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Abstract

Regardless of the final target aim with the use of NVIDIA® toolkit, which offers available
resources with typically restricted embedded models. NVIDIA® Jetson Nano™ Toolkit
permits users carry on incredible new capacities to millions of small, power-efficient Al
systems. It launches new fields of IOT embedded applications, comprising entry-level
Network Video Recorders (NVRs), robotics and home robots, and intelligent world using
entirely analysis and analytics

Thus, a proposed architecture and pipeline design is highly required to clarify all steps
implemented. Meanwhile integration of Deep learning based Al approaches into embedded
projects.

The proposed project covers the Scorpion detection Al workflow, incorporating sensors,
cables, transistors, NVIDIA® Jetson Nano™ Toolkit, buzzer and RaspberryPI4 camera
with using inference employing transfer learning techniques as Deep Learning based Al
approaches to the Edge-Al used technology. Here, a mobile application is demonstrated for
an object detection task running on Jetson Nano™ technology using TensorRT.

The mobile application receives signal from Jetson Nano device, a user interface is
implemented on mobile, coded by using Flutter and Dart, which is Google's Ul toolkit for
constructing stunning, natively running applications for mobile computing.

The goal of the realized system has the ability of safer life and helps reducing scorpion
stings by tracking scorpions and alerting space holders accurately. Additional option added
is the ability to alert with buzzer once scorpion detected.

This project can be deployed in the known research field Smart City and its Applications,

in the future this project can widely explore for many reasons and requirements.

Keywords: Scorpion, Artificial Intelligence, Edge Al, Mobile Computing, Object

Recognition, Scorpion Detection, Neural Network, Flutter.
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GLOSSARY

Al: Artificial Intelligence.

CNN: Convolutional Neural Network.
DL: Deep Learning.

HCA: Hierarchical Cluster Analysis.
LD50: Lethal Dose.

LLE: Locally Linear Embedding.
MAP: Mean Average Precision.

ML.: Machine Learning.

NN: Neural Network.

NVR: Network Video Recorder.
PCA: Principal Component Analysis.
R-CNN: Regions with CNN Features
SSD: Single Shot Detector.

SVM: Support Vector Machines.
T-SNE: T-distributed Stochastic Neighbor Embedding.
YOLO: You Only see it Once.
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GENERAL INTRODUCTION

El-Oued and Sahara are the largest area in Algeria. Although all dissert region has the
danger of scorpions sting, there are relatively safe cases as there are death cases. Most of
scorpions stingers usually cause only local pain, minimal edema, lymphangitis with
satellite lymphadenopathy, an increase in local skin temperature, and tenderness around the
injury [16].

Onset symptoms include immediate pain and sometimes numbness or tingling in the
affected area. There is usually no edema and few skin signs. The most common serious
symptoms in children include: {Agitation, Muscle spasms, Abnormal and random
movements of the head, neck and eyes, anxiety and restlessness, Sialorrhea and sweating}.
In adults, tachycardia, hypertension, hyperventilation, weakness, muscle spasms and
fasciculations may be prominent. Breathing difficulties are rare, whether in children or
adults. Stings of such species like C. sculpturatus have been shown to be fatal in children
<6 years of age and in sensitized individuals.

A significant exception in Algeria dissert, a variety of scorpion species (Centruroides
sculpturatus, also known as C.exilicauda), which occurs in different regions: EI-Oued,
Ghardaya, Bordj-Baji Mokhtar, Addrar, Naama,etc. This species is poisonous and causes
more serious lesions and disorders, which is classified as the most dangerous scorpion in
the world.

Despite the decline in the number of deaths, from 106 cases in 1991 to 46 cases in 2019,
the number of scorpion envenomations "continues to increase year by year, from nearly
23,000 cases in the 1990s to nearly 45,000 cases in recent years, according to statistics
provided by the Department of Prevention and Health Promotion. The Algerian ministry
reports 42 wilayas exposed in 2018 to scorpion envenomations, including at least 15

having recorded cases of death [31].
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Geographic data shows that the scorpion endemic to the Sahara now spreads quite easily in
different areas with transport and economic business, but also thanks to its ability to adapt.
Now, the scorpion is spotted even in some parts of the North as Sidi Belabbs [16].

The increase in cases of scorpion envenomations "is due to the non-respect of the
cleanliness of the environment and the proliferation of precarious dwellings and household
refuse, which constitute favorable conditions for the multiplication of the nests of
scorpions, explained to APS Dr. Mohamed Lamine Saidani, member of the National
Commission for the Prevention of Scorpion stings and Head of the Anti-Scorpion Serum
Production Unit at the Institut Pasteur [31].

Scorpion envenomation is a public health issue in Algeria according to WHO. In fact, each
year there are on average 25,000: to 50,000 bites/ year, 100 to 200 deaths/ year [32].

With the progress of Al technology, several systems and applications are proposed for
many reasons as obstacle detection, fraud detection, anomaly detection, threat detection
and danger detection. Toward smart life vs smart world with exploring Internet technology,
variety of projects have adopted in advanced domains. In fact, the proposed project tackle
as first position to recognize the scorpion as the wanted object using object detection

The proposed system based Jeston-Nano processing, has the following characteristics:
integrated model of object detection in Edge Al device, integrated a notification and alert
system as mobile computing, high-tech automatic for processing both edge computing with
different sensors belonging to 10T field, real-time perception as data driven, high
efficiency and safety achieved real-time responding. In the whole real time detection
system, the identification of dangerous object has always been the core process. From
many objects, the proposed Al based model which is implemented by Jeston-Nano, can
monitor the defined dangerous object in real time , the consequences will be unimaginable
in any axes: healthcare, biology, ecology... etc. using various /O support. Through an Al
SDK, NVIDIA® Jetson Nano™ Toolkit offers GPU also provides fast Al deployment with
Al function processing.

In order to fine tune the convolution layer and the full connection layer a transfer learning
method is used, as a result, it can be addressed to multiplicity of research axes as danger
detection or risk detection. Even though this entirely work determines the role of deep
learning in this research area, it does not point out some issues that necessitate to be
measured in practical application, such as risk detection. The scorpions tracking algorithm
and object detections Al models based on Edge Al devices implemented by

NVIDIA® Jetson Nano™ Toolkit has a persuasive and real leading project which offers
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prominent impact on daily life. The operating technique that is a deep learning detection
network based on improved SSD-MobileNet method, which permits the detector to cover
high accuracy detection regarding the condition of real-time streaming; with different
circumstances, the detection results based on tracking the scorpion is realized, and the
bounding box has been designed to visualize visibly and precisely the scorpion, here the
detection and tracking task in same angle in real time of sequence of video [33].

This work aims to track a dangerous animal, to manifest saving people life, monitor a real-
time Al experience and processing, sending data{notifications} from devices to mobile
application, scalability resulted from distributing Al services and make it easier to
propagate IOT ecosystem.

This dissertation investigates a serious problem, regarding to explain thoroughly and
concisely this problematic, it has outlined the structure of the proposed work on the

following chapters:

Chapter 1: STATE OF THE ART

This chapter has clarified a start point and the main raison that conduct this project to be
place, the recent research field literally attempt to solicit the problematic which is
detecting scorpions using Al models, this chapter has exposed a set of fields with showing
detail of corresponding domains in order to accomplish the aim of project, these fields are
Artificial Intelligence and its introduction, Edge Al, Computer Vision and Machine

Learning and Deep Learning Components.

Chapter 2: MOTIVATION OF THE STUDY

Related work appear in this field that lead us to show the strength of given contributions.
This chapter has focalized to present several point initiating by Motivation of this
work and projection their interest in daily-life, then a highlighting State of the art of
Scorpion in Algeria, as result this project is belonging to Danger Detection using Artificial
Intelligence, trying to show main features.

The main realized projects in it. First, a brief summary presented for Internet of Things,
then succinct review of Edge Computing. Next, a detailed paragraphs for Computer
Vision. Passing by a concise Feed Forward Neural Networks technique specially those
used and implemented on the Edge-Al  with illustrating main algorithms in Deep

Learning. Finally, an Evaluation Metrics is computed to assess the proposed model.
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Chapter 3: SUPPORTED TOOLS IN DEVELOPEMENT (NVIDIA® Jetson Nano™)
This section introduce this tools supported by NVIDIA® Jetson Nano™, then identify The

Jetson Nano, explains well all steps:

Setting Up and Running.

Required Components.

Items for Getting Started

Write Image to the microSD Card

Initial Setup with Display Attached Connecting the Camera to the Jetson Nano, by
the end clarifies Setting up Developing Environment.

Chapter 4: OBJECT DETECTION WITH JETSON NANO
This chapter demonstrate Object Detection Top-performing deep learning models for
Object Detection, MOBILENET-SSD, R-CNN and YOLO in The Edge-Al.

