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In this paper we study the various methods
employed to recognize discrete speech.We de-
sign a recognition system which is capable
of recognizing spoken language. The soft-
ware takes spoken language and translates it
into written text, or follow the spoken in-
structions to perform other functions. Here,
we propose an unexampled method to recog-
nize speech.We provide a basic connectionist
framework to analyze speech wave.The spo-
ken words are digitized(turned into sequence
of numbers) and matched against pretrained
samples in order to identify the words. The
system is trained, requiring samples of ac-
tual words that will be spoken by the user of
the system. The sample words are digitized,
stored in the computer to match against fu-
ture words. We propose a novel combination
of extracting the characterestics of the au-
dio signal using linear predictive coding and
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a computational approach of using artificial
neural networks in indentifying the correct
sample. The analog audio is converted into
digital signals. This requires analog-to-digital
conversion. Linear Predictive Coding is a cor-
relation measure, a measure of similarity be-
tween two signals, and is used in the analysis
of speech in our implementation. As speech
recognition involves the ability to match a
voice pattern against a provided or acquired
vocabulary, a neural net is constructed to
achieve maximum accuracy We show that this
method gives salutary results using experi-
mental observations. Then we provide condi-
tions under which the system gives optimum
results.

1 Introduction

Speech Recognition is the field of computer
science that deals with designing computer
systems that can recognize spoken words.
They generally require an extended training
session during which the computer system be-
comes accustomed to a particular voice and
accent. Such systems are said to be speaker
dependent. Many systems also require that
the speaker speak slowly and distinctly and
separate each word with a short pause. These
systems are called discrete speech systems.
Recently, great strides have been made in con-
tinuous speech systems — voice recognition
systems that allow you to speak naturally.
There are now several continuous-speech sys-



tems available for personal computers. Be-
cause of their limitations and high cost, voice
recognition systems have traditionally been
used only in a few specialized situations. For
example, such systems are useful in instances
when the user is unable to use a keyboard to
enter data because his or her hands are occu-
pied or disabled. Instead of typing commands,
the user can simply speak into a headset. In-
creasingly, however, as the cost decreases and
performance improves, speech recognition sys-
tems are entering the mainstream and are be-
ing used as an alternative to keyboards. It
appears that most computer users can create
and edit documents more quickly with a con-
ventional keyboard, despite the fact that most
people are able to speak considerably faster
than they can type. Using both keyboard
and speech recognition simultaneously, how-
ever, can in some cases be more efficient than
using any one of these inputs alone. Addition-
ally, heavy use of the speech organs results in
vocal loading. Also, the typical office envi-
ronment with a high amplitude of background
speechs are among the most adverse environ-
ment for current speech recognition technolo-
gies. For use with computers, analog audio
must be converted into digital signals. This
requires analog-to-digital conversion. For a
computer to decipher the signal, it must have
a digital database, or vocabulary, of words or
syllables, and a speedy means of comparing
this data with signals. The speech patterns
are stored on the hard drive and loaded into
memory when the program is run. A com-
parator checks these stored patterns against
the output of the A/D converter.

Speech recognition is composed of two parts:

1. Feature Extraction

2. Pattern Classification

In [7] and [8] we studied the speech analysis
with Fourier transforms. A modification
of Fourier transform is Discrete wavelet
transform as explained in [9]. However the
accuracy level is very low due to inadequate
feature extraction. In [10] and [11] we stud-
ied the Template Matching for pattern
recognition and Dynamic Warping method
which resulted in low exactitude. In this
paper we extend the analysis by using linear
predictive coding along with Artificial Neural
networks for efficient speech recognition.

2 Feature Extraction

Feature extraction involves information
retrieval from the audio signal. The funda-
mentals of speech analysis and information
retrieval are discussed in [1], [2], [3], [4] and

[5].

Fourier Transform:

In this paper we start the analysis using
Fourier transforms. Since frequency is one of
the important pieces of information necessary
to accurately recognize sound, it is necessary
to have a transformation that allows one to
break a signal into its frequency components.
The Fourier transform of a signal is the rep-
resentation of the frequency and amplitude
of that signal. Since the differential of a wave
signal is not continuous, we get phantom
frequencies. Common, everyday signals,
such as the signals from speech, are rarely
stationary. They will almost always have
frequency components that exist for only a
short period of time. Therefore, the Fourier
transform is rendered an invalid when faced
with the task of speech recognition.

Discrete Fourier Transform:
To overcome the above deficiency, discrete
Fourier transform is used. The Discrete



Fourier Transform is symmetric, so the first
half of the data is really all that is interest-
ing. Short time fourier transform was used.
A band pass filter is used to remove unwanted
frequencies. Fourier transforms and its appli-
cation in speech analysis is enumerated in [6],
[7] and [8].

