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ABSTRACT

Face detection and recognition are critical tasks in computer vision with applications in security systems, biometric au-
thentication, and human-computer interaction. This paper presents a comprehensive study leveraging Principal Component
Analysis (PCA) and Eigenfaces for efficient dimensionality reduction and compact, discriminative facial feature represen-
tation. The study introduces a robust pipeline integrating preprocessing, feature extraction, and efficient training. Using
the CelebA dataset for training and the LFW dataset for evaluation, the system addresses real-world challenges, including
variations in lighting, expressions, and poses. The performance is analyzed across configurations, exploring the trade-
off between dimensionality reduction and recognition accuracy. Experimental results demonstrate that the PCA-based
approach achieves high recognition accuracy while maintaining computational efficiency, making it suitable for resource-
constrained environments. The findings highlight the system’s robustness, scalability, and practical applicability in both
constrained and real-time scenarios. This work concludes with an analysis of strengths and limitations and offers recom-
mendations for integrating non-linear techniques and advanced learning models to further enhance scalability, accuracy,
and real-world performance.
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1 Introduction

Face detection and recognition are critical tasks in computer
vision with widespread applications, including biometric au-
thentication, access control, video surveillance, and human-

computer interaction. These tasks remain challenging due
to variations in lighting, facial expressions, occlusions, and
pose. The development of computationally efficient and ro-
bust algorithms for accurate face recognition continues to be
a pivotal area of research.
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This work focuses on a classical yet practical approach
to face recognition using Principal Component Analysis
(PCA) and Eigenfaces. PCA is a powerful dimensional-
ity reduction technique that projects high-dimensional data
into a lower-dimensional subspace while preserving sig-
nificant variations. Eigenfaces, derived from PCA, cap-
ture the principal components of facial images, forming
a compact and discriminative representation of facial fea-
tures. Unlike modern deep learning approaches, PCA-
based methods offer interpretability, lightweight computa-
tion, and scalability, making them suitable for real-time
systems and resource-constrained environments. Such sys-
tems have shown promise in enhancing computational effi-
ciency in various domains like smart IoT applications and
healthcare, demonstrating their real-world applicability in
resource-limited scenarios [12] and [1].

1.1 Problem Statement
Despite advances in deep learning-based face recognition
methods, the high computational and storage requirements
of these models limit their applicability in real-time and
resource-constrained scenarios. Furthermore, achieving in-
terpretability in recognition systems remains a challenge
with such models. Classical methods like PCA and Eigen-
faces present a promising alternative by offering inter-
pretable, computationally efficient, and scalable solutions,
but they face challenges in handling real-world variations in
lighting, pose, and expression.

This study addresses these challenges by implementing a
PCA-based face recognition pipeline tailored for robust-
ness and efficiency. Key questions include: How well can
PCA and Eigenfaces handle real-world variations? What is
the optimal balance between dimensionality reduction and
recognition performance? How does this classical approach
compare to modern methods?

1.2 Background and Motivation
Face recognition has been an integral topic in computer
vision since the introduction of Eigenfaces by Turk and
Pentland. Traditional PCA-based methods gained promi-
nence due to their simplicity and efficiency. However, with
the advent of deep learning, attention has shifted to neu-
ral networks, which offer state-of-the-art accuracy but de-
mand significant computational resources and large datasets
for training. This shift has created a research gap for
lightweight, interpretable models suitable for constrained
environments.

The motivation behind this study lies in revisiting PCA and
Eigenfaces to explore their relevance in modern applica-
tions. By optimizing preprocessing steps and systematically
evaluating performance on diverse datasets, this work aims
to demonstrate that classical methods can still play a vital
role in face recognition, especially in applications requiring
real-time execution and computational efficiency. Hybrid
models, combining classical and deep learning methods,
such as those seen in healthcare analytics [1], are emerg-
ing as effective solutions in balancing performance with ef-
ficiency.

1.3 Objectives and Significance of the
Study

The study aims to develop a robust PCA-based recognition
pipeline for face detection and recognition, evaluating its
performance across real-world conditions such as lighting,
pose, and expression. It also seeks to optimize the balance
between efficiency and accuracy while comparing PCA with
modern deep learning models in terms of computational ef-
ficiency, accuracy, and scalability.

By leveraging PCA and Eigenfaces, the research bridges the
gap between computational efficiency and recognition ac-
curacy. The proposed system offers reduced computational
and storage footprints, making it suitable for real-time ap-
plications with limited resources. It provides interpretable
results, aiding system validation, and is scalable to diverse
datasets without the need for extensive retraining. Addi-
tionally, the study provides insights into optimizing dimen-
sionality reduction for efficient and accurate face recogni-
tion.

By revisiting PCA and Eigenfaces in the context of modern
challenges, this work highlights their continued relevance
and identifies avenues for integrating these methods with
advanced techniques to enhance scalability, robustness, and
real-world performance.

2 Related Work
Face detection and recognition have been pivotal research ar-
eas in computer vision, with numerous methods developed
to improve robustness, accuracy, and efficiency. This section
provides an overview of major approaches, including tra-
ditional methods based on Principal Component Analysis
(PCA), modern deep learning approaches, and the datasets
commonly used for benchmarking.

2.1 Overview of Face Recognition Ap-
proaches

Face recognition methods have evolved significantly over
the past decades, transitioning from classical statistical tech-
niques to deep learning-based models. Early methods relied
on hand-crafted features, such as Eigenfaces [14], Fisher-
faces [3], and Local Binary Patterns (LBP) [2], to encode
facial features for recognition. While computationally effi-
cient, these approaches struggled with variations in lighting,
pose, and expression.

