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Abstract

The spread of the Internet of Things (loT) devices and the need for efficient
and smart applications raise the necessity for low-cost and efficient power-
consuming devices. Usually, these devices have limited resources, and it's not
very easy for them to handle many applications that need intelligent solutions

such as artificial intelligence, including deep learning.

One of the challenges to implement a smart algorithm on limited-resources
devices is the difficulty of implementing highly demanded resources
algorithms such as Convolutional Neural Networks, which is one of the types
of deep programmed used in python, learning on the Arduino BLE 33 Sense
because it is limited in resources. In this work, A CNN network is proposed to
respond to voice commands. This network is trained and tested on the cloud
server using our own audio dataset that includes 400 samples and four classes.
However, this network demands too many computational resources. To
overcome this challenge, we implemented it on a Tiny Machine Learning

(TinyML) framework because the Arduino is limited in resources.

The modified network, using TinyML, was built and installed on two edge
devices. The first one was implemented on the Arduino device, thus obtaining
an accuracy of (98.8%). In contrast, the second one was implemented on the
mobile phone, with an accuracy of (100%), Where was the time spent on
training is (6m 50s) as for processing time is (328ms) where most of the sounds

were classified correctly.
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Chapter One: Introduction

1.1

Introduction

The process of developing computer systems that can learn from data is
known as machine learning (ML). Early Artificial Intelligence (Al)
techniques dealt primarily with deductive reasoning. The derivation of
theorems from axioms can be compared to Inductive inference is a feature
of machine learning, i.e., generalizations from a collection of observed
examples. ML is a subfield of Al that overlaps with various scientific fields,
including statistics, cognitive science, and information theory. Joining ML
can be distinguished by impersonation as well as adaptability. A system for
machine learning must store the acquired ability of multiple structures to
represent information, which are referred to as (inductive) hypotheses and
often take the form of a sample. According to the principle of the Ockham
Code, the training data should propagate a hypothesis with the best
simplification of the hypothesis; To achieve a good generalization, the
hypothesis must be simpler than the training data [1]. As shown in Figure
1.1, the learning algorithm determines how to perform an update in relation
to the acquired hypothesis for the recent experience (i.e., the training data),
in order to maximize the execution measurement with relation to the

mission.

Goal/Task

" Model
Learning algorithm >

Training data

T

Figure 1.1: An approach of machine learning that is general

2
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Machine learning approaches have been used to tackle a variety of real-world
issues throughout the years, including speech recognition, fraud detection,
customer connection department, gene position prediction, and so on. Consider
the job of classifying email messages as spam or non-spam, wherever the
machine learning method's success is measured by the proportion of emails
properly classified. The training expertise in this subject might come in the

shape of a database of emails that people have categorized as spam or no-spam.

The number of devices linked to the Internet is growing, allowing huge
volumes of data to be exchanged and transforming the Internet into a 21st-
century data silk road. This path has led to new applications for machine
learning. Machine learning models, on the other hand, are not yet regarded as
complicated systems that require expensive computers to execute (i.e., Cloud).
These models are being incorporated into increasingly computationally limited
devices as technology, methods, and algorithms progress. One of the
applications is human programs a computer including the microcontroller on
Arduino board by telling it what to do. ML is distinct in that the Arduino board
Is taught via the use of examples. Images, sounds, or any other form of sensor

data might be used as examples .

After some learning, the Arduino can decide if it hears a term, detects
movement, sees a person, or performs a variety of other tasks. Rather than
transmitting all data to the cloud, performing machine learning on a
microcontroller has privacy and efficiency advantages. With additional tools,
approaches, and examples, machine learning is becoming easier on Arduino
boards. Embedded ML or Tiny ML refers to the trend of executing machine
learning on tiny devices. Machine learning algorithms exist in an assortment of
shapes and sizes, each with its own set of benefits and drawbacks. Because of

3
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the recent success of deep learning techniques, neural networks have sparked a
lot of interest. However, there are traditional machine learning methods that are
easy to comprehend, perform well with little amounts of data, and are ideal for
embedded devices [2]. Deep Learning is a more sophisticated machine learning
technique based on brain cell activity (neurons). It can extract hidden

characteristics and deal with more complicated problem statement.

1.2 Problem Statement

1. The difficulty of machine learning and its implementation on hardware, so
we are looking for how to implement machine learning or deep learning on
Arduino devices with limited resources.

2. The micro-computer was relied upon because of the high cost.

3. Training the training and testing data in the cloud server because it contains

ready-made blocks without the need for programming from the beginning.

1.3  Thesisaim

1. It was directly relied on the microcomputer instead of using the computer
because of the high cost.

2. The time of data was processed took 328ms.

3. Use the benefit of cloud in processing of deep learning, to decrease the
complexity.

4. Change the idea of implementing CNN from complex devices to simple
devices.

5. Implement a voice recognition device with high accuracy.
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1.4 Literature review

In 2019, Sérgio Branco al. [3] shows that number of devices connected to
the Internet is growing, allowing vast volumes of data to be exchanged. The
authors examine the optimizations, techniques, and platforms used to integrate
such models at the network's end, where extremely resource-constrained
microcontroller units (MCUs) reside. Designed with neural networks, MCU
sets a record ImageNet accuracy on MCU (71.8%), and achieves >90%

accuracy on the visual wake words dataset under only 32kB SRAM.

In 2020, Aditya Priyadarshil al . [4] because it uses the support vector
machine (SVM) technique, the one in this work gives a significantly more
accurate output as well as a faster computing speed. This motion recognition
system tracks a device's motion in mid-air in a 3D space, logs its speed, angular
velocity, distance traveled, and then converts the device's motion data into
English alphabet characters. This paper's device proposes a solution based on

support vector methods and analyzes some of the issues produced by the device.

In 2020, Aybuke Kececi al. [5] hugaDB, an open source database, was used
in this research. Running, sitting, walking, and standing are just a few of the
human behaviors that are combined in this database. The data was collected
using body sensor networks with six inertial sensors that can be worn on the
right and left thighs, calves and feet. In a set, 211,962 samples were collected
for all 18 subjects, yielding a total of 10 h for the data. The Random Forest

classifier is very accurate, with an overall accuracy of over 95%.
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In 2021 Vyacheslav Lyashenko al. [6] in this article, the authors consider
how phonics condition setting, learning rates, and training set value influence
the accuracy of vocal command pronunciation models. Speech recognition

systems based on neural networks have been proposed.

