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Abstract: In this research, SVM will be used to differentiate between plain nail 
art designs (class 0), 3D nail art designs (class 1), and hand painting nail art 
designs (class 2). The dataset used consists of images of nail designs that have 
been collected and analyzed previously. First, the dataset is divided into three 
different classes based on the type of nail design. The first class (class 0) 
includes plain nail art designs, then the second class (class 1) is 3D nail art 
designs, and the third class (class 2) is hand painting nail art designs. This 
process is carried out to allow SVM to learn the feature differences between 
the two types of designs. The data used will be divided into training and 
testing data and divided into three data division schemes, namely 60/40, 
70/30, and 80/20. Based on the results of the research discussed, it can be 
concluded that classification using the Linear SVM model on three data 
sharing schemes provides the best level of accuracy on the 80/20 scheme, 
namely 81.25%. Meanwhile, classification using the non-linear SVM model 
achieved the highest level of accuracy of 95% in the 80/20 scheme with the 
RBF Kernel. Thus, the SVM model that is suitable for classifying nail art 
designs is a non-linear SVM model with the 80/20 scheme. The accuracy 
results obtained from this research also show that SVM provides good 
performance in classifying nail art designs. 
 
Keywords: Classification; Kernel; Support vector machine 

  

 

Introduction  

 
Along with technological advances, the availability 

of information on the internet is also increasingly 
widespread and significant (Abbas, 2018; Divayana, 
Suyasa, & Widiartini, 2021). However, without 
utilization, this information will just be a collection of 
data that has no value (Ardani, Utomo, & Rahmawati, 
2021; Divayana et al., 2021; Jain, Ahirwar, & Pandey, 
2019). The existence of this information allows 
individuals to identify and interpret patterns that can 
support the decision-making process, such as through 
the application of data mining techniques. One of the 
data mining methods used to predict decisions is 
through the classification process (Agarwal, 2014). 
Classification is a method of grouping objects based on 

the characteristics they have (Wibawa et al., 2018). This 
classification includes several algorithms  that use fuzzy 
logic, Bayes classification, decision trees, support vector 
machines, artificial neural networks, and k-nearest 
neighbor methods (Jain et al., 2019). 

Support Vector Machine (SVM) shows a higher 
level of accuracy when compared to k-nearest neighbor, 
decision trees, and linear regression methods 

(Charleonnan et al., 2017). Experimental results show 
that the SVM classifier achieves the highest level of 
accuracy and shows the highest sensitivity after going 
through the training and testing process using the 
proposed method. SVM is used to identify the optimal 
hyperplane that can well separate the two classes, 
resulting in superior generalization capabilities. In 
general, this approach involves using mostly labeled 

https://doi.org/10.29303/jppipa.v10i11.8122
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data to find the optimal hyperplane. However, when 
dealing with large-scale experimental data, the 
complexity of the computational process can increase 

(Avci et al., 2023; Elshewey et al., 2023; Niu et al., 2024; 
Yao et al., 2013). 

In situations where the data cannot be separated 
linearly, the approach is carried out through a kernel 
method that transforms the input data into a feature 
space that has higher dimensions (Octaviani et al., 2019). 
Kernel usage varies depending on the characteristics of 
the data at hand. Linear kernels are used when the data 
to be classified can be separated by a hyperplane in the 
form of a line. In other words, linear kernels are suitable 
for two-dimensional data. Meanwhile, non-linear 
kernels are used when the data is separated by a plane-

shaped hyperplane in a higher dimensional space (Atik 
et al., 2023; Jana et al., 2023; Puspitasari et al., 2018). 