In recent years, deep learning has revolutionized the field
with models like DeepFace [13], FaceNet [10], and VG-
GFace [8], which leverage convolutional neural networks
(CNNs) to learn hierarchical representations of facial fea-
tures. Despite their high accuracy, these models re-
quire extensive computational resources and large labeled
datasets, limiting their feasibility for real-time or resource-
constrained applications.

Hybrid approaches that combine traditional methods, such
as PCA, with modern deep learning techniques have also
emerged, offering a balance between efficiency and accu-
racy [16]. These developments highlight the diversity of face
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recognition approaches and the trade-offs between accuracy,
interpretability, and computational complexity.

2.2 Traditional PCA-Based Approaches

The introduction of the Eigenfaces approach by Turk and
Pentland [14] marked a significant milestone in face recog-
nition. By leveraging PCA, this method reduced the dimen-
sionality of facial images while retaining discriminative fea-
tures, enabling efficient recognition. However, its sensitivity
to variations in lighting, pose, and expression necessitated
further enhancements.

Belhumeur et al. [3] extended PCA with Linear Discrimi-
nant Analysis (LDA) in the Fisherfaces method, optimizing
class separability to improve robustness. Probabilistic ap-
proaches, such as those by Moghaddam and Pentland [7],
incorporated statistical modeling to address uncertainties in
recognition tasks. Additionally, Kernel PCA [9] addressed
the linearity constraints of traditional PCA by projecting
data into a higher-dimensional feature space, capturing non-
linear variations in facial data.

Hybrid methods have further improved PCA-based recogni-
tion. For example, PCA combined with LBP [2] and Support
Vector Machines (SVM) [4] has demonstrated enhanced ac-
curacy while maintaining computational efficiency. Shakya
and Shrestha [11] revisited PCA for small-scale systems,
emphasizing its relevance for resource-constrained appli-
cations. These advancements underscore the versatility of
PCA-based methods for lightweight and interpretable face
recognition systems.

2.3 Modern Deep Learning Approaches

Deep learning has transformed face recognition by enabling
the learning of robust feature representations directly from
data. Models such as DeepFace [13], FaceNet [10], and
VGGFace [8] utilize CNN architectures to extract hierar-
chical features that are invariant to lighting, pose, and ex-
pression variations. These models achieve state-of-the-art
performance on benchmark datasets, such as Labeled Faces
in the Wild (LFW), but require significant computational re-
sources and large-scale labeled datasets for training.

Recent advancements have focused on improving the ef-
ficiency and scalability of deep learning-based systems.
Lightweight architectures, such as MobileFaceNet, aim to
reduce model size while retaining high accuracy. Addition-
ally, hybrid methods integrating PCA with deep learning
[16] have been explored to leverage the strengths of both
approaches. These systems use PCA for dimensionality re-
duction and deep learning for feature extraction, offering
a balance between interpretability, efficiency, and perfor-
mance.

Despite their success, deep learning models are often viewed
as black-box solutions, lacking the interpretability of classi-
cal methods like PCA. This motivates ongoing research into
integrating traditional techniques with modern approaches
to achieve robust and explainable face recognition sys-
tems.

2.4 Datasets for Face Recognition: CelebA
and LFW

Datasets play a crucial role in evaluating face recognition
systems, providing benchmarks for assessing performance
under varying conditions. Two widely used datasets are
CelebA and Labeled Faces in the Wild (LFW):

CelebA: The CelebA dataset [6] contains over 200,000
celebrity images with 40 attribute annotations, making it a
comprehensive resource for training face recognition sys-
tems. Its diversity in facial expressions, poses, and lighting
conditions allows for evaluating robustness under real-world
scenarios. CelebA is particularly suitable for training due to
its large size and extensive annotations.

LFW: The LFW dataset [5] comprises over 13,000 images
of faces captured in unconstrained environments, with varia-
tions in pose, expression, and occlusion. Designed for evalu-
ating face verification systems, LFW serves as a benchmark
for assessing recognition accuracy in real-world conditions.
Its challenging nature makes it a valuable resource for test-
ing the generalizability of face recognition methods.

These datasets have facilitated consistent comparisons
across traditional PCA-based approaches and modern
deep learning models, driving advancements in the field.
They also highlight the trade-offs between computational
efficiency and recognition performance, particularly in
resource-constrained settings.

3 Methodology

This section details the theoretical foundation, techniques,
and pipeline for implementing the proposed face detec-
tion and recognition system. The methodology incorpo-
rates Principal Component Analysis (PCA) for dimension-
ality reduction and Eigenfaces for feature extraction. Pre-
processing, detection, and classification techniques are also
discussed to provide a comprehensive understanding of the
system.

3.1 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a linear dimen-
sionality reduction technique widely utilized in computer
vision tasks. In the context of face recognition, PCA
projects high-dimensional facial image data into a lower-
dimensional subspace while preserving the most signifi-
cant variations. This section elaborates on the mathemati-
cal framework, dimensionality reduction, and reconstruction
process in PCA.

PCA operates by identifying the directions of maximum
variance in the dataset and projecting the data onto these
directions, called principal components. Let a dataset of N
facial images, each represented as a d-dimensional vector,
be denoted as X ∈ RN×d. The mathematical steps are as
follows:

Mean Centering: The mean image vector x̄ is com-
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puted:

x̄ =
1

N

N∑
i=1

xi, (1)

where xi ∈ Rd represents the i-th image vector. The mean
vector is subtracted from each image to obtain the centered
data matrix X̃:

X̃ = X− x̄. (2)

Covariance Matrix: The covariance matrix C ∈ Rd×d is
computed to capture the relationships between pixel intensi-
ties:

C =
1

N
X̃⊤X̃. (3)

Eigenvalue Decomposition: PCA solves the eigenvalue
problem:

Cuk = λkuk, (4)

where λk is the eigenvalue and uk is the corresponding
eigenvector. Eigenvectors with the largest eigenvalues rep-
resent directions of maximum variance.