The comparison is made for the two systems developed by Google Speech
Recognition and Pocket Sphinx. The proposed system can recognize spoken

commands with an accuracy of 84.4 percent.

1.5 Contribution

1- The application of artificial intelligence techniques (deep learning) on the
Arduino device has been successful with limited resources because it is
cheap and its power consumption is very low.

2- That's why in the framework | resorted to the use of Tiny ML, which was
placed on the microcontroller, which made it possible to implement a

convolutional neural network.

3- As a result, the work of the Arduino was to download the network inside it,

and the network, in turn, classified the device itself.

1.6 Thesis organization

The rest of this paper is organized as:

Chapter Two: includes an overview of the most utilized hardware and
software. A comprehensive overview of Al has been discussed additionally to
machine learning and machine learning algorithms. It moreover has an

explanation of ML applications and deep learning.

Chapter Three: The third chapter discusses the issue description as well as the

proposed solution. Which includes block diagrams and algorithms. It shows

6
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implementation steps of machine learning on Arduino kit. In addition, it

contains an explanation of steps to design a trained automated model.

Chapter Four: Chapter four shows project implementation steps and results.

How ML implemented into Arduino and basically how Arduino programmed.

Chapter Five: In this chapter, the conclusion and future work are proposed.
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Chapter Two: Theoretical Background
2.1  Introduction

The following chapter contains the main overview of concepts contributed
in this project. It shows artificial intelligent introduction, machine learning
introduction, deep learning introduction with some examples, limitations and
applications; Moreover, it presents an overview of neural network which takes

part into the project.

2.1.1 Artificial Intelligent (Al) Overview

Human curiosity prompts him to wonder, "Can a machine think and act like
humans?" while leveraging the computing power of computers as a result, Al
was developed with the objective of reaching the same degree of intelligence
in computers as we appreciate in humans. This day, Al is vastly employed while
implemented in practice to facilitate organizations in business better resolution
and improving person tests. Al entails acting in an identical manner to human
being, benefit algorithms, however in a more justice, effective, and faster
manner. In addition to the information obtained by running a series of
algorithms with small or no human being interaction, humans can improve their
general thinking skills, use situational actions, and make more informed

judgments [7].

The first step in applying Al and automation is to define a use case. From
unlocking our phones with face recognition to self-driving automobiles,
artificial intelligence is all around us. Siri, Alexa, and Google Assistant are Al-

enabled devices used in this life today.
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Al is accomplished by showing how Research findings are used to create
people interact, decide things, as well intelligent software and systems.
as collaborate when working to fix a

problem.

Figure 2.1: Al in Human and Computer [7]

2.1.2 Application of Artificial Intelligence (AL)

Acrtificial Intelligence has controlled a wide range of fields, such as:

1- Gaming Applications
Al plays a crucial part in strategic games such as chess, poker, tic-tac-toe, and
others since the computer can think of a huge range of possible places based on

theoretical information [8].

2- Processing of Natural Language
It is possible to communicate with a computer that understands human natural

language.

3- Systems of Expertise
To give reasoning and recommendations, several applications combine
machine, software, and special data. They assist consumers by explaining

things to them and offering advice [9].

10
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4-Vision Systems
These systems understand, analyze, and understand visual information on the

computer [10].

e A spy plane, for example, captures photos that are used to deduce spatial
information or a map of the region.

e To diagnose the patient, doctors employ a clinical expert system.

e Police employ computer software that compares a criminal's face to a
forensic artist's stored portrait.

5- Recognized Speech

While a person speaks to it, certain smart systems have the ability to hear and

comprehend language in terms of sentences and meanings. It can handle a wide

range of languages, slang words, background noise, temperature-related

variations in human sounds [11].

6- Recognition of Handwriting
Handwritten tracking technology interprets version written for a liner and ink
or a slab on a computer. It can recognize letterforms and transform them to text

that may be edited.

7- Smart Robots

Robots are appropriate of doing human-such jobs. They are armed for sensors
that sense corporal data from the active environment, such light, heat, motion,
noise, vibration, and pressure are all factors to consider. To explain intellect,
they have potent computers, many sensors, while a great memory. They also

have the ability to learn from their errors and adapt to new conditions [12].

11
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2.2 Machine learning

Machine learning (ML) is a type of technology that has been able to change
the rules in the competitive world of companies, study computer algorithms
that improve automatically through experiment and study data, and spread
these algorithms in organizations reliably and well, as well as companies build
machine learning on a large scale. (ML) has become so widespread that it has
become the main way for companies to solve a set of problems, which is
considered a branch of artificial intelligence because education requires
intelligence to make critical decisions, as it is an important application of

artificial intelligence [13].

2.2.1 Example of Machine learning

1- Identifying and distinguishing items (faces, sound, pictures, letters...).

2- Assisting in the development of medicines to treat incurable illnesses [14].

3- Internet search engines, data security, and marketing.

4-  Providing answers to questions (through the data bank).

5- Simulating the human brain's network of neurons to make judgments and
suggestions [15].

2.2.2 Machine learning algorithms

It is a collection of programs that explain general principles of data
processing’s and finding correlations and patterns in the data by using statistical
and mathematical calculations. Each algorithm has its own set of features and
outputs, that allowing it to represent data in a variety of ways or anticipate new
data outputs depending on the correlations. You can see the ML algorithm in

12
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figure (2.2). There are many different machine learning algorithms, and we'll

go through a few of them [16]. Are discussed as follows:

Input Processing Training Testing

Data Algorithms Algorithms Algorithms Out Put

Figure 2.2: Machine learning algorithms

2.2.3 Type of Machine Learning

1- Supervised Learning

This is the most popular type of machine learning. In which the machine is
educated by the use of data and data output, this is referred to as supervision,
and it is oversee knowledge by providing data outputs figure (2.3) show the
general about supervised learning. Although, because need to renaming data is
needed to operate properly, this type provides a collection of data for the
machine learning algorithm to work with. The capacity to find new patterns by

training them to fresh data will be available [17].

