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Alexnet

One million image of 226x226 pixels = 150 billions, Parameters =

62 millions

Network Year Salient Feature top5 accuracy | Parameters| FLOP
AlexNet 2012 Deeper 84.70% 62M 1.58B
VGGNet 2014 Fixed-size kernels 92.30% 138M 19.6B
Inception 2014 | Wider - Parallel kernels 93.30% 6.4M 2B
ResNet-152 2015 Shortcut connections 95.51% 60.3M 11B




Machine Learning Demo

TEXT PROMPT

an armchair in the shape of an avocado [...]

AI-GENERATED IMAGES

Edit prompt or view more images +


https://huggingface.co/spaces/dalle-mini/dalle-mini

DALL-E mini by craiyon.com

es from any prompt!
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Cachorro tomando sorvete

Trocar o cachorro por um gato



https://openai.com/dall-e-2/

Alpha go



https://deepmind.com/blog/article/alphago-zero-starting-scratch
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What is Deep Learning?

MIT - 6.5191 Introduction to Deep Learning (slides) - Course Schedule - Youtube Playlist

65191 Introduction to Deep Learning
@ introtodeeplearningcom W @MITDeepleaming



http://introtodeeplearning.com/slides/6S191_MIT_DeepLearning_L1.pdf
https://introtodeeplearning.com/index.html
https://www.youtube.com/watch?v=5tvmMX8r_OM&list=PLtBw6njQRU-rwp5__7C0oIVt26ZgjG9NI

MIT - 6.5191 Introduction to Deep Learning Wh)’ Now!?
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http://introtodeeplearning.com/slides/6S191_MIT_DeepLearning_L1.pdf

GPU (Graphics Processing Unit)

e 90’s
o games and graphics
e 2006 - New ideas
o Vetor computation
o Programing in C/C++
e 2012 - Alexnet + GPU =400 PetaFlop
o 2020
o GPU A100 Nvidia = 1 PetaFlop/s

Alexnet - Imagenet classification with deep convolutional neural networks

20 mil citacoes em 2019, atualmente mais de 71 mil citacoes



http://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networ
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https://openai.com/blog/ai-and-compute/
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https://conferences.computer.org/iscapub/pdfs/ISCA2021-4ghucdBnCWYB7ES2Pe4YdT/333300a001/333300a001.pdf
https://conferences.computer.org/iscapub/pdfs/ISCA2021-4ghucdBnCWYB7ES2Pe4YdT/333300a001/333300a001.pdf
https://conferences.computer.org/iscapub/pdfs/ISCA2021-4ghucdBnCWYB7ES2Pe4YdT/333300a001/333300a001.pdf
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There's plenty of room at the Top: What will drive computer

performance after Moore’s law? Github
Implementation Running GFLOPS | Absolute Relative Fractionof peak
time (s) speedup speedup (%)
1 | Python 25552,48 0,005 1] — 0
2 | Java 2372,68 0,058 11 10,8 0,01
3|C 842,67 0,253 47 4,4 0,03
4 | Parallel loops 69,8 1,969 366 7,8 0,24
5 | Parallel divide and conquer 3,8 36,18 6727 18,4 4,33
6 | plus vectorization # 1,1 124,914 23224 3,5 14,96
7 | plus AVX intrinsics 0,41 337,812 62806 2,7 40,45

Fonte: There’s plenty of room at the Top: What will drive computer performance after Moore’s law?View ORCID
ProfileCharles E. Leiserson View ORCID ProfileNeil C. Thompson?,2,* View ORCID ProfileJoel S. Emer!,2,View ORCID
ProfileBradley C. Kuszma



https://science.sciencemag.org/content/368/6495/eaam9744
https://science.sciencemag.org/content/368/6495/eaam9744
https://github.com/neboat/Moore
https://orcid.org/0000-0001-6386-5552
https://orcid.org/0000-0001-6386-5552
https://orcid.org/0000-0001-9888-573X
https://science.sciencemag.org/content/368/6495/eaam9744#aff-1
https://science.sciencemag.org/content/368/6495/eaam9744#aff-2
https://science.sciencemag.org/content/368/6495/eaam9744#corresp-1
https://orcid.org/0000-0002-3459-5466
https://science.sciencemag.org/content/368/6495/eaam9744#aff-1
https://science.sciencemag.org/content/368/6495/eaam9744#aff-3
https://orcid.org/0000-0001-6305-4290
https://orcid.org/0000-0001-6305-4290

perf stat

$ perf stat base64 <(echo hello)
d29ybGQK

>4 g

Performance counter stats for 'base64 /dev/fd/63': <17

0.341382 task-clock (msec) # 0.649 CPUs utilized
0 context-switches # 0.000 K/sec
0 cpu-migrations # 0.000 K/sec
65 page-faults # 0.190 M/sec
1,218,176 cycles # 3.568 GHz
811,468 stalled-cycles-frontend # 66.61% frontend cycles idle
855,999 instructions # (0.70 insn per cycle)
# 0.95 stalled cycles per insn
169,032 branches # 495.140 M/sec
8,883 branch-misses # 5.26% of all branches

0.000526160 seconds time elapsed



The Energy Perspective

Dally, HIPEAC 2015

' : DRAM

26 pJ 256pJ 16nJ M /v,
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Efficient
R . chip Link
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A memory access consumes ~1000X
the energy of a complex addition




Example: Memory Bandwidth & Latency

DRAM Improvement (log)

100

10

4 Capacity #Bandwidth  @-Latency 128X

20X

.._.++‘+1ﬂ

1999 2003 2006 2008 2011 2013 2014 2015 2016 2017

Onur Mutlu
Lectures

Safari Group
ETH/CMU


https://people.inf.ethz.ch/omutlu/lecture-videos.html
https://people.inf.ethz.ch/omutlu/lecture-videos.html
https://people.inf.ethz.ch/omutlu/lecture-videos.html
https://people.inf.ethz.ch/omutlu/lecture-videos.html

Machine Learning Foundations: Ep #1 - What is ML"?

