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Abstract
This study proposes limited vocabulary isolated word recognition system adopting the Hidden Markov Model to
statistically model the words in the dictionary. Feature extraction using Linear Predictive Analysis is carried over the
speech frame of 300 samples with 100 samples overlap at 8KHz sampling rate of the input speech. This is followed
by Vector Quantization (VQ) and Hidden Markov Modeling. Experimentally it is observed that recognition
accuracy is 100% for speaker independent & 92% for speaker dependent mode. Also the variation of recognition
rate with feature vector length and codebook length is studied. The database containing 10 numerals from zero-nine,
spoken by different speakers is used for training and testing.
Keywords: Linear Predictive Coding (LPC), Vector Quantization (VQ), Hidden Markov Model (HMM).

Introduction
Recognition means transcription, a sort of dictation
to a computer. All the speech recognizers include an

initial front end that converts a speech signal into its
more convenient and compressed form called feature
vectors. Feature extraction is carried over short
segments since speech is considered to be stationary
over that short duration. Among the various methods of
feature extraction, Linear Predictive Analysis provides
better representation as it closely matches the resonant
structure of human vocal tract that produces the
corresponding sound. This simplified all pole model is a
natural representation of voiced sounds, but for nasals
and fricative sounds, the acoustic theory requires both
poles and zeros in the vocal tract transfer function. If
the order of p is high enough, all pole model provides a
good representation of almost all the sounds of speech
[1]. Next step is the Vector quantization which offers
several advantages [2] like reduced storage, reduced
computation for determining similarity of spectral
analysis vectors, discrete representation of speech
sounds, etc.
The last step is the pattern processing which
determines the category of each pattern. There are

various methods like KNN classifier, Dynamic Time
Warping, Hidden Markov Model. KNN classifier suffers
from the time alignment problem. However DTW solves
this problem but is a non-parametric method. Since
speech is a non-stationary, stochastic approaches like
HMM provides most robust way of quantifying speech
patterns. A HMM is a finite state machine having fixed
number of states. It is a statistical method of
characterizing the spectral properties of the frames of a
pattern. In HMM states of the model cannot be
observed directly. Only the output symbols of the state
can be observed. Speech is described by
parameterized statistical models and recognition is
performed by considering the most likely model which
produces the given sequence of observations.
Feature extraction
LPC method is well known for its performance and
relative simplicity. These are the coefficients of autoregressive model of a speech frame. The main idea
behind linear prediction is to extract the vocal tract
parameters [1]. At time n, x(n) can be modeled
(predicted) as a linear combination of the past p speech
samples, using the following equation
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Where ap(k) = {ap(1), ap(2),….ap(p)} are the LPC
coefficients and p is the prediction order. The
prediction error is given by

Where ap(0) =1. Z-transform of equation (2) gives
E(z)=X(Z)A(Z) where A(z) is a prediction error filter
transfer function and is equivalent to inverse of vocal
tract transfer function V(z). Mean squared error is
obtained as

The filter coefficients ap(k), k=1,2,…..p, which give
minimum mean square error, can be obtained by
solving the equations

Where, l=1,2,…...p,
i.e.,
autocorrelation function of the signal x with lag l.
Equation (4) can be solved by using Levinson-Durbin
recursion [6] to obtain ap(k) the LPC coefficients. LPC
feature extraction method is as shown in figure 1.

The choice of p: The speech spectrum being
analyzed is represented as having an average density
of one complex pole per kilohertz due to the vocal
tract contribution and 3-4 poles to represent the
source excitation spectrum and the radiation load.
Thus for 8 kHz sampling rate, a total of 12-13 poles is
required, 8 poles to represent the vocal tract
contribution and 3-4 poles to represent source
excitation and radiation load [1].
The output of feature extraction is frames of
speech with each frame encoded into LPC vector of
length p.
Vector quantization
The result of feature extraction is a series of
vectors characteristic of the time-varying spectral
properties of the speech signal. The spectral analysis
has significantly reduced the required information
rate. It may be possible to further reduce the spectral
representation of speech signal by means of vector
quantization. It gives the discrete representation of
speech sounds. Among the various methods of
designing the VQ codebook, binary split algorithm is
implemented by the following procedure.
1. Design a 1-vector codebook; this is the centroid
for the entire set of training vectors.
2. Double the size of the codebook by splitting the
current codebook according to the rule
y n+= y n (1 + Є )
y n- = y n (1 - Є )
Where n varies from 1 to the current size of the
codebook, and Є is a splitting parameter
(0.01 ≤ Є ≤ 0.05).
3. Use the K-means iterative algorithm to get the
best set of centroids for the split codebook.
4. Iterate steps 2 and 3 until a codebook of size M
is designed.
The output of VQ is the index of the codebook
vector nearest to the input vector.
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Hidden markov modeling

