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ARTICLE INFO ABSTRACT

This paper proposes the use of the Dimensional Reduction method with

Article history the Silhouette Principle Component (SPC) Approach to improve the
Received classification of breast ultrasound images. The PCA method is used to
Revised reduce the dimensions of medical images to improve classification, with
Accepted MobileNet-v2 and DenseNet-121 as the optimal classification algorithm

choices. The results show that the SPC method succeeded in producing
efficient feature representation with data sizes that are amost the same

Keywords as the origina data, while PCA produces greater dimensionality
PCA, reduction. The SPC model also shows the best performance in terms of
Reduction,, accuracy and loss. This research makes a significant contribution to the
Classification development of more sophisticated and efficient medical image analysis

techniques to support the diagnosis and treatment of breast cancer..

Thisis an open access article under the CC-BY -SA license.

1.Introduction

Deep learning, as one of the currently trending methods in the field of artificia intelligence,
highlights the complexity of the process which requires not only dimensionality reduction but also
large datasets as its main basis. Dimensionality reduction is a critical aspect not only in configuring
effective deeplearning architectures but also an important requirement in dealing with health images
that often have high dimensions and high resolution. In this context, health images have become the
focus of increasing research in the application of deeplearning techniques for diagnosis, treatment
and medica research. This phenomenon indicates a significant paradigm shift in the approach to
health, offering great potential for breskthroughs and innovations that could change the landscape of
treatment and healthcare in the future.

The operation of an image resizer in some software generally involves manipulation of the image
size or resolution, which can be done through various methods such as interpolation, cropping, or
scaling. The interpolation method is used to increase or decrease the number of pixelsin an image so
that its size can be adjusted. Cropping cuts an image to keep only certain desired parts. Scaling
involves changing the scale of an image proportionally. Although image resizers are often used in
many cases to adjust image size or resolution, they are less optimal for images in a classification
context because this process can remove or obscure important details in the image. In classification,
machine learning or deep learning models tend to rely on features or patterns in images to
differentiate between different classes or labels. If the image resolution is too low or the size is too
small, important details can be lost or become difficult to recognize, which in turn can affect the
model's ability to perform classifications accurately.
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Severa approaches that are often used by researchers are: Severa approaches that are often used
by researchers for the image dimension reduction process are as follows:

1. Principal Component Analysis (PCA): This method identifies the direction of maximum variance
in the data and reduces dimensionality by projecting the data into a lower dimensiona space
consisting of the principal components that contribute most to the data variance.

2. Linear Discriminant Anaysis (LDA): LDA tries to find a linear combination of features that
maximizes the distance between classes while minimizing the variance within each class, thereby
producing optimal features for classification.

3. Independent Component Analysis (ICA): ICA tries to separate a mixed signal into independent
components that express the origina data, thereby, reducing the image dimensions while
preserving important information.

4. Autoencoder: An autoencoder is an artificial neural network that attempts to reconstruct its input
in its output, but with a narrower structure in the hidden layers. This results in a denser
representation of the data, which creates a dimensionality reduction effect.

5. Non-negative Matrix Factorization (NMF): This method aims to separate a hon-negative matrix
into two matrices with a multiplication result that is close to the original matrix. NMF has been
used in image processing for feature extraction and dimension reduction.

6. Waveet Transform: This technique breaks down the image into several scales and directions,
producing coefficients that describe important features in the image. Less significant coefficients
can be ignored or compressed, which reduces the image dimensions.

7. Loca Binary Patterns (LBP): LBP is a method for extracting texture features from images by
comparing pixel values with their neighbors. Features extracted from LBP can be used for
simpler, low-dimensional image representation.

All of these methods have their respective advantages and disadvantages depending on the
application context and the nature of the data being dealt with. However, PCA is often one of the
most widely used methods for several reasons, namely it is simple and easy to understand, effective
for dealing with variable relationships. PCA, fast processing and wide use. Although the PCA
algorithm for dimensionality reduction provides excellent results, the results are still not satisfactory.
In fact, annotation performance islimited in two main aspects:

1. Dimensionadlity reduction is influenced by manua selection of n-components so that
dimensionality reduction results are often difficult to interpret intuitively.