Nails are a small part of the human body that grow 
and are connected to the skin folds, consisting of dead 
and hardened skin epidermal cells. They develop into 
plates and form as they emerge from the fingertips, 
aiming to protect the underside of the nail. To maintain 
their health and increase their attractiveness, nail care is 

necessary, and they can be decorated with techniques 
such as nail art (Krisnawati et al., 2022). Nail art is a 
development of the practice of manicure and pedicure. 
Recently, nail art has become an important element in 
completing a fashion style, and many new techniques 
continue to develop. Women often like nail designs in 
styles such as French manicure or patterns such as dots 
or lines. Sometimes, they choose to put solid colors on 
their nails and add decorative elements on some fingers 

(Kim & Jeong, 2014). There are many techniques that can 
be classified in creating nail art, including dangling, 
stickers, design sculptures, rhinestones, marble, striping 
tape, airbrush, 3D art, hand painting, and so on. In 
addition, nail art techniques are often used to create 
various shapes and designs on nails (Jeong & Kim, 2015). 

Classifying nail art involves handling large 
amounts of visual data, such as images of nails with 
various designs (Burges, 1998; Chang & Lin, 2011; 
Gandhi, 2018). SVM can be used to create models that 
can differentiate between various nail art styles and 
motifs with a high degree of accuracy. By using this 
approach, we can speed up the design identification 
process, provide a better experience for users, and even 
open up opportunities to develop applications that can 
provide nail design suggestions that suit personal 
desires. 

This research aims to apply the Support Vector 
Machine (SVM) algorithm in nail art classification with 
the main aim of evaluating and measuring the accuracy 
of the model in correctly recognizing and classifying 
various nail designs. 

 

Method  
 
Support Vector Machine (SVM) was first made 

famous by Vladimir Vapnik in 1992 with two friends, 
Bernhard Boser and Isabelle Guyon (Nayak et al., 2015). 
Support Vector Machine (SVM) is a machine learning 
algorithm and is used for classification and regression 

problems (Ritonga & Purwaningsih, 2018). Support 
Vector Machine (SVM) is applied to separating class data 
or identifying decision boundaries in high-dimensional 
space. The basic concept of Support Vector Machine 
(SVM) is to find the largest margin on the hyperplane 
and be able to separate two data classes as well as 
possible (Saputra, Puspitasari, & Baidawi, 2022). A 
hyperplane is a decision boundary that divides two 
classes or data separation boundaries between classes. In 
two-class classification problems (binary classification), 
Support Vector Machine (SVM) looks for hyperplanes 
by maximizing margins. Margin is the shortest distance 
between the hyperplane and the closest point or pattern 
from each class (Rizal, Girsang, & Prasetiyo, 2019). These 
points or patterns are then called support vectors 

(Somantri, Wiyono, & Dairoh, 2016). Then Support 
Vector Machine (SVM) is updated by combining several 
binary classifiers so that it can be used for multi-class 
classification problems. 

Linear Support Vector Machine can be applied to 
any data separated linearly. The concept is to look for 
hyperplanes or lines the best separation between the two 
classes. Let 𝒙𝒊 = {𝒙𝟏, … , 𝒙𝒏}, 𝒙𝒊 ∈ 𝑹𝒏 is a data set. Positive 
class is denoted by +1, and negative class denoted by -1. 
Then the class label is denoted as   𝒚𝒊 ∈ {+𝟏, −𝟏} ,   𝒊 =
𝟏, 𝟐, … , 𝒏, where 𝒏 denotes the amount of data. 

 

 
Figure 1. The concept of the Hyperplane 

 

In the image above, there are several patterns that 
imply members of each class, namely the yellow class, 
class +1 and the red class, namely class -1. Then, in image 
(a), the existing data set can be separated based on its 
class by applying several hyperplanes (discrimination 
boundaries). In figure (b) above, there is a parallel 
hyperplane that divides the two classes with the pattern 
in the hyperplane called the support vector. The 
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similarities in Support Vector Machine can be seen in (N. 
Deng, 2013): 

 
𝑤𝑖𝑥𝑖 + 𝑏 = 0       (1) 

 
Where 𝒘𝒊  is a weight parameter and 𝒃  is a bias 
parameter and the inequality of 2 hyperplanes applies 
with each hyperplane limiting each class, namely: 
 