Input Data +

Figure 2.3: Supervised Machine learning

Output I Supervised
Data I Learning

13
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2- Unsupervised machine Learning

Unsupervised learning can work with data that isn't labeled. This means that
the computer is only taught by supplying it with data and so it learns to detect
correlations and patterns through training. Because of this data output
prediction, no human interaction is necessary to create a collection of machine-
readable data, allowing computers to work with considerably bigger data sets.
Here, the training process, on the other hand, does not have labels to cope with,
which leads to confusion in hidden structures [18]. The ability of unsupervised
learning algorithms to create these hidden structures is what makes them so
flexible. Unsupervised learning algorithms may adapt to the data by modifying
the underlying structures dynamically, rather than using a predefined and

precise problem statement [19].
3- Learning through Reinforcement

Reinforcement learning is influenced by how individuals learn from data in
many aspects of life since it uses self-developing algorithms and a trial-and-
error technique to understand when negative output is amplified and
discontinuous outcomes are really not [19]. This sort of algorithm works by
putting algorithms in a certain environment with the presence of a compiler and
a reward system, with the output result being supplied to the compiler every
time the algorithms are repeated. This determines whether or not this outcome
IS sequential, and offer a reward to the algorithms, but if the outcome is
unsatisfactory, they will iterate until they achieve a better result, so the program
is trained to provide the greatest possible result for the best possible reward

[20]. Figure (2.4) shows the Reinforcement learning.

14
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Decision maker
(agent)

»

Observation Reward Action

Environment

Figure 2.4: Reinforcement Learning [20]

2.2.4 Limitation of machine learning

Feature extraction is one of the most difficult aspects of conventional
Machine Learning models. -This is a major difficulty for complicated problems

like object identification or handwriting recognition[21] .

2.2.5 Applications of Machine Learning

Machine learning is applied in a wide range of fields, including health,
banking, social media, travel, email spam and malware screening, online
customer service, search engine result refinement, product suggestions, and

more. Some of these are described in further detail below [22].
1. Health:

2. Finance:

3. Social Media

4. Travel:

15
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5. Email Spam and Malware Filtering:
6. Online Customer Support:
7. Product Recommendations:

8. Natural Language Processing:

©

Picture processing and computer vision:
10.Automotive Industry

2.3 Deep learning
Deep learning is a type of machine learning that involves the use of large
amounts of data. Entails a more advanced level of learning. In difficult tasks,

deep learning models are extremely successful. The deep learning model may

reach high levels of accuracy that are sometimes superior to human ability [23].

2.3.1 Examples of deep learning

1- Devices like as phones, TVs, and speakers may be controlled with voice

commands [24].
2- Carry out categorization tasks using pictures, text, or audio.

3- Autonomous driving: Automotive researchers utilize deep learning to

automatically recognize items like stop signs and traffic lights.
4- Electronics: used in automated speech and hearing translation.

5- Games and competitions: finding answers to a game with the fewest moves,

for example [25].

16
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2.3.2 Limitations of deep learning

e Deep learning requires a large amount of data to educate [25], and neural
networks are easily fooled.

e Deep learning's accomplishments are entirely experimental, and learning
algorithms have been dubbed "sensor arrays" for their incomprehensibility.

e Deep learning hasn't been adequately connected with prior knowledge up to
this time [26].

2.3.3 An application for deep learning

This section lays the groundwork for this analysis by examining different

domains where the deep learning algorithm has been used.

1. Speech Recognition Software (ASR)

2. Recognition of images

3. Processing of Natural Language

4. Toxicology and Drug Discovery

5. Management of Customer Relationships

6. Bioinformatics

2.4  Convolutional Neural Network (CNN)

Because biological processes in the human brain’s visual cortex inspire it, a
convolutional neural network (CNN, or ConvNet) is a type of deep neural

network that is most often used in image processing [27].

Convolutional neural networks are made up of several layers of artificial
neurons. Natural neurons with mathematical functions that add several inputs
and output the activation value are known as artificial neurons. They're in that

layer when you summon them. Horizontal edges or a queen are extracted from
17
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normal initial models. This output is sent to the outside from the output. As we
move deeper into the network, we may choose more sophisticated like items,

etc., as seen on the figure (2.5) [28]. The layer that makes up CNN.

Output ‘ -@-

Convolution

Fully Connected l Q

Pooling

| Flatting
« e

Figure 2.5: Convolutional Neural Network (CNN) [28]

1-The first layer utilized to extract features from an input data is the

convolution layer [29].

2- Pooling Layer: When the data are too huge, pooling layers refers to the
number of parameters [30]. Pooling decreases the size of each map while
preserving the essential information. Pooling can be done in a variety of

ways:
a. Average Pooling

b. Maximum Pooling
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c. Pooling of sums

3- Flattening: Flattening is the simplest stage, which involves arranging each
row of a feature map into a single column. As input-to-input layer, this

column value will be used [31].

4- Activation Function: Any neural network's output end includes an activation
function. It aids in the mapping of values from 0 to 1 or -1 to 1 depending on
the function. Linear and non-linear activation functions are the two types of

activation functions [32].

2.5 Mel Frequency Cepstral Coefficients (MFCC)

It is recommended that you employ MFCC features since they are common
capabilities in speech processing and may be found in a variety of software

packages. Various items are included [33].

1. Pre emphasis: where concentration mentions to refinement that
accentuates the height of the release, with the goal of balancing the spectrum

of high-frequency voice sounds with a steep slope [34].

2. Blocking and windowing of frames: to achieve sound parameters that are
relatively steady, the speech signal is a variable signal that changes slowly or
practically continuously. Speech must be evaluated in a relatively short amount
of time. This is accomplished through the use of continuous speech analysis on

clips. The voice signal is meant to be fixed across it, therefore it's short [35].
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3. DFT: Each window frame is repurposed a size spectrum by using the

DFT technique according to the mentioned equation as

—j2mnk
N

x(k) = XNZdx(n)e ;0<K<N-1 (2.1)

where N is the number of DFT sample [36].