Traditional

x Answers
programming

Machine
learning

O

Machine Learning Foundations: Ep #1 - What is ML?
Youtube link - Laurence Moroney



https://www.youtube.com/watch?v=_Z9TRANg4c0&feature=youtu.be

Machine Learning Foundations: Ep #1 - What is ML"?

Activity recognition

if(speed<4)({ if(speed<4)( f(speed<4){
status=WALKING; status=WALKING; status=WALKING; W Ik
} )} else { } else if(speed<12){ a Ing,
status=RUNNING; status=RUNNING;
} } else { R .
status=BIKING; u n n I ng,

}

or
Biking

Machine Learning Foundations: Ep #1 - What is ML? _
Youtube link - Laurence Moroney



https://www.youtube.com/watch?v=_Z9TRANg4c0&feature=youtu.be
https://www.youtube.com/watch?v=_Z9TRANg4c0&feature=youtu.be

Machine Learning Foundations: Ep #1 - What is ML"?

Activity recognition
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Machine Learning Foundations: Ep #1 - What is ML? Youtube link - Laurence Moroney



https://www.youtube.com/watch?v=_Z9TRANg4c0&feature=youtu.be
https://www.youtube.com/watch?v=_Z9TRANg4c0&feature=youtu.be
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Machine Learning Foundations: Ep #1 - What is ML"?

X ‘—"-1, O, 1, 2, 3r 4
Y==3,-1 1 3,5, 7

Machine Learning Foundations: Ep #1 - What is ML

Youtube link - Laurence Moroney



https://www.youtube.com/watch?v=_Z9TRANg4c0&feature=youtu.be
https://www.youtube.com/watch?v=_Z9TRANg4c0&feature=youtu.be
https://colab.research.google.com/github/lmoroney/dlaicourse/blob/master/Course%201%20-%20Part%202%20-%20Lesson%202%20-%20Notebook.ipynb
https://colab.research.google.com/github/lmoroney/dlaicourse/blob/master/Course%201%20-%20Part%202%20-%20Lesson%202%20-%20Notebook.ipynb

MIT - 6.5191 Introduction to Deep Learning

Importance of Activation Functions

The purpose of activation functions is to introduce non-linearities into the network

Linear activation functions produce linear
decisions no matter the network size
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Non-linearities allow us to approximate
arbitrarily complex functions

i e 65191 Introduction to Deep Learning
III" 3’:-333: @ introtodeeplearningcom W @MITDeepleaming 118l


http://introtodeeplearning.com/slides/6S191_MIT_DeepLearning_L1.pdf

O Epoch Learning rate Activation Regularization Regularization rate Problem type
>l
000,000 0.03 - Tanh v None v 0 v Classification

DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT
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you want to use? do you want to Training loss 0.482
feed in? i & 1; R ’
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7
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7 *
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Noise: 0 X 2 P by the thickness of
® 2 the lines.
i
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—e o from one neuron. |
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https://playground.tensorflow.org/#activation=tanh&batchSize=10&dataset=circle&regDataset=reg-plane&learningRate=0.03&regularizationRate=0&noise=0&networkShape=4,2&seed=0.88334&showTestData=false&discretize=false&percTrainData=50&x=true&y=true&xTimesY=false&xSquared=false&ySquared=false&cosX=false&sinX=false&cosY=false&sinY=false&collectStats=false&problem=classification&initZero=false&hideText=false

Example
Structured data classification
from scratch (Keras)

This example demonstrates how to do
structured data classification, starting

from a raw CSV file. Our data
includes both numerical and
categorical features. We will use Keras
preprocessing layers to normalize
the numerical features and vectorize
the categorical ones.

Column Description Feature Type
Age Age in years Numerical I
Sex (1 = male; 0 = female) Categorical
CP Chest pain type (0, 1, 2, 3, 4) Categorical I
Trestbpd Resting blood pressure (in mm Hg on admission) Numerical
Chol Serum cholesterol in mg/di Numerical
FBS fasting blood sugar in 120 mg/dl (1 = true; 0 = false) Categorical
RestECG Resting electrocardiogram results (0, 1, 2) Categorical
Thalach Maximum heart rate achieved Numerical
Exang Exercise induced angina (1 = yes; 0 = no) Categorical
Oldpeak ST depression induced by exercise relative to rest Numerical
Slope Slope of the peak exercise ST segment Numerical
CA Number of major vessels (0-3) colored by fluoroscopy | numé& categorical
Thal 3 = normal; 6 = fixed defect; 7 = reversible defect Categorical
Target Diagnosis of heart disease (1 = true; 0 = false) Target



https://colab.research.google.com/drive/1v7T572eh3rtfauYRaTD9LN_Hb8L9-Ebt?usp=sharing
https://colab.research.google.com/drive/1v7T572eh3rtfauYRaTD9LN_Hb8L9-Ebt?usp=sharing

Machine Learning Foundations: Ep #1 - What is ML?

