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ABSTRACT In recent years, advancements in GPU technology and increased data collection have
significantly enhanced the performance of artificial intelligence and image generation models. However,
in specific areas such as medical imaging or facial images, constraints in data collection and class
imbalance issues have posed challenges to improving image quality. This study proposes the integration of
Principal Component Analysis (PCA) into image generationmodels to address these challenges. Specifically,
to overcome the limitations of conventional image generation models like GANs and VAEs, we utilize
the Denoise Diffusion Probabilistic Model (DDPM) as the backbone, integrating it with PCA techniques.
Using the CIFAR10 and FFHQ datasets, we evaluated the image quality of the proposed PCA-DDPM, the
traditional DDPM, and DCGAN. As a result, the PCA-DDPM demonstrated superior image quality and
efficiency. Notably, it maintained high performance even when trained with a limited amount of data. The
findings of this research contribute significantly to the advancement of image generation technology and are
expected to be applied in various domains.

INDEX TERMS Artificial intelligence, deep learning, denoising diffusion, image generation, principal
component analysis.

I. INTRODUCTION
Artificial intelligence has made significant contributions in
various fields of computer vision, including but not limited
to video anomaly detection [1], [35], explainable AI [37],
[38], and image segmentation [39], [40]. These advancements
are largely due to the availability of graphical processing
units (GPUs) at the consumer level. Advancements in GPU
technology and the real-time collection of large datasets have
recently driven significant progress in artificial intelligence
(AI) models. Deep learning-based AI models are now utilized
across various domains. In particular, advancements in natu-
ral language processing have moved beyond simple machine
translation, with models like ChatGPT capable of generating
creative text and engaging in complex conversations [36].
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In particular, in the field of computer vision, achievements
equal to or surpassing human performance have been realized
in image recognition and segmentation [31], [32], [33], [34].
The emergence of generative models such as Generative
Adversarial Networks (GANs) [2] has demonstrated the
potential for high-quality image generation, with continued
research into newmodels by Xiang et al. [3], Lee and Lee [4],
and others.

However, like other AI models trained through deep
learning, these image generation models require a substantial
amount of high-quality data to accurately learn the complex
distribution of real data (original images). Challenges such
as securing facial datasets due to privacy laws and copyright
issues, as well as data imbalance in medical imaging, pose
significant obstacles to stable model training. The lack of
high-quality training images exacerbates issues in GAN-
based models, such as a lack of diversity due to mode
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collapse, and limits the ability of models based on Variational
Autoencoders (VAEs) to generate high-quality images [5].

Efforts are underway to address the issues of data
scarcity and imbalance resulting from the time-consuming
and costly processes of data collection and refinement. Data
augmentation techniques, such as rotation, inversion, scaling,
and cropping, artificially increase the quantity of data [6].
However, these techniques are insufficient as fundamental
solutions due to the risks of model overfitting, increased
computational costs, and the potential introduction of data
bias.

Deep learning-based image generation networks leverage
vast image datasets to learn the characteristics and distri-
butions necessary for generating new images. For instance,
Generative Adversarial Networks (GANs) [2] are neural
networks that generate target data from randomly given
noise vectors. GANs consist of a generator, which learns
the desired data distribution and creates synthetic images,
and a discriminator, which evaluates the authenticity of the
generated data. The typical learning structure of adversarial
generative networks is depicted in the upper part of Figure 1.

FIGURE 1. A visual comparison of the structural frameworks of
Generative Adversarial Networks (GAN) and Diffusion models.

Diffusion Models [7] generate images by progressively
adding and removing noise. Starting from the original image
distribution, these models add noise in multiple stages and
then progressively remove it to reconstruct the original
images. Their general structure is depicted in the lower part
of Figure 1.

This research focuses on the Denoising Diffusion Proba-
bilistic Model (DDPM) [8], integrating Principal Component
Analysis (PCA) [9] for universal feature extraction and
application. This approach aims to efficiently generate
high-quality images with limited data. For conditional gen-
eration based on specific labels, the CIFAR10 dataset [10],
comprising 6,000 images across 10 classes, was used.
For unconditional generation, the FFHQ (Flickr-Faces-HQ)
dataset [11], consisting of 70,000 high-resolution face
images, was employed.