4, Mel spectrum: With the aid of the well-known interference window, we
assign the spectra to a slope scale in order to obtain an approximation of the

energy in each location [37].
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Figure 2.6: Mel scaling mapping [37]

When it comes to Mel scaling map, the scaling of the real particular
frequency (Hz) and the measurement of perceived frequency (Mel) must be
done at the same time. As indicated in figure (2.6), logarithmically. And the
slope approximation of the frequency can be expressed as free, where the

formula is given as follows [38].

Fuer = 2595 log (1 + =) 2.2)

20



Chapter TWO... .t e Theoretical Background

It is simple to obtain a sufficient estimation of the energy in a location by
using a filter bank with the a proper spacing. To store the buffer and calculate
the first 13 coefficients using DCT, the register of energies known as a mile
spectrum can be used. These increased the numbers that represent a faster
estimate of the estimated energies and thus have less information to be used in
the classification of data where the first 13 coefficients are calculated using
DCT and disposal. [39].

5. Discrete Cosine Transform (DCT)

DCT is applied into the MFCC after they have been converted. Before

computing the DCT, it generates a large number of Cepstral coefficients.

M-1 nn(m-0.5)
C =" logi(s(m)) cos(™H 23)
m=0
The cepstral coefficients are c¢(n), and the number of MFCC is C. Only the
septal coefficients 8-13 are used in MFCC systems, and the zero parameter
is frequently ignored because it reflects the rate log power from the input

indicative, which only contains a few Speakers information [40].
6. Dynamic MFCC features

The cepstral coefficients are usually referred to as static features, since they
only contain information from a given frame. The extra information about the
temporal dynamics of the signal is obtained by computing first and second
derivatives of cepstral coefficients [7-9]. The first-order derivative is called
delta coefficients, and the second-order derivative is called delta—delta
coefficients. Delta coefficients talk about the speech rate, and delta—delta
coefficients provide information similar to acceleration of speech. The

commonly used definition for computing dynamic parameter is [41].
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T . ;
Acm (n) = Zi==2iCmOFD (2.4)

S il

where Cm(n) indicates the n'" time frame's m'" feature, k; signifies the ith
weight, and T is the number of frames utilized for computation. T is usually
considered to be 2. The delta—delta coefficients are computed by taking the

first-order derivative of the delta coefficients [42].

2.6  Tiny Machine Learning (ML)

Tiny ML is a project that tries to make machine learning (ML) applications
run on low-power devices like microcontrollers. In order to operate ML
applications, edge devices usually need to be linked to data centers. Tiny ML's
three most promising approaches these approaches have been successfully used
in a variety of applications that have been commercialized in a variety of goods.
These products can be found in domestic, office or industrial scenarios, you can

find it in the following application:[43].

2

Machine Learning

Embedded System

Figure 2.7: Tiny Machine Learning (ML)[43]

1. Keyword Spotting

Keyword spotting (KWS) is a speech recognition approach that uses a brief

sound clip to identify certain words.
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2. Visual Wake Word

The extension of keyword detection for visuals is the visual wake word
approach. The application process follows a similar pattern: A camera
continuously captures photos from the surroundings in order to determine if
a certain object or person is in the image (using a machine learning model)
[43].

3. Anomaly Detection

Anomaly detection is a method for detecting unusual occurrences. Anomaly
detection, unlike prior systems, uses an unsupervised learning approach, in

which the model must uncover patterns in unlabeled data [44].

2.7  Classification

When it comes to studying statistical problems, classification is a crucial
technique. Classification is the challenge of identifying whether an item
belongs to a specific class based on a previously learnt model in machine
learning or statistics [44]. Based on a previously established set of training data,
this model was statistically trained. Supervised learning is the term for this
approach. Classification and regression are the two elementary types from
supervised methods. In degradation, it produces variable takes continuous rate,
but during classification, the production variable takes class labels. In machine
learning, classification is crucial, especially for future planning. During the
training and classification phases, it’s possible that there are missing values in
the data set cause issues [45]. Preparers can ignore omitted data, swap the
complete omission values with a single global constant, swap the omission
value with the mean of the chosen class, and manually monitor samples with

omitted values and insertion of a potential or likely value to overcome the
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problem of missing data. Bayesian characterization and decision trees are the
most basic classification methods, whereas sophisticated ordering approaches
include Support Vector Machine (SVM), K-Nearest Neighbor (KNN), and
Acrtificial Neural Networks (ANNSs). One of the most frequent diagnostics for
measuring planned probability is the ROC curve. There are generally four

different sorts of categorization jobs that you may encounter [46].

« Classification with several categories
« Ratings on multiple stickers

» Unbalanced Rating.

2.7.1 Classification performance metrics

The accuracy with which a classifier can predict is a critical factor to consider
when selecting a classifier. The accuracy and other performance metrics can be
used to compare different types of classifiers and determine which one is the
best.

Four expressions are used in numerous performance measures: [47]

e True positive (TP): refers to the number of times the classifier properly
identifies the positive class as positive.

e True Negative (TN): refers to the number of times the classifier properly
predicts the negative class as negative.

e False Positive (FP): This term refers to the number of times a classifier
wrongly predicts a negative class as a positive.

e False Negative (FN): This is the number of times the classifier predicts the
positive class as negative. From the confusion matrix, here are some of the

most frequent performance measures you can utilize.
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Table 2.1: Confusion matrix in its most general form

Actual class
Class Left Noise Right| Stop
Left TP FP FP FP
Noise FN TN TN | TN
Right FN TN TN | TN
Stop FN TN TN | TN

Predicted class

The accuracy the percentage of total samples correctly identified by the

classifier [48]. Use the following formula to calculate accuracy:

(TP+TN)

ACC =
(TP+TN+FP+FN)

(2.5)

In order to calculate the loss (L) between the predicted and the actual class,
the Mean Squared Error is used as shown in the equation 2.6.
L = (Predicted class — Acutal class)? (2.6)
Performance can also be evaluated using other metrics. True Positive Rate
(TPR) or sensitivity, which is equivalent to recall, is the ratio of correctly
classified positive examples, whereas True Negative Rate (TNR) or
Specificity informs you what fraction of all negative samples the classifier

correctly predicts as negative. True Negative Rate is another name for it

(TNR).
These measurescan be calculated as shown in equation (2.7) and (2.8).
Y ¥
sensitivity = TPEN) (2.7)
e o TN
Specificity = TNTEP) (2.8)

The most common criteria for measuring the performance of classification
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systems are accuracy, recall or sensitivity, specificity, precision, and recall.
Precision is yet another classification metric that is frequently used. It informs

you what percentage of positive forecasts were truly positive [48].

