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Dear students,

Welcome to the first class of the IESTI01 (TinyML) EAD course. I am Professor Marcelo Rovai, a former 
student here at UNIFEI, and I am pleased to be with you this semester.

IESTI01 is a discipline that mixes Machine Learning (part of Artificial Intelligence) with small devices, 
such as microcontrollers and sensors, whose main characteristics are ultra-low power consumption, usually 
32-bit CPUs, and a few kilobytes of memory.

We understand that the explosive growth of Machine Learning, the ease of use of software 
development platforms such as TensorFlow (TF) and PyTorch, which are based on the Python language, and 
the current generation of powerful microcontrollers make TinyML an indispensable topic of study for 
Engineering students in Electronics, Computing, and Control and automation.

This mix of expertise and the pioneering nature of this discipline (We were the second university 
worldwide to have this type of course, Harvard School of Engineering being the first) leads us to significant 
challenges concerning the necessary basis for the minimum understanding of the matter. Thus, the time we 
have available for the course is short. So, we must commit to following the weekly classes and doing 
complementary activities such as readings, laboratories, and assignments. You can count on me to clarify 
doubts and to review the necessary concepts for a good understanding of the course (For that, use the 
FORUM, available in each class, or e-mail me).

Greetings from the south of the world!
Prof. Marcelo Rovai
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Marcelo Rovai is an educator and professional in the field of 

engineering and technology, holding the title of Professor Honoris 

Causa from the Federal University of Itajubá, Brazil. His 

educational background includes an Engineering degree from 

UNIFEI and an advanced specialization from the Polytechnic 

School of São Paulo University (POLI/USP). Further enhancing his 

expertise, he earned an MBA from IBMEC (INSPER) and a Master’s 

in Data Science from the Universidad del Desarrollo (UDD) in 

Chile.

With a career spanning several high-profile technology 

companies such as AVIBRAS Airspace, AT&T, NCR, and IGT, where 

he served as Vice President for Latin America, he brings a wealth 

of industry experience to his academic endeavors. He is a prolific 

writer on electronics-related topics and shares his knowledge 

through open platforms like Hackster.io.

In addition to his professional pursuits, he is dedicated to educational outreach, serving as a volunteer professor 

at the IESTI (UNIFEI) and engaging with the TinyML4D group  and the EDGE AIP – the Academia-Industry Partnership of 

EDGEAI Foundation as a Co-Chair, promoting EdgeAI education in developing countries. His work underscores a 

commitment to leveraging technology for societal advancement.

https://github.com/Mjrovai
https://www.hackster.io/mjrobot
https://tinyml.seas.harvard.edu/team
https://www.edgeaifoundation.org/posts/announcing-the-tinyml-foundation-industry-academia-partnership
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“Edge AI is a truly complete technology. As a topic, it makes use 
of knowledge from everything from the physical properties of 
semiconductor electronics all the way up to the engineering of 
high-level architectures that span devices and the cloud. It 
demands expertise in the most cutting-edge approaches to 
artificial intelligence and machine learning along with the most 
venerable skills of bare-metal embedded software engineering. 
It makes use of the entire history of computer science and 
electrical engineering, laid out end to end.”

  Situnayake, Daniel; Plunkett, Jenny 
AI at the Edge (pp. 215-216) 

O'Reilly Media   

https://edgeimpulse.com/edge-ebook
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Internet of Things (IoT)
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Source: Harvard Business Review, What’s Your Data Strategy?, April 18, 2017
Cisco, Internet of Things (IoT) Data Continues to Explode Exponentially. Who Is Using That Data and How?, Feb 5, 2018
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Machine 
Learning

CloudML: is essential for tasks requiring 
massive computational power or 
large-scale data analysis.

EdgeML (or EdgeAI) is the processing of 
Artificial Intelligence algorithms on 
edge, that is, on users’ devices. 

TinyML is where sensors are generating 
data with ultra-low power consumption 
(batteries) ("always on devices")
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TinyML

EdgeML

CloudML

Machine Learning (ML)
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Embedded ML (TinyML)
Introduction
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What is AI?

Artificial 
Intelligence (AI) is 
the simulation of 
human intelligence 
in machines that 
can perform tasks 
like learning, 
reasoning, and 
problem-solving.

