kyu Choi et al[10] have analyzed the
memory pattern of speech recognizer based on HMM.
Aravind et al[11] and J.P.Sendra et al [12],have shown the
application of SVM in  speech  recognition.
PhanDinhDuy[13] et al have implemented a speech
recognizer based on a FFT controller using FPGA. Cheng-
Yuan Chang et al [14] have suggested a speech recognition
chip based on FFT. The application of MFCC for speech
identification is explained by Haojun Wu[15].S.Verma et
al[16] have implemented MFCC-DTW based recognizer
for numeric. Chadawan Ittichaichareon et al[17] have
suggested a MFCC-maximum likelihood(ML) -SVM
based speech recognizer.

The rest of the paper is structured as follows. Section
Il describes feature extraction techniques and the steps
involved in it. Section Il describes SVM in detail. Section
IV elaborates SMO algorithm.Section V involves the
experimental results.
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I. FEATURE EXTRACTION

In the speech recognition system, the features given as
input plays a very important role. The input given to the
classifier should be distinct enough such that better
classification results are obtained.Three different types of
features  were  selected as  input to  the
classifier.i.e.FFT,MFCC,VAD-MFCC and the
classification performance was analyzed to find which is
the better acoustic feature.

A. Fast Fourier Transform(FFT)

Fast Fourier Transform[18] is a fast implementation of
Discrete Fourier Transform which is given as in (1)

N

X, (k) = Z ximhmye ™"

n=1
forl1<k <K (D)
Where k is the length of DFT.

Given N (real or complex) samples Xg,X3,..Xn.1, the FFT of
these are N complex numbers yo,Y1,Yz....yn1 @nd is given

by (2)

1 _q 2y .
Y = <o irsen X, forj=01,..N (2)
N 2

The results of FFT applied to speech and noise signal is
shown in Fig 2.
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2) Spectral Centroid:Spectral centroid C; of the i-th frame
is defined as Centre of gravity of its spectrum.lts also the
measure of spectral position with high values
corresponding to “brighter” sounds and is computed using
the formula in (4)

_ TESOkH+)X (k)
Se = TRZiXi (k) “)

Where k= 1,...N and X; is the DFT coefficient of the ith
frame.

3)Zero crossing rate:Zero crossing rate[21] is the measure
of the number of times the signal changes its sign and is
computed using the formula as in (5)

ZCR = 23N} |sgn(x[n]) — sgn(x[n — 1])|  (5)

With the help of these features,the threshold values for
voice can be detected in the given signal.The results of
VAD applied to voice and noise signal is shown in Fig. 3
and Fig. 4 respectively.

Fig. 3.Voice detected from the input signal after thresholding using three
features described in VAD.
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Fig. 2.FFT applied to speech and noise for a sample size of 5000.
B. Voice Activity Detection(VAD)

Voice activity detection [19] can be done with the help of
three important features such as short time energy, spectral
centroid and zero crossing rate, which distinguishes voice
from noise.

1) Short time Energy:Short time energy[20] for each frame
is computed with the help of the formula given in (3) where
Xj(n),n=1,...N is the audio sample of the ith frame of length
N.

1 ay—
E =10 logy, (ﬁ N-d xz(n)) (3)
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Fig. 4.Voice activity detection applied to noise.
C. Mel Frequency Cepstral Coefficients (MFCC)

Mel frequency cepstral coefficients [22] have been widely
employed to obtain acoustic features in speech recognition
system. MFCC’s were originally suggested by Paul
Mermelstein[23][24] and Bridle and Brown where they
used a set of 19 cepstral coefficients. There are seven main

www.ijert.org 953

(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)



steps involved in MFCC as shown in Fig. 5. They are
described as follows

P.

MEL FILTER
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L
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Fig 5. Flow chart of steps involved in MFCC
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1) Pre emphasis:This is done in order to compensate for
rapid decaying of speech. The input signal is passed
through a digital filter which emphasizes signal with higher
frequencies.This is done using the formula in (6)

S’n =Sy —X S (6)
Where o is the pre-emphasis filter coefficient and is in the
range (0,1)

2) Framing:Framing helps in segmenting speech signal
into smaller frames such that the range of each frame
isbetween 20 to 40ms.Since audio signals vary
continuously shorter frames are considered.

3) Windowing:Windowingis done in order to minimize
disruptions at the start and end of the frame. Generally
hamming window (7) is used for this purpose.

0.54— 046cos(i 2)  for osNsL—1
Otherwise

w(n) = )
4) Fast Fourier Transform- one side:After applying
window to the framed signals,fastfourier transform of the
signal is done. FFT converts a signal into magnitudes and
phases of various sine and cosine frequencies making up
the signal.After using FFT,N/2 signals i.e.half of the FFT
output is considered as input for the next step.This is done
because the other half of the FFT signal is a mirror image
of the first half.