𝑤𝑖𝑥𝑖 + 𝑏 > 0, 𝑦𝑖 = +1      (2) 
 𝑤𝑖𝑥𝑖 + 𝑏 < 0, 𝑦𝑖 = −1      (3) 

For example, 𝑯: 𝒘𝒊𝒙𝒊 + 𝒃 = 𝟎 is the hyperplane to be 
searched, 𝑯𝟏: 𝒘𝒊𝒙𝒊 + 𝒃 = 𝟏 and 𝑯𝟐: 𝒘𝒊𝒙𝒊 + 𝒃 = −𝟏  are 
hyperplanes from each class, namely class +1 and class -
1. For To find the best 𝑯 , the distance between 𝑯𝟏 

and  𝑯𝟐  to 𝑯  must be the same, namely for 𝑯𝟏  using 
positive data samples and negative data samples for 𝑯𝟐. 
This data sample is then called a support vector because 
it functions as a determinant for finding the optimal 
hyperplane. 
Suppose (𝒙𝟎, 𝒚𝟎) ∈ 𝑹𝟐  is any point then the distance 
from that point to the line 𝒂𝒙 + 𝒃𝒚 + 𝒄 = 𝟎 is: 
 

|𝑎𝑥+𝑏𝑦+𝑐=0| 

√𝑎2+𝑏2
      (4) 

 
So, the distance between data 𝒙 samples from 𝑯𝟏 to 𝑯  is: 
 

|𝑤𝑥+𝑏|

√𝑤𝑇𝑤
=

1

||𝑤||
     (5) 

 
because the distances between 𝐻1  and  𝐻2  to 𝐻  are the 

same, the distance between 𝐻1and 𝐻2 is 
2

||𝑤||
. 

The problem of maximizing 
2

||𝑤||
 is the same as 

minimizing 
||𝑤||2

2
 with the condition that there are no 

data samples between 𝐻1 and 𝐻2 as follows: 
 
𝑤𝑖𝑥𝑖 + 𝑏 ≥ 1, 𝑦𝑖 = +1    (6) 
𝑤𝑖𝑥𝑖 + 𝑏 ≤ 1, 𝑦𝑖 = −1    (7) 

 
If you combine the two, you get 𝒚𝒊(𝒘𝒊𝒙𝒊 + 𝒃) ≥ 𝟏. The 
problem of finding the optimal 𝒘 and 𝒃 parameters to 
obtain the best or optimal hyperplane can be formulated 
in the Quadratic Programming (QP) problem, namely: 
 

min
𝑤.𝑏

 
1

2
||𝑤|| 2     (8) 

 
With constraints 
 

𝑦𝑖(𝑤𝑖𝑥𝑖 + 𝑏) − 1 ≥ 0  , 𝑖 = 1, … , 𝑛   (9) 
 

Then, the primal form above is converted into its dual 
form using the Lagrange multiplier. 

Suppose 𝜶 ∈ 𝑹𝒏×𝟏  is a Lagrange multiplier, the 
quadratic programming problem above is changed to: 
 

𝐿 =
1

2
||𝑤||2 − ∑ 𝛼𝑖[𝑦𝑖(𝑤𝑖𝑥𝑖 + 𝑏) − 1]𝑛

𝑖=1   (10) 

 
Karush-Kuhn-Tucker (KKT) conditions are met, as 
follows: 
 

𝜕𝐿

𝜕𝑤
= 0 → 𝑤 − ∑ 𝛼𝑖𝑦𝑖𝑥𝑖 = 0 → 𝑤 = ∑ 𝛼𝑖𝑦𝑖𝑥𝑖

𝑛
𝑖=1

𝑛
𝑖=1   (11) 

𝜕𝐿

𝜕𝑏
= 0 → 0 − ∑ 𝛼𝑖𝑦𝑖 = 0 → ∑ 𝛼𝑖𝑦𝑖 = 0𝑛

𝑖=1
𝑛
𝑖=1  (12) 

 
In addition, optimization can be done by maximizing 𝑳 
against 𝜶𝒊, by substituting equations (11) and (12) into 
equation (10) as follows: 
 