10% of each training dataset was randomly selected for
PCA, and the extracted features were applied to the DDPM’s
Forward Diffusion Process through multiplication. Experi-
ments compared PCA-applied DDPM, standard DDPM, and
GAN [2] models under identical conditions. Finally, the
superiority of the proposed model was validated through
qualitative and quantitative evaluations based on images

sampled from each model trained on a 1/10 randomly
sampled FFHQ dataset.

The main contributions of this study are as follows:

• Integration of PCA with DDPM to enhance image
generation quality with limited data.

• Comparative analysis of PCA-DDPM with standard
DDPM and GAN models.

• Verification of the proposed model’s superiority through
qualitative and quantitative assessments.

The remainder of this paper is structured as follows.
Section II reviews the related background work, including
an overview of existing image generation models and the
theoretical foundations of Denoising Diffusion Probabilistic
Models (DDPM) and Principal Component Analysis (PCA).
Section III presents the proposed PCA-DDPM method,
detailing how PCA is integrated into the DDPM framework
to enhance image generation. Section IV outlines the experi-
mental setup, including the datasets used, the hardware envi-
ronment, and the comparative models. Section V discusses
the results and analysis of the experiments, demonstrating
the superiority of the PCA-DDPM model across various
scenarios. Finally, Section VI offers concluding remarks
and suggests directions for future work, highlighting the
potential expansion of PCA-DDPM model applications and
the exploration of alternative feature extraction methods.

II. RELATED WORK
A. PRINCIPAL COMPONENT ANALYSIS
In machine learning, Principal Component Analysis (PCA)
[9] is one of the key techniques for dimensionality reduction.
It provides a way to transform multidimensional data into
a lower dimension while preserving as much important
information as possible. As the number of features in
data increases, so does the dimensionality. PCA projects
this high-dimensional data onto new orthogonal axes while
preserving variance, effectively reducing data complexity and
removing noise.

PCA is often applied to mitigate issues of dimensionality
and the risk of overfitting as the number of data features
increases. In fields like image processing and computer
vision, transforming high-dimensional image data into a
lower dimension by removing less important features sim-
plifies the data, thereby reducing the computational load
required for model training and enhancing performance.
In cases like high-dimensional facial image data, PCA plays
a significant role in facial recognition technology. Studies
like GANSpace [12] have analyzed the latent space of GANs
using PCA to understand how each principal component
controls different image features.

Recent studies have explored various methods to enhance
the performance of image generation models by applying
PCA. Cha et al. [13] and Han et al. [14] conducted
research applying PCA to the generator of GANs. In this
research, we proposes amethod to combine PCAwith DDPM
[8], preserving key features of images while effectively
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FIGURE 2. This diagram presents the two key phases of the Diffusion Model: the forward diffusion that introduces noise to the data, and the backward
process that progressively restores the original data, elucidating its underlying structure.

generating them. It guides the diffusion and reverse diffusion
processes in DDPM, improving the quality and efficiency of
image generation.

B. DIFFUSION MODEL
The Diffusion Model [7] was first introduced in a study
that presented a new approach to effectively extract and
understand hidden structures and patterns in the data space.
The central idea of the Diffusion Model is shown in
[Figure 2]. The forward diffusion process, which adds noise
to the data, and the reverse diffusion process, which gradually
removes it, enable learning the original data distribution to
uncover its intrinsic structure and pattern. This process is
analogous to natural diffusion and utilizes concepts from
statistical thermodynamics.

However, as the number of steps in the noise addition
and removal processes increases, learning the small changes
between each step (xt and xt−1) can compromise model
stability and inevitably increase training time. Subsequent
studies based on the Diffusion Model have proposed various
methods to address orminimize these issues. According to the
survey by Croitoru et al. [15], models such as the Denoising
Diffusion Probabilistic Model (DDPM) [8], DDIM by
Song et al. [16], IDDPM by Nichol and Dhariwal [17],
and Stable Diffusion [18] are based on the fundamental
concepts of diffusion models, while also incorporating efforts
to improve these issues.

