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Abstract
Probabilistic Finite State Machines (PFSM) are used in feature 
Extraction, training and testing which are the most important steps 
in any speech recognition system. An important PFSM is the Hidden 
Markov Model which is dealt in this paper. This paper proposes 
a hardware architecture for the forward-backward algorithm as 
well as the Viterbi Algorithm used in speech recognition based on 
Hidden Markov models. The feature extraction and the training 
process is done using Hidden Markov Model (HTK) tool kit. The 
testing of the utterance of a new word is done using the hardware 
proposed in the paper. Finally the results obtained from the HTK 
tool kit and the hardware is compared.
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I. Introduction
Markov models can model random processes that can be in discrete 
states as a function of time. Suppose a system has different states, 
it can change from one state to another and the probability of 
transition depends only on the state of the system at time t[1]. 
Let s[t]denotes the state of the system at time t, and initial state 
is selected according to a probability .

=P( S[1]= i); i=1,2,…,S.
The probability of transition depends only on the current state. 
This property is called the Markov property.
                                    P(s(t+1)) = j|s[t]=i
Here the observation sequences are discrete in nature, but in the 
case of speech recognition the observations are continuous vectors.
[1-2].
An Hidden Markov Model (HMM ) can be represented by three 
probability measures namely
1. -The initial probability matrix; 1 ≤ i ≤ N ; N is the  number 
of states.
P(q1= Si] ; 1 ≤ i ≤ N
2. ija -State transition probability distribution
        aij =P(qt+1= Sj |qt=Si); 1 ≤  i, j ≤ N.
3. B –The observation probability distribution
B=bj(O) =P(Ot at t|qt= Sj) ; 1 ≤ j ≤ N;1 ≤ T ≤ O;
So an HMM model can be represented as λ=(A,B,П).

A. The Basic problems for HMMs
The three problems are:
Problem: 1
Given an observation sequence O = O1,O2,…,OT and a model 
λ=(A,B,П) how can we compute the probability of observation 
sequence for a given model. This problem is called the Evaluation 
problem.
Problem: 2
Given an observation sequence and the model how do we choose 
a corresponding state sequence q=q1, q2,…,qT which best explains 
the observations. This is called the Decoding problem.

Problem: 3
This is about how the parameters are adjusted to maximize 
the probability of observation sequence called the Learning 
problem.

B. Solutions for the Basic Problems

1. Evaluation Problem
The evaluation problem can be solved by the forward –backward 
procedure.

(i). Forward Procedure
Consider the forward variable αt(i) defined as
αt(i) =P(O1, O2,…, Ot, Qt= Si|λ)
i.e the probability of the partial observation sequence and a 
particular state at time t, given the model λ [1-2]. Various steps 
involved are:
1. Initialization
αt(i) =Пi bi(O1)   1≤i≤N

2. Induction

3. Termination

P (O|λ) =

A  hardware architecture for the above algorithm is proposed in 
fig. 1. Here a discrete hidden Markov model is considered. The 
number of states is taken as 2.
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Fig. 1: Forward Procedure
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Fig. 2: Backward Procedure
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(ii). Backward Procedure
Consider a backward variable βt(i)
βt(i) =P(Ot+1,Ot+2,…,Ot|qt=Si,λ)
This variable again gives the probability of the partial observation 
sequence from t+1 to the end ,given state Si at time t and the 
model λ[1-2].
Various steps are:
(a). Initialization

(b). Induction

This is similar to the forward procedure. Here the observation 
sequences are accounted from time t+1 to time t considering all 
the possible states. Both the forward and the backward procedure 
gives the same probability. The architecture for the backward 
procedure is shown in fig. 2.
In this paper the forward and the backward hardware architectures 
are implemented for a system with two states and two sets of 
observation symbols.This has been implemented and found out 
that both forward as well as the backward probabilities are the 
same.

2. Decoding Problem
  The solution for the decoding problem can be obtained by the 
Viterbi Algorithm. Here a single best state sequence, for the 
given observation sequence can be obtained. The procedure is 
as follows:
(i). Initialization

(ii). Recursion

(iii). Termination

(iv). Path Backtracking

The Viterbi algorithm is similar to the forward-backward procedure 
except for the maximization step.