1≤v≤V; followed by selection of the word whose
model likelihood is highest – that is

HMM is characterized by three matrices namely,
A,B,π
A – Transition Probability Matrix (NxN)
B – Observation symbol probability distribution matrix
(NxM)
π – Initial state distribution matrix (Nx1)
Where,
N – Number of states in HMM
M – Number of distinct observation symbols per state
We use compact notation λ = {A, B, π} to indicate
the complete parameter set of the model.
The three basic problems need to be addressed in
HMM.
Problem 1: Given the observation sequence O = (o1,
o2, …..oT), and a model λ = (A, B, π), how do we
efficiently compute P(O/λ), the probability of
observation
sequence,
given
the
model.
Solution: Recursive procedures like forwardbackward algorithm exists to compute P((O/λ).
Problem 2: Given the observation sequence O = (o1,
o2, ……., oT), and a model λ, how do we choose a
corresponding state sequence q = (q1 , q2,……….qT)
that is optimal in some sense.
Solution: Viterbi algorithm finds best sequence for
the given observation sequence.
Problem 3: How do we adjust the parameters λ = {A,
B, π} to maximize P(O/λ).
Solution: The Baum-Welch algorithm also known as
Expectation-Maximization method is used to adjust
the model parameters {A, B, π} to maximize P(O/λ).
To do isolated word recognition the following steps
are performed.
1. For each word v in the vocabulary, an HMM model
λv must be build. i.e., model parameters (A, B, π) are
to be estimated that optimize the likelihood of the
training set observations for the vthword.
2. For each unknown word to be recognized, the
procedure shown in figure 2 must be carried out,
namely, measurement of the observation sequence O
= (o1, o2,……., oT), via feature analysis of the speech
corresponding to the word; followed by calculation of
model likelihoods for all possible models, P(O/λv),

Fig 2. Block diagram of an Isolated Word HMM
recognizer
Experimental results
Database: The database consisted of LDC telephonic
conversational speech isolated words from zero to
nine.
Training database: consisted of zero to nine
utterances with each utterance ten times spoken by
different speakers. Thus the total training database
consisted of 100 utterances.
Testing database: consisted of zero to nine
utterances with each utterance five times spoken by
different speakers. Thus the total testing database
consisted of 50 utterances.
LPC analysis: Spectral analysis uses an LPC front
end
with
the
following
characteristics,
Sampling rate
– 8 KHz
Pre-emphasis filter – [1 –az-1] with a=0.95
Frame duration, N
– 30 msec
Frame overlapping, M – 10 msec
Window, h(n)
– Hamming window
LPC coefficients, p – 12
.
Codebook Generation: By using LPC vectors as
input to the binary split algorithm, a codebook of
length 64 is created.
Hidden Markov Model:
Number of states, N=5
Number of observation symbols per state, M=100
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HMM initialization: Random values for A, B, π are
selected.
HMM modeling: Given the training set and the initial
guess of model parameters,
ExpectationMaximization (Baum Welch) algorithm is used to
adjust the model parameters {A, B, π} to maximize
P(O/λ).
HMM Testing: Forward-Backward algorithm is used is
used to compute the probability of the unknown
utterance with each model and selecting the word
whose likelihood is highest.
It is observed that the recognition accuracy is 100
% for speaker independent mode and 92% for
speaker dependent mode.
Recognition rate for different feature vector length is
shown in figure 3 and for different codebook length is
shown in figure 4. These results show that
recognition accuracy increases and is almost
flattened off after certain value.
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speaker independent mode & 92% for speaker
dependent mode.
As the choice of LPC vector length depends
primarily on the sampling rate, for 8 kHz sampling
rate, a value of p about 12 or 13 is required with 8
poles (Fs poles) for representing the vocal tract
contribution and
4-5 poles for representing the
source excitation spectrum and the radiation load.
Thus, up to LPC vector length equal to12 the
recognition accuracy increases and is almost
flattened off after this value. This is due to the fact of
decrease in prediction error with increase in p.
By increasing the codebook length also, better
recognition accuracy is achieved since the distortion
(quantization) error decreases as the codebook size
increases. After certain value, the distortion error
becomes almost constant. The work is being
continued for connected speech recognition.
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Conclusion
Recognition system implemented using HMM has
worked well with recognition accuracy of 100% for
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