C. DENOISING DIFFUSION PROBABILISTIC MODEL
The original diffusion model attempted to simulate the
diffusion process of data to learn complex data distributions.
Its core idea was to add noise to data and then gradually
remove it to learn the distribution of the original data.
However, this model, which learns by finding the difference
in the original data distribution at each stage of noise addition,
could compromise training stability and result in inaccurate
estimates, especially in complex data structures.

The Denoising Diffusion Probabilistic Model (DDPM) [8]
emerged to solve these problems. The key idea of DDPM is to
start with the original data and add a specific Gaussian noise
distribution at each stage. The model then tries to remove
the noise in the denoising process, learning how far it has

FIGURE 3. Overview of CIFAR10 and FFHQ datasets. On the left, CIFAR10
includes 60,000 32 × 32 pixel color images in 10 classes, each with 6,000
images, featuring animals and vehicles. On the right, FFHQ presents
70,000 high-quality, high-resolution human face images, showcasing a
diverse range of ages, ethnicities, and backgrounds.

deviated from the original data distribution and how the noise
was added. Thus, by learning the distribution of noise at each
stage, DDPM precisely understands the relationship between
the noise distribution and the original data distribution at each
stage.

Consequently, DDPM addresses the issues of training sta-
bility and inaccurate estimations in complex data structures of
the DiffusionModel [7], while still enabling the generation of
high-quality samples.

D. DATASET
Conditional sampling is a method of generating data based
on specific conditions. The model is trained to generate data
that matches the given conditions. For example, models like
CGAN [19] or StyleGAN [20] can be requested to generate
images of specific categories, such as specifying hair color,
skin color, or gender. In contrast, unconditional sampling
generates data without specific conditions. The model creates
samples based on the overall distribution of the training data,
yielding various results without specifying conditions. In this
paper, two datasets were used for training conditional and
unconditional sampling with DDPM [8].

The CIFAR10 [10] dataset consists of 60,000 color images
of 32 × 32 pixels, categorized into 10 classes. These classes
include airplanes, cars, birds, cats, deer, dogs, frogs, horses,
ships, and trucks, with 6,000 images per class. Out of these,
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FIGURE 4. PCA Process and Feature Image Extraction. Image data is
transformed into one-dimensional arrays for PCA, extracting three
principal components. The most significant component is used for feature
image creation, randomly applied to 10% of the training data to capture
universal features and prevent overfitting.

50,000 images are used for training and 10,000 for testing.
CIFAR10 is widely used as a benchmark dataset for computer
vision research and performance evaluation of deep learning
models. Particularly, it is frequently employed to assess the
performance of deep learning models like ResNet [21] and
VGGNet [11]. This study used CIFAR10 [10] for conditional
sampling training with DDPM [8].
The FFHQ (Flickr-Faces-HQ) [11] dataset comprises

70,000 high-resolution human face images. These images are
1024×1024 pixels in resolution and include a variety of ages,
ethnicities, and expressions. The dataset provides versions
of various resolutions, including the original images. FFHQ
is primarily used in research for generating high-resolution
facial images, such as in StyleGAN [20] and StyleGAN2 [22],
and is provided by NVIDIA. In this study, the FFHQ dataset
was used for unconditional sampling training with DDPM.

III. PROPOSED METHOD
Research on image generation has consistently progressed,
particularly in adversarial generative networks that com-
bine Convolutional Neural Networks (CNN) [23] and
U-Net [24] structures to create higher-quality images. This
paper proposes a method that diverges from traditional GAN
models [2] and is instead based on DDPM [8] generative
models. It integrates Principal Component Analysis into the
learning process to more clearly define the direction of
generation objectives. This approach aims to capture complex
structures and patterns in images more accurately, resulting in
the creation of higher-quality and more diverse images.

A. FEATURE EXTRACTION
PCA [9] is a statistical method used to emphasize variability
and capture strong patterns in datasets. It extracts the princi-
pal components that represent the most significant features
of the dataset. These extracted features are integrated into
the DDPM learning process through multiplication, ensuring
that the generated images retain the core characteristics of the
training data.

The datasets used for training the proposed model are
FFHQ (Flickr-Faces-HQ) [11] and CIFAR10 [10], com-
prising 70,000 high-resolution facial images and 60,000
images across 10 classes, respectively. To extract principal
components, 10% of the images from these datasets are
randomly selected. Principal Component Analysis (PCA) is
performed on each channel of these selected images to extract
major features.

