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Abstract In real time, there is a huge demand to access dynamic, personalized, and
adaptive information. Interacting through voice augmented systems yields efficient
and faithful access to great deal of knowledge. And the obtained information becomes
more meaningful and understandable because it is appropriately customized in the
aspect of real-time physical, digital, and virtual interactions. The objective of this
project is to display the interactions of voice augmentation functions to achieve
human to machine interaction (HMI). The quality of the services can be improved
with the help of artificial intelligence through deep learning models to illustrate the
possibilities of its potential. There exist a good range of applications which include
vending machines, billing counters, home assistant, etc. This work includes audio
processing, artificial intelligence, text-to-speech conversion, speech to text, audio
conversion, various machine learning algorithms and models, implementation using
the Internet of things, and applications in various fields, to evaluate the model.

Keywords Human-machine interaction * Voice augmentation + Artificial
intelligence + Voice assistant - Recurrent neural network

1 Introduction

The need for acquiring knowledge and information is increasing day by day. A couple
of decades ago, few of the primitive methods to accumulate information were through
books, scriptures, and manuscripts. As technology has risen to a level where human
can access every data in this world within fraction of seconds, the need to access
information has also increased. In this real world, human to machine interactions
(HMI) through voice are essential for aged, physically challenged people and people
involved in multiple tasks. Instead of using physical movements of their body to
interact with machines, easily, they can interact through their voice to get their work
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done. It is a very challenging task to bring the machines to communicate on the same
level as us. So, this is a step exploring toward that domain, which is the real-time
interactive voice augmentation. A device capable of communicating on the same
level as a human makes it easily accessible to everyone irrespective of their knowl-
edge of language, age and abilities. The objectives are to build a voice augment
mainframe device, capable of carrying real-time conversation with the user using
audio processing, artificial intelligence and machine learning algorithm, to establish
a database for voice recognition and audio synthesis module, capable of speech-to-
text and text-to-speech conversion. To build a machine learning model, by training it
with the database and producing the optimum model capable of choosing the optimum
solution and to deploy and demonstrate the wide range of potential applications in the
field of banking, kiosks, reservation for restaurants, ticket booking vending machines
for transportations and public vending machines. For example, Amazon offers Tran-
scribe, an automatic speech recognition (ASR) service that permits developers to
feature speech-to-text capability to their applications. Once the voice capability is
integrated into the application, users can analyze audio files and, in return, receive
a text file of the transcribed speech. Google has made moves in making assistant
more universal by opening the software development kit through actions, which
allows developers to create voice into their own products that support Al. Another
one of Google’s speech recognition products is the Al-driven cloud speech-to-text
tool which enables developers to convert audio to text through deep learning neural
network algorithms.

In [1], a sequence-to-sequence-based voice conversion (VC) method is proposed,
which is capable enough of converting voice characteristics and the pitch contour
along with duration of the input speech. It enables the use of batch normalization in all
the hidden layers. A few drawbacks are restricted only to speaker to identity conver-
sion tasks, and the framework of S2S learning approach has a lot of room to improve
in the aspects of accuracy. In [2], recently, neural networks are applied to tackle
audio pattern recognition problems. Audio pattern recognition is a vital research
topic within the machine learning area and includes several tasks like audio tagging,
acoustic scene classification, music classification, speech emotion classification, and
sound event detection. It is studied that the system is inspired by conventional cogni-
tive models for memory. A few drawbacks are that the trained data is confined to the
audio set’s dataset, and PANNs are susceptible to multiple pattern recognition tasks,
which is time consuming. Recently, there has been increasing progress in end-to-end
automatic speech recognition (ASR) architecture, which transcribes speech to text
with none pre-trained alignments [3]. These online systems have the advantages over
the offline baselines in both decoding latency and decoding speed. In the applica-
tion of low latency encoders, the recognition accuracy was observed to be low. The
connectionist temporal classification (CTC) architecture is primitive at best, which
has to be tuned perfectly to form hybrid CTC. Speech separation is a method to
extract the speech data from the ambience noise and background distortions [4]. The
latest method in speech separation illustrates as a problem of supervised learning, by
training lots of datasets on differential patterns of speech, speakers, and background
noise. Implementing deep learning models on supervised speech separation methods
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yields effective results. Learning machines, training targets, and acoustic features
are the three significant constituents of deep learning-based supervised speech sepa-
ration. It provides a general overview on the various steps involved in speech sepa-
ration and provides a comprehensive overview of deep neural network (DNN) based
on supervised speech separation. The main drawback is that the DNN-based speech
enhancement as described has met the criterion in limited conditions, but not in all
conditions, and the DNN-based speech enhancement has many flaws in the aspect of
background speech and noise separation. The introduction of smart mobile devices is
of great advantage for user interaction as these devices are equipped with numerous
sensors, making applications context aware [5, 6].

