
International Journal of Industrial Electronics and Electrical Engineering, ISSN: 2347-6982 Volume-2, Issue-8, Aug.-2014 

Feed Forward Back Propagation Neural Network For Speaker Independent Speech Recognition 
 

36 

FEED FORWARD BACK PROPAGATION NEURAL NETWORK FOR 
SPEAKER INDEPENDENT SPEECH RECOGNITION 

 
1N.AYSHWARYA, 2G.LOGESHWARI, 3G.S.ANANDHA MALA 

 
1M.E (S.E) Final Year,   St.Joseph^' s College of Engineering 

2Associate Professor,   Department of IT,   St.Joseph^' s College of Engineering 
3Professor & HOD,   Department of CSE,   St.Joseph^' s College of Engineering 

Email: 1ayshwaryanatarajan@gmail.com, 2logesh_gd@yahoo.com, 3gs.anandhamala@gmail.com 
 

 
Abstract- Speaker recognition is to make sure that the person to be claimed is the correct person or not. Speaker recognition 
can be divided into speaker identification and speaker verification. Speaker identification decides whether the speaker is 
from the specified group. In speaker verification, a person makes an identity claim. The two main stages in this technique are 
feature extraction and feature matching. Feature extraction is the process in which we extract some useful parameters, which 
is used to represent the speaker. Feature matching involves identification of the unknown speaker by comparing the features 
extracted of the unknown speaker with the enrolled voices of the known speakers.  To extract the features of speech signal, 
Mel frequency Cepstral Coefficients (MFCC) and for feature matching the multi-layer perceptron method in artificial neural 
network (ANN) has been used. A Feed Forward Back Propagation Neural Network (FFBPNN) is used to classify the voices 
of various speakers in the learning or training phase. The network is tested with samples from the various speakers.  During 
the learning phase many parameters are tested with, number of selected coefficients, number of hidden nodes and value of 
momentum parameter. In the testing phase the recognition performance   is computed for each value of the above 
parameters. 
 
Keywords: Artificial Neural network (ANN), Feed Forward Back Propagation Neural Network (FFBPNN), Mel Frequency 
Cepstral Coefficient (MFCC),   
 
 
I. INTRODUCTION  
 
Speech is the main communication method between 
human beings. Especially in real life, speaker and 
speech recognition is a frequently used research topic. 
Neural network is a technology which tries to mimic 
human brain functions. With the development of 
neural network for the past few decades, speech and 
speaker recognition applications have become very 
popular and successful. 
 
Speaker recognition is the task of recognizing a 
person from his/her voice. Speaker recognition 
applications can be divided into two major categories: 
identification and verification. Speaker identification 
tries to determine the input voice sample from a 
group of known speakers. There are two modes of 
operation: closed-set and open-set. In closed-set 
identification, the most likely registered speaker is 
chosen as the identity of the test sample. It is a 
multiple class classification problem, and the number 
of classes equals to the number of speakers, in the 
population. When the process also includes declaring 
a speech sample when it does not belong to any of the 
registered speakers, then it is referred to as open-set 
identification. There are decision classes in open-set 
problem. The goal of speaker verification is to verify 
the claimed identity of an unknown speaker. This task 
is also known as speaker authentication, voice 
verification and voice authentication. It can be 
considered as a true-or-false binary decision problem. 
A speaker recognition system typically involves two 
phases: enrollment and authentication. In closed-set 

speaker identification, test sample is compared to all 
models in the system and the best matching model is 
chosen as the identity of the user. Open-set 
identification systems should also be able to reject the 
test samples that do not belong to any of the 
registered speakers in addition to the identification 
decision for known speakers. Therefore, it can be 
viewed as the merger of closed-set identification and 
verification tasks.  
 
Speaker recognition can be further classified into 
text-independent and text-dependent categories 
according to the constraints placed on the enrollment 
and authentication speech. In a text-independent 
system, there is no constraint for the speech samples.  
However, recent work in stochastic models has 
demonstrated that these models are more flexible and 
hence allow for better modeling of the speech 
production process. The state-of-the-art in feature 
matching techniques used in speaker recognition 
includes Dynamic Time Warping (DTW), Hidden 
Markov Modeling (HMM), Artificial Neural Network 
(ANN) and Vector Quantization (VQ).  
 