Chapter 5: REALIZATION OF THE PROJECT
This section situate the Setting Up of Jetson Inference Library then give the way

of Installing PyTorch at the edge to compile this Project. A required step are needed for

running this project starting with Collecting Detection Dataset, then exposing the Training

The Model, all this part should be done on Jetson-Nano.

A second half of project is the mobile computing task, it should display Alerts and

Notifications using mobile application and a connection realized between Edge Al and

mobile application.

Finally attempt to show result and explain metrics that perform it out.
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Chapter 1 State of The Art

1.1 Introduction

The emergence of the Visual Automation and recognition as a major axis for digital data:
text, image, speech and video. Computer vision leverages high position for using machine
learning and deep learning algorithms to optimize and scale up applications and their use in
any field, also to perform a competitive advantages.

In this chapter, the dissertation has tackled several important titles as: Artificial

Intelligence, Edge Al, Computer Vision, Machine learning and Deep learning.

1.2 Artificial Intelligence

1.2.1 Definition of Artificial Intelligence

To begin, let’s define what Artificial Intelligence (Al) means, The Oxford English
dictionary defines Al as “The theory and development of computer systems able to
perform tasks normally requiring human intelligence, such as visual perception, speech

recognition, decision-making, and translation between languages.”’.

Therefore, Atrtificial intelligence (Al) is a branch of computer engineering designed to
create machines that act like humans. Although Al has come this far in recent years, it is
still missing some essential parts of human behavior, such as emotional behavior, object
identification, and smooth human interaction. Such would mean computers or machines
with programs capable of performance similar to human intellectual capacity or even

amplified by technology.

These machines can:
* Reason
* Process large amounts of data
* Discern patterns undetectable by a human eye
* Understand and analyze these models
* Interacting with People
* Learn gradually

+ Continuously improve performance
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Chapter 1 State of The Art

“Artificial intelligence” thus covers an enormous subject permanently changing. Moreover,

with fast progress since 1950, the foundation year of Al [1].

1.2.2 1950-The Founding Year of Artificial Intelligence

It was 1950 when Alan Turing, British mathematician, and cryptologist, published
Computing Machinery and Intelligence and introduced the Turing test, which is the
purpose of which (still used today) is to determine whether a computer is behaving like a
human. The test consists of allowing one person to speak blindly to another human and a
computer, and then the person must determine which of their interlocutors is a machine [2].

In 2017, artificial intelligence took a decisive step by successfully identifying words in a
conversation and also in human beings and opening up new perspectives for speech

recognition and machine translation in everyday life [1].

In January 2018, Artificial Intelligence surpassed humans in various reading and
comprehension exercises in Stanford University's famous reading test. That will enable Al
to interact with humans easily in the future and to provide them with information in a more

natural way [1].

1.2.3 Artificial Intelligence Performance

According to Harry Shum, the past Executive Vice President of Artificial Intelligence &
Research at Microsoft “Al only works when there is a large amount of data, exceptional
computing power, exclusively thanks to the cloud and revolutionary algorithms based on

deep learning.”

Today, Al used in a variety of areas such as:
e Health care and Medical Imaging Analysis
o Games
e Farming and Agriculture
e Sports analytics and Activities
¢ Robotics

e Machine Translation
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Chapter 1 State of The Art

e Transport
e Public administration
e \Web search

e Finance

1.3 Edge Al

1.3.1 Definition of Edge Artificial Intelligence

Edge Artificial intelligence is a system that uses machine-learning algorithms to process
and generate data (data from sensors or signals). Edge moves Al to where it is required, on
the device itself, not in the cloud. The device does not need to be connected to the Internet
to process data, provide real-time information and decision making in few milliseconds.

To use Edge Al, you need a device with a microprocessor and sensors [3].

1.3.2 The existence of Edge Artificial Intelligence

Some famous real-time instances use complex algorithms to process the data right on your

device instead of sending it to the cloud for results.

Examples: [3]
e The iPhone registers and recognizes your face to unlock the phone in milliseconds
e Google Maps, which trigger an alert for bad traffic.
e Autonomous vehicles: an intelligent car camera can locally recognize vehicles,
traffic signs, pedestrians, streets, and objects and only send the information, which
is necessary for the realization of autonomous driving.

e Similar concepts apply to robots and drones.

1.3.3 Functions of Edge Artificial Intelligence

In a typical machine-learning environment, we first train a model for a specific problem on
a suitable data set. Fundamentally, training a model means programming it to find patterns
in the training data set and then evaluating it in the test data set to test its performance on

other invisible data sets. The type should be similar to the sort of training data set.
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After training the model, if the model is in the cloud, it must first transmit the necessary
data (input data) from the terminal machine, and then use it to predict the results, which
requires a reliable connection, and due to a large amount of data, the transmission speed
may be tardy, or even impossible in some cases. If the data transfer fails, the model is not

useless.

In data transmission, we still have to deal with delays. Unlike traditional configurations
where inference runs on a cloud-computing platform, the Edge Al model runs on
peripheral devices without having to be permanently connected to the output. This process
transfers the decision-making power to the device and enables it. To achieve autonomy,
this is called Edge's artificial intelligence [4].

1.3.4 The importance of Edge Artificial Intelligence

Edge Artificial Intelligence has many advantages: [5]

e |t supports real-time operations, including data creation, decision making, and
processes involving milliseconds.

e Real-time performance is essential for self-driving cars, robotics, and many other
fields.

e For portable devices, Reducing power consumption and therefore extending battery
life is very important.

e As the data transmission reduced, the data transmission cost decreased. By
processing data locally, you can avoid the problem of transferring and storing large
amounts of data in the cloud, making you vulnerable to attacks Data protection

perspective.

1.4 Computer Vision

1.4.1 Definition of Computer Vision

Computer imaginative and prescient is the sphere of Artificial Intelligence (Al), which
permits computer systems and structures to extract significant information from digital

images, videos, and other visual materials, and take action or make recommendations
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based on this information. It focuses on creating digital systems that can process, analyze,

and understand visual data (images or videos) similar to humans.

The computer vision concept focuses on teaching computers to process images at the pixel
level and find out. Technically, machines try to use specific software algorithms to extract
visual information, process it, and interpret the results. Artificial Intelligence enables
computers to think, although computer vision permits them to see, observe, and understand

[6].

Human Vision System

/-

e
= |

=

P

bowl, oranges,
bananas, lemons,
peaches

A

(sensing device responsible for (interpreting device responsible for
capturing images of the environment) understanding the image content)

Computer Vision System

bowl, oranges,
bananas, lemons,
peaches

Input Sensing device Interpreting device Output

Figure 1. 1: Human vision system vs computer vision system.

The following are some common tasks used by computer vision systems:
e Object classification: the wide class that the item lies in.
e Object localization: Object position.
e Object detection: Object and its position in the image.

e Object segmentation: The pixel items that make up the object.
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Figure 1. 2: Computer vision common tasks.

Note: Object recognition is a term to describe a collection of computer vision tasks that
comprise identifying objects in digital photographs.

1.4.2 Computer Vision History

Computer vision is not a new technology. The first experiments in computer vision began
in the 1950s when this invention was used to interpret typed and handwritten text. During

that period, computer vision analysis technology was quite simple.

However, operators who must manually provide sample data for analysis require hard
work. As you may have guessed, it is exhausting to process large amounts of data

manually. Not good enough, so the margin of error for this analysis is very high.

Today, we do not lack computing power. The combination of cloud computing and robotic
algorithms can help us solve the most complex problems. However, it is not just the
combination of new hardware and complex algorithms that control the development of
computer vision technology (we will introduce it in the next part). A sizable amount of
publicly available visual data we generate every day is the driving force behind the latest

developments in this technology [6].

According to Forbes, there are more than 3 billion images online every day, and these data

are used to train computer vision systems.
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1.4.3 Operations of computer vision

Computer vision technology mimics the way the human brain works. But how does our
brain solve the problem of recognizing visual objects? A common assumption is that our
brains rely on patterns to decode individual objects. This concept is used to create a
computer vision system. The current use is based on pattern recognition. We train the
computer with a large amount of visual data: the computer processes the image, marks
objects on the image, and finds patterns on these objects. For example, when we send a
million pictures of apples, the computer will analyze them, identify patterns similar to all
apples, and create an "apple” model at the end of the process. Therefore, every time a
picture is sent to them, the computer can accurately determine whether a particular image
is a flower [6].

Example:

Below is a photo of Abraham Lincoln. The brightness of each pixel in this image is
represented by an 8-bit number between 0 (black) and 255 (white). When inputting a
picture, the program will display these numbers. As the input of the computer vision

algorithm, the algorithm is responsible for further analysis and decision-making [6].
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Figure 1. 3: Example how computer vision work.
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1.4.4 The fields of computer vision technology

application

Some people think that computer vision is the distant future of design. That is not right.
Computer vision has been integrated into many areas of our lives.

Here are some well-known examples of how we use this technology today: [6]
e Content organization
e Facial recognition
e Augmented reality

e Self-driving cars

1.5 Machine Learning and Deep Learning

Components

Machine Learning is a branch of Artificial Intelligence, which includes Deep Learning, as
shown in Figure (1.4).