The process of principal component analysis and feature
image extraction is shown in Figure 4. The image data for
each channel is transformed into one-dimensional arrays
and then PCA is conducted. From the PCA, three principal
components are extracted for each channel. The first principal
component, representing the most dominant pattern or
structure and the direction of maximum variance in the data,
generates feature images. Consequently, the final feature
image extracted is of size 3×64×64 [channel, height, width].

The extracted principal component feature images will be
applied to the training dataset. However, to prevent over-
fitting, these features are randomly applied to only 10% of
the training data. The feature images are integrated into the
training data through multiplication. This approach captures
universal features of the dataset, providing directions in the
image generation process.

B. PROPOSED MODEL
The Denoise Diffusion Probabilistic Model (DDPM) [8]
is one of the modern probabilistic approaches to image
generation. DDPM characteristically generates images con-
ditionally over various time steps, allowing for detailed
control of the generation process. Furthermore, DDPM
realizes high-resolution image generation through sophisti-
cated learning of noise distributions at specific time steps.
In this research, principal component features extracted
through PCA [9] are integrated into the structure of DDPM,
as shown in Figure 5. The forward diffusion process involves
applying deterministic Gaussian noise to the original image,
transforming it into a noisy image. The reverse diffusion
process, given the noisy image and original image, predicts
the noise from the previous diffusion process to remove it,
thereby learning the distribution of the image data.

1) FORWARD DIFFUSION PROCESS
The traditional forward diffusion process is an initial stage of
DDPM learning, where Gaussian noise [25] is progressively
added to the original image, as shown in Equation 1. Here, the
original image is denoted as x0. The noise addition process,
denoted as q, transforms x0 into x1, represented as q(x1 | x0).
Over time t , this can be represented as q(xt | xt−1). To prevent
the variance from diverging during the noise addition, the
noise is scaled by the diffusion rate β before being added.
This ensures that when the forward diffusion ends, the noise
follows a normal distribution N (xT ; 0, I ).

q(xt |xt−1) := N (xt ;
√
1 − βtxt−1, βt I ) (1)
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FIGURE 5. The Structure of the Proposed DDPM Model with PCA Integration. This illustration showcases the integration of
principal component features extracted through PCA into the DDPM structure. The model utilizes a forward diffusion process,
applying deterministic Gaussian noise to the original image, and a reverse diffusion process that predicts and removes noise,
thereby learning the image data distribution. This integration allows for enhanced control and higher resolution in image
generation, showcasing the unique capabilities of the combined PCA-DDPM model.

FIGURE 6. U-Net Architecture in the Proposed Model. This figure
presents the U-Net structure used in our model, similar to the original
DDPM [8]. It includes attention layers, enhancing focus on key image
features, crucial for high-resolution image generation within the DDPM
framework.

Based on this, the distribution of xt for given image data
x0 can be represented by the following Equation 2:

q(xt | x0) = N (xt ;
√

ᾱtx0, (1 − ᾱt )I ) (2)

Here, αt := 1− βt , and ᾱt represents the cumulative noise
coefficient up to time t , formalized as ᾱt :=

∏t
s=1 αs. In the

proposed model’s forward diffusion process, the principal
component features P extracted from PCA are additionally
multiplied with the original data, resulting in the noise-added

image x ′
t at time t , as shown in Equation 3.

x ′
t = N (x ′

t ;
√

ᾱx0 ⊙ P, (1 − ᾱt )I ) (3)

In this, x ′
t represents the image with added noise and PCA

features, and ⊙ denotes element-wise multiplication. This
new forward diffusion process allows for the retention of
principal features of the original image while introducing
noise and PCA features, playing a crucial role in maintaining
the core features of the original image while increasing its
diversity.