LLMs
(Chat Bots)

Personal 
Assistants

Recommendation
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AI: Any technique that enables 
computers to mimic human behavior 

ML: Ability to learn without explicitly 
being programed

DL: Extract patterns from data using 
neural networks

Teaching computers how to learn a task directly from raw data
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What is Tiny Machine Learning (TinyML)?

TinyML
Fastest-growing field of ML

23
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Algorithms, hardware, software
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What is Tiny Machine Learning (TinyML)?

TinyML
Fastest-growing field of ML
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Algorithms, hardware, software

On-device sensor analytics

Low power consumption
Battery-operated

Always-on ML
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TinyML Challenges
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250 Billion
MCUs today

34
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Hardware 
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Raspberry Pico 
(W)

Arduino Nano 
Sense

ESP 32 Seeed XIAO 
Sense / ESP32S3

Arduino Pro

32Bits CPU Dual-core Arm 
Cortex-M0+

Arm Cortex-M4F Xtensa LX6 Dual Core Arm Cortex-M4F (BLE)
Xtensa LX7 Dual Core

Dual Core Arm Cortex 
M7/M4

CLOCK 133MHz 64MHz 240MHz 64 / 240MHz 480/240MHz

RAM 264KB 256KB 520KB (part available) 256KB / 8MB 1MB

ROM 2MB 1MB 2MB 2MB / 8MB 2MB

Radio (Yes for W) BLE BLE/WiFi BLE / WiFi (ESP32S3) BLE/WiFi

Sensors No Yes No Yes (Sense) Yes (Nicla)

Bat. Power Manag. No No No Yes Yes

Price $ $$$ $ $$ $$$$$

Hardware (Development Boards) 

https://media.digikey.com/Resources/Maker/the-original-guide-to-boards-2022.pdf

https://media.digikey.com/Resources/Maker/the-original-guide-to-boards-2021.pdf
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Arm Cortex-M4F Xtensa LX6 Dual Core Arm Cortex-M4F (BLE)
Xtensa LX7 Dual Core

Dual Core Arm Cortex 
M7/M4

CLOCK 133MHz 64MHz 240MHz 64 / 240MHz 480/240MHz

RAM 264KB 256KB 520KB (part available) 256KB / 8MB 1MB

ROM 2MB 1MB 2MB 2MB / 8MB 2MB

Radio (Yes for W) BLE BLE/WiFi BLE / WiFi (ESP32S3) BLE/WiFi

Sensors No Yes No Yes (Sense) Yes (Nicla)

Bat. Power Manag. No No No Yes Yes

Price $ $$$ $ $$ $$$$$

Hardware 

https://media.digikey.com/Resources/Maker/the-original-guide-to-boards-2022.pdf

https://media.digikey.com/Resources/Maker/the-original-guide-to-boards-2021.pdf
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https://arxiv.org/pdf/1910.01108.pdf
https://towardsdatascience.com/neural-network-architectures-156e5bad51ba

https://arxiv.org/pdf/1910.01108.pdf
https://towardsdatascience.com/neural-network-architectures-156e5bad51ba


40https://huggingface.co/blog/large-language-models

GPT-4

https://arxiv.org/abs/2303.08774

(100T) ?

(1T) ?

https://huggingface.co/blog/large-language-models
https://arxiv.org/abs/2303.08774
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     Datasets                     Quantization                          Resource
Preprocessing           Pruning, Distillation                 constraints

Sound

Vision

Vibration
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TinyML/EdgeAI Software

EdgeAI TinyML



44

TF Micro

SoftwareHardware

Challenges

CPU

GPU DSP

MCU Memory Compute

Heterogeneity Resource Constraints

malloc ...

Missing Library 
Features

Limited Operating 
System Support

Software

malloc ...