Example: The "Hello World” of ML + COLAB <- Click HERE

Colab House prices example - (Youtube video first 3 min in 16min)

Colab Fashion-Mnist- (Youtube video 16min)
TensorFlow is Google’s end-to-end open source machine learning

10 lessons course - Machine Learning Foundations playlist —
https://goo.gle/ml-foundations

Youtube link - Laurence Moroney



https://developers.google.com/codelabs/tensorflow-1-helloworld
https://colab.research.google.com/drive/1Ht7c7yvbLf83-4LrRQnAcePzbr0dQ6jm?usp=sharing
https://colab.research.google.com/drive/1v0M7WpayMW5ZWAGJCPk5ax3vWyFNr092?usp=sharing
https://www.youtube.com/watch?v=j-35y1M9rRU
https://colab.research.google.com/drive/1kfhJjyXarBbsCteHJzFZ19hQZv-O6yfe?usp=sharing
https://www.youtube.com/watch?v=j-35y1M9rRU
https://goo.gle/ml-foundations%E2%80%8B
https://goo.gle/ml-foundations%E2%80%8B
https://www.youtube.com/watch?v=_Z9TRANg4c0&feature=youtu.be

Supervised Learning with Images
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5000 cat photos + 5000 dog photos = Model Dog or Cat ?

Introducing the 2020 Machine Learning Roadmap (still valid for 2021) - Daniel Bourke



https://www.mrdbourke.com/2020-machine-learning-roadmap/

Supervised Learning with Images
N @@w .'

Add labels
Normalize Size




Supervised Learning with Images

Train Set
(8000 photos)




Supervised Learning with Images

Train Set
(8000 photos)

Test Set
(2000 photos)




Supervised Learning with Images

Test Set
(2000 photos)

Train Set .
(8000 photos)

Derive
Model




Supervised Learning with Images

Train Set Derive
(8000 photos) Model

Test Set - Estimate
(2000 photos) Accuracy




Supervised Learning with Images

Train Set .
(8000 photos)

Derive
Model

Test Set ™
(2000 photos)

Estimate
Accuracy




Colab Example

e Training an image classifier from scratch on the Kaggle
Cats vs Dogs dataset. Author: Francois Chollet

e Tutorial from Keras

e Plus
o EXxercises
o Links


https://colab.research.google.com/drive/1MrVHG5B0xJB83G4hz8fSfgBCn7PwHAoh?usp=sharing

Convolution Network Architectures CS231N Stanford

Inception-v4
80 i 0 d
cepton. ‘ t ResNet-152
ResNet- 50‘ VGG-16 VGG-19
751 ResNet-101
ResNet-34
2 |
- 741 ResNet-18
@ GooglLeNet
3 ENet
26
3 BN-NIN
~ 60 1 5M 35M 65M 95M 125M  155M
55 AlexNet
50 v - v v v v
0 5 10 15 20 25 30 35 40
Operations [G-Ops]

Top-1 accuracy is the
conventional accuracy,
model prediction (the
one with the highest
probability) must be
exactly the expected
answer.


http://cs231n.stanford.edu/slides/2020/lecture_9.pdf

Exponential Growth of Neural Networks

1800x more compute

Memory and compute requirements

100,000 i
2018 2019 2020+ In JUSt 2 years
e MSFT-1T (1T)
10,000 ® MT-NLG (530B)
® GPT-3 (175B)
1,000

e T5(11B) ¢ i
L T-NLG (17B) Tomorrow, multi-trillion

e Megatron-LM (8B) parameter models
e GPT-2(1.5B)

100

" « BERT Large (340M)

¢ BERT Base (110M)

Total training compute, PFLOP-days

1 10 100 1,000 10,000 100,000
Model memory requirement, GB

SAFARI Live Seminar - Thinking Outside the Die: Architecting the ML Accelerator of the Future



https://www.youtube.com/watch?v=x2-qB0J7KHw&t=7s

GPT-3 (2020)

Autoregressive language model D D D I:l D D

Single stack of causal trf blocks ' 5 '

position embeddings

A

dim 12288, 96 heads, 96 blocks Sy 96 blocks

feed-forward

res

sequence size 2048

layer norm

dropout

175B parameters in total

masked self-attn
FF: Lin(dim, 4xdim), gelu, Lin(4%dim, dim) k4 a4 VA

res

layer norm
trained on 10K GPUs, likely in around 12 days

for about $S4,600,000 D n D D D VU %{



https://www.youtube.com/watch?v=MN__lSncZBs&list=PLIXJ-Sacf8u60G1TwcznBmK6rEL3gmZmV&index=3

The Narrated Transformer Language Model Jay aammar

“To be clear, I am not a person. I am
not self-aware. I am not conscious. I
can’t feel pain. I don’t enjoy
anything. I am a cold, calculating
machine designed to simulate human
response and to predict the

probability of certain outcomes. The
only reason I am responding 1is to
defend my honor.”

CES



https://www.youtube.com/watch?v=-QH8fRhqFHM&t=1082s
https://www.youtube.com/channel/UCmOwsoHty5PrmE-3QhUBfPQ

The Narrated Transformer Language Model Jay aammar

[ 2514, 307, 1598, 11, 3145 716,

407, 257, 1048, 13, 314, 716, 407,
2116, 12, 9685, 13, 314, 716, 407,
6921, 13, 314, 460, 447, 247, 83,
1254, 2356, 13, 314, 836, 447, 247,
2883, 1997, 13 e 3 1471 G250

4692, 11, 26019, 4572, 3562, 284, 29308,
1692, 2882, 290, 284, 4331, 262, 12867,
286, 1728, 10906, 13, 383, 691, 1738;
314, 716, 14409, 318, 284, 4404, 616,

CES



https://www.youtube.com/watch?v=-QH8fRhqFHM&t=1082s
https://www.youtube.com/channel/UCmOwsoHty5PrmE-3QhUBfPQ

Demo GPT3

OpenAl - Demo

O Centro Federal de Educagao Tecnoldgica de Minas Gerais (CEFET-MG) € uma
autarquia federal brasileira, vinculada ao Ministério da Educacao, que oferece
ensino meédio, cursos técnicos, superiores, pos stricto sensu e lato sensu,
contemplando também, de forma indissociada, o ensino, a pesquisa e a extensao,
na area tecnoldgica e no ambito da pesquisa aplicada.


https://beta.openai.com/playground

Alpa is a system for training and serving gigantic machine learning models.
Alpa makes training and serving large models like GPT-3 simple, affordable,
accessible to everyone.