𝐿 =
1

2
||𝑤||2 − ∑ 𝛼𝑖[𝑦𝑖(𝑤𝑖𝑥𝑖 + 𝑏) − 1]

𝑛

𝑖=1

 

𝐿 =
1

2
(𝑤. 𝑤) − ∑ 𝛼𝑖[𝑦𝑖(𝑤𝑖𝑥𝑖 + 𝑏) − 1]

𝑛

𝑖=1

 

𝐿 =
1

2
(∑ 𝛼𝑖𝑦𝑖𝑥𝑖 . ∑ 𝛼𝑗

𝑛

𝑗=1

𝑛

𝑖=1

𝑦𝑗𝑥𝑗)

− ∑ 𝛼𝑖 [𝑦𝑖 ((∑ 𝛼𝑗𝑦𝑗𝑥𝑗

𝑛

𝑗=1

) 𝑥𝑖 + 𝑏) − 1]

𝑛

𝑖=1

 

𝐿 =
1

2
∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝑥𝑖𝑥𝑗 − ∑ 𝛼𝑖𝑦𝑖

𝑛

𝑖=1

((∑ 𝛼𝑗𝑦𝑗𝑥𝑗

𝑛

𝑗=1

) 𝑥𝑖 + 𝑏)

𝑛

𝑖,𝑗=1

+ ∑ 𝛼𝑖

𝑛

𝑖=1

  

𝐿 =
1

2
∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝑥𝑖𝑥𝑗 − ∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝑥𝑖𝑥𝑗 − 𝑏 ∑ 𝛼𝑖𝑦𝑖

𝑛

𝑖=1

 

𝑛

𝑖,𝑗=1

𝑛

𝑖,𝑗=1

+ ∑ 𝛼𝑖

𝑛

𝑖=1

  

𝐿 = ∑ 𝛼𝑖
𝑛
𝑖=1 −

1

2
∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝑥𝑖𝑥𝑗 − 𝑏 ∑ 𝛼𝑖𝑦𝑖

𝑛
𝑖=1

𝑛
𝑖,𝑗=1  (13) 

 

Remember that 
𝜕𝐿

𝜕𝑏
= 0 → 0 − ∑ 𝛼𝑖𝑦𝑖 = 0 →𝑛

𝑖=1

∑ 𝛼𝑖𝑦𝑖 = 0𝑛
𝑖=1  

So, it is obtained 
 

𝐿 = ∑ 𝛼𝑖
𝑛
𝑖=1 −

1

2
∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝑥𝑖𝑥𝑗

𝑛
𝑖,𝑗=1    (14) 

 
Where 𝜶𝒊 ≥ 𝟎,  𝒊 = 𝟏, 𝟐, … , 𝒏 and ∑ 𝜶𝒊𝒚𝒊 = 𝟎𝒏

𝒊=𝟏  
The weight parameters are calculated using the equation: 
 

𝑤 = ∑ 𝛼𝑖𝑦𝑖𝑥𝑖  
𝑛
𝑖=1      (15) 

 
And the bias parameters are obtained through: 
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𝑦𝑖(𝑤𝑖𝑥𝑖 + 𝑏) − 1 ≥ 0 
⟺ 𝑦𝑖(𝑤𝑖𝑥𝑖 + 𝑏) = 1 
⟺ 𝑤𝑖  . 𝑥𝑖 + 𝑏 = 𝑦𝑖 
⟺ 𝑏 = 𝑦𝑖 − 𝑤𝑖 . 𝑥𝑖         (16) 
 

So  𝒃 =
𝟏

𝑵𝑺𝑽
∑ (

𝑵𝑺𝑽
𝑰=𝟏 𝒚𝒊 − 𝒘𝒊 . 𝒙𝒊) .SV is a set of support 

vectors where 𝒊 ∈ 𝑺𝑽  when  𝜶𝒊 ≠ 𝟎  and 𝑵𝑺𝑽   is the 

number of support vectors. Then, when there is 
imperfect separation of data classes due to the existence 
of data samples between 𝑯𝟏  and 𝑯𝟐  as shown in the 
following picture: 
 

