IESTIO1 — TinyML

15. ML Applications Overview
Al Lifecycle and ML Workflow

Prof. Marcelo Rovai
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TinyML Application



Predictive
Maintenance

Motion, current, audio and camera

Industrial
White goods

Infrastructure

\ 200 200K 2 7

Automotive
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Industrial = Anomaly Detection

IESTIO1 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

Asset Tracking &
Monitoring

Motion, temp, humidity, position,
audio and camera

Logistics

S
-> Infrastructure

-> Buildings

-> Agriculture

- EDGE IMPULSE



Agriculture - Cow Monitoring

Using the Internet of Things for Agricultural Monitoring
“We aim to deploy a variety of sensors for agricultural monitoring. One of the projects involves using accelerometer sensors to
monitor activity levels in dairy cows with a view to determining when the cows are on heat or when they are sick.”

Ciira wa Maina, Ph.D.

Senior Lecturer

Department of Electrical and Electronic Engineering
Dedan Kimathi University of Technology

Nyeri Kenya

Email: ciira.maina@dkut.ac.ke

Kenia

https://sites.google.com/site/cwamainadekut/research o é



https://sites.google.com/site/cwamainadekut/research

Human & Animal
Sensing

Motion, radar, audio, PPG, ECG

- Health

- Consumer
- |Industrial

— - EDGE IMPULSE 7



Health - Human Sensing
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Atrial Fibrillation Detection on ECG using TinyML
Silva et al. UNIFEI 2021

fritzing

Data with SR(RS) without noise - Heartbeats

Desenvolvimento do projeto
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Guilherme Silva
Engenheiro - 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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https://github.com/Mjrovai/wingbeat-mosquito-tinyml 11



https://github.com/Mjrovai/wingbeat-mosquito-tinyml

Key Stroke Detection

Aquisicao de
sinal

Extracao de
features

Classificacao —

Renam Castro
Professor IFESP

Tecla
pressionada

IESTIO1 2021.2 — Final Group Project Key Stroke Detection
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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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Predict and classify common Elephant behavior
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https://www.hackster.io/dhruvsheth /eletect-tinyml-and-iot-based-smart-wildlife-tracker-c03e5a
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https://www.hackster.io/dhruvsheth_/eletect-tinyml-and-iot-based-smart-wildlife-tracker-c03e5a

Mechanical Stresses in Transport

Terrestrial

Fork-Lift

Maritime

ICTP SciTyniML 21 - Hands on Embedded ML - Motion/Anomaly Detection and Scientific Applications
15



https://youtu.be/bk3A27jl2JU
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Person Detection




Forest Fire Detection

TinyML Aerial Forest Fire Detection IESTIO1 - Forest Fire Detection — Proof of Concept
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https://github.com/Mjrovai/UNIFEI-IESTI01-T01-2021.1/blob/main/00_Curso_Folder/2_Applications/Group_Projects-Final%20Reports/Projeto_final_Fire_detection/trabalho_final_Fire_Detection.pdf
https://www.hackster.io/team-sol/tinyml-aerial-forest-fire-detection-78ec6b

Coffee Disease Classification

Joao Vitor Yukio Bordin
Yamashita

Graduando em Engenharia Eletrénica pela
UNIFEI

https://www.hackster.io/Yukio/coffee-disease-classification-with-ml-b0a3fc
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https://www.hackster.io/Yukio/coffee-disease-classification-with-ml-b0a3fc
http://www.youtube.com/watch?v=ijzxXCdCid0

Detecting Objects using TinyML (FOMO)
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EdgeAl made simple - Exploring Image Processing (Object Detection) on microcontrollers with Arduino Portenta,
Edge Impulse FOMO, and OpenMV
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https://www.hackster.io/mjrobot/where-are-my-tinyml-devices-b7b232
https://www.hackster.io/mjrobot/where-are-my-tinyml-devices-b7b232

Other TinyML / MCUs Project Examples

2.8 ® Image Classification with ESP32-CAM
Vision 5

e Image Classification with Portenta H7

m ® Listening Temperature with Nano 33

e Motion Recognition with RPi Pico
® Gesture Recognition with Wio Terminal

Doc
Doc

Doc

Doc

Doc

21


https://www.hackster.io/mjrobot/esp32-cam-tinyml-image-classification-fruits-vs-veggies-4ab970
https://www.hackster.io/mjrobot/listening-temperature-with-tinyml-7e1325
https://www.hackster.io/mjrobot/tinyml-motion-recognition-using-raspberry-pi-pico-6b6071
https://www.hackster.io/mjrobot/tinyml-made-easy-gesture-recognition-ce13a5
https://www.hackster.io/mjrobot/mug-or-not-mug-that-is-the-question-d4062a