3. Learning Problem
The third problem is to determine a method to adjust the model 
parameters (A,B,∏) to maximize the probability of observation 
sequence for a given model. A model is chosen such that the 
probability of an observation sequence for a given model is locally 

maximized using an iterative procedure known as the Baum-Welch 
estimation method. Here an initial estimate of the parameters is 
taken, then by the iterative procedure a better estimate is obtained 
such that the new model maximizes the probability of observation 
sequence.

II. Speech Recognition
The basic blocks in a speech recognition system involves the 
following:
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Fig. 3: Basic Processes in Speech Recognition

Speech waveform is taken as the input and the feature vectors 
are extracted by the feature extraction process. Feature extraction 
process involves the following [3]:

Framing
Speech signal is divided into number of frames and the number 
of frames depends on the length of the speech signal.

Windowing
After the framing is done a Hamming window is applied to each 
frame. This windowing effect reduces the signal discontinuity at 
the ends of each block. Hamming window can be defined as 
W(k) = 0.54-0.46Cos(2пk)/K-1.

Mel-Cepstrum Method
The method used to extract information from each frame is 
the Mel-Cepstrum Method. The Mel-Cepstrum consists of two 
methods Mel-scaling and Cepstrum calculation. 

Mel Spectrum Coefficients With Filterbank
The human perception of the frequency content in a speech signal 
is not linear so there is a need for a mapping scale. The commonly 
used scale is the Mel scale. This scale is warping a measured 
frequency of a pitch to a corresponding pitch measured on the 
Mel scale. The warping from frequency in Hz to frequency in Mel 
scale is described by the equation

The practical warping is done using a triangular Mel scale 
filterbank which handles the warping from Frequency in Hz to 
frequency in mel scale.

Mel-Cepstrum Coefficients, DCT – Discrete Cosine 
Transform
To derive the Mel Cepstrum coefficients the inverse discrete cosine 
transform will be calculated. 
Finally from each frame 39 dimensional coefficients are 
obtained.
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A. HMM in isolated word recognition
An HMM model is represented by three probability measures 
namely λ = (A ,B, п). 
In case of speech recognition theory initial probability is considered 
as п= [1 0 0…N]; N is the number of states. Initially a transition 
probability matrix is assumed, after the training process a re-
estimated transition matrix is obtained. The continuous observation 
probability distribution matrix represents the probability that 
the state has produced the observed mel frequency cepstrum 
coefficients. The Gaussian distribution is the commonly used one. 
The continuous observation probability density function matrix, 
B  can be represented by the mean, μ and variance, Σ.[5]. In this 
paper a 32-mixture Gaussian distribution is used. Here each state 
is modeled by a 32 mixture Gaussian distribution [1-3]. 
The continuous probability distribution can be represented by

M is the number of mixture weights,  is the weight 
coefficient.

                                                    
The observation probabilities can be computed by the following 
equations:

                                                                                                 
Initially a global mean and variance is calculated for all the 
states. Then by the training process a better estimate of the mean 
and variance is obtained which is then used for the subsequent 
iterative processes [1-2]. A better estimate of mean and variance 
are obtained by using the following equations:

After the training process a re-estimated transition matrix is also 
obtained. So finally the probability measures corresponding to a 
word model is obtained.
In word recognition a model is obtained for each word, the 
recognizer computes and compares the output for each word 
model The probability of an observation for a given word model 
is obtained by the viterbi algorithm [3]. Here log viterbi algorithm 
is used as it avoids underflow. The log viterbi algorithm is as 
follows:

1. Initialization
for t=1, 1≤j≤N

2. Recursion
;for 2 ≤ t ≤ T ; 1 ≤ j ≤ N

3. Termination
; for t=T

Here N is the number of states, T is the number of frames for the 
feature vectors.
A Hardware architecture for the Viterbi algorithm is proposed 
and is shown in the fig. 4.The initial probabilities, observation 
probabilities and the transition probabilities are stored in 3 different 
memories and then used for further computation. For the utterances 
considered here the number of frames taken is 298,number of 
states taken is 10. 