ARTIFICIAL
INTELLIGENCE

MACHINE
LEARNING

DEEP
LEARNING

1950°s 1960's 1970°s 1980's 1990°s 2000's 2010°s

Since an early flush of optimism in the 1950s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, a subset of machine learning - have created ever larger disruptions.

Figure 1. 4: Al, ML and DL
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1.5.1 Machine Learning

Machine learning (ML) is a field of study that uses the statistics and computer science
principles, to create statistical models, used to perform major tasks like predictions and
inference. These models are groups of mathematical relationships through the inputs and
outputs of a given system. The learning procedure is the process of guessing the models
parameters such that the model can achieve the stated task [7].

1.5.1.1 Fields of machine learning

Machine learning is a common buzzword in Computer vision, Medical, E-commerce,

Finance, Transportation and various sectors.

There are many applications of these algorithms in different fields: [8]

Face Recognition, Object Recognition, Robotics, Self-Driving cars,

etc...

Drug Development, Biomedical Data Analysis, Neurosciences, etc.

Analytics, Insurance, Fraud detection, Financial Forecasting, Spam
Email, etc.

Earthquake Detection, Weather Detection (google weather), etc.

Language NLP, Speech Processing, etc.

Table 1. 1: The Usage of Machine Learning
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1.5.1.2  Types of machine learning

There some variations of how to define the types of Machine Learning Algorithms but
commonly they can be divided into categories according to their purpose and the main
categories are the following: [7]

e Supervised learning.

e Unsupervised Learning.

e Semi-supervised Learning.

e Reinforcement Learning.

1.5.1.2.1  Supervised learning

The supervised machine learning algorithms are those algorithms which needs external
assistance. The input dataset is divided into train and test dataset. The train dataset has
output variable which needs to be predicted or classified. All algorithms learn some kind of
patterns from the training dataset and apply them to the test dataset for prediction or
classification [9].

R
™ Ay i
g ( Algorithm ) ( Processing )

Figure 1. 5: Overview of supervised learning.

List of common algorithms
e Nearest Neighbor

e Naive Bayes
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e Decision Trees

e Linear Regression

e Logistic Regression

e Support Vector Machines (SVM)

e Neural Networks

1.5.1.2.2  Unsupervised learning

The unsupervised learning algorithms learns few features from the data. When new data is
presented, it uses the earlier learned features to identify the class of the data. It is mostly
used for feature reduction and clustering [9].

( Input Raw Data ) ' Algorithm '

«Unknown Output
«No Training Data Set

1-0-0-0-

( Interpretation ) ( Processing )

Figure 1. 6: Overview of Unsupervised learning.

Here are some of the most important unsupervised learning algorithms: [9]
e Clustering
— K-Means.
— Hierarchical Cluster Analysis (HCA).
— Expectation Maximization.
e Visualization and dimensionality reduction
— Principal Component Analysis (PCA).
— Kernel PCA.
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— Locally Linear Embedding (LLE).

— T-distributed Stochastic Neighbor Embedding (t-SNE).
Association rule learning

— Apriori.

— Eclat.

1.5.1.2.3  Semi-Supervised learning

Semi-supervised Learning algorithms is a technique, which combines the power of both

supervised and unsupervised learning. It can be fruit-full in those areas of machine learning

and data mining where the unlabeled data is already present and getting the labeled data is

a ted

ious process [9].
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Figure 1. 7: Example of Semi-supervised learning.
1.5.1.3  Techniques of machine learning

Machine learning has various techniques; the above once are the most important: [10]

Transfer Learning
Regression

Classification

Clustering

Dimensionality Reduction

Natural Language Processing
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Transfer learning is a machine learning technique in which a model developed for one task

is reused as the starting point for a model in a second related task.

It is a popular deep learning method that uses pre-trained models as the starting point for

computer vision and natural language processing problems because the development of

neural network models requires a lot of computing and time resources [11].

Traditional ML VS

e |solated, single task learning:
Knowledge is not retained or
accumulated. Learning is performed
w.0. considering past learned
knowledge in other tasks

/ \. Leaming
| Dataset 1 | I:') System
\ / Task 1

Leaming
Dataset 2 = System
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Transfer Learning

Learning of a new tasks relies on

the previous learned tasks:
Learning process can be faster, more
accurate and/or need less training data

\ Learning

Dataset 1 :; E=p| System

.*/'
< =

Learning
Dataset =) System
2 Task 2

Figure 1. 8: Traditional ML vs Transfer Learning.

Note: In this project, we use this technique due to time constraints and lack of

performance, also because there is no available dataset for the scorpion. In addition, one of

the main advantages of this technique it is allowed us to work with minimal datasets. Since

the collected datasets were small because of the seriousness of approaching it and dealing

with it or photographing it.

1.5.1.4  Big challenge in the machine learning process

e Insufficient Quantity of Training Data
e Non representative Training Data

e Poor-Quality Data

e Irrelevant Features

e Overfitting the Training Data

e Under fitting the Training Data [12].
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1.5.2 Deep Learning

Deep learning (DL) is a set of learning approaches trying to model data with multifaceted
architectures uniting different non-linear transformations. The basic brick of deep learning
is the neural network that is combined to form the deep neural network. These techniques
have allowed significant progress in the fields of image processing and sound, including
facial recognition, computer vision, speech recognition, automated language processing,

text classification (for example spam recognition).

There exist some types of architectures for neural networks:
e The multilayer perceptron’s, that are the oldest and simplest ones.
e the Convolutional Neural Networks (CNN), particularly adapted for image

processing.

The recurrent neural networks, used for sequential data such as text or times series [13].

1.5.2.1 Artificial Neural Networks

An Artificial Neural network are very powerful brain-inspired computational models.
Which have been active in several areas such as medicine, economics, engineering,

computing and many others [14].

neuron
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o
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Figure 1. 9: Natural neuron.
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Figure 1. 10: Artificial neuron.

An artificial neural network is built on the optimization theory. It is a computational model
inspired in the working of the human brain. It is consisting by a set of artificial neurons
that are interconnected with other neuron these neurons rely on weights of the neural
network. As The word network in Neural Network mentions to the interconnection
between neurons present in several layers of a system. These weights represent the

connections between the neurons, which define the impact of one neuron on another [14].

1.5.2.2 Convolutional Neural Network

Convolutional Neural Network (CNN) is a special case of the neural network described
above. A CNN contains of one or more convolutional layers, often with a subsampling
layer, which are followed by one or more fully connected layers as in a standard neural
network. The strategy of a CNN is interested by the discovery of a visual mechanism, the
visual cortex, in the brain. The visual cortex covers many cells that are responsible for
detecting light in small, overlapping sub-regions of the visual field, which are called
receptive fields. These cells work as local filters over the input space, and the more
intricate cells have higher receptive fields. The convolution layer in a CNN do the function

that is achieved by the cells in the visual cortex.

Each feature of a layer collects inputs from a set of features placed in a small neighborhood
in the preceding layer called a local receptive field. With local receptive fields, features can
extract elementary visual features, such as end-points, corners, oriented edges, etc., which

are then combined by the higher layers.
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Figure 1. 11: Typical block diagram of a CNN.

1.6 Conclusion

To prove the efficiency of Artificial Intelligence , Edge Al and Computer Vision by using
Machine learning and Deep learning, many application has been developed, our aim work
in this dissertation is to develop an Edge computing mobile application for automatic
recognition of scorpions, this project has been elaborated for many reasons, the main one

preventing and saving people life.

Next chapter will talk about Scorpion in Algeria and describing its danger on people life.

34



CHAPTER 2

MOTIVATION OF THE STUDY



Chapter 2 Motivation of the Study

2.1 Introduction

Scorpion has been considered as danger on people life, one of this work motivation is to
develop mobile application for alerting holders about this danger.

This chapter will highlight this work motivation, then provide a recap about Scorpion in
Algeria and finally show some Danger Detection application using Artificial Intelligence.

2.2 Motivation

As we are living in south area, many risks are facing us from several dangers: scorpion
sting, snakes sting, rats... with an issue of spacious area that is too difficult to be controlled
by a human eye, we tend to motivate us for designing application that used Edge-Al to

mitigate this mortal danger.

The sting is known as the bite or sting that is used in some types of insects which resulting
very dangerous state because of its secretion of the toxin that penetrates into it due to its
secretion; this secretion would be spreadable into arteries or blood veins that cause bed

side effects that may be output life threatening.

2.3 State of the art of Scorpion in Algeria

2.3.1 Etiology of Scorpions

The causes of scorpion poisoning are mostly accidental. Scorpios are terrifying creatures
that only sting when they feel threatened, in trouble, or worried (for example, when they
are sitting or stepping on them). Curious people are at risk due to the increasing interaction

with Scorpion.