Free, Unlimited OPT-175B Text Generation

Warning: This model might generate something offensive. No safety measures are in place as a free service.

‘ W Fact ’ [ i@ Chatbot J ( 2 Airport Code ’ [ 03 Translation ’ ‘ «f Code ‘ [ B Math ]

what is the difference between a dictionary and a hash table ?

Generate

what is the difference between a dictionary and a hash table ?
A dictionary is a hash table that's also a list.
I'd say a dictionary is a hash table that can be accessed in O(1) time.


https://opt.alpa.ai/
https://opt.alpa.ai/
https://opt.alpa.ai/

MDETR - Modulated Detection for End-to-End Multi-Modal

plot_inference(im, "5 people each holding an umbrella")

[ an umbrella: 1. 00

| an umbrella: 0. 99]

5 people each: 1.00 ’ig‘r//
s ‘ A E eop]e o3 /‘\ 1)
el
\ 5 >'- 5 people each 0.95]g|e each: 1 00 each 1.00

4& 3 :" i

N :
wh\}\ % |

; l ; "V =

an umbrella 0.72 & : ~

an umbrella: 0.98

| an umbrella: 1.00

& ‘tl



https://paperswithcode.com/paper/mdetr-modulated-detection-for-end-to-end
https://paperswithcode.com/paper/mdetr-modulated-detection-for-end-to-end
https://colab.research.google.com/drive/1kSkbXzxnxU9Zw8xohqGxbnE8fREpUh4S?usp=sharing
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https://github.com/libracoder/machine-learning-roadmap-2019

Historia da Internet em 1969...

Um pequeno passo ...

grande salto...




Um grande salto....

Criacao da Internet
Unix (Linux)
Linguagem C
Protocolo TCP/IP
CDC 7700

a0~

ARPA COMPUTER NETWORK*

(O REPRESENTS A TIME-SHARED COMPUTER
(D REPRESENTS A SINGLE USER CONSOLE COMPUTER
* NOT FINAL, ESTIMATE AS OF JUNE 1967



Ciéncia e seus fundamentos, além da Tecnologia

Escalabilidade
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O que é QUANDO VOCE E
MINEIRO E TEM QUE

Internet das Coisas PASSAR NO CAPTCHA
DE IMAGENS DO GOOGLE
(loT) ?

Selecione todas as imagens
com Trens

Linha Temporal

1969 - Internet, anos 80 com email,

1985 - Termo loT

Anos 90 - Navegadores e ferramentas de busca

2000 em diante: Redes Sociais, Computacdo na Nuvem,
Big Data, Ciéncia de Dados, Inteligéncia Artificial.....




O que € Internet das Coisas (loT)

Cyber-physical Internet of

systems Embedded things
Systems

Internet, wireless
networks and cloud/edge
computing

Local communication
and physical world

Capitulo: Internet das Coisas na Agricultura
Segunda Edicao - Livro Agricultura Digital



https://www.lojaofitexto.com.br/agricultura-digital-2ed/p?utm_source=baner&utm_medium=banner&utm_campaign=pre-venda-agricultura-digital

Paradigmas

FOG
Nodes

EDGE
Devices

CLOUD
Data Centers

Thousands

Millions
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Camadas

1. Aplicacao

2. Rede (network)

3. Percepcao



Percepcao
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Tudo integrado em um unico circuito

Interfaces de Comunicacéo (SPI,12C,Serial)

i SR Processador, Memoria, Conversores Analdgicos, Temporizadores,




Popularizacao com Arduino = simplicidade

Microcontroladores existem desde 1971.....TMS1000 da Texas, 8048 da Intel
2003 Linguagem Wiring (simples, semelhante a linguagem C)
Ambiente de Programacao e as Placas

2004 Arduino = Gerou uma “padronizacao”

Vantagens: Baixo Custo, Popularidade, Simplicidade, Conectividade, Muitas
aplicacdes, baixo consumo, suporte

Desvantagens: baixo poder de processamento



Arduino

Ambiente Simples de Programacao, gravacao no Arduino
e Comunicacgao para teste, varios exemplos

& sketch_jan04a | Arduino 1.8.5 — O X

File Edit Sketch Tools Help

sketch_jan04a §

|':;: setup() { A

Muitos sensores e atuadores no Mercado com baixo

il e Custo e faceis para conectar e testar.

fritzing

Arduino/Genuino Uno on COM1



Como comecar e onde aprender mais ?

Em inglés 4 canais do Youtube com explicagbes detalhadas e técnicas de varios
projetos, sensores, placas de desenvolvimento

https://www.youtube.com/channel/UCu7 D0048KbfhpEohoP7YSQ - Andreas Spiess

https://www.youtube.com/channel/UC80b-HnnmhlgSv5Vs i32TQ - Ralph S Bacon

https://www.youtube.com/user/kdarrah1234 Kevin Darrah

https://www.youtube.com/channel/UCzmI9bXoEMOitbcE96CB03w - DroneBot

https://www.youtube.com/user/greatscottlab

https://www.youtube.com/user/julius256



https://www.youtube.com/channel/UCu7_D0o48KbfhpEohoP7YSQ
https://www.youtube.com/channel/UC8Ob-HnnmhlgSv5Vs_i32TQ
https://www.youtube.com/user/kdarrah1234
https://www.youtube.com/channel/UCzml9bXoEM0itbcE96CB03w
https://www.youtube.com/user/greatscottlab
https://www.youtube.com/user/julius256

Qual é o melhor dispositivo ?