5) Melfilter bank:Mels[25] are computed from min to max
value by using the formula in (8)

Mel2Hz = 700 + expii{-"— — 700) 8)
The Mels are converted back to hertz by using (9)

Hz2mel = 1125 + logi{1 + 7=) )
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The cut off frequency which should be less than half the
sampling rate is computed using the formula in (10)

Hy, (k)
(0 for f(k) < fe(m — 1) and f(k) = fc(m + 1)
f(k) — fem —1)
%fc(m) — fe(m—1) for fe(m = 1) < f(k) < fe(m)

~ ) FlO) - fetm+ 1)
{fc(m) — fetmty)

for fc(m —1) < f(k) < fc(m)

Wheref.(m) : center frequency,
f(k): frequency of the k™ sample.

Thus the uniformly spaced triangular filters on mel scale
between lower and upper frequency limits is applied to
magnitude spectrum obtained with the help of FFT in order
to produce filter bank energies which is computed using
(12).

=log X-y st (11)

Where s, is the magnitude of nth speech signal and N is
total number of input samples.

6) Discrete Cosine Transform(DCT):Discrete cosine
Transform is applied with the help of the formula as in (12)

M-1

dct(e[m]) = e[m]cos
n=0

foro<ns<M (12)

Where e[m] is the output energy of the m™ filter, M is the
number of triangular filters and N is number of cepstral
coefficients.This DCT is applied to log of filter bank
energies obtained in the previous step.

7) Liftering:Filter operating in cepstrum domain is called

liftering. Sinusoidal liftering[26] is applied using the
formula in (13)

L .
= [1 + Esm%] Cn (13)
where L is the lifter parameter.
The coefficients obtained after the DCT step and Liftering

is shown in Fig. 6.The difference between the coefficients
of voice and noise signal can be observed in the figure.
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Fig 6.12*20 Coefficients obtained for 6 words after Liftering and DCT.

8) Delta:The delta coefficients obtained using (14) is also
known as differential coefficients and delta-delta
coefficients are known as acceleration coefficients.The
differential and acceleration coefficients help in getting
additional information about the speech i.e. it helps in
tracking the variations of MFCC over time.

N —
d, = —anlznégwnn;f*") (14) Similarly delta-
n=1
delta coefficients can also be calculated by replacing static
coefficients by delta coefficients. Thus MFCC gives M*N
coefficients where M is number of cepstral coefficients and
N is number of triangular filters applied.

1. SUPPORT VECTOR MACHINES (SVM)

Machine learning[27] focuses on prediction based on
known properties. In machine learning at first a model is
built where the inputs are defined. Based on this model, the
machine is trained and the predictions/ decisions are done.
Machine learning can be widely classified into three
categories: supervised learning, unsupervised learning and
semi-supervised learning.Support vector machine(SVM)is
an example of supervised learning where the learning
algorithms are used to analyze data and recognize patterns.
It was originally suggested by V.Vapnik[28].SVMs can be
classified into linear svm and nonlinear svm based on the
input kernel .When a set of data is given and is to be
separated by a single feature, then the hyper plane to be
defined is one-dimensional(point) and when the data is to
be separated based on 2 features then the hyper plane
defined is two-dimensional (line).SVM classifies the data
without modeling a probability distribution. A linear kernel
in SVM can be classified by good well defined
hyperplanes.A two dimensional hyperplane is shown in
Fig.7.The hyper plane can be defined as in (15).
w.x—b=1
w.x—b= -1 (15)

Where the training data is given as in (16)
n
D= {(X,y)|X; €R",y; € {-1,1}} _, (16)
The distance between the two hyper planes is called the

margin and the closest to the hyper planes are the support
vectors.Thus the area of interest here is to find maximum
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margin hyper plane which divides the data having y;= 1
from the data containing y;=-1.

W, x>+b>0

W,x+b<0 | w

Fig. 7. Two dimensional hyper plane[29]
Hence the optimization problem can be defined as in (17)

max, p(a) =
1
Lya - EZ?I=1 ZJI'V=1 YViYj k(xz' xj) a;a; (17)

Which is subject to
N
Z yix,=0, 0<oc;<C,andi=1..n
i=1

Where x; is the training sample ,y denotes the label i.e.+1
or -1,C is the cost parameter and o<, represents lagrange
multiplier. This Quadratic Programming problem is
addressed with the help of Optimization algorithms.