TinyML Application



Regression on [inylVIiL
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https://www.hackster.io/mjrobot/tinyml-made-easy-exploring-regression-white-wine-quality-9a7197
https://www.edgeimpulse.com/blog/estimate-weight-from-a-photo-using-visual-regression-in-edge-impulse
https://www.edgeimpulse.com/blog/estimate-weight-from-a-photo-using-visual-regression-in-edge-impulse
https://www.edgeimpulse.com/blog/estimate-weight-from-a-photo-using-visual-regression-in-edge-impulse

ML Lifecycle
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ML Code



Data
Collection

Configuration

Data
Verification

Feature Engineering

Debugging

Resource
Management

Optimization

Model Analysis

Process
Management

Metadata Management




Data Engineering

Model Deployment
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Product Analytics




Data Engineering

Defining data requirements
data
the data
Inspect and clean the data
Prepare data for training
Augment the data
Add more data
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Data Engineering



Data Engineering

Data Engineering

2
2
3
e Defining data requirements £
e Collecting data ~_§
e Labelling the data <
e |Inspect and clean the data
e Prepare data for training
e Augment the data
e Add more data



Model Engineering

Training ML models
Improving training speed
Setting target metrics
against metrics
Optimizing model training
Keeping up with SOTA”

* “State of the Art”
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Data Engineering



Model Deployment

Model conversion
optimization
Energy-aware optimizations
Security and privacy
Inference serving APIs
On-device fine-tuning
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Data Engineering

Model Deployment



Data Engineering

Product Analysis

=
-
S
Dashboards £
©
Field data E Model Deployment
<

Value-added for business
Opportunities for advancement
and improvements

Product Analytics




Focus in TinyML

Data Engineering

Model Deployment
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Life cycle of ML

Data
Collection

Continuous
input stream




Life cycle of ML

Data Data
Collection

Ingestion
Prep data for
downstream ML

apps

Continuous
input stream




Life cycle of ML

DATA FIXES

Data Data
Ingestion Analysis,

Collection Prep data for Curation

Continuous downstream ML [liweaaell  Inspect/select
input stream data 1
apps the right data




Life cycle of ML

DATA FIXES

Data Data

St Ingestion Analysis, Data

Collection

Continuous
. downstream ML  [Biiee Inspect/select
input stream data

apps the right data

Prep data for Curation Labelling

Selected

data Annotate data




Data

Collection
Continuous
input stream

Life cycle of ML

DATA FIXES DATA NEEDS

Data Data
Ingestion Analysis, Data

Prep data for Curation Labelling

Labeled
data

Selected
data

downstream ML g;‘igxed Inspect/select

apps the right data

Annotate data

Data

Validation
Verify data is
usable through
pipeline



Data

Collection
Continuous
input stream

Life cycle of ML

DATA FIXES DATA NEEDS

Data Data
Ingestion Analysis, Data

Prep data for Curation Labelling

Labeled
data

Selected
data

downstream ML g;‘igxed Inspect/select

apps the right data

Annotate data

Data Data

Validation Preparation
Verify data is _ Prep data for
usable through [Avts ML uses (split,

o data o
pipeline versioning)




Data

Collection
Continuous
input stream

Life cycle of IVIL

DATA FIXES DATA NEEDS

Data DEF] Data Data
Ingestion Analysis, Data Validation Preparation

Prep data for Curation Labelling Verify data is Prep data for

Indexed Selected Labeled Validated :
downstream ML data Inspect/select data Annotate data data usable through . ML uses (split,

apps the right data pipeline versioning)

ML ready
Datasets

Model
Training

Use ML algos to
create models




Data

Collection
Continuous
input stream

Life cycle of ML

DATA FIXES DATA NEEDS

Data Data
Ingestion Analysis, Data

Prep data for Curation Labelling
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Selected
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Evaluation
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ML ready
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Data
Collection

Continuous
input stream

Life cycle of ML

DATA FIXES

Data Data

Ingestion Analysis,
Prep data for Curation
downstream ML g;‘igxed Inspect/select

apps the right data

ML System

Validation
Validate ML
system for
deployment

DATA NEEDS

Data
Labelling

Selected Annotate data

data

Model
Evaluation

Compute model
KPIs

Labeled
data

Models

Data

Validation
Verify data is
usable through
pipeline

Model
Training

Use ML algos to

create models

Data

Preparation
Prep data for
ML uses (split,
versioning)