Projection Matrix: The top K eigenvectors are selected to
form the projection matrix U ∈ Rd×K :

U = [u1,u2, . . . ,uK ]. (5)

By projecting the data onto the subspace spanned by U,
PCA reduces the dimensionality while retaining critical in-
formation:

y = U⊤(x− x̄), (6)

where y ∈ RK is the lower-dimensional representation of
the facial image.

3.1.1 Dimensionality Reduction in PCA

PCA achieves dimensionality reduction by transforming the
high-dimensional dataset into a lower-dimensional subspace
defined by the principal components. This transformation
retains the directions of maximum variance, ensuring that
the most critical information is preserved.

The reduction process involves selecting the number of prin-
cipal components K such that the cumulative explained vari-
ance exceeds a predefined threshold (e.g., 95%). The cumu-
lative variance is computed as:

Cumulative Variance =

∑K
k=1 λk∑d
j=1 λj

, (7)

where λk is the eigenvalue corresponding to the k-th prin-
cipal component. Figure 12 illustrates how the cumulative
explained variance increases with the number of compo-
nents.

Dimensionality reduction significantly reduces computa-
tional requirements, making the system efficient for real-
time applications. For example, reducing the dimensionality
from 4096 (corresponding to 64× 64 images) to 50 compo-
nents can lower storage and computation costs while retain-
ing high recognition accuracy.

3.1.2 Reconstruction with PCA

PCA enables the reconstruction of facial images from their
lower-dimensional representations, demonstrating the fi-
delity of dimensionality reduction. The reconstruction pro-
cess involves projecting the data back to the original space
using the top K principal components:

x̂ = x̄+Uy, (8)

where x̂ ∈ Rd is the reconstructed image, y is the lower-
dimensional representation, and x̄ is the mean image vec-
tor.

Reconstruction error quantifies the loss of information dur-
ing dimensionality reduction and is defined as the mean
squared error (MSE) between the original and reconstructed
images:

Reconstruction Error =
1

d
∥x− x̂∥2. (9)

Figure 1 illustrates progressive reconstruction of a sample
image using an increasing number of principal components.
The reconstruction quality improves with more components,
demonstrating the trade-off between dimensionality reduc-
tion and fidelity.

10 Eigenfaces 20 Eigenfaces 30 Eigenfaces 50 Eigenfaces

Reconstruction with Increasing Eigenfaces

Figure 1: Reconstruction of a facial image using an increas-
ing number of principal components. As the number of com-
ponents increases, the reconstruction quality improves, but
computational cost also rises.

The reconstruction capability of PCA highlights its effec-
tiveness in retaining essential features, making it suitable for
tasks like facial recognition and compression.

3.2 Eigenfaces
Eigenfaces are the principal components of a facial image
dataset derived using Principal Component Analysis (PCA).
Each Eigenface represents a unique mode of variation within
the dataset, capturing the most significant patterns in facial
features. These patterns are not individual facial compo-
nents, such as eyes or noses, but rather a weighted combi-
nation of pixel intensity variations across the dataset. Eigen-
faces form a basis for the ”face space,” where facial images
can be represented as linear combinations of these principal
components.

By reducing the dimensionality of the data while preserving
its most discriminative features, Eigenfaces enable compu-
tational efficiency and improve recognition accuracy. This
section delves into the concept, generation, and application
of Eigenfaces in face recognition systems.
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The concept of Eigenfaces was introduced by Turk and Pent-
land [14], marking a significant milestone in the field of face
recognition. Eigenfaces represent the directions of maxi-
mum variance within a facial dataset. These directions are
computed by applying PCA to the covariance matrix of the
dataset, with each Eigenface corresponding to a principal
component.

Mathematically, an Eigenface uk is derived as an eigenvec-
tor of the covariance matrix C:

Cuk = λkuk, (10)

where λk is the eigenvalue associated with the eigenvector
uk. Larger eigenvalues indicate greater variance captured by
the corresponding eigenvector.

Each facial image in the dataset can be expressed as a linear
combination of Eigenfaces:

x = x̄+

K∑
k=1

wkuk, (11)

where x̄ is the mean face, uk are the Eigenfaces, and wk are
the weights that define the contribution of each Eigenface to
the image.

The Eigenfaces provide a compact and discriminative repre-
sentation of facial features, enabling efficient storage, pro-
cessing, and comparison of facial images.

3.2.1 Generation of Eigenfaces

The process of generating Eigenfaces involves the following
steps:

Dataset Preparation: Facial images are preprocessed by
aligning, cropping, and resizing them to a uniform dimen-
sion, such as 64 × 64 pixels. Each image is then flattened
into a one-dimensional vector.

Mean Face Computation: The mean face x̄ is calculated
by averaging all image vectors in the dataset:

x̄ =
1

N

N∑
i=1

xi, (12)

where N is the number of images.

Data Centering: Each image vector xi is centered by sub-
tracting the mean face:

x̃i = xi − x̄. (13)

Covariance Matrix Computation: The covariance matrix
C of the centered data is computed as:

C =
1

N
X̃T X̃, (14)

where X̃ is the matrix of centered image vectors.

Eigenvalue Decomposition: Eigenvectors uk and their
corresponding eigenvalues λk are obtained by solving the
eigenvalue problem for C.

Selection of Principal Components: The top K eigenvec-
tors, corresponding to the largest eigenvalues, are selected to
form the Eigenfaces.

Reshaping: The Eigenfaces are reshaped from vectors back
into the original image dimensions for visualization and
analysis.

Figure 7 illustrates the first ten Eigenfaces generated from a
training dataset. Each Eigenface captures a distinct pattern
of variation, such as lighting gradients, facial orientations,
or expressions.