In order to train a large datasets we cannot use kernel 
SVM. To overcome this process pretrained Deep 
Neural Network concept was introduced. This new 
DNN-SVM system is trained under various 
environments within a reasonable amount of time. In 
order to pretrain the network Restricted Boltzmann 
Machines (RBM) concept is used by Yuxuan Wang 
and DeLiang Wang [2]. In order to form a feature 
vector for each signal, R. M. Gray has proposed the 
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sequence of minimum eigen values of matrices. 
These signal image needs some preprocessing steps 
which was introduced by Burg’s based on LPC 
(Linear Predictive Coding) principle. The tandem 
algorithm is robust to interference and produces good 
estimates of both pitch and voiced speech even in the 
presence of strong interference. Systematic evaluation 
shows that the tandem algorithm performs 
significantly better than previous CASA and speech 
enhancement systems. By using CASA masks for 
speech segregation, we can either reconstruct or 
marginalize unreliable components. The support 
vector machines (SVMs) followed by a re-
thresholding method was used to classify each T-F 
unit as either target-dominated or interference-
dominated. An auditory segmentation stage is then 
utilized to improve SVM-generated results for 
accuracy.  
 
The speaker identification has three novel methods of 
which two methods utilize both the continuous 
density hidden Markov model (HMM) and the 
generalized fuzzy model (GFM), which has the 
advantages of both Mamdani and Takagi–Sugeno 
models. In the first method, the HMM is utilized for 
the extraction of shape-based batch feature vector that 
is fitted with the GFM to identify the speaker. The 
Gaussian mixture model (GMM) and the GFM for the 
identification of speakers and are unsuitable for noisy 
and mismatch conditions. Yu has proposed a 
technique based on HMM in 2010. In order to do the 
progress of pattern recognition Hidden Markov 
Model (HMM) was used initially. The Viterbi 
algorithm was proposed to determine the best 
alignment input speech and given speech model.  
 
To solve the problem of large population speaker 
identification under noisy conditions, 2 major 
techniques were utilized based on Mel-Frequency 
Cepstral Coefficients (MFCC), Gaussian Mixture 
Model (GMM) and Universal Background Model 
(UBM) which is called as MFCC GMM and MFCC 
GMM UBM. These approaches were known to 
perform very well for small population identification 
under low-noise conditions.  Ke Hu and DeLiang also 
proposed an Iterative algorithm to obtain the initial 
estimation of source signal using speaker model. In 
this paper, we proposed a new technique, to estimate 
the speaker recognition using Feed Forward Back 
Propagation Neural Network (BPNN) Algorithm. 
This algorithm works better than MLP algorithm and 
other techniques in speaker recognition and also 
reduces the time complexity. 
 
II. SYSTEM OVERVIEW 
 
In this proposed system, the speech signals (voices) 
of different speakers captured in various noisy 
environment is fed into the training phase (Phase – I). 
As the signals are captured under various noisy 

environments, pre-processing have to be done to 
remove noise as well as silence in speech signal. 
Using MFCC technique, the features are extracted 
from the processed speech signals, then the extracted 
features are stored in the database. 
 
In the testing phase (Phase – II) the speech signal to 
be tested is captured under any environment. Then 
the speech signal is processed and the features are 
extracted using MFCC technique. The feature 
matching is done using BPNN algorithm to test the 
speech signals and the speaker is identified by score 
decision. The Fig 1 shows the overall system 
architecture. 
 
The Implementation of this project is divided into 
five Modules. They are 

1) Capturing the Signal 
2) Pre-processing 
3)  Feature Extraction 
4) Feature Matching  
5) Score Decision 

 
Fig.1: Diagram of Proposed System 

 
Capturing the Signal 
The first step of the proposed system is to capture the 
speech signals. In the training phase, the speech 
signals of different speakers are captured under 
various noisy environments.  In the testing phase, the 
speech signal to be tested is captured in any 
environment and processed for feature matching. 
 
Preprocessing 
Preprocessing plays a vital role in improving the 
overall efficiency of the application. After the signal 
is captured, sampling is done to perk up the quality 
by increasing the number of samples per second. Pre-
emphasis is done to remove the noise and 
normalization to generalize the process by re-
sampling the speech signal according to the 
requirement.  The interested features required related 
to the voice characteristics of person are considered 
and remaining data acquired are eliminated by 
thresholding.  In this process a threshold value to be 
set to decide whether to keep or discard the data 
acquired. 
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Feature Extraction 
The next process is feature extraction using Mel 
Frequency Cepstral Co-efficient (MFCC). In order to 
extract the features, the following steps are followed 
and are described below. 
 