The average lethal 50 doses (LD50) of various scorpions’ venom in mg/k of subcutaneous
injection to mice and according to David Cheng in his article Scorpion Envenomation:
Background, Pathophysiology, Etiology, the territorial distribution is listed below
(unfortunately, humans are more sensitive than mice):

e Leiurus quinquestriatus (Middle East) - 0.25 mg/kg
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e Androctonus crassicauda (Saudi Arabia) - 0.08-0.5 mg/kg

e Centruroides noxius (Mexico) - 0.26 mg/kg

e Androctonus mauritanicus (North Africa) - 0.32 mg/kg

e Centruroides santa maria (Central America) - 0.39 mg/kg

e Tityus serrulatus (Brazil) - 0.43 mg/kg

e Buthus occitanus (North Africa) - 0.9 mg/kg

e Centruroides sculpturatus (Southwest United States) - 1.12 mg/kg
e Mesobuthus eupeus (Iran) - 1.45 mg/kg

Generally, most lethal scorpions have an LD50 below 1.5 mg/kg.

Under the electrical stimulation of certain species, the average production of each scorpion
on the venom gland is as follows: [15]

e Tityus species - 0.39-0.62 mg

e L quinquestriatus - 0.62 mg

e Buthus species - 0.38-1.5 mg

e Milking the venom gland produces approximately a 4-fold increase in yield amount

compared to electrical excitation.

2.3.2 Pathophysiology of Scorpions

In general, adult scorpions do not exceed 25cm, especially those from North Africa,
ranging between 2 and 12cm. The body of a scorpion is divided into three parts: the
prosoma or cephalothorax or head, the mesosoma or abdomen, the metasoma or post

abdomen or tail (Figure 2. 1).

The first two parts form a group commonly referred to as the trunk [16].
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ch

Figure 2. 1: Dorsal view of the scorpion.

ch: chelicerae.

Pro: prosoma or cephalothorax.
Meso: mesosoma or pre-abdomen.
Meta: metasoma or tail.

yl: side eyes.

ym: median eyes.

The venom gland is located on the tail near the tip of the stinger and consists of two types
of tall cylindrical cells: one secretes toxins and the other secretes mucus. The intensity of
the poison varies from species to species: some will cause mild flu, while others will Kill
within an hour. In addition, there are differences between species in the volume, flow rate,
and duration of the poison. When the poison is deposited in the vein structure, it usually
spreads rapidly in the tissue. Intravenous administration after injection can cause
symptoms as few as 4 to 7 minutes, maximum tissue concentration after 30 minutes, and a
total urine half-life of 4.2 to 13.4 hours. The higher the concentration of the poison in the

blood, the faster the systemic symptoms appear [15].
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2.3.3 Statistics of Scorpion Mortality cases in Algeria

Statistics show that Algeria has about 50,000 bites each year, resulting in 50 to 100 deaths.
Dr. Farida Allian, a spokeswoman for the Pasteur Institute in Algeria, reported that a total
of 20 willayas represent "the great danger of scorpion bites." In 2002, a poison extraction
center was established in the following cities: one of Masila and the other is in El oued. As
a result, other centers began to operate: in Gardaya, as each regionresponsible for their
populations, the doctor Lakhdar Garyan of the Guardia Center is considered a member of
the National Committee for Controlling Scorpion Poison. He said that the poisoning
caused by the arachnid family "is not linked to size and color", despite, from an overall Of
40 scorpions living in Algeria, there are only 3 cases, which might cause mortal factor to

human.

Given that the most affected category is that infants, who are the first victims, it is
unreasonable to record only deaths caused by scorpions. We should treat this as an urgent
investigation and carefully examine thoroughly the situation to attempt to reach efficient

and permanent solutions for the proposed issue to help public health [17].

2.4 Danger Detection using Artificial Intelligence

For example, we have: [18]

1. Hermes — Wildfire Detection using NVIDIA Jetson and Ryze Tello.

2. Drowsines, blind spot, emotions and attention monitor for driving or handling
heavy machinery. Also detects objects at the blind spot via Computer Vision
powered by Pytorch and the Jetson Nano.

3. Smart (Ai) Pothole Detector (TensorRT/Jetson Nano).

2.5 Conclusion

A variety of applications has been developed in order to detect danger, this application has
been deployed on phone to benefit from its portability, the use of embedded devices as

well has impacted on their scalability and powerful.

Next chapter will illustrate Edge-Al Toolkit as using approach for this work.
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Chapter 3 Supported Tools in Development (NVIDIA® Jetson Nano)

3.1 Introduction

NVIDIA® Jetson Nano™ allows you to bring incredible new features to millions of small,
energy-efficient Al systems. It opens up a new world of embedded IOT applications,
including entry-level network video recorders (NVR), home robots, and smart gateways
with complete analysis capabilities.

Jetson Nano is also the perfect tool to start learning artificial intelligence and robotics in a
real-world environment. It provides projects ready to try and is supported by an active and

enthusiastic developer community.

3.2 The Jetson Nano

The NVIDIA® Jetson Nano™ Developer Kit is a powerful small computer that allows you
to run multiple neural networks in parallel for applications such as image classification,
object detection, segmentation, and speech processing. All of this is in an easy-to-use

platform that runs as low as 5 watts [19].

Figure 3. 1: Jetson Nano developer Kit.
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Figure 3. 2: Parts of Jetson Nano.

o microSD card slot for main storage e USB 3.0 ports [x4]

0 40-pin expansion header o HDMI output port

0 Micro-USB port far 5V power input, or for Device Mode o DisplayPort connector

o Gigabit Ethernet port 0 DC Barrel jack for 5V power input

o MIPI CSI-2 camera connectors

Figure 3. 3: Naming parts of Jetson Nano.
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3.3 Setting Up and Running

3.3.1Required Components

e Jetson Nano Developer Kit

e Raspberry Pi Camera v2

e Micro-USB power supply

e Super Starter Kit

e MicroSD card (32GB UHS-1 minimum recommended)

e Keyboard, Mouse and Display Monitor with HDMI support

Initially, a computer with an Internet connection and the ability to flash a microSD card is

also required.

3.3.21tems for Getting Started
MicroSD card

The Jetson Nano Developer Kit uses a microSD card as the boot device and main storage.
For your project, it is important to have a card that is fast and large enough; the minimum

recommended capacity is a 32 GB UHS-1 card.

Please refer to the instructions below to flash your microSD card using the operating

system and software [19].

Micro-USB power supply

You need to use a high-quality power supply to power the developer kit, which can provide
5V=2A on the Micro-USB port of the developer kit. Not every power supply that promises
"5V—=2A" will actually do this.

As an example of a good power supply, NVIDIA has verified Adafruit's 5V 2.5A
switching power supply and 20AWG Micro-USB cable (GEO151UB-6025). It is designed
to overcome common problems with USB power; for details, please refer to the linked

product page [19].
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3.3.3Write Image to the microSD Card

To prepare a microSD card, you need a computer with an Internet connection and the
ability to read and write SD cards through the built-in SD card slot or adapter.
1. Download the Jetson Nano Developer Kit SD Card Image, and note where it was
saved on the computer.
2. Write the image to your microSD card according to your computer’s operating

system: Windows, macQOS, or Linux.

After your microSD card is ready, proceed to set up your developer Kit.

3.3.4Initial Setup with Display Attached

Figure 3. 4: Jetson Nano Setup with Display Attached.

3.3.4.1 Setup Steps
1. Unfold the paper stand and place inside the developer kit box.

2. Insert the microSD card (with system image already written to it) into the slot on

the underside of the Jetson Nano module.

44



Chapter 3 Supported Tools in Development (NVIDIA® Jetson Nano)

o o~ w

Figure 3. 5: Inserting MicroSD card into the slot.

Set the developer kit on top of the paper stand.

Power on your computer display and connect it.

Connect the USB keyboard and mouse.

Connect your Micro-USB power supply. The developer kit will power on and boot

automatically.

3.3.4.2 First Boot

Once the developer kit is powered on, the green LED next to the Micro-USB connector

will light up.

When you start for the first time, the developer kit will guide you through some initial

settings, including:

Review and accept NVIDIA Jetson software EULA
Select system language, keyboard layout, and time zone
Create username, password, and computer name

Select APP partition size, it is recommended to use the max size suggested
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After Logging In, you will see this screen.
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Figure 3. 6: Jetson Nano First Boot Screen. '

3.3.5Connecting the Camera to the Jetson Nano

1. Pull the CSI port and insert the camera ribbon cable in the port. Make sure to align

the connection leads on the port with those on the ribbon. The connections on the

ribbon should face the heat sink.

2. Power up the developer Kit.

3. Verify that the camera is correctly configured and recognized.
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Figure 3. 7: Connecting the camera ribbon cable with the CSI port.

A simple command-line instruction to check for the camera connection is:
$ Is -1 /dev/videoO Crw-rw----+ 1 root video 81, 0 Jan 2 14:30 /dev/videoO

Is is a command to list the contents of a directory or location. The -I attribute displays the
content in a long list format, which contains information about permissions, users, file

owners, and so on. /dev/videoO is the location where all device files or special files in

Linux are stored.