2) REVERSE DIFFUSION PROCESS
The reverse diffusion process (Reverse Diffusion Process)
restores the noise-transformed image data x ′

t back to the
original image x0. This process utilizes a Gaussian transition
within a Markov chain [26], similar to the reverse diffusion
process of the original DDPM [8]. The pθ used for restoration
estimates x ′

t−1 from x ′
t , and this process can be expressed as

follows (Equation 4):

pθ (x0:T ) := p(xT )
T∏
t=1

pθ (xt−1|x ′
t )

pθ (xt−1|x ′
t ) := N (xt−1; µθ (x ′

t , t), 6θ (x ′
t , t)) (4)
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C. OBJECTIVE FUNCTION
DDPM differs from traditional diffusion models in that it
focuses on predicting the value of applied noise at time t ,
rather than predicting the distribution difference between xt
and xt−1. The objective function will be derived by getting
Kullback-Leibler divergence by the sum of LT and Lt−1 and
subtract L0 which is as follows (Equation 5, 6, 7):

LT = DKL (q(xT | x0) ∥ p(xT )) (5)

Lt−1 =

∑
t>1

DKL
(
q(xt−1 | x ′

t , x0) ∥ pθ (xt−1 | x ′
t )
)

(6)

L0 = log pθ (x0 | x1)L0 (7)

In Equation 5, the first part LT represents the forward
diffusion process, indicating the distribution difference
between the noise xT generated by p and q given the original
image x0. As xT always follows a Gaussian distribution in
DDPM, this process is tractable and usually approximated
as a constant near zero, thus often ignored in the learning
process.

The second part Lt−1 signifies the distribution difference
between the reverse and forward diffusion processes, repre-
sented by the Kullback-Leibler divergence between the actual
forward process distribution q(xt−1 | x ′

t , x0) and the estimated
forward process distribution pθ (xt−1 | x ′

t ). To compute Lt−1,
the distribution of q(xt−1 | x ′

t , x0) needs to be determined,
and 6θ and µθ for pθ (xt−1 | x ′

t ) are defined as follows
(Equations 8 and 9):

µθ (x ′
t , t) = µt

(
x ′
t ,

1
αt

(x ′
t − (1 − αt )εθ (x ′

t ))
)

=
1
αt
x ′
t −

βt

1 − αt
εθ (x ′

t , t) (8)

Ex0,ε

[
β2
t

2σ 2
t αt (1 − αt )

∥ ε − εθ (αtx0 + (1 − αt )ε, t)
]2

(9)

Using the determined values of q, pθ , and 6θ , the
Kullback-Leibler divergence Lt−1 can be calculated as shown
in Equation 10:

Lt−1 = Eq

[
1

2σ 2
t

∥ µt (x ′
t , x0) − µθ (x ′

t , t)
]2

+ C (10)

This loss function can be expressed in a simplified form,
focusing on the noise ε, as shown in Equation 11:

Lsimple(θ ) := Et,x0,ε ∥ ε − εθ (αtx0 + (1 − αt )ε, t) ∥
2 (11)

Finally, the term L0 is a likelihood function estimating the
original data x0 from the latent noise data x1, with training
directed towards maximizing this term. Consequently, the
proposedmodel, like DDPM, aims to minimize the difference
between the actual noise ε and the predicted noise εθ at each
stage of the forward and reverse diffusion processes as per
Equation 11. Table 1 gives a comprehensive overview of the
equations of the proposed method.

The proposed approach is summarized by the Algorithm 1.

TABLE 1. Description of equations.

Algorithm 1 Denoise Diffusion Probabilistic Model With
Principal Component Features
1 Initialization: Set initial image x0, diffusion rate β, and

principal component features P.
2 Forward Diffusion Process:

a. Initialize xt = x0, ᾱ = 1, t = 1.
b. Iterate from t = 1 to T :

i. Compute x ′
t = N (x ′

t ;
√

ᾱx0 ⊙ P, (1 − ᾱ)I ).
ii. Update ᾱ = ᾱ × (1 − βt ).
iii. Increment t .

3 Reverse Diffusion Process:
a. Initialize t = T .
b. Iterate from t = T to 1:

i. Estimate x ′

t−1 = N (x ′

t−1; µθ (x ′
t , t), 6θ (x ′

t , t)).
ii. Decrement t .

4 Objective Function (Loss Calculation):
a. Calculate LT using Equation 5.
b. Calculate Lt−1 using Equation 10.
c. Calculate L0 using Equation 11.
d. Compute the total loss L = LT + Lt−1 − L0.

5 Summary: The Denoise Diffusion Probabilistic Model
with Principal Component Features integrates principal
component analysis (PCA) into the traditional DDPM
framework, facilitating high-resolution image genera-
tion while preserving essential image structures.