The optimization of svm can be done using Chunking
algorithm[30],0suna theorem[31],Decomposition
algorithm[32] and Sequential Minimal
Optimization(SMO)[33].In chunking algorithm all the zero
multipliers are discarded. The non-zero multipliers are
identified and all the examples which violate kkt conditions
are considered. In Osuna’s theorem the large quadratic
programming problem is broken down into smaller series
of problems. In Osuna’stheorem,the major drawback was
that,the algorithm suggests adding one example and
subtracting one example every step.In decomposition
algorithm,the strategy used is similar to the one used in
active set strategies where the optimization problem is
addressed as inequality constratints of simple bounds(Gill
et al[34]). SMO was suggested by Platt and the main
advantage of this algorithm is that the optimization
problem can be solved analytically. Its a special derivative
of Osuna’s theorem and is similar to Perceptron learning
algorithm which finds a linear separator by adjusting
weights on misclassified examples.
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V. OPTIMIZATION ALGORITHMS

A. Sequential Minimal Optimization(SMO)

SMO addresses the QP problem using Osuna’s theorem.
The smallest and possible optimization problem is solved
at every step. It overcomes the disadvantage of high
computational load of other optimization algorithms and is
considered to be the best optimization algorithm for
SVM.In SMO two Lagrange multipliers are considered at
once. The first Lagrange multiplier is used for outer loop
and the second lagrange multiplier is used to maximize the
size of the step taken during joint optimization.The flow
chart for SMO is given in Fig.8.
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Fig. 8. Flow chart of SMO algorithm

Three conditions are to be satisfied by these Lagrange
multipliers which is considered as KKT condition as given
in (18)
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«=C =>R, <0 (18)
Where Ri =Y * Ei

Here linear kernel is considered which is represented as k;;
= x*x;".The second derivative of the objective function
,neta is described as in (19)

neta = Zkl] - kii - kU (19)
The lagrange multiplier is computed as in (20)

new _ ~old Yj (EJ?ld - Eigld )
oG = o7 e —— (20)
Where the error is computed as Ei= u; — ;.

The constrained maximum is clipped to the unconstrained
maximum by using (21).

new ,clipped __ new . new
x; = o, if L<o™V<H  (21)
P new
L Jif o< L
new __ ~-old old new ,clipped
oM = o7+ 1y (0 — o ) (22)

B.Decomposition Strategy in SVM"9™

SVM" [35] suggested by T.Joachims is used for
application of SVM to large domains. It overcomes the
disadvantage of other algorithms where long training time
is required if the input given is very large.This is
accomplished by successive “shrinking” where two
strategies are followed i.e. one alpha is always considered
to be in upper bound and less support vectors are
considered. The optimization of SVM"9" is nothing but the
decomposition strategy involved in Osuna et al. In this
algorithm, in each iteration alpha is divided into two
categories: set of free variables that are updated in current
iteration and set of fixed variables that are temporarily
fixed at current value.And when the optimality condition is
violated,a set of g variables are considered as free variables
and is solved for QP problem.The strategies involved in
choosing the working set is different in both SMO and
SVM"M I1n SVM"M steepest feasible descent approach is
used whereas in SMO heuristic approach is used.SMO
accelerates speed of computation for linear SVMs whereas
caching concept is used in SVM"9™,

V. EXPERIMENTAL RESULTS

A. Feature Extraction

Performance of two optimization algorithms i.e.SMO of
svm and decomposition strategy SVM"" are compared. At
first 26 alphabets were recorded by 5 different people i.e. 4
male and 1 female voice.In the recorded sample, FFT of
3000 samples (which was the highest for a letter) per word
was taken as input to svm. Since this added a lot of non-
speech area to the given signal, the input sample size was
considered as 1500 samples per letter. Thus from a single
recording 26*1500 samples were considered as input to
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svm after applying FFT to these alphabets.The results are
tabulated in Table 1.

TABLE 1.COMPARISON OF CLASSIFICATION RESULTS OF FFT
FOR 26 ALPHABET UTTERANCES OF 5 DIFFERENT VOICES

INPUT SUCCESS RATE OF CLASSIFICATION
SMO(%) SVM™M(05)

ALPHABETS 90.384 92.31

FFT (3000)

ALPHABETS 94.2308 98.08

FFT (1500)

In order to obtain better features an analysis on number of
cepstral coefficients to be taken was done.Six command
words i.e.Start, Stop, Right, Left, Forward and Backward
were recorded by 4 people(2 male and 2 female
voice).Different set of coefficients were given as input to
svm.A set of 39*N coefficients where N is the number of
triangular filters were given by concatenating cepstral
coefficients and energy along with their delta and delta-
delta derivatives. Similarly a set of 36*N(cepstral
coefficients along with first and second derivative)
,13*N(cepstral coefficient along with energy coefficient)
was considered as input to svm and the corresponding
results were compared and tabulated in Table 2 and Table
3.Similarly the VAD was applied to the input signal and
the silent part was removed in the input speech.