 
Figure 2. Cases of imperfect data separation 

 
In this problem, the soft margin technique is 

introduced to handle this problem. In soft margin, the 
equation is modified by including the slack variable 𝝃𝒊 
with 𝝃𝒊 > 𝟎 . The equation is as follows: 

 
𝑦𝑖(𝑤𝑖𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖  , 𝑖 = 1, … , 𝑛.   (17) 

 
Then, to the objective function, a positive parameter 𝑪 is 
added, this parameter is useful for controlling the trade 
off between margin and error in classification. A large 
value of 𝑪 means giving a large penalty to classification 
errors. The equation becomes: 
 

min
𝑤.𝑏

 
1

2
||𝑤||2 + 𝐶 ∑ 𝜉𝑖

𝑛
𝑖=1     (18) 

 
With the following obstacles: 
 

𝑦𝑖(𝑤𝑖𝑥𝑖 + 𝑏) − 1 + 𝜉𝑖 ≥ 0 , 𝑖 = 1, … , 𝑛  (19) 
  
Then, the primal form above is converted into dual form 
with the Lagrange multiplier 𝜶 ∈ 𝑹𝒏×𝟏 , we get the 
following equation: 
 

𝑀𝑎𝑥 𝐿 = ∑ 𝛼𝑖
𝑛
𝑖=1 −

1

2
∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝑥𝑖𝑥𝑗

𝑛
𝑖,𝑗=1   (20) 

 
With constraints 
 

0 ≤ 𝛼𝑖 ≤ 𝐶, ∑ 𝛼𝑖𝑦𝑖 = 0𝑛
𝑖=1  dan 𝑖 = 1,2, … , 𝑛.  (21) 

 

Non-Linier Support Vector Machine 

Non-Linear Support Vector Machine is applied to 
data that cannot be separated linearly, namely using the 
kernel method approach so that the sample data used 
can be separated linearly. The kernel method works by 
mapping input data into a higher dimensional feature 
space. 

 

 
Figure 3. Data transformation in feature space 

 
The image above illustrates data in 2nd dimension, 

where the data cannot be separated linearly by a 
hyperplane. So, data mapping is carried out into a higher 
dimensional space so that the two classes can be 
separated linearly by a hyperplane. For example, 𝒖 =
(𝒖𝟏, 𝒖𝟐)  is the input data on 𝑹𝟐  and 𝝓(𝒖) =

(𝟏, √𝟐𝒖𝟏, √𝟐𝒖𝟐, 𝒖𝟏
𝟐, 𝒖𝟐

𝟐, √𝒖𝟏𝒖𝟐) is input data in a higher 
dimensional space. So, the resulting input data mapping 
to higher dimensional space will separate linearly so that 
the optimal hyperplane can be found. 
Suppose 𝒙 → 𝝓(𝒙) then the equation can be written as 
follows: 
 

𝑀𝑎𝑥 𝐿 = ∑ 𝛼𝑖
𝑛
𝑖=1 −

1

2
∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝜙 (𝑥𝑖)𝜙(𝑥𝑗)𝑛

𝑖,𝑗=1  (22) 

 
With constraints: 
 

𝛼𝑖 ≥ 0, ∑ 𝛼𝑖𝑦𝑖 = 0𝑛
𝑖=1  and 𝑖 = 1,2, … , 𝑛.  (23) 

 
Weight and bias parameters can be calculated using the 
equation: 
 

𝑤 = ∑ 𝛼𝑖𝑦𝑖𝜙(𝑥𝑖)  𝑎𝑛𝑑 𝑏 =
1

𝑁𝑆𝑉

𝑁𝑆𝑉
𝑖=1

∑ (𝑦𝑖 − 𝑤𝑇𝜙(𝑥𝑖))
𝑁𝑆𝑉
𝑖=1 (24) 

 
And the optimal hyperplane is changed to: 
 

𝑓(𝑥) = 𝑤  𝜙(𝑥) + 𝑏 = 0    (25) 
 