Missing Library 
Features

Limited Operating 
System Support



45

Power

ESP32

CPU Power / Memory 

A
pp

lic
at

io
n 

C
om

pl
ex

ity
 

Application Complexity vs. HW

XIAO

LLMs/VLMs
1 GB+



46

Power

ESP32

CPU Power / Memory 

A
pp

lic
at

io
n 

C
om

pl
ex

ity
 

Application Complexity vs. HW

XIAO

LLMs/VLMs
1 GB+

m
i
c
r
o
N
P
U



47

Raspberry Pi AI Kit

0.5 TOPS 13 - 25 TOPS

microNPU NN Inference Accelerator

NPU: Hailo8L
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590mW450mW 350mW
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 * Note: Hailo-10H for LLMs is planned for future release

NPU: Hailo8L*

GPU: NVIDIA Ampere
100 TOPS
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reCamera
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Real-World Applications
Examples



52

Real-World 
Applications

Agriculture

Healthcare

Industry

Environment
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54https://www.edgeimpulse.com/blog/the-world-is-all-abuzz-about-tinyml

https://www.edgeimpulse.com/blog/the-world-is-all-abuzz-about-tinyml


55

Coffee Disease Classification

https://www.hackster.io/Yukio/coffee-disease-classification-with-ml-b0a3fc

   
  
  
  
  
  
  
  
 

João Vitor Yukio Bordin 
Yamashita
Engenheiro -  UNIFEI

https://www.hackster.io/Yukio/coffee-disease-classification-with-ml-b0a3fc
http://www.youtube.com/watch?v=ijzxXCdCid0
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José Anderson Reis
Unifei Master's Student



57

LSTM

ESP32 LSTM Phenolic Sponge Moisture

FURG UTEC UNRaf

https://github.com/gustavopablocastro/ESP32_LSTM_Phenolic_Sponge_Moisture
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YOLO

Ant Detection 

FURG UTEC UNRaf

https://github.com/juanabedala/DeteccionDeHormigas
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Real-World 
Applications

Agriculture

Healthcare

Industry

Environment
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Atrial Fibrillation Detection on ECG using TinyML 
Silva et al. UNIFEI 2021

AD8232 - Single Lead Heart Rate Monitor

Guilherme Silva
Matheus Lima
Engenheiros - UNIFEI

https://github.com/Gui7621/TFG-AFIB_and_SR_detection_using_ML_in_embedded_systems
https://youtu.be/y5gMA3tBZmY
http://www.youtube.com/watch?v=-tGC0vNDAvQ
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Surface electromyography 

Mateus F. Delangélica e 
Renato M. Neto, UNIFEI
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Personal Trainer

Ricardo Magno C. Junior
Luiz Fernando Kikuchi
UNIFEI
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Bionic Hand Voice Commands

https://www.hackster.io/ex-machina/bionic-hand-voice-commands-module-w-edge-impulse-arduino-aa97e3

VIDEO

https://www.hackster.io/ex-machina/bionic-hand-voice-commands-module-w-edge-impulse-arduino-aa97e3
https://youtu.be/NzxCZh8b4To
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TinyML Made Easy: Exploring Regression - White Wine Quality

Regression on TinyML

Sensor fusion

On-Device IoT-Based Predictive Maintenance 
Analytics Model: Comparing TinyLSTM and 
TinyModel from Edge Impulse

https://www.hackster.io/mjrobot/tinyml-made-easy-exploring-regression-white-wine-quality-9a7197
https://www.mdpi.com/1424-8220/22/14/5174/htm
https://www.mdpi.com/1424-8220/22/14/5174/htm
https://www.mdpi.com/1424-8220/22/14/5174/htm
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Real-World 
Applications

Agriculture

Healthcare

Industry

Environment
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Keystroke Sound Detection

IESTI01 2021.2 – Final Group Project Key Stroke Detection

Renam Castro
Professor IFESP

https://github.com/Mjrovai/UNIFEI-IESTI01-TinyML-2021.2/blob/main/00_Curse_Folder/Group%20Project/final_reports/1-TinyML%20aplicado%20ao%20reconhecimento%20de%20teclas%20a%20partir%20do%20sinal%20sonoro%20produzido%20pelo%20pressionamento%20em%20teclado%20f%C3%ADsico.pdf
http://www.youtube.com/watch?v=KJ06xCGkoV4
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Industrial – Anomaly Detection

IESTI01 2021.2 - Final Group Project: Bearing Failure Detection

https://github.com/Mjrovai/UNIFEI-IESTI01-TinyML-2021.2/blob/main/00_Curse_Folder/Group%20Project/final_reports/3-Sistema%20de%20identificac%CC%A7a%CC%83o%20de%20falhas%20em%20rolamentos.pdf
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https://arxiv.org/abs/1909.11236 https://youtu.be/wmVKbX7MOnU

