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Abstract 

Due to its intricacy, automatic speech recognition is one of the most difficult tasks in 

Machine Learning. Deep learning techniques have recently been used for this problem and 

have been shown to perform better than conventional machine learning techniques like 

Artificial Neural Networks (ANN). Since normal feed forward neural networks cannot store 

prior information, they are not appropriate for speech data. In particular, Automatic 

Speech Recognition (ASR) performance has been enhanced using Deep Learning (DL) 

techniques like Long Short Term Memory (LSTM) and three separate recurrent networks. 

The effectiveness of a Standard RNN, LSTM, and Gated recurrent unit (GRU) network on 

voice data is compared in this study. The suggested model modifies the standard LSTM 

network design to effectively utilize the model parameters. A few sequential and CNN-

based models were applied to the same dataset and compared to the proposed model. 

With an accuracy of more than 90% on the well-known public benchmark spoken English 

digit dataset, LSTM-RNN outperformed the other DL models. According to the examination 

of the trials, LSTM outperformed all other networks in terms of word error rate. 

 
Index Terms 

Automatic Speech Recognition, Artificial Neural Networks, Deep Learning, Deep Neural 
Network, Convolutional Neural Network, LSTM, Machine Learning, Recurrent Neural 
Network. 
 

 
Introduction 

Due to the high survivability of speech 
signals, automatic speech recognition 
[6]-the conversion of spoken words into 
text remains a difficult problem. 
Speakers may for instance, 
communicate in a variety of styles, at 
varying places, and with varying degrees 
of emotion. They may also have various 
accents, dialects, or pronunciations. 

Additional diversity is produced by 
background noise, reverberation, 
various microphones, and recording 
equipment. 
 
A developing technology called deep 
learning is thought to be a good path for 
advancing artificial intelligence. Deep 
learning is currently being used in many 

different fields, such as Natural 
language processing (NLP), dialogue 
systems, machine translation, 
bioinformatics and computer vision. One 
area where this technique has been used 
is in ASR [10]. Recent applications of DL 
include ASR [11]–[15], voice recognition 
systems [5], [8], and speech 
enhancement concerns [9]–[14]. In all of 
these cases, DL outperformed traditional 

machine learning methods like Artificial 
Neural Networks (ANN).ANNs can 
categorize discrete phonemes and other 
tiny acoustic-phonetic units, but they 
cannot mimic long-term dependencies in 
auditory signals [4]. 
 
Deep neural networks (DNNs) on the 
other hand offer limited temporal 
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modeling of the auditory frames. They 

are unable to handle data with longer-
term dependencies, though. It is 
possible to expand feed forward neural 
networks for efficient categorization. The 
signals from earlier time steps must be 
re-fed into the network in order to do 
this. Recurrent neural networks (RNNs) 
are such networks with recurrent 
linkages [2], [1]. RNNs have limitations 
because they only go back around ten 
time-steps [3]. 
 
Recurrent neural networks of the LSTM 
variety excel at learning and predicting 
sequential data. Sequence prediction has 
long been a challenge. Recent 

developments in data science have 
revealed that LSTM is currently the most 
effective method for nearly all sequence 
prediction issues [10]. The cell state and 
its gates make up the fundamental 
concept of LSTMs. The sequence chain 
receives the pertinent information from 
the cell state. 
 
TABLE 1.  List of Nomenclature used in 
this paper. 

 
 
The most widely used set of these feature 
vectors is the Mel Frequency Cepstral 
Coefficients, and it is used in the 
traditional front end analysis in speech 
recognition (MFCC). They are based on a 

typical power spectrum estimate that has 
been decorrelated using a modified 
discrete cosine transform after first 
undergoing a log-based transform of the 
frequency axis (Mel-frequency scale). This 
work provides a study of the 
implementation of a speech generative 
model, whereby the speech is synthesized 
and recovered back from its MFCC 

representations, following a focused 

introduction on speech creation, 
perception, and analysis. The work has 
been divided into two stages: the first 
involves computing the MFCC vectors 
from the source speech files using HTK 
Software; the second involves 
implementing the generative model, which 
actually represents the conversion chain 
from the HTK-generated MFCC vectors to 
speech reconstruction. 
 