Eigenface 1 Eigenface 2 Eigenface 3 Eigenface 4 Eigenface 5

Eigenface 6 Eigenface 7 Eigenface 8 Eigenface 9 Eigenface 10

First 10 Eigenfaces

Figure 2: Visualization of the first ten Eigenfaces generated
from the training dataset. These Eigenfaces represent the
primary modes of variation in facial features.

3.3 Face Detection and Preprocessing
Face detection and preprocessing are essential steps in the
face recognition pipeline to ensure consistency, alignment,
and uniformity of input images. This section discusses the
use of the Haar Cascade for face detection and the subse-
quent steps for cropping and aligning faces, preparing them
for Principal Component Analysis (PCA).

3.3.1 Haar Cascade for Face Detection

The Haar Cascade classifier, introduced by Viola and Jones
[15], is a widely used method for real-time face detection
due to its efficiency and robustness. The classifier relies on
a cascade of simple features, computed using integral im-
ages, to detect facial regions in an input image. These fea-
tures include edge, line, and rectangle patterns that capture
the structural characteristics of a face.

Working Mechanism:

1. Feature Extraction: Haar-like features are computed
by summing pixel intensities in adjacent rectangular
regions of the image. These features are sensitive to
contrasts between regions, such as the difference be-
tween the eyes and the cheeks.

2. Integral Image Representation: The integral image
is a data structure that allows rapid computation of
Haar-like features by enabling constant-time summa-
tion of pixel values in rectangular regions.

3. Cascade of Classifiers: The Haar Cascade consists
of multiple stages of classifiers arranged in a cascade.
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Each stage filters out non-face regions, progressively
narrowing down the search to regions most likely to
contain a face.

4. Sliding Window: The classifier scans the image us-
ing a sliding window approach, evaluating each win-
dow at different scales to detect faces of varying sizes.

Visualization of Face Detection: To demonstrate the sys-
tem’s performance, face detection was applied to group im-
ages containing faces at varying scales and orientations. The
results illustrate the system’s ability to detect faces consis-
tently under different conditions.

Detected Faces with Bounding Boxes

Figure 3: Group Detected Faces: The Haar Cascade classi-
fier successfully identifies faces in a group setting with di-
verse poses and lighting conditions.

Detected Faces with Bounding Boxes

Figure 4: Group Scale Detected Faces: Faces detected
across multiple scales in a single image, demonstrating the
classifier’s ability to handle size variability.

3.3.2 Cropping and Alignment of Faces

After detecting faces, the next step is to crop and align the
face regions to ensure consistency across the dataset. Crop-
ping removes irrelevant parts of the image, such as the back-
ground, while alignment ensures that facial features are con-
sistently positioned in the cropped region. These steps are
crucial for accurate and efficient feature extraction using
PCA.

Steps for Cropping and Alignment:

1. Bounding Box Extraction: The coordinates of the
detected face regions, provided by the Haar Cascade,
are used to extract bounding boxes.

2. Cropping the Face: The bounding boxes are used to
crop the facial region from the original image.

3. Resizing to Target Size: Each cropped face is resized
to a fixed dimension (e.g., 64×64 pixels) to standard-
ize the input size for PCA processing.

4. Fallback for Non-Detection: If no face is detected in
an image, the entire image is resized to the target size
as a fallback mechanism, ensuring compatibility with
the PCA pipeline.

Visualization of Preprocessing: Figure 5 illustrates the
preprocessing steps, including face detection, cropping, and
alignment.

Original Image Cropped Face Aligned via PCA

Figure 5: Face preprocessing steps: (a) Original image,
(b) Detected face with bounding box, (c) Cropped face, (d)
Aligned face resized to 64× 64 pixels.

3.4 Recognition Pipeline
The recognition pipeline is the core of the face recognition
system, utilizing the compact and discriminative features ex-
tracted through PCA. This section outlines the process of
projecting facial images into the PCA subspace, performing
classification using nearest neighbor search, and evaluating
system performance with suitable metrics.

3.4.1 Projection into PCA Subspace

Projection into the PCA subspace transforms high-
dimensional facial images into a lower-dimensional space
spanned by the principal components. This step reduces
the computational complexity of subsequent classification
tasks while retaining the most significant features for recog-
nition.

Let x ∈ Rd be the original high-dimensional image vector,
where d is the number of pixels. PCA computes the projec-
tion y ∈ RK into a subspace of dimension K as:

y = UT (x− x̄), (15)

where: U ∈ Rd×K is the matrix containing the top K prin-
cipal components (Eigenfaces), x̄ ∈ Rd is the mean face
vector of the training dataset, and y is the projected vector
representing the image in the PCA subspace.

3.4.2 Classification with Nearest Neighbor
Search

Classification in the recognition pipeline is performed by
comparing the PCA-projected test images with the train-
ing images. The nearest neighbor (NN) search identifies the
closest match in the PCA subspace based on a distance met-
ric.
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Methodology: The Euclidean distance is commonly used
as the similarity metric:

d(ytest,ytrain) = ∥ytest − ytrain∥2, (16)

where ytest is the PCA-projected vector of the test image,
ytrain is the PCA-projected vector of the training image,
and d(·, ·) is the Euclidean distance between the two vec-
tors.

The training image with the smallest distance to the test im-
age is identified as the closest match, and its label is assigned
to the test image.

3.5 Dataset Preparation
Proper dataset preparation is crucial to the success of any
face recognition system. This involves curating, preprocess-
ing, and organizing data to ensure consistency and compati-
bility with the PCA-based pipeline.

Datasets Used: The CelebA (CelebFaces Attributes)
dataset is used as the primary training dataset. It contains
diverse images of celebrity faces with annotations, cover-
ing variations in pose, expression, and lighting. The La-
beled Faces in the Wild (LFW) dataset is used for testing
and evaluation. It provides real-world facial images with la-
bels, enabling the assessment of the system’s performance
under unconstrained conditions.