To further improve user experience, the most mobile operating systems and repair
providers are gradually shipping smart devices with voice-controlled intelligent
personal assistants, reaching a replacement level of human and technology conver-
gence. It is observed that, to provide defense mechanisms against many of these
attacks, the underlying operating system, in this case Android, first needs to decouple
voice input and output. Data is only accessible through appropriate authenticated
channel, without which the data is secure from malicious treats. Data is susceptible
to malware attacks and is open to spyware attacks as the connectivity is branched
throughout. Identity security is another aspect where improvement is immediately
needed [7]. The literature review also covers differing types of deep architectures,
like deep convolution networks, deep residual networks, recurrent neural networks,
reinforcement learning, variational auto-encoders, etc. [8—10]. Convolution neural
network (CNN) can progressively extract higher representations of the image after
each layer and finally recognize the image [11-13]. Numerous research works are
based on machine learning which is a method that learns from past experiences and
uses gained knowledge to do better in the future [14—16]. Machine learning empha-
sizes on automatically learning and adapting when exposed to data without the need
of human intervention. The reason for that is based on the fact that no system can
be described as intelligent if it does not have the ability to learn and adapt [17-19].
In order to exemplify applications of supervised and unsupervised learning, we will
offer annotated tips that could be the literature on machine learning for communica-
tion systems. Tasks are administered at the sting of the network, that is, at the bottom
stations or access points and at the associated computing platforms, from tasks that
are instead responsibility of a centralized cloud processor connected to the core
network [20-22]. Indeed, for many tasks in communication networks, it is possible
to gather or generate training datasets and there is no need to apply sense or to supply
detailed explanations for how a decision was made [23-25]. Alternatively, under an
algorithm deficit, a physics-based model, if available, can be possibly used to carry
out computer simulations and obtain numerical performance guarantees [26-28]. As
a solution to unstable gradient values problem, a novel RNN architecture was devel-
oped which avoids vanishing and exploding gradients, while it can be trained with
conventional RNN learning algorithms. The improved RNN architecture is referred
to as long short-term memory neural network (LSTM) [29-31]. The context length
exploited when applying the neural network can be longer than the context length
considered in training [32]. Supervised speech separation has also been shown to
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generalize well given sufficient training data [33-35]. A huge amount of research
has gone into finding ways of constraining GMMs to extend their evaluation speed
and to optimize the trade-off between their flexibility and therefore the amount of
training data required to avoid serious overfitting [36, 37]. Other types of models may
work better than GMMs for acoustic modeling if they can more effectively exploit
information embedded in a large window of frames [38]. In fact, two decades ago,
researchers achieved some success using artificial neural networks with a single layer
of nonlinear hidden units to predict HMM states from windows of acoustic coeffi-
cients [39]. The application of recurrent networks to speech detection and recognition
in clean and noisy environments have been proposed in some early studies [40—42].
As we have come across abundant journal papers which have covered every possible
aspect in audio processing, speech-to-text conversions, machine learning models
and training them, different ways of communication methods and the IoT aspect of it
have better connectivity and accessibility. It is evident that there are a lot of hurdles
to overcome to achieve this project. So, the objective of the project is to bring the
machines to communicate on the same level as us. Then the purpose of the algorithm
is to map the audio signal into textual inputs with a proper conversion method which
is capable to discriminate background noise with higher accuracy. Then, the machine
learning algorithm must be designed, developed, built and trained, the model must be
re-trained with huge number of iterations, since it will be deployed in various applica-
tive environments. To choose an optimum algorithm with the highest accuracy to run
the model, which can access the database and interpret the input accurately and with
the help of the trained dataset, recognize the situation and analyze the inputs and
other constraints which restricts or governs the situation, and then to be capable of
arriving at the most appropriate output is the biggest achievement of all. So, this is
a small step exploring toward that domain which is the real-time interactive voice
augmentation. A device capable of communicating on the same level as a human
makes it easily accessible to everyone irrespective of their knowledge of language,
age, and abilities.

The chapter is organized as follows: Sect. 2 describes the methodology and mate-
rials used for this work. The experimental quantitative and qualitative results are
discussed, and results are tabulated in Sect. 3. Finally, conclusion is drawn in Sect. 4.

