
10. Energy 

 Smart Grids: Analyzing consumption patterns to optimize energy distribution 
and reduce waste. 

 Predictive Maintenance for Infrastructure: Monitoring equipment to prevent 
failures and optimize energy production. 

Unit 2 
 

Dimensionality Reduction 

Dimensionality Reduction in Machine Learning 

Dimensionality reduction is a technique used to reduce the number of features, or 
variables, in a dataset while retaining as much information as possible. This is 
particularly helpful when working with high-dimensional data, as too many features 
can lead to issues like increased computational cost, overfitting, and difficulty in data 
visualization. By reducing dimensions, we aim to simplify the dataset, making models 
more efficient and often more effective. 

Dimensionality reduction is a crucial technique in data analysis and 
machine learning that involves reducing the number of features in a 
dataset while preserving its essential properties. This process not only 
simplifies models but also enhances their performance by mitigating 
issues related to high-dimensional data. 

 

Why Dimensionality Reduction is Important 

1. Improves Model Performance: Removing redundant or irrelevant features 
can lead to better accuracy and faster model training. 

2. Reduces Computational Cost: Fewer features mean less data for the model 
to process, which decreases time and computational requirements. 

3. Visualizes Data Easily: Dimensionality reduction techniques can reduce data 
to 2D or 3D for easy visualization and analysis. 

4. Removes Multicollinearity: It helps eliminate features that provide 
redundant information, ensuring a cleaner, more effective dataset. 

 

Popular Dimensionality Reduction Techniques 

1. Principal Component Analysis (PCA) 



2. Linear Discriminant Analysis (LDA) 

3. Autoencoders 

4. Feature Selection 

 

When to Use Dimensionality Reduction 

1. High-Dimensional Data: When the dataset has many features that may lead 
to overfitting or slow processing. 

2. Correlated Features: When several features are highly correlated, making 
some of them redundant. 

3. Visualization: When you need to visualize high-dimensional data for better 
insight. 

4. Improving Model Performance: Reducing irrelevant features often leads to 
better model performance and reduces overfitting. 

 

Challenges in Dimensionality Reduction 

1. Potential Information Loss: Reducing dimensions may result in losing 
important data if too many features are removed. 

2. Interpretability: New features created through techniques like PCA are often 
difficult to interpret compared to the original features. 

3. Choosing the Right Method: Selecting the best dimensionality reduction 
technique depends on the data and the specific task. 

 

Row Vector and Column Vector 

In linear algebra and machine learning, vectors are arrays of numbers arranged in a 
specific order, either in a single row or a single column. They are used to represent 
points in space, features in machine learning models, and much more. 

 

1. Row Vector: A row vector is a matrix that has only one row and 

multiple columns. It can be represented as a 1×n matrix, where n is 

the number of elements.  

● A row vector is a 1-dimensional array of numbers arranged in a single row. 