TP
(TP+FP)

Precision = (2.9)

The F measure (also known as F1) is a new method for combining precision
and recall into a single metric that may be calculated as shown in equation
(2.10).

precision X recall

F1=2x (2.10)

precision+recall

In an ideal scenario, we'd like a model with a precision of one and a recall
of one. That translates to an F1-score of 1, which indicates 100 percent
accuracy, which is rarely the case with machine learning models. So, we

should aim for a higher precision while maintaining a higher recall value [49].

2.7.2 Arduino Nano 33 BLE Sense

Arduino is an open and free electronics platform with simple hardware and
software. Small, powerful, Bluetooth-enabled, and equipped with all the
sensors you'll need to create cutting-edge apps. Mid-July 2019 is the estimated
ship date. The NINA B306 module for BLE communications is at the heart of
this small and dependable Nano board. A Nordic NRF 52840 CPU with a
powerful Cortex M4F and a set of links run the device, allowing for highly

innovative and dynamic designs [50].

Wearable devices are now possible and projects that rely on gestures to
interact with more close-range gadgets to be created. The BT 5.0 multi-protocol
radio on the BLE Sense Arduino Nano 33 makes it perfect for projects using
interactive automation 45 x 18 mm are the dimensions. Sensor interfaces should

be ready to use, the computer data connection is similarly simple.
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Figure 2.8: Arduino Nano 33 BLE Sense [50]

You can see the Arduino BLE 33 Sense in figure (2.8), it's a small and
dependable Nano board based on the NINA B306 module for Bluetooth 5 and
BLE communication; the module is based on the Nordic nRF 52840 processor,
which has a strong Cortex M4F, and the board features a variety of sensors that
enable the construction of unique and engaging designs [51]. The specifications

of it are:

« 64MHz clock
« 1MB flash
« 256KB RAM
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Chapter Three: Proposed system Analysis and Implementation
3.1 Introduction

In this chapter, the steps of how to create a trained machine-learning model
that can recognize words from our training data proposes in cloud server. The
procedures for creating an MFCC block and a neural network are illustrated in
Figure (3.1).

[ System preparation ]

4

Data collection Arduino to run the
(Arduino) model

Convolutional

Composition of the
Neural

Rebalance Mel Frequency ‘
Data set - Cepstral Coefficients Network

(MFCC) (CNN)

Figure 3.1: Steps to design trained data

3.1.1 System preparation

The sampling is started with raw data, then show how to build and deploy a
trained machine learning model. The following applications needed by the
Arduino must be installed before installing the samples, then the path must be
added to the computer so that the Arduino can be found. The desks running
the Arduino board firmware library, Node.js and NPN are downloaded in step

two.
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System preparation

Connection over
internet

Cloud server

%

Micro-USB
connection

Computer Arduino BLE33 sense

Figure 3.2: Pre-processing step results

3.1.2 Data collection

Typically create the own keyword recognition systems, such as right, left,
stop and noise in the processing of this stage. To gather this data, we'll go to
the data collection interface and change our terms, such as Right, and set the
sample duration to one second. Here, the sensor was a microphone with a
16000 sample/sec. Then, presses the start sample button and said the word
correctly 100 times. It's been found that when we utilized the cell phone is
utilized as a sensor, the data gathering was quick. Then, it's been discovered
that when we input the data is input, so a file is got with the word corrected in
it. Now, it's going to collect the data by repeating the previous procedure on
the left word and so on for other words. The data collection for all words are
seen in figure (3.3, 3.4, 3.5, 3.6).

The data acquired by repeating the previous procedure on the stop word.
We used the word stop and set the sample length to 1 second, and our sensor

was a microphone with a frequency of 16000 sample/sec and said the word
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stop 100 times, and when entered the data, so noticed that a file appeared that
clearly contained the word stop. Now we'll collect the data by repeating the
previous procedure on the left word, utilized the left word here and set the
sample length to 1 second, utilized sensor to a microphone, and the frequency
to 16000 sample/sec, it collects samples and say the word "left" 100 times. As
for the word stop, it is indicated in the case of incomprehensible speech then

it's observed that when enter the data, a file opens with the word left plainly

written in it.
Time(s)
Figure 3.3: Data collected-right
a

Time(s)

Figure 3.4: Data collected-left
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<
Time(s)
Figure 3.5: Data collected-stop
<

Time(s)

Figure 3.6: Data collected-noise

3.1.3 Rebalance the data set

A portion of the data is obtained after creating a machine learning model
and trained the algorithm will be utilized to verify the quality of the training.
This implies that the data is separated into two parts: data for testing and data
for training Although the test and training data are not the same, they are both
required for automatic learning. The test data is a subset of the data that used
to evaluate the trained types. Performance and accuracy after it were built with
the training data set. Because it’s needed to save 78% of the training data for
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the model and 22% to validate the trained model, where rebalancing our
dataset used here and automatically split it between the training and test
groups. The trained and tested dataset is depicted in table (3.1) and table (3.2)

respectively.