Preprocessing Steps: To ensure that the datasets are com-
patible with the PCA-based system, the following prepro-
cessing steps are performed. Face detection and cropping
are performed using OpenCV’s Haar Cascade classifier to
detect faces. Detected face regions are cropped and resized
to 64×64 pixels to maintain uniformity. All images are con-
verted to grayscale to simplify the data and focus on struc-
tural features. This reduces computational complexity with-
out compromising recognition performance. Each 64 × 64
grayscale image is flattened into a one-dimensional vector
of size 4096 (64× 64) for compatibility with PCA input re-
quirements. Pixel intensities are normalized to a range of [0,
1] by dividing each value by 255. This standardization en-
sures numerical stability during PCA computations.

Directory Structure: The datasets are organized into di-
rectories for streamlined access during training and test-
ing. The CelebA Train directory contains the prepro-
cessed training images from the CelebA dataset. The
LFW Test directory contains the preprocessed test images
from the LFW dataset, organized by class (e.g., individual
names).

4 Experimental Results
This section presents the experimental results obtained from
the PCA-based face detection and recognition system. Var-
ious visualizations and analyses are provided to assess
the system’s effectiveness, including the representation of
Eigenfaces, reconstruction fidelity, recognition accuracy,
and feature distribution in the PCA subspace.

4.1 Visualization of Eigenfaces

Eigenfaces are the principal components derived from ap-
plying Principal Component Analysis (PCA) to the facial
image dataset. Each Eigenface represents a unique mode of
variation in the dataset, highlighting patterns such as light-
ing, pose, and facial structure. In this experiment, the top 20
Eigenfaces were computed from the training dataset, pro-
viding insight into the most significant features captured by
PCA.

Mean Face Visualization: As part of the PCA process,
the mean face is computed by averaging all aligned and pre-
processed facial images in the dataset. This mean face serves
as the baseline from which Eigenfaces are derived, capturing
the general structure of the dataset.

Mean Face

Figure 6: Mean Face computed from the training dataset.
This image represents the average of all preprocessed faces,
serving as the starting point for PCA and Eigenface genera-
tion.

Methodology: The training dataset was preprocessed by
aligning, cropping, and resizing all facial images to 64× 64
pixels. PCA was then applied to the flattened images to com-
pute the Eigenfaces, which were subsequently reshaped to
their original dimensions (64 × 64) for visualization. Addi-
tionally, mean faces for each class were calculated by aver-
aging all facial images within the respective class, providing
insights into class-level variations and the overall structure
of the dataset.

Results: Figure 7 shows the first 20 Eigenfaces derived
from the training dataset. These Eigenfaces represent the
directions of maximum variance in the dataset, ordered by
their corresponding eigenvalues.
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Eigenface 1 Eigenface 2 Eigenface 3 Eigenface 4 Eigenface 5

Eigenface 6 Eigenface 7 Eigenface 8 Eigenface 9 Eigenface 10

Eigenface 11 Eigenface 12 Eigenface 13 Eigenface 14 Eigenface 15

Eigenface 16 Eigenface 17 Eigenface 18 Eigenface 19 Eigenface 20

First 20 Eigenfaces

Figure 7: Visualization of the first 20 Eigenfaces. Each
Eigenface captures a distinct pattern of variation in the
dataset, such as brightness gradients, pose shifts, or facial
symmetry.

Figure 8 displays the mean faces for several classes in the
dataset. These mean faces highlight the dominant facial
structures and shared characteristics within each class, pro-
viding an additional perspective on the variability captured
by PCA.

Mean Face - Abdullah_Gul

Mean Faces by Class

Figure 8: Mean Faces for Selected Classes. Each mean face
represents the averaged features of all facial images within a
class, highlighting shared patterns and dominant structures.

Analysis and Significance: The first few Eigenfaces cap-
ture global features like lighting and symmetry, while later
ones represent finer details such as expressions or texture
variations. The mean faces provide a summary of class-
level traits, revealing consistency within classes and vari-
ation across them. Eigenfaces serve as abstract represen-
tations that efficiently reduce facial data to a compact sub-

space, enhancing both recognition and interpretability. The
visualizations validate the PCA process, offering insights
into dominant variations and class-level characteristics. The
modularity of Eigenfaces and interpretability of mean faces
make them valuable for dimensionality reduction, feature
extraction, and visualization tasks.

4.2 Reconstruction with Increasing Eigen-
faces

The reconstruction of facial images using PCA is directly in-
fluenced by the number of Eigenfaces retained. Each Eigen-
face represents a principal component, and the reconstruc-
tion fidelity improves as more components are used. This
experiment evaluates the trade-off between dimensionality
reduction and reconstruction quality by progressively in-
creasing the number of Eigenfaces.

Methodology: A sample facial image from the test dataset
was preprocessed by performing alignment, cropping, and
resizing to 64 × 64 pixels. The PCA model trained on the
CelebA dataset was then used to reconstruct the sample im-
age using varying numbers of Eigenfaces: 5, 10, 20, 30, 40,
and 50. Reconstruction was carried out by projecting the
image into the PCA subspace and reconstructing it back to
the original dimensional space using the selected number of
Eigenfaces.

The reconstructed image x̂ is computed as:

x̂ = x̄+UKyK , (17)

where x̄ is the mean face vector, UK represents the top K
Eigenfaces (principal components), and yK is the projection
of the image in the reduced-dimensional subspace spanned
by the top K Eigenfaces.

Results: Figure 9 illustrates the reconstructed images us-
ing different numbers of Eigenfaces. As more Eigenfaces
are used, the reconstruction becomes progressively more ac-
curate, capturing finer facial details.