Fig. 4: Viterbi Algorithm

B. Implementation Details and Results

1. Speech Database
The training and testing of a speech recognition system needs 
collection of speech utterances. Here the language used is English 
and the utterances were obtained from the TIMIT database. It 
consists of about 3000 training files which are speaker independent. 
The sampling frequency used is 16kHz.

2. Front End Processing
Front end features consist of 39 dimensional MFCC coefficients 
which are extracted using the HTK.

3. Training and Testing
Here each word is modeled by a 10 state left to right models with 
a 32-mixture Gaussian output probability density function for 
each state. Baum-Welche training is used to estimate the HMM 
parameters.The trained model was tested for various utterances 
using HTK. The system was found to have an accuracy of 92%.
After training the log probability of each utterance is obtained 
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by using Viterbi algorithm in HTK tool kit. These obtained 
probabilities are compared with those obtained by the hardware 
architecture of Viterbi algorithm. These probabilities are again 
compared with software results.
The hardware architecture for the forward as well as the backward 
procedure is also proposed. The result obtained from the hardware 
is compared with the software. The accuracy is found to be 
100%.
In case of isolated word recognition the feature extraction 
process as well as the training process is done in HTK toolkit.  A 
hardware architecture for the Viterbi algorithm is also proposed. 
The hardware result is compared with the results obtained from 
the HTK tool kit.
The architecture has been synthesized in Altera Quartus-II. Altera 
Cyclone II 2C20 FPGA-EP2C20F484C7 device in the Altera DE-1 
board is used to test the hardware.

Table:1 Comparison of HTK and Hardware for finding the word 
probability

UTTERANCES
              HTK
   (Log Probability)

HARDWARE
(Log Probability)

1 -63.9009 -63.9958
2 -62.7388 -63.9987
3 -63.3772 -63.9962
4 -74.5460 -78.0071
5 -64.9717 -63.9959

III. Conclusion 
This work has used Mel-Frequency Cepstrum Coefficient method 
for feature extraction process, training has been done using the 
Baum-Welche algorithm, and testing has been done using the 
Viterbi algorithm. The feature extraction as well as the training has 
been done using the HTK tool kit. Then the hardware architecture 
for the Viterbi algorithm is implemented in hardware and is 
compared against the HTK results.

IV. Acknowledgement
I express my sincere gratitude to my guide Prof Dr. 
K.A.Narayanankutty, Professor, Amrita School of Engineering, 
for his valuable help, timely guidance and supervision throughout 
my project work. I greatly acknowledge Mr. Govind D Menon, 
Assistant Professor, CEN Department, Amrita School of 
Engineering for his constant encouragement and suggestions.

References
[1] L.R.Rabiner, B.H.Juang,“An Introduction to Hidden Markov 

Models”, IEEE ASSP Magazine January 1986.
[2] L.R.Rabiner,“A Tutorial on Hidden Markov Models and 

Selected Applications in Speech Recognition”, Proceedings 
of the IEEE, Vol 77, No. 2, February 1989.

[3] E- Hocine Bourouba, Mouldi Bedda, Rafik Djemili, “Isolated 
Words Recognition System Based on Hybrid Approach  
DTW/GHMM”, Informatica 30, 2006, pp. 373–384

[4] S J Melnikoff, S F Quigley, M J Russell,“Implementing 
a Simple Continuous Speech Recognition System on an 
FPGA”, Proceedings of the 10 th Annual IEEE Symposium 
on Field-Programmable Custom Computing Machines 
(FCCM’02) 2002 IEEE.

[5] Shingo Yoshizawa, Naoya Wada, Noboru Hayasaka, 
Yoshikazu Miyanaga,“Scalable Architecture for Word 

HMM-Based Speech Recognition and VLSI Implementation 
in Complete System”, IEEE Transactions on circuits and 
systems, Vol. 53, No. 1, January 2006