If the output of the command is blank, it means that there is no camera connected in the
development kit. The NVidia Jetson series uses the GStreamer pipeline to process media
applications. GStreamer is a multimedia framework for back-end processing tasks such as

format modification, display-driven coordination, and data processing. It will also be used

here with the Raspberry Pi camera [19].

3.4 Setting up Developing Environment

The Jetson Nano development Kit requires some packages and tools to implement object
detection and recognition tasks. All installations will be for Python3 [19].

e OpenCV- Open Source Computer Vision Library.

e Numpy - Scientific computing library supporting array objects.

e CMake - Meta-Build System for C++.
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e Git - Version Control System.
e Pip3 - is the official package installer for Python 3.
e Keras - is an API designed for human beings.

e Prerequisites and Dependencies

Run these in the Jetson Nano terminal to install these packages:
$ sudo apt-get update
$ sudo apt-get install libhdf5-serial-dev hdf5-tools libhdf5-dev
zliblg-dev zip libjpeg8-dev liblapack-dev libblas-dev gfortran
$ sudo apt-get install python3-pip3
$ sudo pip3 install -U pip testresources setuptools==49.6.0
$ sudo pip3 install -U numpy==1.19.4 future==0.18.2 mock==3.0.5 h5py==2.10.0
keras_preprocessing==1.1.1  keras_applications==1.0.8  gast==0.2.2  futures
protobuf pybind11
$sudo pip3 install adafruit-circuitpython-servokit
$sudo apt-get install git cmake libpython3-dev python3-numpy
$sudo apt-get install python3-opencv

3.5 Conclusion

Intelligent edge aims to integrate Al into the edge for many features dynamicity,
adaptability on edge, maintenance and management. With the progress of diversity of
communication technology and network access methods. At the same time, the
infrastructure of edge computing plays role as an intermediate medium, establishing

between ubiquitous end devices and the cloud more reliable and persistent.

As a distinctive and more extensively using new form of application, variety of deep
learning basing on intelligent services [9], various deep learning-based intelligent services
and applications have changed many aspects of people’s lives due to the great advantages
of Deep Learning (DL) in the fields of Computer Vision (CV) and Natural Language
Processing (NLP).

Thus, the end devices, edge, and cloud are gradually merging into a community of shared

resources. However, the maintenance and management of such a large and complex overall
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architecture (community) involving wireless communication, networking, computing,

storage, etc., is a major challenge [33].

A variety of benefits containing Edge Al, this some citing with next points:
— Edge Al-monitored smart devices are supportive of many industries and activities
because of its flexibility.
— Edge Al also offers a level of safety and security too elevated. Streaming data
through devices connected to internet appears susceptible and vulnerable to breach
also for other cybercrimes.

Many applications shows the impact of Edge-Al: Image analytics, Audio Analytics and

Inertial Environmental Sensor Analytics {all sort of data} as analyzing, prediction and
detecting.
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Chapter 4 Object Detection with Jetson Nano

4.1 Introduction

A diversity algorithms has been utilized for real-time image recognition, each algorithm
has its advantages and disadvantages.

In this chapter a wide range of algorithms has been shown attempting to justify the use of
the suggested Pipeline and architecture.

4.20Dbject Detection

4.2.1Definition of Object Detection

Object detection is a frequent computer vision problem that identifies and locates some
categories of objects in an image. Object positioning can be interpreted in many ways,
including creating a bounding box around the object [20].
e Input: An image with one or more objects, such as a photograph.
e Output: One or more bounding boxes (e.g. defined by a point, width, and height),
and a class label for each bounding box.

T |
R = _ Glasses

3

= Coffee

———

Figure 4. 1: Object deteci output.
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4.2.2Data requirements

To train a custom model, you need to label the data. The label data in the object detection
context is an image with corresponding bounding box coordinates and labels. That is the
(X, y) coordinates of the lower-left corner and the upper right corner + class.

Example: The normalized bounding box coordinates for the dogs in the image are e.g.
[0.1, 0.44, 0.34, 0.56] and [0.72, 0.57, 0.87, 0.77].

A frequently asked question is: How many pictures do | need to perform object detection
on question X? On the contrary, it is more important to understand well which scenarios
the model will deploy. Each class must have a large number (for example, >100 and
possibly >1000) of representative images. In this case, representativeness means that they
should correspond to the range of scenes where the model will use. If you are building a
traffic sign detection model that will run in a car, you must use images taken under

different weather, lighting, and camera conditions in the appropriate context. The object
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detection model is not magical. If the model does not have enough data to learn general

patterns, it will not perform well in production [21].

4.2.3General object detection framework

Generally, the object detection framework consists of three steps: [21]

1. First, use a model or algorithm to generate a region of interest or region proposal.
These region proposals are a large set of bounding boxes (i.e. object positioning
components) that span the entire image.

2. In the second step, extract visual features for each bounding box, evaluate them,
and determine whether objects exist in the proposal based on the visual features
(i.e. object classification components).

3. In the last step of post-processing, overlapping boxes will be integrated into a

single bounding box (i.e. there is no maximum suppression).

4.3Top-performing deep learning models for
Object Detection

An overview about the models:

4.3.1R-CNN Model Family

The R-CNN series of methods refer to R-CNN, which refers to "regions with CNN
features" or "region-based convolutional neural networks" developed by Ross Girshick and
al. [22]
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Figure 4. 3: R-CNN Family Summary.

Which includes these techniques: [22]

431.1 R-CNN

R-CNN is described in a paper by Ross Girshick and al, in 2014 from the University of
California, Berkeley, titled "Rich Feature Hierarchy for Accurate Object Detection and

Semantic Segmentation™ [22].

It may be one of the first large-scale successful applications of convolutional neural
networks in object localization, detection, and segmentation. The method has been proven
on the benchmark data set, and the most advanced results at the time have been achieved
on the VOC-2012 data set and the 200-category ILSVRC-2013 object detection data
set[22].

R-CNN: Reg:ons with CNN features
ﬂl aeroplane? no. |

: warpfid region

> person‘? yes. |
. 4| tvmomtor‘? no. |
1. Input 2. Extract region 3. Compute 4. Classify
image  proposals (~2k) CNN features regions

Figure 4. 4: Summary of the R-CNN Model Architecture.
54



Chapter 4 Object Detection with Jetson Nano

43.1.2 Fast R-CNN

Given the great success of R-CNN, Ross Girshick, who was working at Microsoft
Research at the time, proposed an extension to solve the speed problem of R-CNN in a
2015 paper entitled "Fast R-CNN".

Fast R-CNN presented as a single model instead of a pipeline to learn directly and output
regions and classifications [22].

Outputs: bbox

Ji Deep N softmax regressor
~ConvNet| | e e '
J= T/ | Rol 1FC
. pooling
. ] ayer
EROI - o e .
prOJectlon\
| Conv X Rol feature
= feature map vector For each Rol

Figure 4. 5: Summary of the Fast R-CNN Model Architecture.

4.3.1.3 Faster R-CNN

The model architecture was developed by Shaoqing Ren and al, for the sake of improving
speed training and recognition. Microsoft Research in 2016 article entitled "Faster R-CNN:
Towards Real-Time Object Discovery with Regional Networks." The architecture was the
basis for the first-place results achieved on both the ILSVRC-2015 and MS COCO-2015

object recognition and detection competition tasks [22].
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Figure 4. 6: Summary of the Faster R-CNN Model Architecture.

4314  Mask R-CNN

Mask R-CNN (He et al., 2017) extends Faster R-CNN to pixel-level image segmentation.
The key is to separate the classification and mask prediction tasks at the pixel level. Based
on the Faster R-CNN structure. A third branch has been added to predict the object mask in
parallel with the existing classification and positioning branches. The branch mask is a
small, fully connected network that is applied to each Rol and predicts the segmentation
mask pixel by pixel [22].

l Faster R-CNN

box

| > {ss

¢ fonv

Instance
E seamentation

Figure 4. 7: Mask R-CNN is Faster R-CNN model with image segmentation.

56



Chapter 4 Object Detection with Jetson Nano

4.3.2YOLO Model Family

Joseph Redmon and Al have developed another popular series of object recognition
models, commonly known as YOLO or "You only see it once." The developed R-CNN
model can be more accurate, but the YOLO series models are much faster than R-CNN and

provide real-time object recognition.

Some of these methods include: [22]

4321 YOLO

The YOLO model was created by Joseph Redmon and Al. An article entitled "Take a
Look: Unified Real-Time Object Detection” in 2015 Note that the developer of R-CNN,
Ross Girshik, was also the author and contributor of this work, and later worked at
Facebook Al Research.

The method involves a single neural network trained end-to-end that takes photos as input
and directly predicts the bounding box and class labels of each bounding box. For the
speed-optimized version of the model, the second sum is up to 155 frames per second for a
speed-optimized version of the model [22].