2 Methodology and Materials

A voice augment mainframe device is built which is capable of carrying real-
time conversation with the user, using audio processing, artificial intelligence,
and machine learning algorithm. Also, a database for voice recognition and audio
synthesis module is established, which is capable of speech-to-text and text-to-speech
conversion. Now, the main objective of this chapter is to design and build a machine
learning model and training it with the database and producing the optimum model
capable of choosing the optimum solution. To choose an optimum algorithm with
the highest accuracy to run the model, which can access the database and interpret
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the input accurately and with the help of the trained dataset, recognize the situation
and analyze the inputs and other constraints which restricts or governs the situa-
tion, and then to be capable of arriving at the most appropriate output is the biggest
achievement of all. The block diagram of the proposed model is shown in Fig. 1.

The most widely used algorithm for natural language processing (NLP) and speech
recognition is recurrent neural network (RNN) that can been trained to ingest speech
data into small frames. The RNN has three layers: input layer, hidden layer, and the
output layer; the hidden layers are the computation layers. At each time step, the non-
recurrent layers work on independent data. The hidden layer may be a bidirectional
recurrent layer with two hidden unit sets. One set has forward recurrence, while
the other has backward recurrence, which requires some memory to perform the
recurrence as illustrated in Fig. 2.
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One of the prominently used recurrent neural networks for the applications that
involve sequential input data processing, such as speech recognition, image recog-
nition, music composition, and handwriting recognition, is long short-term memory
recurrent neural network (LSTM-RNN). First, considering the input speech data
which are nothing but sequence of words, every word will be encrypted to unique
binary vectors, then the neurons are initialized with random values coined as weights.
During the training, when the binary vector of the input sequence is applied to the
input layer, the nodes of the layer perform the respective logical function or sigma
function on the weights to get an arbitrary value, and with the help of activation
function, this value is fed to the successive layers. In application such as speech
recognition, recognizing only the current input word from the speech data is not the
aim, but to generate a value by co-relating the weight and the binary vector along with
the previous word vector of the input sequence and then storing the value arbitrarily
to co-relate with the successive vectors of the input sequence.

At the output layer, the difference of the predicted vector value to the actual vector
value is calculated using a loss function; according to the obtained loss value, using
a gradient descent function, the weights of the neurons are calibrated. This process
is iterated as many times as required to train the model with minimum loss. Gradient
descent function calculates the next optimum value from the current value of the
weight and reduces by one step after scaling to the learning rate, and it is subtracted
from the present weight because we want to minimize the loss function value. The
learning rate controls the step size of the gradient descent which effects strongly on
the performance of the model. Larger the value of learning rate, larger will be the
step size, which will usually miss the optimum weight value. Smaller the value of
learning rate, higher will be the possibility of attaining the optimum weight value,
in larger number of steps of small size.

One more major task is to determine optimum parameters for the neural network.
In speech recognition, since the number of words in each sentence might vary for
every instance, determining the number of nodes in input layer is quite difficult. The
hyperparameters determined for this system are determined as follows:

e The number of nodes in input and output layer or also called as batch size is equal
to 10.
The number of hidden layers is equal to 3.
Learning rate for the gradient descent function is equal to 0.001.
The number of epochs to determine the number of iterations to train the dataset
is equal to 1000.

The sigma function or the logical function of the nodes is a simple linear trans-
formation function Y = a; * T * (vi) + a, * T * (v»)..., where Y is the arbitrary
value of the node, T is the transformation function, a; and a, are the weights of the
nodes, and v and v, are the input vectors. The activation function used is called as
rectified linear unit function (RELU), which is a piecewise linear function that will
output the input data. For loss detection of the predicted value, cross-entropy loss
function is implemented for calibrating the weights.
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PyTorch library is used to build and deploy the proposed work as it provides the
required framework to design the machine learning algorithm. After designing all the
mentioned modules, this project will be implemented to perform some of the real-
time machines like ATM, vending machine, ticket reservation machine, and kiosk
machine, where all these machines can be controlled using voice rather than using
buttons, with the help of software development toolkit to design the graphical user
interface.

For the mainframe device, we have used Raspberry Pi 4 which features a quad-
core ARM Cortex-A72 processor, dual video output, and a good selection of other
interfaces. It also requires a microphone module compatible with Raspberry Pi for
audio recognition, a speaker module for the output, and a Bluetooth module to enable
the Raspberry Pi to be capable of conveying output via Bluetooth speakers. The main
software, Raspbian OS, is used to operate and simulate Raspberry Pi.