IV. EXPERIMENTS AND RESULTS
The experiments in this study were conducted using the
Flickr-Faces-HQ (FFHQ) dataset [11], which consists of
70,000 high-resolution facial images, for the training of the
unconditional model. For the training of the conditional
model, the CIFAR10 dataset [10], comprising 60,000 images
across 10 classes (airplane, automobile, bird, cat, deer, dog,
frog, horse, ship, truck), was utilized. All experiments were
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FIGURE 7. Generated Images on CIFAR10 Dataset. This figure displays images of an airplane, truck, car, bird, cat, deer, dog, frog, horse, and boat, created
using the proposed model, DDPM, and DCGAN. The proposed model demonstrates superior natural blending and realism, particularly in the images of
the deer, frog, and horse.

performed in an environment equipped with a GPU: Tesla
V100 64G RAM and an Intel(R) Xeon(R) Gold 6132 CPU@
2.60GHz. To ensure consistency and reproducibility in each
experiment, a random seed value of 416 was set.

To compare performance with existing image genera-
tion models, Deep Convolutional Generative Adversarial
Network (DCGAN) [27] was also trained under the same
conditions. DCGAN, a variant of GAN [2] based on
convolutional neural networks (CNN), has the advantage
of stable training and high image quality compared to
traditional GANs. However, it still faces challenges, such
as training instability and reduced diversity in generated
images, commonly referred to as the ‘mode collapse’
issue.

A. MODEL TRAINING AND EVALUATION
Image generation models aim to learn the distribution of
target data and generate images that resemble real ones. There
are various metrics to assess the quality and diversity of
generated images. One of the quantitative evaluation metrics,
the Inception Score [28], uses a pre-trained Inception-v3
model to predict the class probability distribution of images
generated by the model. A high Inception Score indicates
both good quality and diversity of the generated images.
However, issues arise when the model generates images not
present in the training dataset or when it replicates the training
data itself, resulting in either a low or misleadingly high
Inception Score, despite high-quality images.

Considering these challenges, this study utilizes the
Frechet Inception Distance (FID) [29] to comprehensively
evaluate the model’s performance. Unlike the Inception

Score, which evaluates only the generated images, FID
measures the Frechet distance between the feature dis-
tributions of real and generated images, calculated from
their respective mean and covariance matrices. This direct
comparison between real and generated data provides a more
reliable and accurate assessment, considering both the quality
and diversity of the images.

The training methodology of Denoising Diffusion Proba-
bilistic Models (DDPM) [8] involves gradually adding noise
to the data, leading to a disordered image state, and then
learning to restore the original image through a denoising
process. This process is modeled using a Markov Chain [26]
and diffusion processes, with the training objective being to
effectively learn a denoiser that removes noise at each step.

In this paper, principal component analysis is initially
performed on the images from the dataset to extract key
features, which are then used in the noise addition process.
During training, the U-Net model [24] takes the noise-added
image and time information as input and learns to output the
expected noise. [Figure 6] depicts the structure of the U-Net
used in the training of the proposed model. The goal here is to
restore the progressively noise-added images to their original
state, using the Mean Squared Error (MSE) loss function
to minimize the difference between the actual noise and the
model’s prediction.

For comparative analysis, the proposed model and the
adversarial model, DCGAN, are trained on the CIFAR10
[10] and FFHQ [11] datasets. Both models undergo repeated
training for a total of 100 epochs. The optimizer used for
training is AdamW [30], identical to the backbone model
DDPM [8]. Every 10 epochs, DCGAN [27] records the GAN
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FIGURE 8. Comparison of Unconditionally Generated Images on FFHQ Dataset. From left to right: images by the proposed model, original DDPM, and
DCGAN. The proposed model and DDPM produce sharp, high-resolution faces, with the former showing greater naturalness and diversity. DCGAN,
however, struggles with more distortions and less realistic outputs.