If the input data samples at the training stage are 

large, then calculating the dot product 𝝓𝑻(𝒙𝒊)𝝓(𝒙𝒋) will 

take a long time. So, it requires a calculation method 
without knowing the function 𝝓. Suppose K is a function 
nature. 
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𝐾(𝑢, 𝑣) = 𝜙𝑇(𝑢)𝜙(𝑣)  
 
Where 𝒖, 𝒗 ∈ 𝑹𝒏  and 𝝓: 𝑹𝒏 → 𝑹𝒎, 𝒏 < 𝒎 . This K 
function is called the kernel function. Various types of 
kernel functions that are often used in Support Vector 
Machines (SVM) are Linear kernels, Radial Basis 
Function (RBF), and Polynomial (Sari et al., 2020). The 
selection of the correct kernel function and parameter 
tuning is very important because it can have a significant 
impact on the level of accuracy obtained in SVM analysis 
(Ginanjar, 2019). The frequently used kernel functions 
are as follows: 
a) Linear Kernel 

𝐾(𝑢, 𝑣) = 𝑢𝑇𝑣 
 
b) Polynomials Kernel 

𝐾(𝑢, 𝑣) = (1 + 𝑢𝑇𝑣) 𝑑 , 𝑑 ≥ 1 
 
c) RBF (Radial Basis Function) Kernel 

𝐾(𝑢, 𝑣) = exp(−𝛾||𝑢 − 𝑣|| 2) , 𝛾 > 0 

 
By using the kernel function, the equation becomes: 
 

𝑀𝑎𝑥 𝐿 = ∑ 𝛼𝑖
𝑛
𝑖=1 −

1

2
∑ 𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗𝐾(𝑥𝐼 , 𝑥𝑗)𝑛

𝑖,𝑗=1  (26) 

 
With constraints 

𝜶𝒊 ≥ 𝟎, ∑ 𝜶𝒊𝒚𝒊 = 𝟎𝒏
𝒊=𝟏  and 𝒊 = 𝟏, 𝟐, … , 𝒏.  (27) 

 
The bias parameters can be calculated using  
 

𝑏 =
1

𝑁𝑠𝑣
∑ (𝑦𝑖 − ∑ 𝑎𝑖

𝑁𝑠𝑣
𝑖=1 𝑦𝑖𝐾(𝑥𝑖, 𝑥))

𝑁𝑠𝑣
𝑖=1   (28) 

And the optimal hyperplane, namely 
 

𝑓(𝑥) = ∑ 𝛼𝑖𝑦𝑖
𝑁𝑠𝑣
𝑖=1 𝐾(𝑥𝑖, 𝑥) + 𝑏   (29) 

 

Result and Discussion 
 

The data analyzed in this study comes from 
customers who used nail art services at the Blinkz Nails 
studio during the period 2022 to 2024. A total of 103 nail 
art designs were used in this analysis. The aim of this 
research is to categorize nail art designs into three 
classes: plain nail art (class=0), 3D nail art (class=1), and 
hand painting nail art (class=2). 

Before starting further analysis using the Support 
Vector Machine (SVM) method, the first step that must be 
taken is data preparation, which includes feature 
extraction. In the context of Nail Art Design data, the 
feature extraction process is carried out using the GLCM 
(Gray Level Co-occurrence Matrix) method to produce 
texture features in the form of correlation, homogeneity, 
contrast and energy. GLCM is a technique used to 
analyze texture in images. In GLCM, there is a 
representation of the relationship between two adjacent 
pixels, taking into account the gray intensity, distance 
and angle between them. Various angles can be used in 
GLCM, but for Nail Art Design data, the relevant angles 
are 0°, 45°, 90°, and 135°. 