Reinforcement  on TinyML

https://arxiv.org/abs/1909.11236
https://youtu.be/wmVKbX7MOnU
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Real-World 
Applications

Agriculture

Healthcare

Industry

Environment
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Measure rainfall using sound detection 

Bruno V. Batista , Felipe S. Fernandes,  Rodrigo N. Pereira - UNIFEI
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● Regression 
● Classification 
● Object Detection

● Anomaly Detection ● Autonomous 
Navigation
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Personal Assistant
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Personal Assistant

https://youtu.be/e_OPgcnsyvM
https://mjrobot.org/2021/01/27/building-an-intelligent-voice-assistant-from-scratch/
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Personal Assistant 

KWS
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“Cascade” Detection: multi-stage model 
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- Prob ‘Noise’
- Prob ‘Unknown’
- Prob ‘Yes’
- Prob ‘No’

If Probability of 
YES is greater 

than 80%  
Take actions

KeyWord Spotting (KWS) - Inference 

Time-Series Raw data 1D-Image
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What will We learn?
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What will We learn?

Fundamentals 
of TinyML

Part 1 is all about talking about what is the language of machine learning

Part 1 
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What we will learn?

Fundamentals 
of TinyML

Applications 
of TinyML

Part 1 Part 2 

In Part 2, we will get a sneak peek into the variety of different TinyML applications, as 
keyword spotting (“Alexa”), gesture recognition, understand how to leverage the 
sensors, and so forth.
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What we will learn?

Fundamentals 
of TinyML

Applications 
of TinyML

Deploying 
TinyML

Part 1 Part 2 

In Part 2, we will also learn how to deploy models on a real microcontroller. Along the 
way we will explore the challenges unique to and amplified by TinyML (e.g., 
preprocessing, post-processing, dealing with resource constraints). 
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Background Requirements 

Fundamentals 
of TinyML

Applications 
of TinyML

Deploying 
TinyML

Part 1 Part 3Part 2

• Python 
• TensorFlow
• Google Colab

• Jupyter Notebook

• Python 
• TensorFlow (Lite)
• Google Colab
• Edge Impulse Studio

• Python 
• TensorFlow (Lite-Micro - RTLite)
• Google Colab
• Edge Impulse Studio
• IDE (as Arduino)
• C/C++

This course combines computer science with engineering to feature real-world application case 
studies that examine the challenges facing TinyML deployments.

Part 1 Part 2 
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What areas we will learn?

We will learn the fundamentals of each of these areas, just 
enough to focus on the goal of being able to build TinyML 
applications. 

Machine 
Learning

Applications
Embedded 

Systems
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How are we going to get there?
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Hands-on Learning

• Software 
• Machine Learning 

(TensorFlow)
• Programming environments 

(Google Colab or Jupyter)
• Edge Impulse Studio

• Hardware 
• Arduino Nano 33 BLE Sense
• Wio Terminal (optional)
• ESP32S3 (optional)
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TinyML Arduino Kit Wio Terminal Kit 

XIAO ESP32S3 Kit

(Principal) (Optional)

(Optional)

Thanks to: 
Thanks to: 
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Hands-on Activities
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How is the course structured?
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Course Structure

• Weekly video-recorded lectures (15 weeks)
• Slides 
• Hands-on coding (by teacher & students) 

• Weekly Additional Readings 

• Assignments 
• Quizzes (Weekly)
• Notebooks with codes (4)
• Hands-on lab reports   (4)

• Final Project (Groups of 3 students)
• Report
• Presentation 

https://github.com/Mjrovai/UNIFEI-IESTI01-TinyML

https://github.com/Mjrovai/UNIFEI-IESTI01-TinyML
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Class planning and approval process
• Minimal suggested Workload (4 hours per week): 

• 30 hours (Weekly recorded classes of about 2h, for 15 weeks)  
• 15 hours of assignments/coding/labs 
• 15 hours in research, individual studies, and final project (in a group) 

• Approval process: 
• 1st Evaluation: 

• Individual Quizzes: 10%
• Individual Exercise Lists (Notebooks): 25% 
• Group Project Proposal: 15%

• 2nd Evaluation
• Individual Quizzes: 10%
• Individual Practical Projects (Lab reports): 25% 
• Group Project Presentation (*) and Final Report: 15%