Arduino Uno: 2KiB, 16 Mhz, 20 Pinos,
Arduino Mega: 70+ pinos,

Arduino Nano: pequeno, 20 pinos
Arduino ProMini: , produto, sem gravador e regulador

Esp8266: wifi 2 pinos, 3 Mega, 80 Mhz, 3,3 volts .

NodeMCU: Wifi, 14 pinos, 3,3 volts,

Esp32: 160 Mhz, Wifi, baixo consumo, 3,3 volts, Ny )




Novas opcoes

Raspberry pico

esp32 ttgo
LORA

esp32 ttgo

mbstamp

m5 atom
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Outras opcoes

Raspberry Zero = Computador, 512 Mega RAM, 1 Ghz
Raspberry Pi 4 = Computador, 4 Giga RAM,

+energia, muitos pinos, camera, processamento, wifi , mais fragil

Existem muito mais opgdes...

Apenas apresentamos as mais populares....



Outras opcoes
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Sensores e Atuadores - Ambiente de laboratorio
420004074
SHBECETY

A 2.2 W
‘ , - Arduino +
@Q@@% w Q computador (visualizar, armazenar dados,

Enviar comandos).

PP SEH LY




Sensores e Atuadores com Mb5stack

=

M5STACK

=
Li-Po

« JPmih MB5STACK

BUILT-IN

AR \
N SO

4. 7" 960x540 o PORTA
16-Level ESP32
Sl - B
- s BM-bSRAM
: Ami,géag)/, T&H@SHT30
STREIREEE N RTC@BM8563
UlFlow X  CAP.TOUCH@GT911
Arduino USB-C 4.7" 960x540 16-Level
MicroPython BATTERY:LiPo-1150mAh

118x67x10mm @ 86g LOW POWER CONSUMPTION



Sensores e Atuadores com Mb5stack



https://github.com/momos123/Tachometer/blob/main/Code/Tachometer.py
https://github.com/momos123/Tachometer/blob/main/Code/Tachometer.py

Outras opcoes
Para pesquisa
=

M5STACK

CHALLENGE!

( BMPI‘EO ‘:{:‘ :
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O & )\ 200mAh SDA:25

ESP32 ‘ R % . 5
P 5

P 3

ESP32 PWM4:33

7
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200MAhN
ToF VL53LOX

6DOF MPU6886 INTERFACE
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Blynk Server &N

Blynk Libraries
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Camada de Rede (Network)

Cyber-physical
systems

Internet of
things

Embedded
Systems

Internet, wireless
networks and cloud/edge
computing

Local communication
and physical world

Q




Sensores com Fios e seus Protocolos



Sensores e Atuadores + Arduino + poucos fios com
protocolos seriais: 12C, OneWire, SPI,

Pode ter os trés ligados comunicando com EEEEEN
Sensores de diversos fabricantes.... OneWire: +, - e 1 fio v Wl ©

Arduino 20 pinos de Entrada/Saida

12C: +,-, 2 fios SPI: +,-, 3 fios + 1 fio para cada sensor

BME280 bmel BME280 bme2
Addr: Ox77 Addr: 0x76 SLAVE 1 SLAVE 2 SLAVE n

@ @sr:szfie
jﬁ' ] ﬂ = 0 = 0 = 0
l I“‘I:l_ s [, b1 ¥ 7] b4 s [, b1
92=s9l |[92=y |[898=4
MASTER TY ) W 7
SCK > t t —..JT
MOSI >
MISO < -
SS




Sensor de distancia

Sensore ultrasonico

Alpinvo Startimpulso ” +5V
_ digitale .

L
Tempo echo impulso

GND

Ostacolo

Electrical Parameters

HC-SR04 Ultrasonic Module

Operating Voltage DC-5V
Operating Current 15mA
Operating Frequency 40KHZ
Farthest Range 4m
Nearest Range 2cm
Measuring Angle 15 Degree
Input Trigger Signal 10us TTL pulse
Outpiit Ectio Sifial Output TTL Ie\{el signal, proportional
with range
Dimensions 45*20*15mm




Energia Solar e Pilhas de Litio



Com Bateria - Sugestao 18650 Litio




. low

, SeNSores Capacitivos

bluettoth

fi,

(wi

ESP32
power)

3V-35V

In

hadiieg Yioo1an(getsm

10

200000000008




Comunicacao sem Fio



Rede local de varios “arduinos”

Radios de baixo custo = Rede Local e conexao com internet em um dos pontos

NRF 24L01

Through
14 buildings

HC12
Lora

ZigBee




NRF24L01 -.....distancia de 10 a 100m....ou
mais...pode interligar 3125 pontos !

Pipe/Address
2.401 GHz 5 letter string
M . | NRF24L01 T~ ¢ m
é_b

2.402 GHz

\ N * « -,“ 4
2525GHz \ NRF24L01 NRF24L01 W9
wrFzaLon B g arzaion Transceiver gL bt [N 7
:

2400 to 2525 MHz

1MHz spacing - 125 channels 0.1 mA enviar, 14mA receber



HC12 400m a 2 Km....