Validated
data

ML ready
Datasets




Life cycle of IVIL

DATA FIXES DATA NEEDS

Data Data Data Data Data

Collection Ingestion Analysis, Data Validation Preparation

Continuous Indexed Selected Labeled Validated .
e downstream ML [ Inspect/select [ Annotate data e usable through | ML uses (split,

apps the right data pipeline versioning)

Prep data for Curation Labelling Verify data is Prep data for

Online ML ready
Performance Datasets

[';’"- ISVStemt o "\",'-I_destFem Model Model
eploymen SHEAON Evaluation Training
_ Deploy ML _ Validate ML
Online svstem to Validated system for Compute model ERVSER Use ML algos to
ML 4 ML System y KPlIs create models

System production deployment




Life

DATA FIXES

Data Data

Ingestion
Prep data for
downstream ML

apps

Data
Collection

Continuous
input stream

Indexed
data

Online
Performance
ML System ML ML System
Deployment [akissll Validation
_ Deploy ML _ Validate ML
Online Validated
ML system to ML System system for

System production

Analysis,
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ML Workflow



Data Engineering

Model Deployment
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Acoustic Sensors
Ultrasonic, Microphones,
Geophones, Vibrometers

Image Sensors
Thermal, Image

Motion Sensors
Gyroscope, Radar,
Accelerometer

Al Infrastructure

Data Engineering

Model Deployment



Acoustic Sensors . .
Ultrasonic, Microphones, Data Engineering
Geophones, Vibrometers

Image Sensors
Thermal, Image

Model Deployment

2

o o
© =
3) 0
1 -
Q. 17
< @©
— —
= £
> —
R = <
-

Motion Sensors
Gyroscope, Radar,
Accelerometer




Data Engineering
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Collect Preprocess
Data Data




Model Engineering

Al Infrastructure

Designa Traina
Model Model




Model Deployment
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Evaluate Convert

Optimize Model
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Product Analytics

WV ELG

Inferences




Data Engineering

Model Deployment
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Product Analytics

Evaluate Convert Make

Collect Preprocess
Optimize Model Inferences

Data Data

T T LY

TensorFlow TensorFlow Lite TensorFlow Lite Micro
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Data Engineering Model Deployment Product Analytics

Evaluate Convert Make

Collect Preprocess

Data Data

Optimize Model Inferences

T T ®

TensorFlow TensorFlow Lite TensorFlow Lite \icro
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Data Engineering Model Deployment Product Analytics

Evaluate Convert Make

Collect Preprocess

Data Data

Optimize Model Inferences

T T ®

TensorFlow TensorFlow Lite TensorFlow Lite \icro

N uTensor ciow
. theano 1 * torch O PyTorch Caffe -
L
Shben  mtvm
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Data Engineering Model Deployment Product Analytics

Evaluate Convert Make

Collect Preprocess

Data Data

Optimize Model Inferences

T T ®

TensorFlow TensorFlow Lite TensorFlow Lite Micro

. uTensor (Dciow
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Data Engineering Model Deployment Product Analytics

Evaluate Convert Make

Collect Preprocess

Data Data

Optimize Model Inferences
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TensorFlow TensorFlow Lite TensorFlow Lite \icro

. uTensor (Dciow
. theano . “torch O PyTorch Caffe
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Reading Material



Main references

« 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
 Fundamentals textbook: “Deep Learning with Python” by Francois Chollet

» Applications & Deploy textbook: “TinyML" by Pete WWarden, Daniel Situnayake

* Deploy textbook “TinyML Cookbook” by Gian Marco lodice

| want to thank Shawn Hymel and Edge Impulse, Pete Warden and Laurence Moroney from
Google, Professor Vijay Janapa Reddi and Brian Plancher from Harvard, and the rest of the
TinyMLedu team for preparing the excellent material on TinyML that is the basis of this course at
UNIFEI.

The IESTIO1 course is part of the TinyML4D, an initiative to make TinyML education
available to everyone globally.
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https://shawnhymel.com/
https://petewarden.com/
http://www.laurencemoroney.com/
https://scholar.harvard.edu/vijay-janapa-reddi
https://brianplancher.com/
http://tinymledu.org/
https://tinyml.seas.harvard.edu/4D/
https://sites.google.com/g.harvard.edu/tinyml/home
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://www.manning.com/books/deep-learning-with-python
https://www.oreilly.com/library/view/tinyml/9781492052036/
https://github.com/PacktPublishing/TinyML-Cookbook
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