Proposed system Analysis and Implementation

Table 3.1: Training data result from model

Type Data Time
Data Collection Stop 1m 42s
Total 6m 50s Left 1m 42s
Right 1m 42s
Noise 1m 42s
Training 78 % & Training 6m 50s
Test 22 % Testing 1m 54s
Table 3.2: Test data result from model
Type Data Time
Data Collection Stop 24s
Total 1m 54s Left 31s
Right 27s
Noise 33s
Training 78 % & Training 6m 50s
Test 22 % Testing 1m 54s

34




Chapter Three.........o.oiviiiiiiiiiiieeene, Proposed system Analysis and Implementation

3.1.4 Composition of the Mel Frequency Cepstral Coefficients (MFCC)
block

Passed to the MFCC menu once impulse built, as show of figure (3.7)

-

o . Hanning
ll. ”l 3 pre-emphasizing ——> Filtering .

window

original sound i '
original sounc Windowing

" FF
&— DCT Cepstrum €——  Mel Energ) (—'

Square

| Framing and |

Figure 3.7: Block diagram of MFCC

And this page shows us how to transform the data. The passage of time as the
frequencies increases on the vertical axis (where the number of frequencies
can be controlled by parameters) and time on the horizontal axis (controlled
by frame lines and frame length), because these visual patterns in the diagram
shown contain information about how the types of sounds it makes. Whether
it's right, left, stop, or noise, the spectrogram difference is cleaned from one
image to the next depending on the sort of sound we have. Basically, data can
be quickly acquired and searched on different types of spectrograms to select
the audio sample for the purpose of display as shown in the following diagram:

And the Table (3.3) shows the parameters of form MFCC setting.
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Table 3.3: The set parameters of the MFCC

Parameter name Value
Number of coefficients 13
Frame length 0.02sec
Frame stride 0.01sec
No. of filter 32 Filter
FFT length 256 Points
Normalization window size 101 msec
Low frequency Gain 300
Pre-emphasis
Parameter name Value
Coefficient 0.98
Shift 1 Roll over the input signal

As notice in the figures (3.8), (3.9), (3.10), (3.11), it can be noticed the
differences between the time and intensity, as it is used to define our keywords

Right, left, stop, noise. Also note the differences between them.
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Figure 3.10: Spectrogram from data collection (stop)
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Figure 3.11: Spectrogram from data collection (noise)

As it can be seen the performance of the microcontroller as the total time

consumed by the microcontroller is 328ms, and 26KB of RAM was utilized.

3.1.5 Feature Explorer

. [I[iire-esn
Voice signal

Pre-processing
Wavelet
Decomposition

S

Coefficients Extraction

~Z

Feature Extraction

S

Features

Figure 3.12: Block diagram of feature explorer
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After the MFCC block creation and spectrum plots, the data will be passed

to a neural network architecture to learn patterns in this sort of data.

However; before it the data must be train for all audio windows. Displays the
entire data with each element color-coded to its term, allowing us to click on
each element to see the sample and zoom in on the element to see whether
there is an error element in the collection. This is an excellent technique to see
if the data set has any false components as for machine learning, if it is

acceptable. Figure (3.12) show the display of feature explorer.

Feature explorer (400 samples) @
X Axis Y Axis Z Axis
Visualizatic v Visualizatic Visualizatic v

L J

e

L J

L J

\ |avar
Lomn “']“("-)‘l

visuallzat

~ O N < e o = o oo — o v &

Visualization layer 2 Visualization laver 1

Figure 3.13: Feature explorer display input data

Data visualization for data and information is called graphic visualization
which facilitates the detection and recognition of trends, data patterns and

outliers. Charts, graphs, and maps are examples of visual components, that
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known as data visualization. Data visualization methods and technologies are
equally crucial, which analyzes a high category of data and takes action for the
patterns as for well as the colors. So that the differences between red, blue,

yellow and green can be quickly noticed.

3.1.6 Convolutional Neural Network (CNN)

After processing all the data, the next stage was to train a neural network,
which are artificial intelligence systems based on the human brain and capable

of identifying and detecting the sounds in the training data.

Input layer
Zl = pt1 .yl

Relu

Relu(z;) = max(0, z;)

Reshape layer
(batch_size,)+ target shape

1D conv / pool layer
hl max;_g cj—0.. K" (x+1) (y+j))

Dropout (rate 0.25)

R 2

Fully-connected layer
zp=W;xh4

Flatten layer

¥

Add an extra layer

L 2

Output layer (4 classes)

Figure 3.14: Convolutional Neural Network configuration
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Virtual "neurons” from the neural network have several levels, as can be
seen in the layer diagram, the first layer shows spectrum graphs, which are
filtered and modified based on the internal position of each neuron, while the
second layer repeats the process by adding and outputting the first layer. And,
in order to improve it, the network's inputs must be adjusted appropriately in
order to provide accurate outputs. A trained network is created when this
method is several times layers provide structure and depending on how the
structures differ, they may be utilized for a wide range of tasks. The training

setting is show in figure (3.15).

Neural Network settings

Training settings

Number of training cycles & 100
Learning rate & 0.005
Vvalidation set size & 20 %%

Auto-balance dataset &

Audio training options

Data augmentation &

Neural network architecture

1D Convolutional (Default)
Architecture presets &
2D Convolutional

Figure 3.15: Neural network Setting
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Then, after selecting the number of training cycles and training rate a sample
of training and validation data is supplied. Layers give structure and may be
utilized for a number of activities depending on how the structures differ after
selecting the value of 100 for the number of training sessions. The larger the
rise in the number of training sessions, the lower the accuracy, and vice versa.
The training rate was 0.005, and the coefficient value, which is the sound
reliability ratio, varied from 0.95 to 0.98, that categorized After a few minutes

of training.

42



Chapter Four

Results and Discussion



Chapter FOUL. ... ..o, Results and discussion

Chapter Four: Results and discussion

4.1 Introduction

In this chapter the results are obtained by using two systems, the first is by
using the deep convolutional neural networks learning (CNN) with Arduino
Nano BLE Sense, and the second system is by using a mobile device with a
computer. In both systems different audio data values were entered using
Cepstral coefficients for frequency-slope, which extracts features from audio
signals and is great for the human voice. Also using Classification where it
learns patterns from data, and can apply them to new data. In both systems, the
accuracy of the values of the input audio data was obtained, and the losses were

also calculated.

4.2  Results of Arduino and Mobile devices
After the data set was tested by a CNN with an Arduino and a mobile device,

the results are obtained as follows:
Part One: Implementation of CNN with Arduino
The accuracy and loss in the proposed system can be show in table (4.1).

Table 4.1: Accuracy and loss in percentage

Accuracy 98.8%

Loss 0.04

It should be noted that the accuracy indicates the percentage of the given
sound that are correctly classified, and increasing the accuracy will make the

system better. The performance of the proposed system is show in Table (4.2).
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Table 4.2: The conclusion from NN Classifier at each class

Class | Sensitivity | Precision | Specificity K accuracy | F-Score

Right 1 1 1 1 1
Left 1 1 1 1 1
Stop 0.95 1 1 0.98 0.98
Noise 1 0.95 0.98 0.98 0.97

Table (4.3) show the confusion matrix of the system.