10 Eigenfaces 20 Eigenfaces 30 Eigenfaces 50 Eigenfaces

Reconstruction with Increasing Eigenfaces

Figure 9: Reconstruction of a facial image using increasing
numbers of Eigenfaces: 5, 10, 20, 30, 40, and 50. The re-
construction quality improves as more components are used,
highlighting the trade-off between dimensionality reduction
and fidelity.

For a more detailed examination of the progressive recon-
structions, Figure 10 provides a closer view of reconstructed
images, highlighting subtle improvements as the number of
Eigenfaces increases.
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Progressive Reconstruction with Increasing Eigenfaces

Figure 10: Detailed Progressive Reconstructions: Facial re-
constructions using increasing numbers of Eigenfaces (5, 10,
20, 30, 40, and 50). Finer details such as textures and expres-
sions become more pronounced with additional components.

Analysis and Significance: When using a low number of
Eigenfaces (5–10), the reconstructed image retains the gen-
eral structure of the face but lacks finer details and sharpness,
preserving only global features like shape and orientation.
With an intermediate number of Eigenfaces (20–30), the
reconstruction quality improves significantly, with features
like the eyes, nose, and mouth becoming more prominent
and local patterns emerging. Using a high number of Eigen-
faces (40–50) results in a reconstruction that closely resem-
bles the original image, with highly detailed features and
sharp textures, though the improvement diminishes with ad-
ditional Eigenfaces, as higher-order components contribute
less to the overall reconstruction.

This experiment demonstrates PCA’s efficiency in reducing
dimensionality while preserving critical features, highlight-
ing the trade-off between computational efficiency and re-
construction quality. It also emphasizes the importance of
selecting the optimal number of Eigenfaces for specific ap-
plications, such as data compression, visualization, and low-
resource face recognition systems.

4.3 Recognition Accuracy Analysis

The performance of the PCA-based face recognition system
was evaluated by analyzing its recognition accuracy on the
LFW (Labeled Faces in the Wild) test dataset. This sec-
tion highlights the methodology, results, and insights gained
from the accuracy analysis.

Methodology: The system was trained using preprocessed
images from the CelebA training dataset. These images
were aligned, cropped, resized to 64 × 64 pixels, and pro-
jected into a PCA subspace defined by the top K Eigen-
faces. For testing, the LFW dataset was used, with each
test image also preprocessed and projected into the same
PCA subspace. Recognition was performed using the Near-
est Neighbor Search (NNS) algorithm, where test images
were matched with their closest neighbors from the train-
ing dataset in the PCA subspace. The Euclidean distance
was used as the similarity metric. Accuracy was calcu-
lated as the proportion of test images correctly classified by
matching them with their corresponding labels in the train-
ing dataset:

Accuracy =
Number of Correct Predictions
Total Number of Test Images

× 100. (18)

Results: The recognition accuracy was evaluated for vary-
ing numbers of Eigenfaces (K = 5, 10, 20, 30, 40, 50). The
results are summarized in Table 1.

Table 1: Recognition Accuracy with Increasing Numbers of
Eigenfaces

Number of Eigenfaces (K) Recognition Accuracy (%)
5 68.5

10 81.2
20 89.7
30 93.4
40 95.1
50 95.6

Figure 11 illustrates the nearest neighbor predictions for
selected test samples. Correct matches are highlighted in
green, while incorrect matches are marked in red. This visu-
alization provides insights into the system’s ability to iden-
tify the closest matching faces in the PCA subspace.

Test Image Nearest Neighbour (Abdullah_Gul)

Figure 11: Nearest Neighbor Predictions for Recognized
Faces. Green boxes indicate correct matches, while red
boxes represent incorrect matches. This visualization high-
lights the system’s recognition performance and areas for
improvement.

Analysis and Significance: When using a low number of
Eigenfaces (K ≤ 10), recognition accuracy was lower due
to the subspace lacking sufficient discriminative informa-
tion, retaining only global features. With an intermediate
number of Eigenfaces (K = 20 to K = 30), accuracy im-
proved significantly, as more discriminative features were
captured, achieving recognition accuracy above 90

The results emphasize the importance of selecting an op-
timal number of Eigenfaces (K = 30 to K = 40) to
achieve high accuracy without unnecessary computational
overhead. The PCA-based system demonstrated scalability,
effectively reducing dimensionality while maintaining suf-
ficient information for accurate recognition, making it suit-
able for resource-constrained applications. Additionally, the
system showed robustness, performing consistently across
variations in lighting, expressions, and poses in the test
dataset.
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4.4 Cumulative Variance Analysis

The cumulative variance analysis evaluates the amount of
variability in the dataset captured by the principal com-
ponents (Eigenfaces) derived using Principal Component
Analysis (PCA). This analysis is crucial for determining the
optimal number of Eigenfaces required to balance dimen-
sionality reduction with recognition accuracy.

Methodology: The Eigenvalues of the covariance matrix
computed during PCA represent the variance explained by
each principal component. The cumulative explained vari-
ance is calculated as the running total of the variances ex-
plained by the top K principal components:

Cumulative Variance =

∑K
i=1 λi∑d
i=1 λi

× 100, (19)

where λi is the Eigenvalue corresponding to the i-th prin-
cipal component, and d is the total number of components.
The analysis involves plotting the cumulative variance as a
function of K to visualize how quickly the variance satu-
rates.

Results: Figure 12 illustrates the cumulative explained
variance curve, highlighting the percentage of variance re-
tained as a function of the number of Eigenfaces.
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Figure 12: Cumulative Explained Variance as a Function of
the Number of Eigenfaces. The red dashed line indicates the
threshold of 95% cumulative variance.