After the feature extraction process is complete, we 
will get a series of attributes that will be used as analysis 
objects using the Support Vector Machine (SVM) 
method. These attributes are as follows:

 
Table 1. Attributes Description of the Nail Art Design Dataset 
Attributes Description Type 

Contrast_0 Shows the difference in intensity between adjacent pixels in an image at an angle of 0° Numeric 
Contrast_45 Shows the difference in intensity between adjacent pixels in an image at an angle of 45° Numeric 
Contrast_90 Shows the difference in intensity between adjacent pixels in an image at an angle of 90° Numeric 
Contrast_135 Shows the difference in intensity between adjacent pixels in an image at an angle of 135° Numeric 
Correlation_0 shows the correlation and linear relationship between pixels and the gray level in the image at an 

angle of 0° 
Numeric 

Correlation_45 shows the correlation and linear relationship between pixels and the gray level in the image at an 
angle of 45° 

Numeric 

Correlation_90 shows the correlation and linear relationship between pixels and the gray level in the image at an 
angle of 90° 

Numeric 

Correlation_135 shows the correlation and linear relationship between pixels and the gray level in the image at an 
angle of 135° 

Numeric 

Energy_0 Shows the uniformity of pixels in the image at an angle of 0° Numeric 
Energy_45 Shows the uniformity of pixels in the image at an angle of 45° Numeric 
Energy_90 Shows the uniformity of pixels in the image at an angle of 90° Numeric 
Energy_135 Shows the uniformity of pixels in the image at an angle of 135° Numeric 
Homogeneity_0 Shows the intensity of togetherness between pixels in the co-occurrence matrix at an angle of 0° Numeric 
Homogeneity_45 Shows the intensity of togetherness between pixels in the co-occurrence matrix at an angle of 45° Numeric 
Homogeneity_90 Shows the intensity of togetherness between pixels in the co-occurrence matrix at an angle of 90° Numeric 
Homogeneity_135 Shows the intensity of togetherness between pixels in the co-occurrence matrix at an angle of 135° Numeric 

Descriptive Statistics 
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In this study, 16 numerical features were used. The 
aim of this research is to group nail art designs based on 
the factors that influence them. The table below shows 
nail art design categories, including plain nail art, 3D 
nail art, and hand painting nail art, from a total of 103 
data investigated. 

 
Table 2.  Total Nail Art Design  
Design Nail Art  Quantity 

Plain Nail Art  26 
3D Nail Art  51 
Hand Painting Nail Art  26 
Total  103 

 
Table 2 explain that of the 103 data on nail art 

designs,26 of them are plain nail art, 51 of them are 3D 
nail art designs, while the remaining 26 are hand 
painting nail art designs. The next step involves dividing 
this dataset into training data and test data in a ratio of 
60%:40%, 70%:30%, and 80%:20%. 

The data that has been divided will be processed 
using the linear and non-linear Support Vector Machine 
(SVM) method using the Python programming language 
to determine the level of accuracy achieved. 
 
SVM Analysis using Linear Support Vector Machine  

The results of data processing and testing using 
Support Vector Machine Linear for three data sharing 
schemes are as listed in Table 3 below. 

 
Table 3.  Level of Accuracy Using the Linear SVM 
Method 
Division Scheme Level of accuracy 

60/40 80% 
70/30 77.5% 
80/20 81.25% 

 
SVM Analysis using Non-linear Support Vector Machine  

For non-linear SVM, two kernels will be used for 
comparison, namely the Polynomial kernel and the RBF 
(Radial Basis Function) kernel. The parameters that will 
be varied are the value 𝑑  (degree) for the Polynomial 
kernel, and the value γ (gamma) for the RBF kernel. This 
aims to obtain an optimal level of accuracy. The results 
of data processing and testing using non-linear SVM for 
the three data division schemes can be found in Table 4, 
Table 5, and Table 6. 

Based on Table 4 it can be seen that the test results 
with the Polynomial kernel obtained best results at 
parameter values d = 5 with an accuracy level of 77,5%, 
then using the RBF kernel, the accuracy level is obtained 
by 80% for  γ = 2, γ = 2,5, γ = 3, and γ = 3,5. 

