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But what to do if we do 
not have more data?

•Data Augmentation (artificial)
•Transfer Learning
•Early Stopping 
•Dropout Regularization
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Preventing Overfitting
More Data, Data Augmentation (artificial) 

Overfitting generally occurs when there are a small number of training examples. Data 
augmentation takes the approach of generating additional training data from your existing 
examples by augmenting them using random transformations that yield believable-looking 
images. This helps expose the model to more aspects of the data and generalize better.

https://www.tensorflow.org/tutorials/images/data_augmentation
https://www.tensorflow.org/tutorials/images/data_augmentation
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Training with 
Data Augmentation ✔  .



9

There are a variety of preprocessing layers you can 
use for data augmentation including:
• tf.keras.layers.RandomContrast, 
• tf.keras.layers.RandomCrop, 
• tf.keras.layers.RandomZoom, 
• and others.

Using Keras preprocessing layers
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Using tf.image
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Using tf.image
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Preventing Overfitting
Transfer Learning



13

End Result of Training
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The end result of the training is to learn the weights of the neural network model.



14

End Result of Training

Input 
A

WA1 WA2 WA3 WA4 WA5 WA6 WA7

Labels 
A

Learns general 
features 

irrespective of task



15

End Result of Training

Input 
A

WA1 WA2 WA3 WA4 WA5 WA6 WA7

Labels 
A

Learns general 
features 

irrespective of task



16

End Result of Training

Input 
A

WA1 WA2 WA3 WA4 WA5 WA6 WA7

Labels 
A

Task-specific 
features



17Source: Google



18

Transfer Learning
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Reuse (freeze 
general feature 
extraction)
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Transfer Learning
Train only last 

few layers
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https://arxiv.org/pdf/1810.00736.pdf

https://arxiv.org/pdf/1810.00736.pdf
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iBean
Detecting Diseases in the Bean plants

UGANDA
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Training, Test  and Validation data based 
on 224x224 pixel color images taken of 
bean plants in Uganda. 

Goal: 
To build a neural network that can tell the 
difference between the healthy and diseased 
leaves.

Dataset: 

Dataset: https://github.com/AI-Lab-Makerere/ibean/

iBean Dataset 

Problem!

Not a lot of data

https://github.com/AI-Lab-Makerere/ibean/
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Clone the Project (Public):  

https://studio.edgeimpulse.com/public/51151/latest

https://studio.edgeimpulse.com/public/51151/latest
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Healthy
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Healthy
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Bean Rusty
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Bean Rusty
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Angular Leaf Spot
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Angular Leaf Spot
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covidXray
Detecting Covid-19 in Chest X-Ray images
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VGG-16 Convolutional Neural Network Model
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Training the model (Transfer Learning)

Ds_2Ds_1
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Inference

https://github.com/Mjrovai/covid19Xray

https://github.com/Mjrovai/covid19Xray
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Preventing Overfitting
Early Stopping & Dropout Regularization
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Early Stopping 
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Dropout Regularization 

Fashion MNIST Dataset
● 20 Epochs 
● 94.0% Accuracy on Train Data
● 88.5% Accuracy on Validation Data
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Dropout Regularization 

Removing a random number of neurons and connections (in this example, 
20%), reduces the chances of the neurons becoming overspecialized and the 
model will generalize better, reducing the overfit.

Fashion MNIST Dataset
● 20 Epochs 
● 89.5% Accuracy on Train Data
● 88.3% Accuracy on Validation Data
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Wisconsin Diagnostic Breast Cancer (WDBC)
Code Time!

Breast_Cancer_Classification.ipynb
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UCI ML Breast Cancer Wisconsin (Diagnostic) datasets. https://goo.gl/U2Uwz2

https://goo.gl/U2Uwz2
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Reading Material
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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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Thanks