2. Not al images in one dataset class have the same number of components (n-components). This
causes additional challenges in using PCA for dimensionality reduction, because PCA assumes
that each sample has a similar structure in the feature space. Variability in the number of
components between images can cause important information to be lost in the dimensionality
reduction process.

Therefore, to handle this kind of case, it is necessary to consider other more flexible approaches
or adapt PCA with other methods to overcome the non-uniformity of the number of componentsin
the dataset. The main objective of this paper isto develop an effective PCA model for dimensionality
reduction as well as improve the performance of medica image classification by utilizing this
approach. The contributions of this paper are threefold:

1. Theimpact of the measures studied:

Initial size variations: 256 and 512 [1]

N-component variations: 3, 5 and 10. (itself based on experiment)

For the dimension-classifier, the influence of different image sizesis analyzed;

2. Impact of decreasing input image resolution on all 4 classifiers studied (Inception-v2, DenseNet-
121, ResNet-50, MobileNet-v2) [2,3]

3. Image size and PCA feature extraction approaches by selecting a certain number of principle
components, as image dimensionality reducers to classify images, are proposed. This model is
proven to outperform regular PCA classifiers.

The remainder of this paper is organized as follows. Section 2 introduces the motivation of
related previous work reduction PCA image . Section 3 explains the details of our proposed SPCA
algorithm framework . Section 4 compares our framework with existing models and analyzes the
results. Section 5 concludes this paper.

Etika Kartikadarma et.al (Exploiting Silhouette Principle Component For Dimension Reduction)



ISSN 2579-7298 International Journal of Artificial Intelegence Research 3
Vol. 8, No. 1, June 2024

2.Method

2.1 PCA Image Reduction

Dimensionality reduction in images is needed in image classification operations using deep
learning, because the large number of features or attributes in medical images can cause complex
and heavy computational problems. One approach to overcome thisis to use feature extraction. The
linear feature extraction method most often used in dimension reduction systems is Principle
Component Anaysis (PCA). PCA transforms data into lower dimensions, which are spatial
dimensions. The linear method assumes that the image is in a lower dimensiona linear space or
called subspace [3,4]. PCA is one of the oldest and most commonly used linear feature extraction
methods, which is widely known as a dimensionality reduction technique [5]. The concept behind
this method is to reduce the dimensions of the principal components, selecting components with a
large standard deviation to capture as much information as possible [6]. PCA has greater advantages
compared to other dimensionality reduction methods, such as t-SNE (t-Distributed Stochastic
Neighbor Embedding) and LDA (Latent Dirichlet Allocation) [7]. PCA has severa advantages that
make it effective in dimensionality reduction:

1. Reducing the number of featuresin a dataset without |osing important information
2. Building anew coordinate system that accounts for the largest data variance

3. Hasan easy and efficient algorithm
4

Able to reduce dimensions with the aim of ensuring a balance between information and
complexity

PCA has been used in various applications, such as data processing in the field of statistics [8],
data analysisin the banking field [9], and data processing [7,10]. PCA was introduced with the idea
that each principal component represents a linear combination of input variables, generated by a
linear function that maximizes differences and is uncorrelated with the other components. The
disadvantage of PCA isthat dimensionality reduction isonly carried out based on data variations, so
that information that is relevant but not related to data variations may be lost or be called the sum of
n-components. This becomes a problem when each image in the same dataset has a different number
of n-components from each other. Additional methods are needed to determine the appropriate
number of n-components for each image, one of which is by measuring the level of similarity using
the silhouette component/SC method [11], hereinafter referred to as Silhouette Principle Component
(SPC).

2.2 PCA for dimensionality reduction

Linear feature extraction methods such as Principal Component Analysis (PCA) form datain a
linear space A and transform it into a lower dimensional space. PCA is one of the oldest and most
commonly used linear dimensionality reduction methods, with the idea that principal components of
asmaller space can capture the most information from the data. Each principal component in PCA is
a linear combination of input variables, generated by a linear function that maximizes differences
and is uncorrelated with each other. The PCA stages used in this research are:

The matrix A(i, j) represents an input image in grayscale; i represents the number of rows and |
represents the number of columns (Eqg. 1). P is amatrix vector that represents the input image, asin
equation 1.

