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Teaching Materials

2

cflu.lab.nycu.edu.tw
Contents  Teaching Materials  MATLAB ML (G)
Please download Week 2 Materials.
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Contents in this Week

3
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Machine Learning Workflow02
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References & Resources

4
mathworks.com/campaigns/offers/machine-learning-with-matlab.confirmation.html?elqsid=1583760350878&potential_use=Education
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Purpose, key components, 
applications, and pitfalls/limitations

General Concepts of 
Machine Learning

5
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What is Machine Learning?

6

• Machine learning teaches computers to do what comes 
naturally to humans and animals: learn from experience. 

4 Wheels?

Nobe 100 – 3 wheel car

Future Car – no wheel?

The key features of a CAR? 
(Compared to a motorcycle)
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What is Machine Learning (ML)?

7

• Machine learning algorithms use computational methods to “learn” 
information directly from data without relying on a predetermined 
equation as a model. 

• The algorithms adaptively improve their performance as the number 
of samples available for learning increases. 

𝑦𝑦 = 3.2𝑥𝑥12 + 2.6𝑥𝑥22 + 1.2𝑥𝑥1𝑥𝑥2 �𝑚𝑚 ≥ 4.23,𝑦𝑦 = 1 (𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖)
𝑚𝑚 < 4.23,𝑦𝑦 = 0 (ℎ𝑖𝑖𝑒𝑒𝑒𝑒𝑖𝑖ℎ𝑦𝑦)
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Types of ML

8

• Unsupervised learning 
• I am self-sufficient in learning. 

• Supervised learning 
• Train Me!

• Reinforcement learning
• My life My rules! (Hit & Trial)

Machine Learning with MATLAB, Section 1
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Unsupervised Learning

13

• Drawing inferences from datasets consisting of input 
data without labeled responses.

• Clustering is the most common unsupervised learning technique. It 
is used for exploratory data analysis to find hidden patterns or 
groupings in data. 

• Applications for clustering include gene sequence analysis, market 
research, and object recognition.

Machine Learning with MATLAB, Section 1
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Hard Clustering Algorithms

14
Machine Learning with MATLAB, Section 3
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Soft Clustering Algorithms

15
Machine Learning with MATLAB, Section 3
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Supervised Learning

16

• Model training requires…
• A known set of input data
• Known responses to the data (output)

• Application
• To generate reasonable predictions for the response to new data.

• Regression techniques predict continuous responses (values)
• For example, changes in temperature or fluctuations in power 

demand.  
• Classification techniques predict discrete responses (categories)

• For example, whether an email is genuine or spam, or whether 
a tumor is cancerous or benign. 
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Common Regression Algorithms

17
Machine Learning with MATLAB, Section 4
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Common Regression Algorithms

18
Machine Learning with MATLAB, Section 4
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Common Classification Algorithms

19
Machine Learning with MATLAB, Section 4
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Common Classification Algorithms

20
Machine Learning with MATLAB, Section 4
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Common Classification Algorithms

21
Machine Learning with MATLAB, Section 4
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Selecting ML Algorithm

22

• There is no best method or one size 
fits all.

• Finding the right algorithm is partly 
just trial and error.

• Algorithm selection depends on…
• the size and type of data you’re 

working with, 
• the insights you want to get from the 

data, 
• how those insights will be used.

Machine Learning with MATLAB, Section 1
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When Should You Use ML?

23

• When you have a complex task or problem involving a large amount of 
data and lots of variables, but no existing formula or equation.

Machine Learning with MATLAB, Section 1
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ML Challenges

24

• Data comes in all shapes and sizes.
• Data format and variation

• Preprocessing your data might require specialized knowledge and tools. 
• Data preprocessing

• It takes time to find the best model to fit the data. 
• Experience & Trial-and-Error

Data Handling Model SelectionProblem Definition
(Domain Knowledge)
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Applications of ML

25

• Computational finance 
• Credit scoring and algorithmic trading 

• Image processing and computer vision 
• Face recognition, motion detection, and object detection 

• Computational biology
• Tumor detection, drug discovery, and DNA sequencing 

• Energy production
• Price and load forecasting 

• Automotive, aerospace, and manufacturing, 
• Predictive maintenance 

• Natural language processing
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A step-by-step example of the 
MATLAB ML application

Machine Learning 
Workflow

26
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Workflow of ML

27

Problem Definition
Data Preparation
(Image/signal/values 

& labels)

Model Training
(Algorithms & 

parameter tuning)

Model Evaluation
(ROC curves, confusion 

matrix,…)

Training Testing

Feature Reduction 
and Extraction

Deep 
Learning

If performance is unsatisfactory…

Model Release or 
Deployment
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Workflow of ML in MALTAB

28

Machine Learning with MATLAB, Section 2
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Classifying Physical Activities

29

• A cell phone health-monitoring app. 

• Inputs: three-axial sensor data from the 
phone’s accelerometer and gyroscope. 

• Responses: the activities performed.

Walking
Walking 
Upstairs

Walking 
Downstairs

Sitting

Standing

Lying Down

Gabriele Bunkheila, MathWorks
Signal Processing and Machine Learning Techniques for Sensor 
Data Analytics
• Download Example Data (for R2019b or MAC user)

https://www.mathworks.com/videos/signal-processing-and-machine-learning-techniques-for-sensor-data-analytics-107549.html
http://www.ym.edu.tw/%7Ecflu/SignalProcessingAndMachineLearningForSensorDataAnalytic.zip
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Step 1: Load/Acquire the Data

30

actid
1: Walking
2: WalkingUpstairs
3: WalkingDownstairs
4: Sitting
5: Standing
6: Lying Down

Walking Downstairs

Standing

>> DataPreparation
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Step 2: Preprocess the Data (1/2)

31

• Look for outliers–data points that lie outside the rest of the data.
• [Caution] Decide whether the outliers can be ignored or whether 

they indicate a phenomenon that the model should account for. 
• Check for missing values (data lost due to the connection 

dropped during recording). 
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Step 2: Preprocess the Data (2/2)

32

• Remove gravitational effects from the accelerometer data 
• To focus on the movement of the subject, not the movement of the 

phone.
• Divide the data into two sets 

• Training set: to build models
• Test set: to assess the model performance

Training 
(70~80%)

Test
(20~30%)

>> cvpartition

>> filter
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Step 3: Derive Features (1/3)

33

• Amplitude-only methods are often not enough!
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Step 3: Derive Features (2/3)

34

• Add in the frequency features of the accelerometer data.
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Step 3: Derive Features (3/3)

35

Some examples of useful features…
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Step 4: Build and Train the Model

36

>> isAllPreparedDataAvailable
>> load('BufferFeatures.mat')
>> featTable = featuresTable(feat, featlabels, actid);
>> classificationLearner
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Model Performance

37

ROC curves
Confusion matrix

Feature selection
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Step 5: Improve the Model

38

• Tune/Optimize the hyperparameters
• Perform feature reduction

• Correlation analysis between features
• Principal component analysis (PCA)

• Perform feature selection
• Sequential feature reduction 
• Minimum Redundancy Maximum Relevance 

(mRMR) algorithm
• least absolute shrinkage and selection operator 

(LASSO) algorithm

• Reduce the model complexity 
• Pruning branches from a decision tree 
• Removing learners from an ensemble 
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Contact:
盧家鋒 alvin4016@nycu.edu.tw

THE END

40
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