HC-12 Wireless Communication: Stepper Motor Control using an Accelerometer

GY-80 - ADXL345 Accelerometer

HC-12

Decoupling
Capacitor

Buw T

SECUATY L #6S

www.HowToMechatronics. com

HC-12

Power Supply (8-35V)

NEMA 17




LoRa (Long Range)

DORIJI
Applied Technologies
DRF1278DM

Spread Spectrum
data module

July 2014

Features

LoRa™ Frequency Spectrum
433Mhz ISM frequency band
-136dBm reczive sensitivity
20dBm Max. output power
Serial port wake-up
Wireless wake-up
Star networking ability

High level configure with DAC02 USB-TTL adapter, or low level via micro

|4 [RxD [input | RXD:UARTinput TTLlevel |
|5 [TXD  [Ouww [TXD UARTouout. TTLlwvd |
|6 [aux [ Ousut | Dataindication pin for waking up module |
7 ISET [ |Reserved |

Refer data => www.dorji.comidocsidata/DRF1278DM.pdf

$ 200




Rede Mesh de Esp8266

Mcu-t2

Mcu-t3

Mcu-tl

Server Node

/

oftware Serial— SN

Gateway Node

Internet

MQTT Server




Protocolos alto Nivel: MQTT e CoAP



MQTT

Trocando mensagens de Texto entre os dispositivos

Assinar (subscribe) /ufv/floresta/1andar/sensores

Publicar (puinsh)l/ufv/roresta/1andar/sensores/temperatura" 25

Topico Mensagem

Sensor 1 Usuario 1
%‘ @ Computador
‘“,.u

?o.c
E ﬁ
Sensor 2 e
@ Usuario 2
Celular

/KQTI’-Broker
Sensor 3




MQTT
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Internet das Coisas e Mqtt
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Internet das Coisas e Mqtt

V| © 7 .4f89% 4 11:38 AM

: test.mosquitto.org
Connection: HiveMQ local
Subscribe ~ 1883

Topic 0o0S

test/mqtt/topic/1 2 - exactly once : = DaSh board
Publish A 48 notifications
Topic 0oS :
test/mqtt/topic/1 1 - at least once & w SUbSC”be

2 subscriptions

Message

Hello MQTT 2!

Publish

Subscriptions

Stored Messages

Topic: Showing the last 1

"test/matt/topic" messages 0 stored messages
# Time Topic QoS [

0 3:07:41 L @ .

Message: Hello MQTT! Settlngs

Topic: Showing the last 3

"test/mqtt/topic/1" messages




Internet das Coisas e Servicos

Ubidots

Botodes,...
Graficos....
EMAIL !

125 sus!

Gratis 1 dispositivo

Exportar dados,...

o Simples

e - LS




Internet das Coisas e Servicos

Ubidots

Botoes,...
Graficos....
EMAIL !
SMS !

Visualize,

dots <=mm)

@Send

Gratis 1 dispositivo
Exportar dados,...

Simples

Arduino




Internet das Coisas e Servigos (restricoes na opcao
gratuita)

Ubidots - https://ubidots.com/stem/
Thinkspeak - https://thingspeak.com/
Blynk - https://www.blynk.cc/

Arest - hitps://arest.io/home

Servigos com conta e restricdes de uso, faceis e possuem muitos exemplos....


https://arest.io/home

Internet das Coisas e seus proprios Servicos

Usar um Computador ou Raspberry para servidor MQTT (Pl zero)

Usar um broker publico sem limitagbes com Mqtt, aplicativos de Mqtt no celular




NodeRed IBM
muitas opcoes

=

Node-RED

Dashboard Ul Flow Node-RED

— i

I'l

ﬂ http://www.projetsdiy.fr - http://www.diyprojects.io

servo/tllt @( @
—_—

mosavitto




NodeRed

Executar em um computador ou um Raspberry

Conectar com Mqtt e varios “arduinos”, Twitter, Email, banco de dados, ...

|

[« ) (2] [+ ]+ 100.0.199:1880
Magic

cl (o]
m == MDM tools: How to Get .y Apps Wiki At NRF's Bi. RM Magazine Overview - ._ence Europe SC Meetings 1BM Events - Innovation »
Node-RED
Title of chart : :
o Sheet 1 e info debug
vide: N B <o
slider? TR =
Title of Gauge1 ide? ison o g ST RS =
[ worthy!
slider3 ky‘"‘
social v @Wimbledon I'm not at all for fixing the
Title of Gauge3 draw, but c’'mon, give us #lsner vs
[ twitter #Mahut on Centre Court in Round 1
Pie Chart S— #YouKnowYouWantTo! #Wimbledon
ire Get Wimbledon Tweets (>

5 dias para el mundial RT @Arustegui:

Wimbledon es desde el 23 de este
irc 'save wimbledon tweets mes, asi que...
)

http @bartoli_marion Well done on winning
show tweets () the Women's Wimbledon title in 2013
%\_%L_—_T\ Marian. My email
get tweet data (> 2
y

Select an Option

Horizontal Bar Chart



Como usar IA e Internet das Coisas ?

1. Solugdes U$ 100 com processamento + consumo

2. Solugdes U$ 10-40 com processamento

3. Solugoes U$ 1-5 com Coleta e Envio



Solugdes U$ 100 com processamento + consumo

Coral Google

Coral
Edge TPU Performance Demo

The video below demonstrates the realtime processing power of the Edge TPU by running a MobileNet SSD model that can identify and classify
multiple objects. The footage of the cars is a recording, but the MobileNet model is executing in realtime on your Coral Dev Board to detect each car
indicated with a box (limited to 20 detected cars).

In the terminal where you started the demao, press the N key to switch between running the model on either the Edge TPU or the CPU (guad-core
Cortex-A53).

Running LeNe ) v Edge TPU

=

.57% cadbl% ar:<
54




Solugdes U$ 100 com processamento + consumo

Jetson Nano e
Xavier Nvidia

Outros: Intel Open Vino,
Raspberry Pi4, ....