1. Find the average value of each column A, using the equation:—
i-vA  povE .8 povD

# # — a — =n (2)

2. Reduce each datain matrix A by its average value, so that a set of datais obtained in the reduced
matrix with a new average.
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3. Cdculating the variance covariance matrix from the equation:

S (4, -ANB, -F)
covid, B)= = - -
S A-Ala _atn—1)
war( 4, A= =
& @

4. The number of different covariance values for a dimension is . The resulting matrix from this
stage is arectangular matrix:

covd, ) coWAE) colAl) covd,D)
coviB,A) coWBE) coWBC) cowB, D)
corC, Al cov(CLB) coW(C,C) coviCL DY
cofD,4) coDLEB) codD, ) cov DD 5)

5. Calculate the eigenvector and eigenvalue of the matrix using equation 6, where A is the
eigenvalue and Q isthe eigenvector of the covariance matrix. Eigen values and eigen vectors can
be solved using the equation:

detl A/ —T 10 =0

(6)

6. With is the identity matrix. The resulting number of eigenvectors and eigenvalues will be
proportional to the dimensions of the covariance matrix.

7. Caculating the feature vector obtained from the eigenvector matrix which has been sorted from
the largest to the smallest eigenvector. The first column of the feature vector is the eigenvector
corresponding to thefirst highest eigenvalue, the second column is the eigenvector corresponding
to the second highest eigenvalue, and so on. In the form of a feature vector matrix, it is depicted
in the form of arow matrix asfollows:

[F]= [eige'ml giger, eiger, ... eigé'mn] @)

8. Cdculate final data. The final data is obtained from multiplying the transformed feature vector
with the reduced matrix with the mean using the following equation:
Final=[F'[A] @®
From this final data, the principal component (PC) order will be obtained which has been sorted
from low order to high order. The first column is PC1, the second column is PC2 and so on. Low
order contains the most important aspects because it has the largest eigenvalue which can represent
the characteristics of the data. Next, to carry out the dimension reduction process, the number of PCs
or what is called the number of components (h-components) must be input to obtain dimension
reduction of the image.

2.3 Propose Method

PCA still reguires to input the number of components in each dimension reduction operation. In
one dimension reduction, the number of n-components for each image in the dataset is equalized,
even though each image has different characteristics. To find the optimal number of components for
this operation, optimization techniques are used to improve accuracy. Silhouette is a way to evaluate
the quality of data grouping (clustering). Thisis not an optimization algorithm, but rather a measure
of how well the objects in a cluster resemble each other when compared to other clusters is called
the SPC agorithm. This approach offers a score based on how closely the objects in one cluster
match their own cluster compared to other clusters. This approach is easy to implement because
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there is no need to experiment with al n-components of each image. Thisis more efficient and faster
in determining the right n-component to use to get optimal results. After carrying out the PCA
process, the results obtained are in equation 8. Next, the final phase of PCA is grouped using K-
Means. After grouping is done, the next thing is done
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Input Breast Classification Process
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|
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MobileNet-v2

Fig. 1.The Course of Research

The profiling process results from the best grouping of pliers, namely the silhouette coefficient.
An evauation metric that is generally used in cluster analysis to determine the optima number of
clusters in data mining. This coefficient measures the extent to which an object fits its own cluster
compared to its nearest cluster. The stages for calculating the silhouette coefficient are as follows:

2.4 1. Calculate the aver age distance of the object to all other objectsin one cluster using
equation 9.

a(i) = —‘l.—- Y JEays dld))

C)
2.5 2. Calculate the average distance of the object to all other objectsin other clusters, then
take the minimum value using the equation:

di,0) = =XjeC dij)
s (10)

3. Calculate the silhouette coefficient value with the equation:

(i) = —220
max(ali)biiy) (11)

Equation 11 is used to calculate the average silhouette value. The average silhouette value
represents the overall clustering quality of the dataset. The silhouette coefficient value range is
between -1 to 1, with a positive value indicating the degree of suitability of the object to its cluster,
while a negative value indicates that the object may be more suitable in a neighboring cluster. The
final result of SPC is the smallest silhouette coefficient value, meaning it is the one that is least

similar to the original image but is still recognizable.
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3.Results and Discussion