- e R e

Prges— "
[S=ee— A u ‘m

S x S grid on input

Class probability map

Figure 4. 8: Summary of Predictions made by YOLO Model.
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4322 YOLOv2 (YOLO9000) and YOLOV3

The model was updated by Joseph Redmon and Ali Farhadi in their 2016 article entitled
"YOLO9000: Better, Faster, and Stronger".

Although this variation of the model is referred to as YOLO v2,it describes that it is
trained on two sets of object recognition data in parallel, and can predict 9000 types of
objects, hence given the name "YOLO9000".

Some training and architectural changes were made to the model, such as the use of batch
normalization and high-resolution input images. Joseph Redmon and Ali Farhadi suggested
further improvements to the model in their 2018 article "YOLOv3: Improvement over
time". The improvements are small, including a deeper feature detection network and

subtle rendering changes [22].

4.3.3MOBILENET-SSD

4.3.3.1 General Definition

The mobile-net-SSD model is a single-Shot multi-box Detection (SSD) network for object

recognition.

The input to the model is a BLOB consisting of a single 1x3x300x300 image arranged in
BGR order. Before uploading the image blob to the network, the average BGR value
should be subtracted: [127.5, 127.5, 127.5]. In addition, these values must be divided by
0.007843.The result of the model is a typical vector containing the tracking object data, as
described above [23].

4.3.3.2 Definition of MobileNet

MobileNet is an optimized architecture that uses deep analytical convolution to build deep
and lightweight convolutional neural networks and provide efficient models for mobile and
embedded image processing applications. The MobileNet framework is based on the

depthwise separable filter, as shown in Figure (4. 9).
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The depth wise convolution filter consists of a depth wise convolution filter and a point
convolution filter. The deep convolution filter performs a single convolution on each input
channel, and the output convolution filter linearly combines the deep convolution output

with 1 * 1 convolution, as shown in Figure 4.10 [24].

[nput Depthwise separable convolution

224 % 224 % 3 . ;
Cl: Dwa2: PW2: F15: layer
2@ll2x 112 32@112x 112 o6d4@l12 x 112 1074 )
PW3: PWI13: PW14: —  Output
\ \ 128@56 x 36 1024@7 7 1024@7 x 7 classes
~_% J T
\\U““::: k 302 || J
ENIIBE
3 L
L Depthwi b Global average
. - ) epthwise separable )
) Depthwise Pointwise Depthwise separable convolution pooling Full
Convolution convolution  convolution u

convolution connections

Figure 4. 9: Architecture of MobileNet.
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Figure 4. 10: Standard convolutional filters and depthwise separable filters. (a) Standard

convolutional filters, (b) depthwise convolutional.
In many practical applications, such as self-driving cars, it is necessary to directly perform

recognition tasks on limited computational devices. MobileNet was developed in 2017 to

fulfill this requirement [25].
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4.3.3.3 Definition of SSD

SSD: Single Shot Detector is a model developed by Google Research Group in 2016 to
meet the needs of models that can trigger real-time on embedded devices without
significantly reducing accuracy.

Object Recognition Take one single shot within the image SSD to recognize multiple
objects in the picture. The SSD method is based on a convolutional feedback network,
which creates a series of fixed-size bounding boxes and estimates the existence of feature

class instances.

It consists of two parts:
e Extracting feature maps and

e Applying convolution filters for object recognition.

SSD is designed to be independent of the base network so, it can work with any base
network such as VGG, YOLO, and MobileNet [25].
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Figure 4. 11: SSD Architecture.

4.3.3.4 MobileNet * SSD

To further eliminate the practical limitations of resource- and energy-intensive neural
networks running on low-level devices in real-time applications, MobileNet integrated into
the SSD structure. When MobileNet will be used as the SSD backbone, it became
MobileNet SSD [25].
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Figure 4. 12: MobileNet SSD overview.

Note: The MobileNet SSD method was trained firstly on the COCO data set and then
adapted to PASCAL VOC, reaching 72.7% mAP (mean average precision).

4 4AMOBILENET-SSD vs R-CNN vs YOLO in The
Edge

A single shot detector (SSD) like YOLO takes only one picture to use multibox to detect
multiple objects in an image. It is significantly faster and has a high-accuracy object

recognition algorithm.

Here is below a quick comparison between the speed and accuracy of different object
detection models onVVOC2007: [26]

e SDD300 : 59 FPS with mAP 74.3%

e SSD500 : 22FPS with mAP 76.9%

e Faster R-CNN : 7 FPS with mAP 73.2%

e YOLO : 45 FPS with mAP 63.4%

When both the models (MobileNet-SSD and YOLO) trained on a COCO dataset (330K

Images, 80+ object) the following results are obtained:

61



Chapter 4 Object Detection with Jetson Nano
Type of model Size on the disk Detection speed
YOLO_v2 269.9 mb 2-3 fps
MobileNet 27.5mb 6-8 fps

Table 4. 1: Comparison between MobileNet and YOLO_v2

Note: In our case, the project will develop in Edge Al. The best model for edge devices is

MobileNet-SSD because his small space and compatibility with embedded devices. In

addition, the results above showed that it has the best performance (detection speed...) and

is the best in terms of capacity to work with similar devices.

4.5Conclusion

This chapter summarizes different algorithms, also explained the used deep learning

algorithms by validating the reason for using mobileNet.

Next chapter will give a detailed system by its realization and showing a real

implementation.
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5.1 Introduction

To concretize the proposed pipeline and architecture, many steps should be explained in
order to show step by step how this work has implemented this system.

The use of metrics that provide the evaluation and assessment of this system empirically

and visually.

5.2 Setting Up Jetson Inference Library

In the repository there are quite a lot of other git submodules, the following instructions
also utilize as a recursive keyword to clone them correctly:

$ git clone --recursive https://www.github.com/dusty-nv/jetson-inference.git

$ cd jetson-inference

$ mkdir build && cd build

$ cmake ../

Note: For installing some prerequisite software packages on Jetson, this command will run
the CMakePreBuild.sh script, which requires sudo permission. This script also permit

downloading the pre-trained network from the web service [27].

5.2.1 Installing PyTorch

Noting that JetPack 4.4 is used to launch the PyTorch. To retrain the network in migration
learning later for this project, it should start by installing PyTorch on used Jetson. This step
is facultative. For retraining the network in migration learning later in this project, it can
select -install PyTorch —on Jetson. Once your project does not need to install PyTorch, this

step can be skipped.
If necessary, select the PyTorch package version of Python 2.7 and/or Python 3.6 zhen it
needs to install, and press Enter to continue. Otherwise, uncheck these options, it will skip

the installation of PyTorch [27].

N.B */ The use of JetPack 4.2 or higher, you will now run another tool./*
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Hello AI World (jetson-inference)

PyTorch Installer
If you want to train DNN models on your Jetson, this tool will download and
install PyTorch. Select the desired versions of pre-built packages below,
or see http://eLinux.org/Jetson_Zoo for instructions to build from source.

You can skip this step and select Quit if you don't want to install PyTorch.

Keys:
Tl Navigate Menu
Space to Select
Enter to Continue

Packages to Install:

[*1M18PyTorch v1.1.0 for Python 2.7
[ 12 PyTorch vi.1.0 for Python 3.6

< BK > < Quit >

Figure 5. 1: Installing PyTorch window.

5.2.2 Compiling the Project

Make sure that still the Jetson-inference mode /build directory created above.
Then run make and sudo make install to build libraries, Python extension bindings and
code examples: [27]

$ cd jetson-inference/build

# omit if working directory is already build/ from above

$ make

$ sudo make install

$ sudo Idconfig

The project will be built to jetson-inference/build/aarch64, with the following directory
structure: [27]
| -build
\aarch64
\ bin where the sample binaries are built to

\networks where the network models are stored

\images  where the test images are stored

\include where the headers reside

\lib where the libraries are build to
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5.3 Collecting Detection Dataset

5.3.1 Creating the Classes File

Under jetson-inference/python/training/detection/ssd/data, create an empty directory to
store the data set and a text file that defines class labels (usually called classes.txt). Each
line of the label file contains a class label, for example:

scorpion

scorpionUv

ladybird

The use of container, then storing dataset in a Mounted Directory like above, so it's saved

after the container shuts down [28].

5.3.2 Launching the Tool

The camera-capture tool accepts the same input URI's on the command line that has been

found on the Camera Streaming and Multimedia page.

Below are some example commands for launching the tool: [28]
$ camera-capture csi://0  # using default MIPI CSI camera

$ camera-capture /dev/videoO # using V4L2 camera /dev/videoO

5.3.3 Collecting Data

The following is the data capture control window, after the data set type drop-down list is

set to detection mode (perform this operation first) [28].
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Data Capture Control

Dataset Type Detection
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JPEG Qualty —m8 ——— 95
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Figure 5. 2: Collecting Detection Dataset.