Table 4.3: The performance from the given data

Left Noise Right Stop
Left 100% 0% 0% 0%
Noise 0% 95% 0% 5%
Right 0% 0% 100% 0%
Stop 0% 0% 0% 100%
F1_SCORE 1.00 0.97 1.00 0.98

The confusion matrix explains the balance of the classified sound source in
spite of the unclassified sound source in order to be understood. Which can
classify the sound source of a word named (right) as it is word right and a word
named (left) as a word left, etc. Which allows us to note that there is a loss in
the result obtained but a small percentage that guarantees the accuracy given.

Figure (4.1) state the three-dimensional feature explorer, and it can be seen that
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the values of the input data got a small error rate as shown in the red circle, so

there were data losses.

© Left - correct
o Noise - correct
® Right - correct
® Stop - correct
@ Noise - incorrect
6.5
, 6
= 5.5
S
1 ¢

Figure 4.1: The Feature Explorer

Platform performance is stated in Table (4.4), which displays decile for how
much model is executed during the system, such as time out, details and the

least memory usage, which shows us how much RAM is required to be

performed.
Table 4.4: On-device performance
Parameter name Value
Inferencing time 4ms
Peak RAM usage 5.0k
Flash usage 33.5k
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Platform performance displays decile for how much model is executed during
the system, such as time out, which is a rating from how extended it might take
the model into test one second from data in representative console, and the least
memory usage, which shows us how much more RAM is required to be
performed.

Part Two: Implementation the mobile device with the computer
The accuracy and loss can be show in Table (4.5).

Table 4.5: Accuracy and loss in percentage

Accuracy 100%

Loss 0.00

In this part, the model is trained using the mobile device with the computer.
The value here will differ from those in the training program using the Arduino
board with the computer. Here the accuracy is 100%, although it is noted that
its accuracy is often evidence that our model exceeded data training. It will be
revealed if it is correct in the next stage of testing the model. Which allows to
note that there is no loss in the result obtained, so that it guarantees the accuracy
given. The performance of the proposed system is given in table (4.6) and the

confusion matrix is show in Table (4.7).
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Table 4.6: The conclusion from NN Classifier at each class

Class | Sensitivity | Precision | Specificity K accuracy -
Score
Right 1 1 1 1 1
Left 1 1 1 1 1
Stop 1 1 1 1 1
Noise 1 1 1 1 1

Table 4.7: Last training performance of the given data

Class Left Noise Right Stop
Left 100% 0% 0% 0%
Noise 0% 100% 0% 0%
Right 0% 0% 100% 0%

Stop 0% 0% 0% 100%

F1 SCORE 1.00 1.00 1.00 1.00

For this confusion matrix, the comparison is done with number of correct
categorized windows to the number of errors a categorized window, in which
the sound overture of the word Right are classed as Right, the word left as left,
and the word stop as stop. Also, for the classification of noise windows, no

losses are observed in the construction of the model as depicts in Figure (4.2).
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Figure 4.2: Feature explore

From figure (4.2), it is noted that the values of the input data did not have
any error rate. Where no losses are obtained as mentioned in the first section.
This means that the accuracy and implementation of deep learning using this

technigque was good.

The statistics that encode how the device model is expected to work are
shown in Table (4.8) which taken form the standard microcontroller, while the
time inference represents an assessment from how much long it will occupy for
the model into study one more from data. As for peak memory, it refers to the

amount of RAM for how the device works.

Table 4.8: On-device performance

Parameter name Value

Inferencing time 4ms

Peak RAM usage 4.7kB
Flash usage 33.5kB
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4.3  Classifying of data

From the previous stage, it was found that the results of the model period
performed well for the training data. It is important to test it on new data that
has not been previously selected. This step shows useful features like the ability
into log alive data of system while classify this instantly. Figure (4.3) shows a
new data for classification and figure (4.4) states the Results of it.

Classify new data [ %= Connect using WebUSB ]
Device & hudag9 ~
Sensor Built-in microphone ~
Sample length (ms.) 1000
Frequency 16000HzZ ~

Figure 4.3: Classified new data
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NNNNN

MFCC (401 samples) ®

Y Axis
Detailed result

Figure 4.4: Result of classifying data

After loading the sample, it is segmented into several windows. Then the
windows are classified. As indicated, our model's 400 captured acoustic
windows were rated as being Noise, Right, Left, and stop. The accuracy of the
proposed system is 98.8% based on the investigation data. It was expected that
at least 2% of the windows would incorrectly classify - and more likely if the

model didn't work perfectly.

4.4  Model testing
The form can be quickly tested using the live evaluation page to see how it
works. However, more comprehensive testing is needed to ensure that it is

working properly. The form Test tab is launched, the sample just taken will be
listed in the test dashboard stated in Figure (4.5).
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Test data

Set the 'expected outcome’ for each sample to the desired
outcome to automatically score the impulse.

Stop.2... Stop 1s
Stop:2:... Stop 1s
Right.... Right 1s
Right.... Right 1s

100%

100%

100%

100%

1 Stop

1 Stop

1 Right

1 Right

Figure 4.5: The Test data panel

Each word contains a test data set as well as its own training data. The test
data set is immediately saved with the samples taken in the live classification,
and the form test page displays all the test data. The expected result of the

sample obtained must be accurately specified before it is used for testing. The

accuracy of the model was estimated based on the test results.

Ideally, it may be desirable to collect a test set that containing at least 25% of
the data from the model of training set. If the training data is collected about
10 minutes, then it should be less than the test data about 2.5 minutes. It must
be ensured that these test data cover a wide range of conceivable scenarios
when the model can be evaluated on the basis of different inputs. Figure (4.6)

shows the test result for a record from testing data of words right, left, stop and

noise.
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Model testing results

96.40%

Figure 4.6: Test result at a lot from samples

Classification reveals that the work of proposed model was with an accuracy
of 98.88%, 2% lower than the performance of the validation data. Since it is
common for a model to perform quite poorly for new data, it is a good result,

and as a working strategy.