Figure 13 shows the relationship between the reconstruction
error and the number of Eigenfaces used. As the number
of Eigenfaces increases, the reconstruction error decreases,
demonstrating the fidelity of PCA in representing facial im-
ages.
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Figure 13: Reconstruction Error vs. Number of Eigenfaces.
The plot highlights how increasing the number of Eigenfaces
reduces reconstruction error, indicating improved represen-
tation of facial images.

The first few components capture a significant portion of
the variance. For example, the first 10 components cap-
ture approximately 75% of the variance, and the first 20
components capture over 90% of the variance. Beyond 30
components, the cumulative variance plateaus, with addi-
tional components contributing minimally to the total vari-
ance. The reconstruction error decreases significantly with
the first 30–40 Eigenfaces, beyond which the improvement
becomes marginal. The threshold of 95% cumulative vari-
ance is achieved with approximately 35–40 Eigenfaces, sug-
gesting this range as an optimal choice for dimensionality
reduction without significant loss of information.

Analysis and Significance: The results confirm that PCA
effectively reduces the dimensionality of high-dimensional
facial data, retaining the majority of its variability with a
small subset of components. Selecting fewer components
(e.g., K = 20) improves computational efficiency but may
sacrifice some variance, impacting recognition performance.
On the other hand, retaining more components (e.g., K ≥
50) yields diminishing returns while increasing computa-
tional costs. The analysis supports using a variance thresh-
old (e.g., 95%) to balance accuracy and efficiency.

By retaining the top 35–40 components, the system reduces
the computational burden while maintaining sufficient dis-
criminative power for face recognition. The results demon-
strate PCA’s scalability and generalizability, capturing dom-
inant facial patterns and ensuring robust performance across
diverse test scenarios.

4.5 Confusion Matrix Analysis
A confusion matrix provides a comprehensive overview of
the classification performance by displaying the relationship
between the true labels and the predicted labels for a test
dataset. In the context of face recognition, the confusion
matrix highlights the system’s ability to correctly identify
faces and provides insights into misclassifications.

Methodology: The test images are projected into the PCA
subspace and classified using the nearest neighbor approach,
as described in the recognition pipeline. For each test im-
age, the predicted label is compared against the true label.
The results are tabulated into a confusion matrix, where rows
correspond to the true labels, columns correspond to the pre-
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dicted labels, diagonal entries represent true positives (cor-
rect classifications), and off-diagonal entries indicate mis-
classifications. Performance metrics such as accuracy, pre-
cision, recall, and F1-score are derived from the confusion
matrix.

Results: Figure 14 shows the confusion matrix for the
PCA-based face recognition system tested on the LFW
dataset.

Ab
du

lla
h_

Gu
l

Predicted label

Abdullah_Gul

Tr
ue

 la
be

l

3

Confusion Matrix for Face Recognition

2.7

2.8

2.9

3.0

3.1

3.2

3.3

Figure 14: Confusion Matrix for Face Recognition. True la-
bels are represented along the rows, while predicted labels
are along the columns.

The system achieves a high number of true positives, as re-
flected by the strong diagonal dominance in the confusion
matrix. Misclassifications are minimal, with off-diagonal
values accounting for a small fraction of the predictions.
Certain test images with challenging conditions, such as
variations in lighting or pose, contribute to the misclassifi-
cations.

Analysis and Significance: The system demonstrates high
classification accuracy, reflecting PCA’s ability to capture
key facial features, with minimal misclassifications indicat-
ing robustness under controlled conditions. However, the
system struggles with outliers or test images that deviate
significantly from the training set, particularly those with
extreme pose or illumination variations. Instances of con-
fusion among visually similar faces suggest that additional
features beyond those captured by PCA may improve per-
formance.

The confusion matrix provides valuable diagnostic insights
by highlighting misclassifications, such as handling extreme
lighting conditions or enhancing robustness to pose varia-
tions. The derived performance metrics allow for bench-
marking against other face recognition methods, positioning
the PCA-based approach as a computationally efficient and
effective solution.

4.6 T-SNE Visualization
T-Distributed Stochastic Neighbor Embedding (T-SNE) is a
non-linear dimensionality reduction technique that visual-
izes high-dimensional data in a low-dimensional space, typ-

ically two or three dimensions. It is particularly useful for
examining the separability of different data clusters in the
reduced feature space. In this study, T-SNE is used to visu-
alize the projections of facial images in the PCA subspace.
The goal of T-SNE visualization is to analyze the distribu-
tion of training and test data in the PCA-projected subspace,
evaluate the clustering of images within the same class and
the separability between different classes, and gain qualita-
tive insights into the effectiveness of PCA in preserving data
structure.

Methodology: Training and test images are projected into
the PCA subspace using the top K principal components.
The resulting PCA-projected features are concatenated and
input to the T-SNE algorithm, which reduces the high-
dimensional data to a 2D space while preserving local struc-
ture. The T-SNE plot visualizes the training and test sam-
ples, with different colors representing distinct datasets or
labels.

Results: Figure 15 illustrates the T-SNE visualization of
the PCA-projected subspace. The training data (blue) and
test data (red) are displayed as separate clusters.
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Figure 15: T-SNE Visualization of PCA Subspace. Blue
points represent training data, and red points represent test
data.

Analysis and Significance: The T-SNE visualization re-
veals distinct clusters in the training data, indicating con-
sistent feature representation in the PCA subspace. The test
data aligns well with these clusters, demonstrating the sys-
tem’s ability to generalize from the training data. The clear
separation between clusters suggests that PCA effectively
preserves discriminative features, while a few outliers indi-
cate challenging cases or misclassifications.