Then, open the dataset path and class label you created. The freeze/edit and save buttons

will become active.

Place the camera on the object in the scene and click the "Freeze/Edit" button (or press the

space bar). The live camera view will be "frozen" and you will be able to draw a bounding

box on the object. After selecting the appropriate object class for each bounding box in the

grid table in the control window. After finishing the image tagging, click the pressed

"Freeze/Edit" button again to save the data and unfreeze the camera view of the next image

[28].

Other widgets in the control window include:

e Save on Unfreeze - automatically save the data when Freeze/Edit is unfreezed

e Clear on Unfreeze - automatically remove the previous bounding boxes on

unfreeze

e Merge Sets - save the same data across the train, val, and test sets

e Current Set - select from train/ val/ test sets

o for object detection, you need at least train and test sets
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o although if you check Merge Sets, the data will be replicated as train, val,
and test

e JPEG Quality - control the encoding quality and disk size of the saved images

It is important that your data is collected from different object orientations, camera
viewpoints, lighting conditions, and ideally different backgrounds to create a model that is
robust to noise and environmental changes. If you find that your model is not performing

well, try adding more training data and adjusting the conditions [28].

The previously used camera-capture tool can also label object detection datasets from live
video: [28]

[ llection Tool | 60 FPS

6‘ [gstreamer] gstCamera -- recieved first frame, codec=raw format=nv12 width=1280 height=720
B size=1382407
= RingBuffer -- allocated 4 buffers (1382407 bytes each, 5529628 bytes total)
é [gstreamer] gstreamer changed state from READY to PAUSED ==> mysink
* [gstreamer] gstreamer message async-done ==> pipeline®
[gstreamer] gstreamer changed state from PAUSED to PLAYING ==> mysink
[gstreamer] gstreamer changed state from PAUSED to PLAYING ==> pipeline®
E RingBuffer -- allocated 4 buffers (/©%% PatacollectionTool|60FPs
= [OpenGL] creating 1280x720 texture
[cuda] registered openGL texture !
Gtk-Message: : GtkDialc
d.
=) Gtk-Message: : GtkDialc
. d.
a [TRT] imageNet -- loaded 3 class
.camera—capture: switching dataset

-
Lo

D:
D

Figure 5. 3: Collecting Detection Dataset and libeling.

When the Dataset Type drop-down is in Detection mode, the tool creates datasets in Pascal

VOC format (which is supported during training). [28]
Note: If you want to label a set of images that, you already have (as opposed to capturing

them from camera), try using a tool like CVAT and export the dataset in Pascal VOC

format. Then create a labels.txt in the dataset with the names of each of your object classes.
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5.4 Training The Model

When you have collected a bunch of data, then you can try training a model on it using the
same train_ssd.py script. The training process is the same as the previous example, with
the exception that the --dataset-type=voc and --data=<PATH> arguments should be
set:[28]

$ cd jetson-inference/python/training/detection/ssd

$ python3 train_ssd.py --dataset-type=voc --data=data/scorpion --model-

dir=models/scorpion

Note: if you run out of memory or your process is "killed" during training, try Mounting
SWAP and Disabling the Desktop GUI.

To save memory, you can also reduce the --batch-size (default 4) and --workers (default 2).
Like before, after training you'll need to convert your PyTorch model to ONNX:

$ python3 onnx_export.py --model-dir=models/scorpion

The converted model will then be saved under <YOUR-MODEL>/ssd-mobilenet.onnx,
which you can then load with the detectnet programs like we did in the previous
examples:[28]

NET=models/scorpion

detectnet --model=$NET/ssd-mobilenet.onnx --labels=$NET/labels.txt \

--input-blob=input_0 --output-cvg=scores -- output-bbox=boxes \

Note: it is important to run inference with the labels file that gets generated to your model
directory, and not the one that you originally created for your dataset. This is because a
BACKGROUND class gets added to the class labels by train_ssd.py and saved to the

model directory (which the trained model expects to use).
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TensorRT 7.1.3 | FP16 | Network 14 FPS
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Figure 5. 4: Real time detection example for Scorpion.

5.5 Alerts and Notifications

In this section, we explain how we develop alerts (alarm, uvlight...) and scorpion detection

app.

5.5.1 Alerts

5511  Setting Up GPIO

To access NVIDIA Jetson Nano GPIO, please use Jetson's Jetson.GPIO library. This
library is modified from the RP1 GPIO (Raspberry Pi) library. You can use Jetson.GPIO to
build Python applications to access NVIDIA Jetson Nano devices. You can find the
Jetson.GPIO library in the following location https:// github.com/NVIDIA/jetson-gpio
[29].

Now you can install Jetson.GP10 on the NVIDIA Jetson Nano using pip from Python.

Open Terminal and type this command:

$ sudo pip install Jetson.GPIO
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After completing this installation, you can verify its success by opening Python shell. For

instance, we use Python 3. Type these commands:
$ python3

>>> import Jetson.GPIO as GPIO

>>> GPIO.JETSON_INFO

>>> GPIO.VERSION

You should see the Jetson.GPIO library information and version. You can see my library

information in Figure (5.5).
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55.1.2
The NVIDIA Jetson Nano board has forty GPIO pins. You can use GPIO pins in input

(-] scorpion @scorpion-desktop: -

scorpion@scorpion-desktop:~$ python3

Python 3.6.9 (default, Jan 26 2021, 15:33:00)

[GCC 8.4.0] on linux

Type "help", "copyright", "credits" or "license" for more information.

>>> import Jetson.GPIO as GPIO

>>> GPIO.JETSON INFO

{'P1 REVISION': 1, 'RAM': '4096M', 'REVISION': 'Unknown', 'TYPE': 'Jetson Nano', 'MANUFACTURER':
'NVIDIA', 'PROCESSOR': 'ARM A57'}

>>> GPIO.VERSION

$2:6516%

>>> M

Figure 5. 5: Jetson.GPIO library information and ersion.

GPI1O Programming

mode or output mode. You cannot use it in input and output modes at the same time.

For this demonstration, you can use the LED and make it blink. You need the following

electronic components: [29]
Breadboard

LED Ultraviolet

A resistor; 500 ohm
Tow Transistor 2n2222

button switch
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o Buzzer

e motion sensor

e ten jumper cables

e implementation

e Connect the positive part of the button switch to pin 5v and the negative to pin
GND and GPIO 23 pin on the NVIDIA Jetson Nano.

e Connect the positive part of the led Ultraviolet to GPIO 2 pin 5v and the negative to
collector of transistor one 2n2222 on the Breadboard.

e Connect the base part of the transistor one to GPIO 23 pin and the emitter to GPI1O
9 pin GND on the NVIDIA Jetson Nano.

e Connect the positive part of the Buzzer to GPIO 4 pin 5v and the negative to
collector of transistor second 2n2222 on the Breadboard.

e Connect the base part of the transistor second to GPIO 26 pin and the emitter to
GPIO 9 pin GND on the NVIDIA Jetson Nano.

e Connect the positive part of the motion sensor to GPIO 4 pin 5v and the negative to
GPIO GND and vcc to GPIO 15 pin on the NVIDIA Jetson Nano.

e Connect a resistor between negative part of button switch and GP10 9 pin GND.

5.5.2 Notifications

When the scorpion detected by the Jetson Nano, the program send a notification to the

application to inform the user (example: homeowners...) that there is a scorpion around.
The Scorpion Detection Application

The application developed by Flutter framework, we choose this framework to develop
our application because it allows the app to work with both operating systems Android

and iOS.

This App enables the users to check their notifications and they can delete them after.
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il a1l 0.17KB/s = 00:06 |t 1 0.14KB/s = 00:07 A 24% W | .l.il 0.14KB/s 00:07
% <,
. @
Scorpion Detection Scorpion Detection [ ]
Scorpion Detection 31 0ct "y Scorpion Detection 31 0ct
1 Be careful Be careful
There is a scorpion There is a scorpion
Scorpion Detection 250ct Scorpion Detection 25 Oct
Be careful Q Be careful
There is a scorpion There is a scorpion
Scorpion Detection 31 Oct Scorpion Detection 31 Oct
Be careful Q Be careful
There is a scorpion There is a scorpion Delete these 4 notifications?
"} Scorpion Detection 31 Oct Scorpion Detection 31 Oct
1 Be careful 0 Be careful
There is a scorpion There is a scorpion
Scorpion Detection 31 Oct Scorpion Detection 31 Oct
Be careful Be careful
There is a scorpion There is a scorpion
Scorpion Detection 31 0ct Scorpion Detection 31 Oct
Be careful Q Be careful
There is a scorpion There is a scorpion
Scorpion Detection 25 0ct Scorpion Detection 25 Oct
1 Be careful Be careful
There is a scorpion There is a scorpion
% Scorpion Detection 250ct /¢ Scorpion Detection 25 Oct

Figure 5. 6: Scorpion Detection Application User Interfaces.