1. Frame Blocking 
The continuous speech signal is blocked into frames 
of N samples, with adjacent frames being separated 
by M (M < N).  The first frame consists of the first N 
samples.  The second frame begins M samples after 
the first frame, and overlaps it by N - M samples and. 
Similarly, the third frame begins 2M samples after 
the first frame (or M samples after the second frame) 
and overlaps it by N - 2M samples. This process 
continues until all the speech is accounted for within 
one or more frames.  Typical values for N and M are 
N = 256 and M = 100. 
 
2.  FFT 
The next processing step is the Fast Fourier 
Transform (FFT), which converts each frame of N 
samples from the time domain into the frequency 
domain.  The FFT is a fast algorithm to implement 
the Discrete Fourier Transform (DFT). 
 
3. Mel Frequency Wrapping 
In sound processing, MFCC’s are based on the 
known variation of the human ear’s critical 
bandwidths. 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 linear frequency spacing below 1000 Hz and 
logarithmic spacing above 1 kHz. As a reference 
point, the pitch of a 1 kHz tone, 40 dB above the 
perceptual hearing threshold, is defined as 1000 
Mels).  
 
4.  Cepstrum 
To obtain the subjective spectrum we use a filter bank 
which is spaced uniformly on the Mel scale. That 
filter bank has a triangular band pass frequency 
response, and the spacing as well as the bandwidth is 
determined by a constant Mel frequency interval. The 
Cepstrum is Fourier Transformer of the log with 
unwrapped phase of the Fourier Transformer.  In this 
final step log Mel spectrum is converted back to time. 
The result is called the Mel Frequency Cepstrum 
Coefficients (MFCC).The discrete cosine transform is 
done for transforming the Mel coefficients back to 
time domain. The relation between mel scale and 
linear scale can be from the equation  

M = 2595 logଵ ൬1 +
f

700
൰                (1) 

 
Feature Matching 
Features of unknown samples are compared with 
those of known samples in the database using 
different techniques such as Neural Networks, 
Minimum distance classifier, Bayesian classifier, 

Quadratic classifier, Correlation. In this project, we 
have opted for Artificial Neural Networks. 
 
The purpose of Neural network is that when we have 
large number of samples of each speaker with 
variations among them which are used to train the 
network and correspondingly weights are updated. 
Finally, the weights are applied to the testing samples 
to get the correct output. The main advantage of using 
Neural networks is that it is unaffected by the 
differing shape and style of testing samples as the 
network is already trained with large variations. Back 
propagation algorithm is used to update the weights 
and bias matrix. Here, the learning parameter/step 
size ‘η’ has a major role as it controls the rate at 
which the error is reduced which further determines 
the time complexity. 
 

Steps for Back Propagation Algorithm: 
Input: Extracted Feature of MFCC Vector. 

  Output: A trained neural network.  
 Steps:  
1. Initialize the Input and Target. 
2. Initialize Weights and biases in network. 
3. Divide the data sets. 
4. Select the No of Hidden Neurons. 
5. Train the network 
6. If the output is not satisfied change the Weight 

and bias of network and do the progress of 
retrain. 

7. Compute the output of network. 
 
Score Decision 
The final step of the process is score decision. The 
final decision has been computed using performance 
graph. The proposed method has reached best value 
with epochs and less mean square error (MSE). Then 
the speaker will be matched and identified.   The 
screen shot of best case is as below. 

 
Fig. 2: performance graph of ANN 

 
III. EXPERIMENTAL RESULT 
 
In this work, 100 samples of twenty words of various 
city names were recorded from ten speakers and the 
MFCC features are extracted from these words. The 
MFCC features were used with 12-MFCC/frame. 240 
MFCC features of words were used for training the 
network and another 150 MFCC features were used 
for testing the network in the recognition phase. The 
developed system achieved 89% recognition accuracy 
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for known speakers (i.e., speaker dependent) and 78% 
accuracy for unknown speakers (i.e., speaker 
independent). The detailed results are shown in the 
Table I below. 
 
CONCLUSION 
 
The performance analysis of the proposed method 
says that, neural network performs better for varying 
speech signals. The neural network should be trained 
by taking enough no of samples so that it remains 
unaffected by the deviations from standard. More the 
no of samples, more the compression is achieved. But 
while testing, it is possible that we are left with very 
small no of samples to test, which may not yield good 
result. The Speaker recognition using ANN gives 
good result due to resemblance between architecture 
of ANN and varying speech data. The recognition 
accuracy increases due to combination of MFCC and 
ANN in noisy as well as normal environments.  In 
order to further improve this technique, we can do the 
progress of joint speech as well as speaker 
recognition using the same algorithm. We can also try 
to improve the Time complexity of this technique by 
doing some alterations. 

 
Table I: performance result of speech signals 
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