FIGURE 9. Early Training MSE Comparison of Proposed Model and
Original DDPM on FFHQ Dataset. The x-axis marks training iterations,
and the y-axis shows MSE values. The green and pink lines represent the
original DDPM and the PCA-applied DDPM models, respectively. The
proposed model exhibits a more gradual and stable MSE reduction
compared to the original DDPM’s steep decrease.

loss and generates target images through the generator. PCA-
DDPM records the MSE loss and samples the target images.
Throughout the training process, the model with the lowest
loss value, compared to previously stored weights, is saved.

Furthermore, to compare the performance of the proposed
model (PCA-DDPM) with the original DDPM [8], the
proposed model is trained on a reduced FFHQ dataset,
consisting of 7,000 images. This training corresponds to
1/10th of the total training data volume, demonstrating the
efficiency of the proposed model.

Upon completion of training, qualitative evaluations of the
images generated by each model are conducted by generating
70,000 images for the CIFAR10 dataset and 60,000 for
the FFHQ dataset. From these, 64 images are randomly
selected to compare the diversity and quality of generation.
For quantitative evaluation, the FID score [22] is calculated
to compare the performance of each model.

B. EXPERIMENTAL RESULTS
This study trained three models: the proposed PCA-DDPM,
DDPM [8], and DCGAN [27], using the CIFAR10 [10]
and FFHQ [11] datasets for 100 epochs each. Subsequently,

both quantitative and qualitative evaluations of the images
generated by these models were conducted to compare
their performances and demonstrate the superiority of the
proposed model.

1) QUALITATIVE EVALUATION
Figure 7 presents the conditionally generated images from
the top-down order of the proposed model, the original
DDPM, and DCGAN, using the final models trained on
the CIFAR10 dataset. Starting from the left, images of an
airplane, truck, car, bird, cat, deer, dog, frog, horse, and
boat were generated. The proposed model produced images
that blend more naturally with the background, particularly
creating more realistic images of the deer (6th), frog (8th),
and horse (9th) compared to the other models.

Figure 8 shows the unconditionally generated images from
the final models trained on the FFHQ dataset. From left to
right, the images are produced by the proposed model, the
original DDPM, and DCGAN, respectively.

The proposed model and the original DDPM [8] generally
produced high-resolution and sharp images. However, when
comparing the images generated by the original DDPM
with those of the proposed model, the latter was found to
generate more natural-looking faces, covering various ages,
genders, expressions, and features such as faces with glasses.
On the other hand, the images generated by DCGAN [27]
predominantly included distortions and noise, resulting in
images that were distorted or not resembling faces.

2) QUANTITATIVE PERFORMANCE EVALUATION
For a quantitative evaluation of the models’ performance,
the quality of the generated images was directly compared
visually, along with a qualitative performance evaluation
using the FID Score [29]. Table 2 presents the FID Scores
calculated based on the conditionally generated images from
the CIFAR10 dataset, as shown in Figure 7, for the proposed
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FIGURE 10. Comparison of Early Training Results at 10th Epoch on FFHQ Dataset. The image showcases samples from the proposed model, original
DDPM, and DCGAN. At this stage, the proposed model demonstrates superior ability in generating more complete and diverse facial images, while
DCGAN exhibits noise and less diversity, and the original DDPM shows a lower yield of complete faces.

FIGURE 11. Comparative Image Generation with Limited Data. The figure illustrates the performance of the proposed PCA-DDPM and conventional
DDPM when trained with a reduced dataset of 7,000 images, compared to the standard DDPM trained with the full 70,000-image dataset. Despite the
data limitation, the proposed model successfully generates high-quality images with diverse characteristics, whereas the conventional DDPM shows
limitations in generating standard facial images. This highlights the proposed model’s efficacy in maintaining high-quality image generation even with
limited data.

model, DDPM, and DCGAN. Additionally, the final error
function (MSE) at the end of model training was also
compared. The DCGANmodel uses a log-likelihood function
as its error function instead of MSE, hence it is not included
in this comparison. The proposed model recorded a lower
final MSE than the original DDPM. The order of the models
from smallest to largest FID Score is the proposed model,
DDPM, and then DCGAN, proving that the proposed model
generates images most similar and diverse compared to the
original data.