The Transition Way of Notifications

In our project, we use the Firebase Api to create a real-time database Figure (5. 7). The
moment the Jetson Nano detect a scorpion, it inserts an information to the database, any
changes (insertion...) detected on the database the api will send a message to the Scorpion
detection App, the App will get the new information from the database and notify the user.

Note: The user’s phone must be connected the internet.

Data Rules Backups Usage

G httpsy/scorpion-detection-default-rtdb.europe-west1 firebasedatabase.app/ 0 @

5 {notiflcatiuns‘

5. -McfdWfD4tCSHp84VKBE|

oL message: “There 1s a scorplon”
{messag ;
lseen: false |

------ { subject: "B i

|time: 2

------ {m\e: "Scorpion Detection ‘
8 [-McfDX_o_updapoiovez)
(3 {-WcfXmwisbaohLyUF37]
& {-WefOIFrOLYAGUKPY)

@ Database location Belgium (gurope-westl)

Figure 5. 7: Database Structure.
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5.6 Results and Discussion

Some results of the scorpion detection:
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Figure 5. 8: Results of detection
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Split the Original Set into Train, Validation and Test Data

First, we divided the data into two parts. The first part is to train the model and the second
part is to test its accuracy. 700 images for training and 100 for testing. The original data
contains 350 images of a scorpion in the daytime and 350 images of a scorpion at night
under ultraviolet light. For the selection images, we took 40 images of a scorpion during

the day, 40 images at night, and 20 images for various other insects.

Positive Negative
True 179 7
False 5 9

Table 5. 1: Confusion matrix.

Accuracy
Accuracy in classification problems is the number of correct predictions made by the
model over all kinds predictions made. [30]
Accuracy = TP + TN/ TP+TN+FP+FN
=179+ 7/179+7+5+9
=186/ 200
=0.93=93%
Precision
Precision is a measure based on CM that it tells us what percentage of the photos actually
contain a scorpion. The predicted positives (image predicted contain scorpion are TP and
FP) and the image actually contain a scorpion are TP [30].
Precision=TP /TP + FP
=179/179+5
=179/184
=0.97=97%

76



Chapter 5 Realization of the Project

Recall

Recall is a measure that tells us the percentage of images that actually contain a scorpion
and are classified by the algorithm as a scorpion. (Image predicted contain scorpion are TP
and FN), and the image actually contain a scorpion are TP.

Note: FN is included because the image actually contain a scorpion even though the model
predicted otherwise. [30]
Recall=TP /TP + FN

=179/179+9

=179/188=0.95=95%

Specificity

Specificity is a measure that tells us the percentage of images without a scorpion, which
the model predicted to be non-scorpion.

The actual negatives (image actually without a scorpion are FP and TN) and the photos
that were categorized by the model as not containing a scorpion are TN.

Note: FP is included because the picture does not have a scorpion even though the model
predicted specificity is the exact opposite of Recall. [30]
Specificity =TN /TN + FP

=7/7+5

=7/12

= 0.58 =58 %

5.7 Conclusion

An Edge-Al approach is widely expanded these days according to its efficiency and
usability, the aim of this work is to protecting people life by deploying a system has an

inference to detect and classify a scorpion, also to notify and alert holder of its entrance.

This system provides a high performance in real-time of scorpion detecting using two

modes: day and night.
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GENERAL CONCLUSION

Nowadays, scorpion envenomation, often more deadly than snake bites, this remains very
formidable in Algerian Sahara regions and even other regions in the globe where
accumulate, as is often the case:

— Climatic conditions favorable to scorpions.

— Underdevelopment, which is accompanied by a deficit in prevention, infrastructure

and means of therapeutic intervention.

In addition, the generalization of business or pleasure travel means that each of us can one
day or another be confronted with this danger.
Insofar as the composition of the venoms is very varied, the symptomatology of
envenomation ranges from simple pain at the point of sting, to the state of shock.
The efforts of advanced research laboratories have not yet achieved the efficient vaccines.
Such vaccines would whether works adequately on some of species or not work on others,
of course, to take a decisive step in the fight against scorpion. This last pass requires to
explore a diversity type of scorpions, however, first of all a clear and insistent information
of the local populations concerned and also of the travelers brought to frequent the same
regions have multiplicity of reactions that conduct to a defensive reaction by scorpions.
Previously, one-way to prevent scorpion sting which is criteria of awareness that defined as
a practical fight known and elaborated by the population:
— The epidemiology of the scorpion and the circumstances favorable to
envenomation.
— The importance of hygiene in the habitat cleanliness in houses and around them.
— The advantage of wearing shoes, and the need not to lie on the floor anywhere,
especially at night in summer.

— The role of chickens, ducks, geese... in the anti-scorpion fight.
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— The interest of participating in the collection of scorpions.

This information is provided by health personnel at all levels, mobile teams, health
committees and local officials. The information on prevention and first aid is one of the
essential missions but not enough due to person face directly the danger, it takes on
particular importance for the risk of scorpion stings, a problem that is often poorly
understood, especially by those who are going to an infested region for the first time or
even for locals who are known region.
The present work therefore proposes to lead to practical demarche, which can prevent
persons from:
— The most dangerous scorpions from different risky regions of the globe.
— During perception of wanted object, the elementary rules of prevention is
considered once the implemented model detect the scorpion.
— The event of Notification is considered as preventive gestures which make person
life "protected”.
— Alert with automatic buzzer in case that the mobile application holder did not see or

notice the notification defined as a safer preventive person life to survive.

To accomplish this, the following phases are considered successively and more
exhaustively by:
1. Acquisition step:
Obiject detection based deep learning algorithm;
Connections made between sensors, Jeston-nano and wireless network;
Notification submitted from edge Al device to mobile device;

Alert provided once the object detected.

S e

Mobile interface interacting with user.

This project tracked the exploration of the prospect to run an Edge Al model for scorpion
detection, trying to illustrate and reveal the ability that this technology can offer. The
system we have implemented and tested has presented some functional insights about the
advance possibility of collaborative neural computing. This model has tested on other
classes different to scorpions.

The ”Edge Approach” is bit expensive according to students means, hence its advantages

as bandwidth is resourceful and sends only concerned data to the cloud, or any mobile
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application desired. In addition, it boosts the responsiveness, latency and the scalability.
Also, GPU offered for processing data demonstrated with performance metrics computed
as added value to its size.

Docker offers all libraries and APl (s) to allow the deployment and the execution of
algorithms and applications in an isolated manner with a more density of algorithms and
applications. To get real-time prediction and to afford analytics very advanced, this project
has applied a cutting-edge machine learning and deep learning to 10T. [34]

The defined context, edge computing techniques can be employed to address the problems
of latency, effectiveness, and to increase the load processing on the Jeston-Nano by
bringing the processing into it to detect the wanted object from real streaming data in real-
time. Moreover, combining 10T, Al at an edge level and mobile computing grant different
applications such as images processing, images recognition, video processing, video
recognition, object segmentation, object tracking and object detection etc.

The proposed architecture was analyzed using Edge Artificial Intelligence algorithms and
models that has been trained on an NVidia Jeston-Nano, equipped with Tesla P100 card.
Then, a Neuronal Stick is attached with one port of Jeston-Nano, also many cables are
connected all devices :{ LED, Raspberry P14}, a performance study was realized in terms
of models evaluation (inference time) and accuracy through a test data set of 700
images.[35]

Experimental results illustrated that the Jetson-Nano has performed out 1 sec and accuracy
reached approximately of 93%. An optimal result can be obtained that considerate into
account the trade-off between reachable accuracy and resulting inference time.

Finally, the proposed model created a metric based on the accuracy of similarity score, an
index used for assessing the quality of an image according to a similarity, to identify the
performance of proposed system. In fact, training the neural network into images from
training set then testing sample of images from testing set that allows to show the score of
accuracy very high this can fairly provide good recognition of the wanted object and also

offer a precise classification in the future work.

Limitation faced us in this project

As scorpion a dangerous insect, the hunted method for this animal to collect meaningful
data is too hard more requires preventive means:

During this work, a considerable waiting-time to start implementation and programming

this model because of these reasons:
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— Lack of the exit of scorpions from their hibernation because of climatic conditions.
— Time Pressure for having more chances to find volunteer groups help in collection

of scorpions.

These difficulties involve factors that provide delay or stopping the collection and analysis
of data.

Perspective and Future work for this project
Many extensive works can been defined, as interesting perspective that faced the progress
in this dissertation:

— Make a connection with biology research team working on scorpions and
collaborate to enhance the dataset because of scorpion symptoms stings vary
depending on the species and the amount of venom inoculated.

— Augment the dataset, with collecting many species, so build a new-labeled dataset
through the defined species, with increasing the number of it by volunteer
contributors.

— Utilize new models once the dataset is enhanced, as classification or segmentation
to construct an authenticated model.

— Embedded this project in a robot that can automatically collect scorpions by itself

and use it further war for vaccination serum invention.
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