Deep learning has proven to be effective 
across a wide range of application 
domains, particularly in speech and 
picture recognition. Deep neural networks 
(DNNs), which form the basis of deep 

learning, have numerous layers of 
different sorts and hundreds to 
thousands of neurons each. Due to their 
mobility, flexibility, and energy efficiency, 
embedded platforms are now crucial for 
deep learning implementation. While 
DNNs' enormous model sizes offer 
excellent accuracy, they also place a 
heavy computational and storage load on 
embedded platforms. Researchers have 
looked into ways to shrink DNN models 
with hardly any accuracy loss. This work 
distinguishes our approach from prior 
techniques by proposing a Fast Fourier 
Transform (FFT)-based DNN [11] training 
and inference model suitable for 

embedded systems with lower asymptotic 
complexity of both compute and storage. 
We create the inference and training 
algorithms using the FFT as the 
computational kernel, and we implement 
the inference model using the FFT on 
embedded systems, reaching extremely 
fast processing speeds. 
 
A fundamental predicament for many 
voice recognition systems is a multiclass 
classification. Spoken digit classification 
[6] is a traditional illustration of 
multiclass classification in voice 
recognition. Due to the short signal 
lifetimes and the frequent auditory 

similarity between some digits, this form 
of classification is typically a difficult 
operation. An intelligent based system is 
suggested to address this issue utilizing 
an improved deep feed forward network 
technique for spoken digit categorization. 
The target audio class label was created 
using the proposed method, which first 
retrieved Short Time Fourier Transform 
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(STFT) characteristics from audio data 

before performing one hot encoding on the 
audio data. The deep learning model then 
used this as input. In order to minimize 
losses and produce the most precise 
results, the model's performance was 
assessed using hyper-parameter 
optimization approaches such as Adam 
optimization algorithm and the Stochastic 
Gradient Descent (SGD) optimization 
algorithm.  
 
According to the experimental findings, 
the system obtained an overall accuracy 
of 99.65% and surpassed the traditional 
SGD optimization approach on the well-
known public benchmark spoken English 

digit dataset, PCM. The findings 
demonstrate that selecting an effective 
hyper-parameter optimizer, such as the 
Adam optimization technique can lead to 
the best accuracy. 
 
Proposed Work 
The benchmark spoken English digit 
dataset will be used to apply deep 
supervised learning to a modified LSTM- 
RNN model for sequence prediction that 
was presented in this study. The 
effectiveness of the model will be 
evaluated in terms of training and 
validation accuracy, and the outcomes 
will be compared to other studies that 

applied deep learning models to address a 
range of voice recognition issues. In order 
to determine the average precision, recall, 
and f1-score, the classification 
performance of the model was also 
assessed using a confusion matrix. The 
LSTM RNN was selected because it 
combines a standard RNN is a type of 
deep learning architecture that are 
specifically designed to process sequential 
data with "memory units" which are 
designed specifically for long-term 
information storage, and a collection of 
"gating" units, which allow memory units 
to carefully interact with the typical RNN 
hidden state. Many different researches 

have used LSTM-RNN. The majority of 
intriguing LSTM results are RNN-based. 
As a result, it has grown to become a 
crucial part of deep learning for ASR 
systems. Due to their strong learning 
capabilities, LSTMs have been employed 
extensively in speech recognition tasks; 
nonetheless, this is the first time an LSTM 

RNN will be applied to the spoken English 

digit speech recognition dataset. 
Training LSTMs reduces the problem of 
Vanishing Gradient (weights become too 
small that under-fits the model), but it 
still faces the issue of Exploding Gradient 
(weights become too large that over-fits 
the model). Training of LSTMs can be 
easily done using Python frameworks like 
Tensorflow, Pytorch, Theano, etc. and the 
catch is the same as RNN, we would need 
GPU for training deeper LSTM Networks. 
 
Since LSTMs take care of the long term 
dependencies its widely used in tasks like 
Language Generation, Image OCR Models,  
Voice Recognition etc.  

 
1) This work emphasizes the drawbacks of 
traditional LSTM in handling continuous 
input streams and discusses state-of-the-
art DL approaches for sequential data. 
2) RNN is added as a forget gate to the 
memory block in order to permit the 
resetting of the cell states at the 
beginning of succeeding sequences. 
 

 
Fig 1:Architecture 
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