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Abstract: Feature extraction in image processing involves transforming raw pixel data into a more 

meaningful representation that can be used for various tasks such as image classification, object 

detection, or image retrieval. The goal is to extract important attributes or characteristics (features) 

from the image that capture essential information and reduce the dimensionality of the data while 

preserving its most significant aspects. One of most Common Feature Extraction Techniques One 

popular The Principal Component Analysis (PCA) method is used to reduce dimensionality and 

extract features. In various domains, including image processing, finance, and bioinformatics. This 

paper explores the fundamentals of PCA, its mathematical foundation, and practical applications 

for feature extraction. We demonstrate how High-dimensional data can be converted into a lower-

dimensional space using PCA, while retaining significant information, enhancing computational 

efficiency, and improving model performance. Using PCA for feature extraction involves 

transferring, as much as possible, the variance (information) of the initial data with high dimensions 

placed in an area with lower dimensions. Images are inherently high-dimensional data, with each 

pixel representing a feature. For example, a 256x256 grayscale image has 65,536 features. Analyzing 

and processing such high-dimensional data can be computationally intensive and may lead to 

overfitting in machine learning models. Autism Facial image dataset used in this paper. PCA 

reduces this dimensionality by identifying the most significant components (principal components) 

that demonstrate the variation in the image data. 
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1. Introduction 

To identify large-scale data, such image data, feature extraction is required [1]. It is 

crucial that the features acquired contain all of the input data's information. In the era of 

big data, handling and analyzing large datasets is a common challenge. High-dimensional 

data may result to problem such as overfitting, more complex computations, and 

challenges with data visualization [2]. 

Dimensionality reduction techniques like PCA help mitigate these challenges by 

reducing the number of features while preserving essential information. PCA is 

particularly effective in feature extraction, allowing us to identify the most significant 

components of the data and discard noise and redundant information [1, 3]. Prior to World 

War II, Principal Components Analysis (PCA), a multivariate statistics technique, was 

developed. But it wasn't until the 1960s, during the Natural and Social Sciences' 

"Quantitative Revolution," that this approach was used more widely [4]. 

The primary cause of this delay was the extreme complexity of the calculations 

required by this technique. Principal components and other multivariate statistical 
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techniques have nearly infinite applications, but this was only made possible with the 

invention and advancement of computers [2, 5].  

At the same time, since the use of principal components in technical problems 

necessitated perfect accuracy, exact numerical techniques for calculating eigenvalues and 

eigenvectors, among other things, became necessary [5]. 

 

2. Materials and Methods 

PCA for Feature Extraction 

Data Preparation 

To effectively apply PCA, the data needs to be preprocessed and standardized. 

Standardization guarantees that every feature makes an equal contribution to the analysis, 

preventing features with larger scales from influencing the outcomes [6]. 

 

Applying PCA 

Once the data is standardized, PCA can be applied. The number of components to 

retain can be specified based on the desired amount of variance to preserve [5]. 

 

Interpretation and Visualization 

The principal components can be analyzed to understand the variance they explain. 

Visualization techniques, such as scatter plots, can help interpret the transformed data [7]. 

 

 

3. Results and Discussion 

Mathematical Foundation of PCA 

According to any data projection, the biggest variance is located in the principal 

component, also known as the first coordinate., followed by the second coordinate, the 

second greatest variance, and so on. This is how PCA transforms the data into a new 

coordinate system. The procedures in PCA are [7]: 

1. Standardization: transforming the data to a variance of 1 and a mean of 0. Before 

applying PCA, it's essential to standardize the data so that each feature has a mean 

of 0 and a variance of 1. 

Given a dataset (X) that includes p features and n samples: 

𝐗𝐬𝐭𝐚𝐧𝐝𝐚𝐫𝐝𝐢𝐳𝐞𝐝 = 𝐗 −
𝛍

𝐐
… … … …           Eq (1) 

where μ  is each feature's mean, and σ is each feature's standard deviation [6]. 

2. Covariance Matrix Computation: Calculating the covariance matrix to 

understand how the variables of the data relate to each other. 

The covariance matrix captures the variance and the linear relationships between 

features. 

For the standardized data matrix Xstandardized  (denoted as X for simplicity), the 

covariance matrix C is given by: 

𝐂 =
𝟏

𝐧 − 𝟏
∗ 𝑿𝑻 ∗ 𝐗 … … … …           Eq (2) 

where XT is the transpose of X [8]. 

𝐂𝐯 = 𝛌𝐯 … … . .             Eq (3) 

where λ is an eigenvalue and v is the corresponding eigenvector. 
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The eigenvalues (λ1,λ2,…,λp ) represent the amount of variance captured by each 

principal component [9]. 

The eigenvectors (v1,v2,…,vp) represent the directions of the principal components. 

3. Eigenvalue and Eigenvector Calculation: To determine the principal components, 

the eigenvalues and eigenvectors are derived from the covariance matrix. 

Eigenvalues and eigenvectors of the covariance matrix C are computed to identify 

the principal components. 

The eigenvalue equation is 

4. Formation of Principal Components: Ordering the eigenvectors by eigenvalues 

in descending order and forming the principal components. 

Principal components are formed by projecting the original data onto the 

eigenvectors. 

The main  components Z are given by: 

Z = XV 

Where V/math {V}V is the matrix of eigenvectors [6, 9]. 

5. Projection of Data: Transforming the original data into the new space defined by 

the principal components. 

The number of principal components to retain can be determined by the explained 

variance. 

The explained variance ratio for each principal component is: 

 

𝑹 =
𝛌𝐢

∑ 𝛌𝐣
𝑝
𝑗=1

… … … . .         Eq (4) 

Where R represent Explained Variance Ratio to retain a certain percentage (e.g., 

95%) of the variance, select the smallest K such that: ∑  𝑘
𝑗=1 Explained Variance Ratio  ≥ 0.95 

[10]. 

 

Practical Applications 

Image Processing 

PCA can lower an image's dimensionality during image processing., making storage 

and computation more efficient while preserving essential features for tasks like face 

recognition and object detection [11]. 

 

Finance 

PCA is used in finance to identify underlying factors that influence asset prices, 

aiding in portfolio management and risk assessment [12]. 

 

Bioinformatics 

In bioinformatics, PCA helps in analyzing gene expression data by reducing noise 

and highlighting significant patterns in high-dimensional genomic data [13]. 

 

 

4. Conclusion 

PCA is a robust technique It is essential in many domains working with big datasets 

for feature extraction and dimensionality reduction. Using PCA, high-dimensional data is 

transformed into a lower-dimensional space. Enhances computational efficiency and 
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model performance, while retaining critical information. As data continues to grow in 

complexity and volume, PCA will remain a fundamental tool in the data scientist’s arsenal. 

By projecting high-dimensional data onto the directions of maximum variance, PCA 

converts it into a lower-dimensional space. The directions (eigenvectors) of the covariance 

matrix that correspond to the largest eigenvalues are known as the principal components. 

PCA reduces the dimensionality of the data while maintaining major information by 

keeping the principal components that capture the most variance. 

This mathematical foundation and example illustrate how PCA works and how it 

can be applied to feature extraction in various applications, including image processing. 
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