2.6 Experiment

The dataset we use in this research is the Breast Ultrasound Images Dataset (BUID), using a
public dataset from Kaggle ( https://shorturl.at/bgkpO ). Even though the images in this dataset have
moderate dimensions, the dimensions vary from one image to another. The Breast Ultrasonography
Dataset dataset is categorized into three classes: normal, benign, and malignant images. The dataset
collected includes ultrasound images of the breasts in women aged between 25 and 75 years. This
data was collected in 2018. The number of patients was 600 female patients. The dataset consists of
780 images with an average image size of 500*500 pixels. These images are in PNG format [12].
The research schemeis shown in Figure 1.

First of al, the image dataset is subjected to a feature extraction process which consists of 2
methods, namely PCA and SPC. The feature extraction process in PCA is carried out with a variety
of n-components, namely 48, 24,12 and 6. Meanwhile in SPC, the output from PCA is forwarded to
the SC calculation to get the n-component which corresponds to the maximum n-component limit of
50. The results will be compared by using the propose method, where the n-components are
generated automatically with each image being different from one ancther. Next, the results of the
extraction process were then tested using 4 classification algorithms, namely Inception-v2,
DenseNet-121, ResNet-50, MobileNet-v2. The final part of the test is carried out by calculating the
loss and accuracy of the classification.

3.2 Results

This research presents 2 dimension reduction a gorithms which are then continued by testing the
results of dimension reduction into 4 classification algorithms. The two dimension reduction
agorithms are PCA and SPC (propose method). PCA is used as a comparison with the proposed
method to overcome the limitations of the PCA algorithm, which relies heavily on the number of n-
components. Figure 1 explains in detail what SPC suggests in this study. In fact, the functionality of
PCA is comparable to the suggested approach for constructing principle component matrices. The
key difference is how to generate candidate solutions, select the optima number of n-components,
and classify breast cancer types. A complete explanation of the differences between Inception-v2,
DenseNet-121, ResNet-50, MobileNet-v2 is provided bel ow.

1. Inception-v2 [2], A convolutional neural network that uses the Inception module to power
feature representation with computational efficiency, enabling paralel processing with varying
kernel sizes, and a batch normalization module.

2. DenseNet-121 [3], A neura network that builds connections between each layer and the next
layer, produces dense feature representation and improves feature understanding.

— —'-4-’——-‘4—.—4 [ - - = —-—-

n=5 n=6 n=100 n=200 n=400

Fig. 2.lmage Comparison with Different n-Components

3. ResNet-50[2], A network architecture that uses residual blocks to address training problemsin
deep networks, by introducing shortcut connections to facilitate better gradient flow.

Etika Kartikadarma et.al (Exploiting Silhouette Principle Component For Dimension Reduction)
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4. MobileNet-v2 [1], A lightweight network model that optimizes size and speed by using
depthwise separable convolution, and introduces bottleneck layers to increase efficiency and
accuracy.

The results of the qualitative comparison are shown in Figure 2. It can be seen that the
classification marker for the type of breast cancer is in the black part which islocated in the middle
of the image. When n=1, the sign is not visible, at n=2-4, n is visible but the size becomes wider
than before, the size starts to be similar to the original starting at n=5. So, at n=5, the size should be
able to be used for classification. The decrease in dimensions from each change in n-component
valueisshownin Table 1.

Table 1. Dimensiona Change
Method Size
Origina  Extraction Reduce (%)
PCA-n=2 264702 942 99.64413

PCA-n=3 264702 1413 99.46619
PCA-n=4 264702 1884 99.28826
PCA-n=5 264702 2355 99.11032
PCA-n=6 264702 2826 98.93238
PCA-n=100 264702 47100 82.20641
PCA-n=200 264702 94200 64.41281
PCA-n=400 264702 188400 28.82562
SPC 264702 2355 99.11032

In this experiment, the initial data size is 264,702. By using the PCA method for feature
extraction, the data size was reduced significantly, with the reduction rate increasing as the number
of retained components (n) increased. However, the size of the data processed with PCA remains
much larger than the size of the data processed with the SPC method. The SPC method succeeded in
producing a fairly efficient feature representation with a data size that is aimost the same as the
origina data, showing efficiency in feature extraction. The images resulting from PCA and SPC
extraction for each class are shown in Figure 3.