(*) Examples: Harvard CS249r – TinyML - Final Projects
      Examples: UNIFEI IESTI01 – TinyML – Final Projects

https://sites.google.com/g.harvard.edu/cs249-tinyml-2023
https://github.com/Mjrovai/UNIFEI-IESTI01-TinyML
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https://mlsysbook.ai/

https://mlsysbook.ai/
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Seeed Studio XIAO

https://mjrovai.github.io/XIAO_Big_Power_Small_Board-ebook/
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TinyML: Why the Future of Machine Learning is Tiny and Bright 

Shvetank Prakash, Emil Njor, Colby Banbury, Matthew Stewart, Vijay Janapa Reddi

https://www.sigarch.org/tiny-machine-learning-the-future-of-ml-is-tiny-and-bright/


103https://www.science.org/content/article/what-s-tinyml-global-south-s-alternative-power-hungry-pricey-ai

https://www.science.org/content/article/what-s-tinyml-global-south-s-alternative-power-hungry-pricey-ai
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To learn more …

On the TinyML4D website, You can find lots of educational materials on TinyML. They are all free and 
open-source for educational uses – we ask that if you use the material, please cite them! TinyML4D is an 
initiative to make TinyML education available to everyone globally.

Online Courses
Harvard School of Engineering and Applied Sciences - CS249r: Tiny Machine Learning
Professional Certificate in Tiny Machine Learning (TinyML) – edX/Harvard
Introduction to Embedded Machine Learning - Coursera/Edge Impulse
Computer Vision with Embedded Machine Learning - Coursera/Edge Impulse
UNIFEI-IESTI01 TinyML: “Machine Learning for Embedding Devices”
Books
“Python for Data Analysis” by Wes McKinney
“Deep Learning with Python” by François Chollet - GitHub Notebooks
“TinyML” by Pete Warden and Daniel Situnayake
“TinyML Cookbook 2nd Edition” by Gian Marco Iodice
“Technical Strategy for AI Engineers, In the Era of Deep Learning” by Andrew Ng
“AI at the Edge” book by Daniel Situnayake and Jenny Plunkett
“XIAO: Big Power, Small Board” by Lei Feng and Marcelo Rovai
“Machine Learning Systems” by Vijay Janapa Reddi
Projects Repository
Edge Impulse Expert Network

https://tinyml.seas.harvard.edu/courses/
https://sites.google.com/g.harvard.edu/cs249-tinyml-2023
https://www.edx.org/professional-certificate/harvardx-tiny-machine-learning
https://www.coursera.org/learn/introduction-to-embedded-machine-learning
https://www.coursera.org/learn/computer-vision-with-embedded-machine-learning
https://github.com/Mjrovai/UNIFEI-IESTI01-TinyML
https://wesmckinney.com/book/
https://www.manning.com/books/deep-learning-with-python-third-edition
https://github.com/fchollet/deep-learning-with-python-notebooks
https://www.oreilly.com/library/view/tinyml/9781492052036/
https://github.com/PacktPublishing/TinyML-Cookbook_2E
https://github.com/ajaymache/machine-learning-yearning/blob/master/full%20book/machine-learning-yearning.pdf
https://edgeimpulse.com/edge-ebook
https://mjrovai.github.io/XIAO_Big_Power_Small_Board-ebook/
https://harvard-edge.github.io/cs249r_book/
https://docs.edgeimpulse.com/experts/
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TinyML4D Show&Tell Presentations

TinymML4D Academic Network Show and Tell Main Index.

The TinyML4D Academic Network Students should use this 
form to propose presentations.
https://forms.gle/ic52HZMqVv4pBrkP7 2

The Show and Tell are typically held at 2 pm UTC on the last 
Thursday of each month and will take place in this Meet 
link:
https://meet.google.com/rns-yyrx-ggw

https://discuss.tinyml.seas.harvard.edu/t/tinyml4d-show-and-tell-main-index/1216
https://forms.gle/ic52HZMqVv4pBrkP7
https://meet.google.com/rns-yyrx-ggw
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The IESTI01 course is part of the TinyML4D, an initiative to make TinyML education available to 
everyone globally.

TinyML4D Academic Network

https://tinyml.seas.harvard.edu/4D/
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Vijay Janapa Reddi, Ph. D. | Associate Professor |
John A. Paulson School of Engineering and Applied Sciences | Harvard University | 
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Questions?