Based on Table 5 it can be seen that the test results 
with the Polynomial kernel obtained best results at 
parameter values 𝑑 = 5 with an accuracy level of 83.3%, 

then using the RBF kernel, the accuracy level is obtained 
by 90% for  𝛾 = 2.5. 

 
Table 4.  Level of Accuracy with Division Scheme 60/40 

Polynomial Kernel 

Parameter Kernel d = 1  d = 2  d = 3  d = 4  d = 5  

Level of accuracy 72.5% 75% 75% 75 % 77.5% 
RBF (Radial Basis Function) Kernel 
Parameter Kernel γ = 1.5  γ = 2  γ = 2.5  γ = 3  γ = 3.5  
Level of accuracy 72.5% 80% 80 % 80% 80% 

 
Table 5.  Level of Accuracy with Division Scheme 70/30 

Polynomial Kernel 

Parameter Kernel d = 1  d = 2  d = 3  d = 4  d = 5  
Level of accuracy 76.6% 76.6% 76.6% 80% 83.3% 
RBF (Radial Basis Function) Kernel 
Parameter Kernel γ = 1.5 γ = 2  γ = 2.5  γ = 3  γ = 3.5  

Level of accuracy 83.3 % 83.3 % 90 % 85% 85 % 

 
Table 6.  Level of Accuracy with Division Scheme 80/20 
Polynomial Kernel 

Parameter Kernel d = 1  d = 2  d = 3  d = 4  d = 5  
Level of accuracy 80% 80% 80% 85% 75% 
RBF (Radial Basis Function) Kernel 
Parameter Kernel γ = 1.5  γ = 2  γ = 2.5  γ = 3  γ = 3.5  
Level of accuracy 90% 95% 95% 95% 95% 

 

Based on Table 6   it can be seen that the test results 
with the Polynomial kernel obtained best results at 
parameter values 𝑑 = 4 with an accuracy level of 85%, 
then using the RBF kernel, the accuracy level is obtained 
by 95% for  𝛾 = 2, 𝛾 = 2.5, 𝛾 = 3, and 𝛾 = 3.5. 

Based on the results obtained, the non-linear SVM 
method shows a higher level of accuracy than linear 
SVM. This can be seen from the three data sharing 
schemes where linear SVM only reaches the highest 
accuracy level of 81.25%, while non-linear SVM reaches 
the highest accuracy level of 95%. In particular, RBF 
kernels in non-linear SVMs tend to produce better 
accuracy rates than polynomial kernels. It can be seen 
from the test results on the three data division schemes, 
the RBF kernel gives the best results on the 60/40 and 
70/30 division schemes with the highest accuracy levels 
of 80% and 90% respectively. Meanwhile, in the 80/20 
data sharing scheme, the RBF kernel reaches an accuracy 
level of 95%.  

 

Conclusion  

 
Research shows that SVM can be applied not only 

to general data, but also to specific data such as nail art 
designs. Using SVM, nail art design data can be 
accurately classified into relevant categories, 
demonstrating the flexibility and usefulness of this 
method in various contexts. After carrying out the 
training and testing process using the SVM method with 
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various parameter variations, in the SVM analysis using 
linear SVM in the 60/40 division scheme the accuracy 
was 80%, in the 70/30 scheme the accuracy was 77.5%, 
and in the 80/20 scheme obtained an accuracy of 81.25%. 
Meanwhile, SVM analysis using Non-linear SVM in the 
60/40 scheme obtained an accuracy of 77.5% using a 
polynomial kernel and an accuracy of 80% using the RBF 
kernel, then in the 70/30 scheme the accuracy was 
obtained of 83.3% using a polynomial kernel and an 
accuracy of 90% using an RBF kernel, and in the 80/20 
scheme an accuracy of 85% was obtained using a 
polynomial kernel and an accuracy of 95% using an RBF 
kernel. So, the best accuracy rate of 95% is obtained in 
the 80/20 data scheme for the non-linear SVM model 
with the RBF kernel. The accuracy results obtained from 

this research also show that SVM provides good 
performance in classifying nail art designs. 
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