TABLE 2.CLASSIFICATION RESULTS OF 4 DIFFERENT INPUT
SAMPLE SIZES FOR 6 WORDS (‘START’,*STOP’
,’RIGHT’,’LEFT’,’FORWARD’,’BACKWARD’) OF 4 DIFFERENT
VOICES.THE SPEECH WAS COMPARED AGAINST NON-SPEECH

INPUT SUCCESS RATE OF CLASSIFICATION
SMO(%) SVM"M(94)

MFCC 36*120 92.778 86.66

MFCC 39*120 93.889 88.89

MFCC 12*120 90.553 83.33

MFCC 13*120 88.889 66.67

TABLE 3.CLASSIFICATION RESULTS OF 4 DIFFERENT INPUT
SAMPLE SIZES FOR 6 WORDS (‘START’,*STOP’
,’RIGHT’,’LEFT’,’FORWARD’,’BACKWARD’) OF 4 DIFFERENT
VOICES.THE SPEECH WAS COMPARED AGAINST LOUD NOISE

INPUT SUCCESS RATE OF CLASSIFICATION
SMO(%) SVM"9M(94)

MFCC 7222 57.14

36*120

MFCC 77.77 61.11

39*120

MFCC 66.11 44.44

12*120

MFCC 64.44 61.11

13*120

The comparison of efficiency of the proposed method and
already existing algorithm is tabulated in Table .5.MFCC
was computed to this data after removing the silent part
and was given to the svm.
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TABLE 4.CLASSIFICATION RESULTS OF VAD-MFCC

SMO (%) SVM™(95)
VAD_MFCC 975 87.5
TABLE 5.COMPARISON OF EFFICIENCY
SMO (%)
VAD_MFCC 97,5
[36] 95

The flow chart of algorithm for better speech recognition is
shown in Fig. 9.

Fig. 9.Algorithm for better speech recognition
B.Hardware Implementation of SMO

SMO algorithm can be divided into three main
modules[37]. The first module is where the parameters are
initialized and kkt condition is verified. In the second
module the lagrange multipliers are computed and updated
and in the third module the svm parameters are
updated.The state machine involved in SMO algorithm is
shown in Fig.10 where N1 goes high when interrupt signal
is not generated in pre-process step.N3 is set high if all «
satisfy kkt conditions and if not N2 is set high and the loop
is not terminated.
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Fig. 10.State machine of SMO algorithm
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As given in the [37] the VLSI architecture of SMO was
considered breaking the whole algorithm into three
modules. The Verilog modules were done with the help of
Modelsim.Considering the pseudocode of SMO,RTL
design was done using Verilog in Modelsim and this code
was dumped into the Altium Nanoboard NB3000XN using
Altium designer tool.14.3.The error signals R1 and R2
were found to vary when conditions such as different
values for the labels, infeasible range of L and H were
observed.These variation in the error signals were studied
using the LEDs in the Altium NanoBoard. The number of
resources used in the design is tabulated in Table 6. and the
output of the algorithm is shown in Fig . 11.
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Fig 11.Verilog output for SMO algorithm

TABLE 6.RESOURCE UTILISATION OF ALTIUM NANOBOARD
3000 XN.

FPGA RESOURCES Number used Maximum | Used
available rate
4-INPUT LUT 198 22528 1%
BUFGMUXs 1 24 4%
1/0 PINS 30 502 5%
MUTLT 32 32 100%
SLICE FLIP FLOPS 227 22528 1%
SLICES WITH RELATED | 199 199 100%
LOGIC
SLICES WITH UNRELATED | 0 199 0%
LOGIC
SLICES 199 11264 1%
TOTAL 4-INPUT LUT 237 22528 1%
VI. CONCLUSION

This project involved two phases. The first phase involved
choosing better features for speech recognition and the
second phase was to implement SMO in FPGA. A wide
comparison of sample size of input signal along with
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alphabets were better when 1500 sample size per word was
used after applying FFT to the input,when decomposition
strategy of SVM"9"™ was used for optimization.With respect
to words,better classification results were obtained in
general for SMO optimization especially when the input
sample size was 39*120.The algorithm suggested (VAD-
MFCC-SVM) yielded better results compared to previous
speech recognition algorithms.Since SMO optimization
yielded better results,Verilog implementation of this
algorithm was done and the same was tested using
FPGA.This analysis helped in understanding better
algorithms for speech recognition along with a deeper
understanding of optimization algorithms involved in
support vector machines.
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