Etika Kartikadarma et.al (Exploiting Silhouette Principle Component For Dimension Reduction)
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Fig. 3.Differences between PCA and SPC for each class

In Figure 3, it can be seen that the PCA before optimality till shows an image that is very
different from the original image. When reaching the optima n-component, namely in SPC, the
image is similar to the origina image even though it does not show similar contour details. In SPC,
the optimal graph of the n-component is shown in Figure 3. This means that the silhouette score can
detect the minimum size for classification, namely in the case of balign 1 thisisat n=5.
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Next, the results of the SPC extraction process are used as input for 4 classification algorithms by
standardizing the sizes, namely 28x28, 24x24, 12x12 and 6x6, to see the performance of the SPC
compared to the original image. The loss graph for each input image dimension for each
classification agorithm is shown in Figure 4.

Inception-v2
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Fig. 5.Learning Data Loss Graph of Inception-v2
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Fig. 6.Learning Data Loss Graph of (b) DenseNet-121
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Fig. 7.Learning Data L oss Graph of (c) ResNet-50
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The ResNet and DenseNet models show a steady decrease in loss as the number of epochs
increases. Both models also achieve low loss at the end of the epoch, indicating good convergence.
Meanwhile, Inception and MobileNet models show larger fluctuations in loss and tend to reach
higher loss at the end of the epoch, indicating lower performance in the training process.

Table2. Accuracy and Loss
No. Method Size Accuracy Losses
1. Resnet-50 28X28 34% 0.0359
24X24 98% 0.0023
12X12 98% 0.0012
6X6 98% 0.0034
2. Inception-v2  28X28 77% 0.0195
24X24 87% 0.0135
12X12 95% 0.0058
6X6 96% 0.0047
3. Mobilenet-v2  28X28 50% 0.0202
24X24 99% 0.0012
12X12 100% 0.0003
6X6 100% 0.0002
4. DenseNet-121 28X 28 46% 0.0195
24X24 99% 0.0010
12X12 99% 0.0009
6X6 97% 0.0027

The classification test results are shown in Table 2. The MobileNet-v2 and DenseNet-121 models
show the best performance in terms of accuracy and loss. MobileNet-v2 consistently achieved the
highest accuracy and lowest loss across al dataset sizes tested. On the other hand, ResNet-50 and
Inception-v2 show lower performance in terms of accuracy, especialy on larger datasets (28x82),
although Inception-v2 tends to perform better than ResNet-50. In conclusion, MobileNet-v2 and
DenseNet-121 are more suitable for applications that require a balance between accuracy and
computational efficiency. The worst result was on Resnet-50 at size 28x28, where the accuracy was
only 34%. Figure 5 shows the confusion matrix table for the 3 classes in the training data. Some

incorrect images are shown in Figure 6.
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4. Conclusion

This research proposes the use of the Dimensiona Reduction method with the Silhouette
Principle Component (SPC) Approach to improve the classification of breast ultrasound images.
Through experiments carried out on the Breast Ultrasound Images Dataset (BUID) dataset using the
PCA and SPC methods, and testing the results with four different classification algorithms, it was
found that SPC succeeded in producing efficient feature representation with data sizes that were
amost the same as the origina data, while PCA produces greater dimensionality reduction. In
addition, SPC automatically determines the optimal number of components for each image, thereby
overcoming the limitations of PCA which relies on manual selection of the number of components.
Experiments also show that MobileNet-v2 and DenseNet-121 are the best classification algorithms
in terms of accuracy and loss. However, ResNet-50 and Inception-v2 aso have acceptable
performance especially on smaller dataset sizes. The practical implication of this research is the use
of SPC as a more efficient method in reducing the dimensions of medical images to improve
classification, with MobileNet-v2 and DenseNet-121 as the optimal classification algorithm choices.
Thus, this research makes a significant contribution to the development of more sophisticated and
efficient medical image analysis techniques to support the diagnosis and treatment of breast cancer.
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