Similarly, Table 3 presents the FID Scores and the final
Mean Squared Error (MSE) values for the unconditionally
generated images from the FFHQ dataset, as shown in
Figure 8, for the proposed model, DDPM, and DCGAN.
As with the conditional image generation results, the
proposed model, DDPM, and then DCGAN recorded the

TABLE 2. Comparison of conditional sampling results for each model.

smallest FID Scores in that order, demonstrating that the
proposed model was most effective in generating images
similar and diverse compared to the original dataset.

3) INITIAL TRAINING STAGE COMPARISON
Figure 9 illustrates the Mean Squared Error (MSE) values
observed during the initial training stages of the proposed
model and the original DDPM on the FFHQ dataset. The
x-axis represents the number of training iterations, while the
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TABLE 3. Comparison of unconditional sampling results for each model.

TABLE 4. Comparison of training results with a limited dataset for the
conventional DDPM and our model.

y-axis shows the recorded MSE values at each training stage.
The green line represents the original DDPM model, and
the pink line represents the proposed PCA-applied DDPM
model. Throughout most of the stages, the original DDPM
model shows a steep decrease in MSE, whereas the proposed
model demonstrates a more gradual and stable reduction in
MSE during the early stages of training.

Furthermore, the sample images generated by each model
during the initial stages of training based on the FFHQ
dataset were compared. Figure 10 showcases sample images
generated by the proposed model, the original DDPM, and
the DCGAN model after the completion of the 10th epoch of
training on the FFHQ dataset. The proposed model generated
a higher number of complete facial images compared to the
original DDPM at this stage. The DCGANmodel, while able
to generate recognizable facial structures, produced images
with significant noise and less diversity. These results indicate
that the proposed model outperforms the other models in
terms of stability and quality of image generation during the
early stages of training.

4) ROBUSTNESS EVALUATION UNDER DATA LIMITATION
The proposed model demonstrated superior performance in
both conditional and unconditional image generation after
training under identical conditions compared to the models
evaluated. Notably, from the initial stages, it exhibited high
stability in learning and the ability to generate high-quality
images. To assess whether the proposed model could still
produce quality image data through stable training in cases
of dataset deficiencies or imbalances, the FFHQ dataset was
drastically reduced to one-tenth of its original size, and
images were generated under the same training conditions.

Figure 11 compares images generated using the proposed
model and the conventional DDPM trained only with 7,000
images, against the normal DDPM trained with the full
70,000-image dataset. The proposed model was able to
generate high-quality images with a variety of races, genders,
and expressions, whereas the conventional DDPM with the
limited dataset struggled to produce standard facial images.
Furthermore, when comparing the image generation results
of the proposed model with the conventional DDPM trained
with the full dataset, the proposed model was able to produce

TABLE 5. Comparison of unconditional sampling results for each model.

images of comparable quality. This demonstrates the ability
of the proposed PCA-DDPM to maintain high performance
even with limited data.

Table 4 presents the FID scores and mean squared error
(MSE) valuesmeasured based on the image generation results
from Figure 11, using the limited FFHQ dataset for the
proposed model and the conventional DDPM, and the normal
FFHQ dataset for the conventional DDPM. The proposed
model recorded a lower FID score compared to the DDPM
trained with the limited dataset and a slightly higher score
than the DDPM trained with the normal FFHQ dataset.

V. CONCLUSION AND FUTURE RESEARCH
This study proposed the incorporation of universal character-
istics extracted through Principal Component Analysis (PCA)
into the training of the Denoise Diffusion Probabilistic Model
(DDPM). We confirmed that this approach can enhance the
performance and efficiency of image generation networks.

The proposed PCA-DDPM model demonstrates supe-
rior performance compared to conventional DDPM and
DCGAN models. It is particularly outstanding in generating
high-resolution images and produces high-quality images
even in the initial stages of training. Additionally, it maintains
high performance even with limited training data, indicating
that PCA-DDPM is efficient and effective even under data
constraints.

The results of this study are considered to be a significant
contribution to the advancement and efficiency improvement
of image generation networks. However, the potential appli-
cations and areas of use for the proposed model can be
further expanded. Future research will involve more thorough
verification of PCA-DDPM’s performance across various
datasets and under different conditions. We also plan to
explore the possibility of integrating PCA with other feature
extraction methods.

This research is expected to accelerate the progress of
image generation technologies and is anticipated to be
applied in various practical applications, such as medical
imaging and anomaly detection.
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