Solugdes U$ 10-40 com processamento

2 AN

Processador K210
Maix Amigo, Maix Bit, M5stickV,
unitV, maix cube, ....

o-
o-
[N
[+ 2%
o-
-
Q-
o
0.°

STATUS TF-CARD
LED (not included)



helloworld_1.py - MalxPy IDE

File EdR Tools Window Help

helioworid_1.py* X ' Line: 25, Col: 1 Frame Buffer Record Zoom

RGB Color Space

Res (w:320, h:240)

80
Mediar

Max

80 120
Median 148 Mode

Max LOQ 90

Search Results  Serial Terminal Firmware Version: 0.3.1 Serial Port: ttyUSBO  FPS: 9.6



@ = kpu.load(0x300000)

anchor = (1.889, 2.5245, 2.9465, 3.94056, 3.99987, 5.3658, 5.155437,
6.92275, 6.718375, 9.01025)

a = kpu.init_yolo2(task, 0.5, 0.3, 5, anchor)
E

code = kpu.run_yolo2(task, img)
if code: |
for i in code:
print(i)
a = img.draw_rectangle(i.rect())

!= lcd.display(img)

Y




Solugdes U$ 1-10 com Coleta e Envio



U$ 1-10 - Capture data tensorflow.js

Project overview

Ths image below describes how to integrate ESP32-CAM with Tensorflow.js:

- ts.html - -
> : -
Stream video - -
- - -
L‘\ Capture image ~ -
© B .
TensorFlow js
-4

| ESP32-CAM
\,


https://www.survivingwithandroid.com/esp32-cam-tensorflow-js/

U$ 1-10 - Capture data tensorflow.js

Tensorflow)S with ESP32-CAM Tensorflow)S with ESP32-CAM

volleyball - 0.9684472680091858 water bottle - 0.2698802947998047
soccer ball - 0.021350480616092682 medicine chest, medicine cabinet - 0.08723660558462143
tennis ball - 0.0031732707284390926 espresso maker - 0.086296945810318

Classify the image Classify the image



https://www.survivingwithandroid.com/esp32-cam-tensorflow-js/

How screen scraping and TinyML can turn any

dlal intO aDigit‘izTe?TAl on the edge

An ESP32 all inclusive neural network recognition system for meter digitalization

Overview  Configuration Recognition File Server  System

Raw Value:

038.5975

Corrected Value:

38.5975

Checked Value:

38.5975

Start Time:

20201118-075416

Last Page Refresh:06:57:39



https://petewarden.com/2021/02/28/how-screen-scraping-and-tinyml-can-turn-any-dial-into-an-api/
https://petewarden.com/2021/02/28/how-screen-scraping-and-tinyml-can-turn-any-dial-into-an-api/

Divulgacao

35th Symposium on Integrated Circuits and Systems Design - Associar a SBC (R$26) que é

gratuito o evento

CHIPY

AUGUST 22t
Monday

PROGRAM AT A GLANCE

AUGUST 23*

Tuesday

’ Tutorial Day

69:06-19:26

Tutoddats
secct

semiors
n-Hsiao Peng Fram:esca Tacopi
(HCTU] Tadwan) (UTS/Mustraiis)

We

19:26-10:48 Break

toddals

Christian . Pilato
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sworo
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| (ondy. Sinon Bovivar/Venezonta) |

Tovsaman Tavited Tatks
seicro
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2
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Ben Kaczer
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Reliability of VI.SI technologies:

impediment and opportunity
Lunch Break
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sect Tal sonscro
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Sacial Event
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(INTEL/USA)
State of Video Codecs: AV1 and
VVC algorithas and deploynent
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https://www.ufrgs.br/chip-in-the-minuano/sbcci2022/
https://www.sbc.org.br/institucional-3/diretoria/34-associe-se

Varios Links

1. Demonstractes de IA

2. Onde aprender Machine Learning & IA

3. Palestra 22 Marco 2021, Prof. Wagner Meira, Inteligéncia Artificial, Estado Atual, Perspectivas e Desafios
4

5

Palestra Prof Antonio Braga da UFMG sobre redes Neurais

Aprendizado de Maguinas e Estatistica, a relacdo intima entre estas areas.
Prof. Marcos Ribeiro UFV

An Overview of Convolutional Neural Network - Prof. Keiller Nogueira,
University of Stirling

o



https://github.com/arduinoufv/machinelearning/tree/main/demo
https://github.com/arduinoufv/machinelearning
https://www.youtube.com/watch?v=3iZa9nEm6_E
https://www.youtube.com/watch?v=F0to9MTqEhY
https://www.youtube.com/watch?v=UsJtN9LSK-E
https://www.youtube.com/watch?v=UsJtN9LSK-E
https://www.youtube.com/watch?v=ZKcB0L5VGJs
https://www.youtube.com/watch?v=ZKcB0L5VGJs

Learn more about....

e YouTube Statquest Videos

Support Vecto Gradient Boos

+ Sy

Decision

.-

M ...clearly e

XGBoost Part

| XGBoo - Ogg
R ...Clearl

Neural Networks XGBoost Support Vector Machines Gradient Boost CART - Classification And

. o Regression Trees
Atualizada ha 2 dias VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA

VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA

A Gentle Intro
to....

Random Forest:
==

K ol ol

Building, using a

|
..
clear T_,,

- ®0 &
—~———

== == t -

"’ ...Clearly ...Machin

Random Forests Logistic Regression Statistics and Machine Learning High Throughput Sequencing Machine Learning
inR . .

VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA Atualizada ha 2 dias

VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA


https://www.youtube.com/c/joshstarmer/playlists

Learn more about....

e Luis Serrano

coLoau
V' Gensracién
= con rede
- 0“
06—+ L
2 | e A .
= . } / ..;’u
Supervised Learning Charlas y entrevistas en Espanol Livestreams and podcasts Natural Language Processing Machine learning en espanol
VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA
Mini-Courses

)
%4 [*" SRR S o
] dl
General Machine Learning Neural Networks Unsupervised Learning Probability Natural Language Processing
Luis Serrano Luis Serrano Luis Serrano Luis Serrano Luis Serrano

VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA VER PLAYLIST COMPLETA


https://www.youtube.com/c/LuisSerrano/playlists

Courses and Books - Learn more about....
e Stanford Cs231N (Fei Imagenet)
e MIT Introduction Deep Learning
e Stanford 157 (Dive in DL)
e Books: Python Data Science Handbook,
Machine learning Notebook, Deep Learning with

Python, Deep Learning, Dive in DL, pata Mining and
Machine Learning: Fundamental Concepts and Algorithms (youtube)



http://cs231n.stanford.edu/syllabus.html
http://introtodeeplearning.com/
https://courses.d2l.ai/berkeley-stat-157/units/introduction.html
https://colab.research.google.com/github/jakevdp/PythonDataScienceHandbook/blob/master/notebooks/Index.ipynb
https://github.com/ageron/handson-ml2
https://github.com/fchollet/deep-learning-with-python-notebooks
https://github.com/fchollet/deep-learning-with-python-notebooks
https://www.deeplearningbook.org/
http://d2l.ai/index.html
https://dataminingbook.info/book_html/
https://dataminingbook.info/book_html/
https://www.youtube.com/channel/UCUN8yMTrizS5GGaGnyj9y_g

Learn more about....

e Machine Learning Foundations is a free training course where you’ll learn the
fundamentals of building machine learned models using TensorFlow with
Laurence Moroney. Google

e Python, NumPy, Pandas, PyTorch, Linear & Loqistic regression, Neural
networks, Data quality, Utilities, CNNs, Embeddings. RNNs, Attention,
Transformers - ML Foundations

e Portuguese - CURSO RAPIDO DE PYTHON PARA INICIANTES COM
GOOGLE COLAB -AULA 1: Como Usar Python ONLINE - Google Colab,
Strings, Operadores Matematicos, Variaveis, Listas e Tuplas, Dicionarios,
Operadores Logicos, IF / ELSE / ELIF, FOR, WHILE e Funcbes



https://www.youtube.com/playlist?list=PLOU2XLYxmsII9mzQ-Xxug4l2o04JBrkLV
https://madewithml.com/courses/ml-foundations/notebooks/
https://madewithml.com/courses/ml-foundations/notebooks/
https://madewithml.com/courses/ml-foundations/notebooks/
https://www.youtube.com/watch?v=7TLkf1l9wLg
https://www.youtube.com/watch?v=7TLkf1l9wLg
https://www.youtube.com/watch?v=7TLkf1l9wLg
https://www.youtube.com/watch?v=7TLkf1l9wLg

Learn more about....

e How Convolutional Neural Networks Work (CNNs Explained & Visualized)

e Timeline for data science competency depends on the level: Basic,
Intermediate, and Advanced

e Machine Learning Algorithms Full Course | Machine Learning Algorithms
Explained | Simplilearn - 5 hours - YouTube Video



https://www.youtube.com/watch?v=pj9-rr1wDhM
https://pub.towardsai.net/timeline-for-data-science-competence-1b724e7977e0
https://pub.towardsai.net/timeline-for-data-science-competence-1b724e7977e0
https://www.youtube.com/watch?v=k9V3DapHEDA
https://www.youtube.com/watch?v=k9V3DapHEDA

Learn more about....

e Deep Learning's Most Important Ideas - A Brief Historical Review

e Deep Learning Tutorial Course 3 hours 2018 - Laurence Moroney

e Join 20K+ developers in learning how to responsibly deliver value with

applied ML.
e The Roots of Data Science - How it all began.



https://dennybritz.com/blog/deep-learning-most-important-ideas/
https://www.youtube.com/watch?v=r0Ogt-q956I
https://madewithml.com/#ml-foundations
https://madewithml.com/#ml-foundations
https://towardsdatascience.com/the-roots-of-data-science-77c71115229

Online Courses Zero to Mastery Machine Learning
Daniel Mrdbourke

Section 1 - Getting your mind and computer ready for machine learning

(concepts, computer setup)

Section 2 - Tools for machine learning and data science (pandas, NumPYy,
Matplotlib, Scikit-Learn)

Section 3 - End-to-end structured data projects (classification and
regression)

Section 4 - Neural networks, deep learning and transfer learning with
TensorFlow 2.0

Section 5 - Communicating and sharing your work


https://github.com/mrdbourke/zero-to-mastery-ml

Learn PyTorch for deep learning in a day. Literally.

Daniel Mrdbourke

Learn PyTorch for Deep Learning (work in progress)



https://www.youtube.com/watch?v=Z_ikDlimN6A
https://github.com/mrdbourke/pytorch-deep-learning

Guidelines

e Machine Learning Engineering in 10 Weeks curriculum v1 Jason Benn

e |earn machine learning Jason Benn

e Make your own Machine Learning and Deep Learning degree Aurélien Peden

e Example execution & resources: Self-learning Al in a vear - Niklas
Muennighoff



https://jasonbenn.com/post/ml-in-10w-curriculum
https://jasonbenn.com/post/how-i-learned-to-code#bonus-step-learn
https://aurelienpeden.com/blog/2020/machine-learning-deep-learning-resources-degree/
https://muennighoff.medium.com/example-execution-resources-self-learning-ai-in-a-year-6e7fb1ad0eeb

Grupo de Robdtica da UFV

YouTube do Nero: https://www.youtube.com/c/RoboticaUFV
Repositorio do Nero: https://github.com/neroUFV

Colab modelo de Controle para Drone

Trabalhos que realizei no Nero no ultimo més:
https://youtu.be/GDdgWQX0Hd8

https://youtu.be/KrNmOUjahy8


https://colab.research.google.com/drive/1lJTk5dZf_F48jerep_kRha3atZjANDQb?usp=sharing

Questions ?