Since the system is being deployed in different environment, the dataset required
to train the model in various environment will vary. Hence, the datasets were obtained
separately for personal home assistant, vending machine, and digital assistant. About
ten thousand words in each domain of application were collected to train the model.

First, the dataset required to train the model is preprocessed before using it to
train the data. For example, for any given sentence, the very first step is to perform
segmentation of the sentence into smaller words, and this process is called as stem-
ming. Then, the stemmed words will be of any form according to the grammar of
the sentence in which it is used; hence, it is essential to filter down to its root form.
This process is called as tokenization. These tokenized words are mapped into its
corresponding binary symbols with unique value into a binary array.

This preprocessed dataset is used for the model training. Now, we have to build an
appropriate neural network model with appropriate batch size, training parameters,
and learning parameters. The model based on recurrent neural network algorithm is
built, since it is the most suitable algorithm to develop natural language processing.
The dataset is divided into small batches, and each batch is called as epoch. This is
done so that after each epoch training, the model adjusts the weight of the neuron
by calculating the cross-entropy loss. Cross-entropy loss is the measurement of the
amount of difference from the predicted values to the actual value. By rigorous
training, the model predicts the exact words, with loss ranging maximum up to
0.09%.

Now, the trained model saves the data into a path file, which consists of the trained
data, and this is used imported in the functionality program, where we have to map
each and every functionality to the predicted words and sentence. Various library
functions along with the path file are imported, in order to accommodate as many
as functionalities as possible. Then, in order to present the voice augmented system,
a graphical user interface program is devised which enables the user to operate by
audio and visual feedbacks.
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3 Experimental Results

The experimental results, at the progressing stage of the project, yielded successful
outcomes in several implemented applications such as voice operated interactive
personal assistant in digital systems, voice operated interactive personal assistant in
home automation, voice operated vending machine, and voice operated interactive
e-commerce systems, as illustrated in Fig. 3a—c.

3.1 Quantitative Measures

Dataset consists of 1000 words which was taken from Google Speech Command
dataset. As the model is trained gradually with considerable number of datasets, the
initial accuracy rate of the recurrent neural network algorithm is achieved 88.54%.
In order to have a comprehensive understanding of this result, as given in Table 1, the
same number of datasets was trained in different algorithms such as linear regression
and polynomial regression algorithms which yielded accuracy rate of 53.61% and
72.89%, respectively. Hence, we could set a benchmark for the accuracy rate of
the model, trained in recurrent neural network algorithm. After the model training
was carried out further with some more datasets, the accuracy rate of 99.56% was
achieved, and these results are only due to the primitive datasets trained to the model.

From Table 1, it is evident that recurrent neural network is the optimal algorithm
for training the datasets with maximum accuracy. The major difference between the
recurrent neural network and the rest of the supervised algorithms is that it is more
suitable for natural language processing and audio processing, which is essential in
human to machine interaction (HMI). In the case of regression algorithms, linear or
polynomial, it determines an arbitrary equation through which it can determine the
features in the datasets and produce or predict the optimum result during deployment.
This is highly incompatible for language processing, because there are many situa-
tions in the datasets, where the equations that determine the features are incapable to
recognize multiple possibilities out of a single input data. Since we have discussed
the process of tokenization of datasets in the methodology section, where the input
word is filtered to its root form, there are many homophones present in English that
are read the same but have different meanings, this feature is highly difficult to be
recognized using the arbitrary equations of regression algorithms, hence the accuracy
level reduces, and we might find a little improvement in the accuracy if the epoch
number is increased, but not as good as expected.

In the case of recurrent neural network, after the preprocessing of dataset, each
word which is converted into its binary counterpart with unique binary value is fed
into different neurons of different layers. A neuron can be any complicated mathe-
matical function developed according to the application. Basically, a neural network
consists of three layers: input, hidden, and output layers. The batch size or the number
of input neuron, number of hidden layers, and number of output neurons depend
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(c) Personal Assistant

Fig. 3 Voice operated interactive systems a e-commerce systems, b vending machine, ¢ personal
assistant



156 M. N. Sumaiya et al.

Tablg 1 Accuracy of various Algorithms Accuracy (%)
algorithms
Recurrent neural network 88.54
Linear regression 53.61
Polynomial regression 72.89

on the application, for a given input sentence of minimum number of words in the
sentence, each word with its unique binary value is fed into each neuron, and after the
mathematical function is performed, an activation function passes the output to the
next neuron in the hidden layer. In this layer according to the neural network devel-
oped, it performs forward recurrence or backward recurrence, i.e., when a particular
binary value of a homophonic word is obtained, it stores the obtained mathemat-
ical output of the function in a temporary memory, and this algorithm is called as
recurrent neural network long short-term memory (RNN-LSTM). Backward recur-
rence is performed with the homophonic binary value with the next binary value of
the successive word in the input sentence. Hence, the predicted output value will
be more accurate as every possibility of the homophonic binary value is calculated
by performing recurrence. Therefore, the accuracy is considerably more, with more
epoch numbers, the accuracy increases much more.

