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Industrial Embedded Machine 
Learning Demo
Daniel Situnayake, founding engineer of Edge Impulse 

Introduction to Embedded ML course

https://www.coursera.org/lecture/introduction-to-embedded-machine-learning/industrial-embedded-machine-learning-demo-IQiWi?utm_source=link&utm_medium=page_share&utm_content=in_course_lecture&utm_campaign=bar_button
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Case Study: Mechanical Stresses in Transport
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Mechanical Stresses in Maritime Transport

https://www.containerhandbuch.de/chb_e/stra/index.html?/chb_e/stra/stra_02_03_03.html

https://www.containerhandbuch.de/chb_e/stra/index.html?/chb_e/stra/stra_02_03_03.htm


Mechanical Stresses in Maritime Transport
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Example: 10 seconds of accelerometer data,  captured with a sample rate: 62.5 Hz
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Problem!
✔ Time-Series Data



 Window

ms



• 125** samples for each axis (62.5Hz x 2s)
• 375 total features (125 x 3 axis) 

Raw Features as a window

*

*   2 seconds is needed to capture 1 or 2 cycles of movement
** 2 seconds at sample rate of 62.5 Hz -> 125 samples 

ms



• 125** samples for each axis
• 375 total features 

Raw Features as a window

• Computational complexity 
• Lots of training data

*   2 seconds is needed to capture 1 or 2 cycles of movement
** 2 seconds at sample rate of 62.5 Hz -> 125 samples 

*

Automatic Feature Extraction using DL

ms

Problem!
✔  More Memory
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Manual Feature Extraction2 seconds 

3 RMS (Root Mean Square) values 

      - one for each axis (x, y, z)

125



Manual Feature Extraction2 seconds 

3 RMS



Fast Fourier Transformer (FFT)

Raw Signal 

Time Domain
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Fast Fourier Transformer (FFT)
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Fast Fourier Transformer (FFT)

Raw Signal 

Comp. 2 – 4 KHz

Comp. 1 – 400 Hz

A1

A2

Time Domain

from scipy.fft import fft
yf = fft(raw signal)
plt.plot(xf, np.abs(yf));

Comp. 1

Comp. 2

Frequency Domain



Manual Feature Extraction2 seconds 

3 RMS



Manual Feature Extraction2 seconds 

3 RMS

Height peak

Frequency peak

9 Height  +  9 Freq. peak values 



4 Frequency bins per axix

Manual Feature Extraction2 seconds 

https://blog.endaq.com/why-the-power-spectral-density-p
sd-is-the-gold-standard-of-vibration-analysis

0.5 1.0 5.02.0

Frequency beans

1 2 3 4

3 RMS  + 9 HP + 9 FP + 12 PSD values 

https://blog.endaq.com/why-the-power-spectral-density-psd-is-the-gold-standard-of-vibration-analysis
https://blog.endaq.com/why-the-power-spectral-density-psd-is-the-gold-standard-of-vibration-analysis
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• Raw Data from sensor
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Model Design (NN Classifier)
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Model Design (DNN Classifier)
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Train, Evaluate, Convert, Deploy the Model 
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EI Studio - Embedded ML platform



https://studio.edgeimpulse.com/public/51963/latest

https://studio.edgeimpulse.com/public/51963/latest


• Pre-Processing Data
• Design a Model
• Train a Model



Data-driven engineering           

Training samples

Inference update

Camera
Audio

Vibratio
n



Sensor - IMU (Inertial Measurement Unit)



Motion Classification
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Motion Classification

Transportation Classes
• lift (up-down)
• terrestrial (left-right)
• maritime (zig-zag, etc.)
• idle

Data: collect & test using 
accelerometer as sensor



Dataset Collection
Using Smart-Phone



• Pre-Processing Data
• Design a Model
• Train a Model







Depending on your 

mobile OS version 

and/or your Browser, 

could be necessary to 

give access to device 

IMU sensor
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Original Dataset
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• Pre-Processing Data
• Design a Model
• Train a Model
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• Pre-Processing Data
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• Pre-Processing Data
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Motion Classification - Summary
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Reading Material



Main references

I 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 IESTI01 course is part of the TinyML4D, an initiative to make TinyML education 
available to everyone globally.  

• 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 François Chollet
• Applications & Deploy textbook: “TinyML” by Pete Warden, Daniel Situnayake
• Deploy textbook “TinyML Cookbook” by Gian Marco Iodice

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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