Discrete Wavelet Transform:

9] uses wavelet transform for the analysis of
sound patterns. DW'T provides a compact
representation that shows the energy distri-
bution of the speech signal in time and fre-
quency. The Wavelet Transform was more
efficient than Short Time Fourier Transform
(STFT) because STEFT provided uniform time
resolution for all frequencies whereas the
DWT provided time resolution proportional
to the frequency.

2.1 Linear Predictive Coding

In this paper we propose to use LPC, which
is a modification of DFT. LPC analyzes the
speech signal by estimating the formants,
removing their effects from the speech signal,
and estimating the intensity and frequency of
the remaining buzz. The method employed
is a difference equation, which expresses
each sample of the signal as a linear com-
bination of previous samples. Such an
equation is called a linear predictor, which
is why this is called Linear Predictive Coding.

The basic assumption behind LPC is the cor-
relation between the n-th sample and the p
previous samples of the target signal. Namely,
the n-th signal sample is represented as a lin-
ear combination of the previous p samples,
plus a residual representing the prediction er-
ror:

z(n) = —arx(n—1)—asx(n—2)—...—a,x(n—
p) +e(n)

The equation is an autoregressive formulation
of the target signal.

The coefficients of the difference equation (the
prediction coefficients) characterize the for-
mants, so the LPC system needs to esti-
mate these coefficients. Minimizing the mean-
square error between the predicted signal and
the actual signal does the estimate.

It is more accurate! than DFT.
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Figure 1: LPC of Letter A’

3 Pattern Classification Meth-
ods

Once the feature has been extracted , the task
is to match the right pattern.

Template Matching:

Template matching is being used widely in
recognition systems ([10] and [11]). Template
Matching is one of the simplest methods to
measure similarity. Initial samples are taken
as reference (training sets). The test sample
is compared with each of the training sets and
the one with the best match is the one with
the least Euclidean distance.

!For continuous speech at 56kbps, it is bench-
marked to be 94% more accurate



Euclidean distance is given by:

E= 3 (o) 1)

t; is the i'* Ipc value of the training sample.
0; is the i"" Ipc value of the test sample.

Dynamic Time Warping:

Dynamic Warping Method because uses both
frequency and time domain characteristics
where as the previous method uses only
frequency domain characteristics. In this
method speech is divided into frames of 30
ms at every 15 ms intervals (allowing overlap).
The Ipc features of each frame are extracted.

A frame of the test sample is compared with
the corresponding frame in the training sam-
ple by applying Euclidean formula:

x;- it" Ipc value of the 2" frame of the test
sample.

yi- i Ipc value of the y* frame of the train-
ing sample.

The dynamic equation is given by:

c(x,y) = min(c(z—1,y),c(x,y—1),c(z—1,y—
1)) + ed(z,y)

Where ¢(z,y) measures the dissimilarity be-
tween the test sample (up to frame x) and
training sample (Upto frame y). The test
sample is compared with all the trained sam-
ples, and one with the least ¢(xz,y) gives the
best match.

Dynamic programming methods and its ap-
plication in word recognition are discussed in
[13] and [12] respectively.

3.1 Artificial Neural Networks

In this paper we extend the analysis to use
the concept of Neural networks([14],[15],[16])
A neural network is composed of a number of
interconnected units (artificial neurons).Each
unit has an input/output(I/O) characteristics
and implements a local computation or func-

tion. The output of any unit is determined by
the I/O characteristics, its interconnection to
other units and (possibly) the external inputs.
The applications of Neural Networks are enu-
merated in [18] and [19]
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Figure 2: An ’Artificial Neuron’
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A single neuron by itself is not a very use-
ful pattern recognition tool. The real power
of neural networks comes when we combine
neurons into the multilayer structures, called
neural networks.
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Figure 3: A ’Simple Neural Network’

The Neuron has:

Set of nodes that connect it to inputs, output,
or other neurons, also called synapses. A Lin-
ear Combiner, which is a function that takes



all inputs and produces a single value. A sim-
ple way of doing it is by adding together the
Input multiplied by the Synaptic Weight.

An Activation Function. It will take ANY in-
put from minus infinity to plus infinity and
squeeze it into the -1 to 1 or into 0 to 1 inter-
val.

Finally, the threshold defines the INTERNAL
ACTIVITY of a neuron, when there is no in-
put.In general, for the neuron to fire, the sum
should be greater than threshold. For sim-
plicity, threshold can be replaced with an FX-
TRA input, with weight that can change dur-
ing the learning process and the input fixed
and always equal (-1). The first layer is known
as the input layer, the middle layer is known
as hidden layer and the last layer is the O/P
layer.