Samples that frequently contain the wrong number of classifications are
useful because they contain examples of the sound class that the model does
not fit. Itis a good idea to add it to the training data after completing the steps,

and the test data should be replaced with new data to make up for the loss.

The distinction between visually labeled data from training data should be
observed by looking at the feature explorer on the X, Y, and Z axes. So it can
take the a new (second) and trained it. A sample could be identified as
anomalies and the lack of confidence in the neural network is because the

distance from the block too large.

Testing the model in the real world helps ensure that it works, which is
something that should be done after every change. By making frequent changes
to the model in order to further improve test data set, however, the model may
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begin to adapt the test data set and lose its usefulness in the procedure. To

prevent this, add a number of new test data set.

4.5 Model program on the device

The data from the sensors and the execution on of the signal processing

code and the categorization of the data is as follows:

When the data for right is tested, it will appear on the Arduino interface after
a network has been downloaded in which the percentage of data for right on the

screen is higher than the percentage of data for left, stop and noise.

Sample length: 1660 ms.
No. of classes: 4
Starting inferencing, press 'b' to break
Starting inferencing in 2 seconds...
\Recording. ..
.Recording done
Predictions (DSP: 248 ms., Classification: 4 ms., Anomaly: @ ms.):

Left: ©.e0000
Noise: ©.94922
Right: ©.oe0808
Stop: ©.85878
Starting inferencing in 2 seconds...
Recording. ..
(Recording done
Predictions (DSP: 248 ms., Classification: 4 ms., Anomaly: @ ms.):
\ Left: ©.00000
Noise: @.@3516
Right: ©.96484
Stop: ©.00000
Starting inferencing in 2 seconds...
(Recording. ..
\Recording done
|Predictions (DSP: 248 ms., Classification: 4 ms., Anomaly: © ms.):
Left: ©.00000
Noise: ©.82344
Right: ©.97656
Stop: ©.80060

Figure 4.7: Test word data right

Also, for the data of the word left, when performing the test, the percentage
of data for the word left will appear on the screen higher than the percentage of

data for the words right, stop and noise.
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Sample length: 1666 ms.

No. of classes: 4
Starting inferencing, press 'b' to break
Starting inferencing in 2 seconds...
Recording. ..
Recording done

Predictions (DSP: 24@ ms., Classification: 4 ms., Anomaly:

Left: ©.00000

Noise: ©.83594

Right: ©.16486

Stop: ©.00000
Starting inferencing in 2 seconds...
Recording...
Recording done

Predictions (DSP: 24@ ms., Classification: 4 ms., Anomaly:

Left: ©.02344

Noise: ©.86250

Right: ©.79688

Stop: ©.11719
Starting inferencing in 2 seconds...
Recording. ..
Recording done

Predictions (DSP: 248 ms., Classification: 4 ms., Anomaly:

Left: ©.91816
Noise: ©.83125
Right: ©.84688
Stop: @©.01172

............................... Results and discussion

@ ms.):

@ ms.):

8 ms.):

Figure 4.8: Test word data left

So, for the data of the word stop when testing, the percentage of data for the

word stop will appear on the screen higher than the percentage of data for the

words right, left and stop.

Noise: ©.10938
Right: ©.88672
: Stop: ©.08391
Starting inferencing in 2 seconds...
Recording. ..
Recording done

Predictions (DSP: 24@ ms., Classification:

Left: ©.81172
Noise: ©.98828
Right: ©.eceee
. Stop: ©.00000
Starting inferencing in 2 seconds...
Recording. ..
[Recording done

Predictions (DSP: 248 ms., Classification:
' Left: ©.ce008
Noise: ©.47656

Right: ©.85078

‘ Stop: ©.47656

Starting inferencing in 2 seconds...
Recording. ..

Recording done

Predictions (DSP: 24@ ms., Classification:

Left: ©.00000
Noise: ©.69141
Right: @.80391
Stop: ©.38469

4 ms., Anomaly: © ms.):

4 ms., Anomaly: @ ms.):

4 ms., Anomaly: @ ms.):

Figure 4.9: Test word data stop
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When you test the data for the word noise, the percentage of data for the
word noise will appear on the screen higher than the percentage of data for the

word right, left and stop.

Left: ©.06000
Noise: ©.99609
Right: ©.eeeee
Stop: ©.0ee0e
Etarting inferencing in 2 seconds...
Recording. ..
Recording done
Predictions (DSP: 240 ms., Classification: 4 ms., Anomaly: @ ms.)
Left: ©.06781
Noise: ©.80391
Right: ©.@eeee
Stop: ©.98828
Etarting inferencing in 2 seconds...
Recording. ..
Recording done
Predictions (DSP: 248 ms., Classification: 4 ms., Anomaly: @ ms.)
Left: ©.28516
Noise: ©.53906
Right: ©.16547
Stop: 0.06641

Figure 4.10: Test word data noise

Thus, a deep learning network (CNN) was made and trained on 400 sounds,

after which it was converted in a way that was tested on the Arduino device.
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Chapter Five

Conclusion and Future
Work
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Chapter Five: Conclusion and Future Work

5.1 Conclusion

In this work, deep learning algorithms have been applied in speech analysis

and from the Results, the following conclusion can be depicted:

e CNN are implemented on an Arduino of limited resources with very
good results.

e Mel Frequency Cepstral Coefficients (MFCC) for slope frequency are
used to extract selected audio features to get the highest possible
accuracy and reduce data sample and speed learning.

e Because Arduino is limited in resources, Tiny Machine Learning (ML)
was used to transform the network, it is less efficient but operational
and bears the resources of deep learning. And it was implemented on
Arduino with minimal resources and simplicity of use.

e Convolution neural network (CNN) has been successfully built in
Arduino for training and classification.

e Good results were obtained in both directions. It is expected that the
results of the mobile device will be higher due to the absence of losses
and the speed of entering voice data through it and the record is very
clearly.

e The accuracy of the Arduino result was (98.8%) while the result of the
mobile was (100%).
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5.2 Suggestions for future work:

1. In our future work, a servo motor will be used to represent the given
data. The implementation will be executed on the motor itself and the Arduino
instead of being show on the execution screen, when any of the audio data is
heard in the microphone of the Arduino.

2. Or implement the project using the method FPGA.
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