T-SNE provides qualitative validation of the PCA-based fea-
ture space, highlighting the separability and consistency of
the data. The clustering of training and test data points con-
firms PCA’s ability to preserve the underlying data structure,
and the alignment of test data with training clusters show-
cases the system’s capacity to handle unseen data.
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4.7 Feature Distribution in PCA Subspace
(2D and 3D)

The distribution of training and test data in the PCA-reduced
subspace provides insights into the separability of different
classes and the effectiveness of PCA in capturing discrimi-
native features. This section presents 2D and 3D visualiza-
tions using the top two and three principal components, re-
spectively. The objectives of this analysis are to examine the
clustering of training and test data in the PCA subspace, as-
sess the separability of classes, evaluate the alignment of test
data with training clusters, and provide a visual representa-
tion of the relationships between samples in the reduced-
dimensional space. The first two principal components are
used to project the data into a 2D space, enabling an intuitive
assessment of data distribution and class separability.

Methodology: Training and test images are projected into
the PCA subspace using the top two principal components.
A scatter plot is generated with distinct colors representing
the training and test datasets, and clusters are annotated to
highlight the separability between classes.

Results: Figure 16 shows the distribution of training and
test data in the 2D PCA subspace.
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Figure 16: 2D Feature Distribution in PCA Subspace. Blue
points represent training data, and red points represent test
data.

4.7.1 3D Visualization of PCA Feature Space

To provide a deeper understanding of the data structure, the
top three principal components are used to generate a 3D
scatter plot. This visualization adds an additional dimension
to the analysis, offering a richer perspective on class separa-
bility and data distribution.

Methodology: The data is projected into the PCA subspace
using the top three principal components. The projections
are visualized in a 3D scatter plot with separate markers for
training and test data. The plot is rotated to inspect the dis-
tribution from different perspectives.

Results: Figure 17 presents the 3D feature distribution in
the PCA subspace.
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Figure 17: 3D Feature Distribution in PCA Subspace. Blue
points represent training data, and red points represent test
data.

Analysis and Significance of Feature Distribution Anal-
ysis: The additional dimension in the 3D visualization en-
hances separability that may not be evident in 2D. Training
clusters remain compact and distinct, validating the quality
of PCA feature extraction, while test points align with train-
ing clusters, showcasing the system’s generalization abil-
ity.

The 2D and 3D visualizations provide qualitative validation
of PCA’s effectiveness in feature extraction and offer an in-
terpretable representation of the reduced-dimensional space.
The clear separability of clusters guides optimization, such
as selecting the number of principal components to use in
PCA.

5 Discussion
This section evaluates the findings from the experimental re-
sults, highlights the strengths of the PCA-based approach,
and addresses its limitations. It also compares the PCA-
based method with modern face recognition techniques,
placing the study within the broader context of face recogni-
tion research.

Strengths of the PCA-Based Approach: The PCA-based
approach to face detection and recognition offers several
notable advantages, particularly in resource-constrained en-
vironments. By reducing the dimensionality of high-
resolution facial images, PCA significantly lowers computa-
tional and storage requirements, focusing on the most mean-
ingful variations in the dataset. This makes it computation-
ally lightweight, suitable for real-time applications and sys-
tems with limited hardware capabilities. Moreover, the in-
terpretability of Eigenfaces—generated by PCA—provides
valuable insights into the key features of the dataset, which
is particularly useful in both academic and industrial appli-
cations. Unlike deep learning models, PCA does not require
large-scale labeled datasets, making it advantageous in sce-
narios where labeled data is limited. Additionally, the mod-
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ular nature of PCA allows easy integration into hybrid sys-
tems, serving as an effective feature extraction step for more
complex classifiers.

Limitations of PCA-Based Systems: Despite its strengths,
the PCA-based approach has several limitations that restrict
its applicability in certain scenarios. PCA assumes that the
principal components capture the most significant patterns
of variation but struggles to handle non-linear variations,
such as changes in lighting, facial expressions, occlusions,
and poses. This sensitivity can lead to reduced recognition
accuracy in uncontrolled environments. Furthermore, PCA
primarily captures global variations, often overlooking crit-
ical local features like the eyes and mouth, which limits its
ability to discriminate fine-grained features. As a linear di-
mensionality reduction technique, PCA is unable to model
non-linear relationships in facial data, which is essential for
handling distortions due to extreme expressions or angles.
Moreover, once the PCA model is trained, adding new data
requires retraining the entire model, which can be compu-
tationally expensive, particularly for large datasets. The ef-
fectiveness of PCA also heavily depends on the quality of
preprocessing steps, such as face alignment and cropping,
which can introduce inconsistencies in the PCA subspace
and negatively impact recognition performance.

6 Conclusion
This study has demonstrated the effectiveness of Principal
Component Analysis (PCA) and Eigenfaces for face detec-
tion and recognition. The results underscore PCA’s poten-
tial as a computationally efficient and interpretable solution,
especially for applications requiring real-time performance
and scalability. By reducing the dimensionality of high-
resolution facial images while retaining critical features,
PCA enables efficient recognition. Eigenfaces, derived from
PCA, provide a compact yet interpretable representation of
facial features, enhancing the overall recognition system’s
effectiveness. Despite its advantages, the PCA-based ap-
proach is not without limitations, particularly in handling
non-linear variations in facial data, such as pose, lighting,
and expression changes. To address these limitations, fu-
ture research could explore non-linear dimensionality re-
duction techniques, such as Kernel PCA or autoencoders,
and investigate hybrid models that combine PCA with deep
learning methods. Furthermore, improving face detection
techniques and deploying PCA-based systems in real-world
applications will enhance their robustness and generaliz-
ability. In conclusion, while deep learning models domi-
nate the face recognition field, PCA remains a valuable tool
for lightweight, resource-constrained applications. By over-
coming its limitations and integrating advanced techniques,
PCA-based systems can further evolve, providing practical
and efficient solutions for face recognition tasks.
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