3.2 Back Propagation

Neural networks are employed for machine
learning [17]. Back propagation is one of the
algorithms used for self-learning and recogni-
tion. The primary objective of this session is
to explain how to use the back propagation
training functions in the to train feed forward
neural networks to solve speaker dependent
speech recognition problems. There are gen-
erally four steps in the training process:

1. Assemble the training data
Create the network object

Train the network

- W N

Simulate the network response to new in-
puts

3.2.1 Feed forward Dynamics

When a BackProp network is cycled, the acti-
vations of the input units are propagated for-

ward to the output layer through the connect-
ing weights.

net; = > wja (2)

where a; is the input activation from unit i
and wj; is the weight connecting unit i to unit
j. However, instead of calculating a binary
output, the net input is added to the unit’s
bias and the resulting value is passed through
a sigmoid function:

1

F(netj) = W

(3)

The sigmoid function is sometimes called a
“squashing” function because it maps its in-
puts onto a fixed range.
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Figure 4: Sigmoid Activation Function

3.2.2 Gradient Descent

Gradient descent is an hill-descending algo-
rithm that approaches a minimum of a func-
tion by taking steps proportional to the gradi-
ent (or the approximate gradient) at the cur-
rent point.(Figure 5)
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Figure 5: Gradient Descent

3.2.3 Input & Output of the Neural
Network

The Ipc values of each of the training sets is
fed as input to the neural network. Each out-
put neuron represents a voice command or a
word.The target o/p is made 1 at the cor-
responding neuron. There are 15 inputs(lpc
values) and n outputs(corresponding to the
n words to be recognized).The training is it-
erated and the weights are adjusted for each
training sample.

3.2.4 The Backpropagation Training
Algorithm

The objective of the Backpropogation train-
ing algorithm is to minimize the error by ad-
justing the weights.

Initialization: Initial weights w; set to small
random values, learning rate n = 0.1
Repeat

1. For each training example ( x, y )

(a) Calculate the outputs using the sig-
moid function:

0j=o0(s;) =1/(1+¢ %),

55 = L w;;0;
O = U(Sk) = 1/(1 -+ 678’“),

Sk — Egl:owikOk
(b) Compute the benefit (5 at the nodes
k in the output layer:
B = or(1 — ok)[yk — ok]

(c) Compute the changes for weights
j — k on connections to nodes in
the output layer:

ijk = UﬁkOj

Awoy, = 150,

(d) Compute the benefit 8; for the hid-
den nodes j with the formula:

Bj = 0;(1 — 0j)[ZxBkw;i]

(e) Compute the changes for the
weights ¢ — j on connections to
nodes in the hidden layer:

Aw;j = npjo;
Awo; = np;

2. Update the weights by the computed
changes:
w=w+ Aw

until termination condition is satisfied.

3.2.5 Feeding Test Data

The test sample is fed to the Neural Net-
work.Using the trained weights the O/P is
calculated at each neuron of the output layer.
The word corresponding to the neuron that
gives the maximum O/P is the match re-
quired.



4 Testing, Results and Compar-
ision

The advantages of the LPC is its optimal
time-frequency resolution and dynamics prop-
erties, as well as the continuous time process-
ing. This indeed gives gives a more powerful
in compressing the spectral information into
a few filter coefficients. This is one impor-
tant reason why we have used LPC for au-
dio coding. As the number of training sam-
ples increase for a particular word or syllable,
the accuracy of pattern matching increases.
In previous methods used, such as euclidean
distance and dynamic warping method, the
accuracy is measurable variant of the num-
ber of training samples and there exists a
quadratic or cubic dependency on the num-
ber of training samples. This dependency is
quite low compared to our neural network ap-
proach. The accuracy increases almost expo-
nentially using neural nets. Neural networks
are an efficient, pervasive, and powerful means
of computation. The creation of neural net-
works was inspired by the study of the hu-
man brain. Indeed, many aspects of neural
networks attempt to emulate biological func-
tion, but neural networks do not accurately
model biology. Neural networks are pattern
classifiers. They do not store "knowledge” in
a memory bank. The information is distrib-
uted throughout the network and is stored
in the form of weighted connections. The
most valuable characteristics of neural net-
works are adaptability and tolerance to noisy
data. Thus, they are well suited for applica-
tions that involve classification of input (e.g.,
digital image, natural language, and speech
processing). Neural networks are not appro-
priate for problems that require precise, unary
answers, such as solving mathematical prob-
lems. With the combination of Ipc and ANN,
we have achieved an accuracy of 82%.

The accuracy is measured as :

accuracy = (no. of patterns recognized accu-
rately) / (no. of patterns fed)

A performance factor as mentioned before can
be defined as:

p = (accuracy) / (no. of training samples per

syllable)

We see that p is 1.2-1.4 times greater than the
conventional methods.

5 Conclusions and Future Work

In this paper we have studied artificial neural
networks as a framework for recognizing
words. We first considered the case where tem-
plate matching was used. For this case, we
show that the results are not accurate because
it does not capture the time domain charac-
teristics. Further,the next method- the dy-
namic method was deficient since it was dif-
ficult to choose the right window size as it
focuses more on time domain characteristics.
The neural network approach is quite gen-
eral and can be extended to continuous speech
to obtain high levels of pattern classifications
and recognition. We are hoping to extend this
idea from discrete words to continuous sen-
tences and achieve speaker independency.
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