3.2 Qualitative Measures

The performance of the proposed algorithm is measured by using the error rate,
training accuracy and comprehensive accuracy at different stages of the proposed
model. Quality metrics formulas are listed below in Egs. (1)-(2).

Accuracy = ((Z V,/N)) * 100 (1)

where V; is the predicted value of input words in each instance and N is the number
of words in that epoch.

Cross entropy loss = H(P, Q) = H(P) + A(P||Q) 2)

where P is the predicted value, Q is the actual value, A(P|| Q) is the divergence from
Q to P, and H(P) is entropy of P. In the accuracy of recognizing homophones in
every situation, there will be similarly sounding words whose meaning will depend
on the context it is being used. It was calculated by a built-in function of the PyTorch
library.

Cross-entropy loss, model training accuracy, and the comprehension accuracy at
the various stages of the proposed algorithm are given in Table 2. Itis observed that the
mode training accuracy approaches 99.56% at the final stage due to recurrent neural
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Table 2 Quality metrics of the proposed algorithm

Quality metrics Initial stage (%) Intermediate stage (%) Final stage (%)
Cross-entropy loss 10.63 01.80 00.03
Model training accuracy 88.54 91.28 99.56
Comprehension accuracy 85.54 81.36 83.56

75¥58333583

Mea 2019 Aea 2021 Google 2010 Googe 1 Sm 2019 Se
Inteligent Virtal Assistant

(a) (b)

Fig. 4 Comprehension accuracy a intelligent virtual assistants b proposed system

network model. The comprehension accuracy of other intelligent virtual systems
and the proposed system, which were trained on various datasets which included
thousands of words in many languages and class of demographic each year, is shown
below in Fig. 4.

The results show that the average comprehension accuracy is 57.3%, 89.64%, and
68.39% for Alexa, Google, and Siri, respectively. These results are due to the huge
number of datasets monitored in various regions around the world, taking accents
and language into consideration. The proposed algorithm yields an average accuracy
about 83%, which is attained by considerably less and primitive dataset from English
language alone, as shown in Fig. 4b.

The interfacing program successfully could recognize the voice input and appro-
priately open the respective windows and applications. When the user wishes to
open YouTube, the model asks the user’s desired video to watch in YouTube and
open appropriate video in YouTube browser. If the user wishes to open Amazon
shopping website, it will revert back to user with what does the user wish to buy
and open appropriate section in the Amazon Web site. Similarly, it can access every
application installed in the system and open them at the request of the user. If the
user wishes to buy any given condiment from the vending machine, it will display
the available stock of the condiments. When the user wishes to buy, it will enquire
the number of items the user wishes to buy and display the final amount to be paid.
After the transaction, it will update the stock and display the updated stock.
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4 Conclusion

Voice-controlled digital assistants are becoming more natural, as it is integrated into
everyday devices. Also, the emulations of human conversations will become much
more natural. The main purpose of this chapter is achieved one step closer towards
having a very intelligent system. In this chapter, a successful description of the terms
used to describe actions makes the devices user friendly which is described in detail.

This chapter has its implementation in various domains, right from being personal
assistant in a household, to being a tool to deploy sophisticated operations and func-
tions in various industries. Moreover, this chapter has the advantage of being flexible
in the aspect of implementation, it is not only restricted in industries and household,
but it has the scope to be implemented in field of public, government, and defense. In
other words, both scope and scale of this project are vast. In the future, a much more
interactive experience environment through every digital channel is possible. Voice
technology is becoming increasingly accessible to developers. And as consumers
are getting increasingly easier and reliant upon using voice to speak to their phones,
cars, smart home devices, etc., voice technology will become a primary interface
to the digital world and with it, expertise for voice interface design and voice app
development are going to be in greater demand. The future possibilities of advance-
ments in the field of voice augmented systems are enormous. To build a strong speech
recognition experience, the Al behind it is to become better at handling challenges
like accents and ambience noise.
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