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Fuzzy-based integrated clustering application, or FICA, has been developed in this research. It effectively performs data 
clustering by considering seven clustering quality indexes, namely the partition coefficient, classification entropy, modified 
partition coefficient, Fuzzy silhouette width, Xie-Beni, partition index, and separation index, leading to more 
optimal cluster results. In addition, FICA is also equipped with correlation coefficient and coefficient of determination 
functionalities that describe the relationship in the clustered data. For validation purposes, a data set of 30 sound signals 
with sampling frequencies ranging from 11-20 kHz has been measured with a voltage of 6, 9, and 12 Volts for 30 seconds. 
Similarly, key parameters such as sampling frequency, sound pressure level, and power spectral density have been obtained 
from sound signals and have been clustered and compared with open-source software. Validation results have shown that 
only Fuzzy silhouette width reports different results, although the difference does not affect the selection of the optimal 
number of clusters. Both FICA and the software has recommended the same number of clusters, which was 2, for the two 
and three dimensions. In conclusion, an integrated, user-friendly, and accurate clustering application for engineering data 
has been successfully developed. 

Keywords: Clustering, Clustering quality index, Coefficient of determination, Correlation coefficient, Fuzzy C-means, 
Optimal number of clusters 

1 Introduction 
Clustering is anunsuperviseddata mining method 

that is very important for complex decision-making in 
various domains. It is divided into hierarchical and 
non-hierarchical techniques. Subsequently, the 
hierarchical technique clusters data have similar 
characteristics in a structured manner where the 
number of clusters is unknown. The number of 
clusters is obtained by agglomerative (merging) and 
divisive (separating) methods. While the non-
hierarchical technique clusters a set of data based on 
centroids with a predetermined number of clusters. It 
is preferable for large data sets due to the higher 
speed than the hierarchical technique. 

Several clustering software tools are available, but 
most are developed using a programming language. 
Therefore, additional skills are needed to understand 
the algorithm and mathematical models as well as 
translate commands into the programming language 
for easy usage. Selecting relevant variables is crucial 

for meaningful clustering, avoiding empirical variable 
clusters.  

Determining the optimal number of clusters is a 
crucial task, often requiring the experimentation of 
different values. This is because many clustering 
algorithms optimize objective functions that may not 
be in line perfectly with the desired quality. 
Consequently, various algorithms may yield locally 
optimal solutions. To obtain an optimal objective 
function, it is important to evaluate the resulting 
partition to improve the quality through a process 
known as cluster validity. This method assesses the 
quality of clustering results, particularly useful for 
comparing different algorithms. 

Considering the importance of data clustering and 
the limited programming skills among engineering 
professionals, this research aims to develop an 
algorithm based on Fuzzy C-Means (FCM). This 
algorithm is implemented using an application known 
as Fuzzy-based Integrated Clustering Application 
(FICA). In this application, the optimal number of 
clusters is selected based on the clustering quality 
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indexes. Additionally, it presents correlation 
coefficient and coefficient of determination to 
measure the strength of the relationship between data. 

2  Materials and Methods 
One of the most popular adopted non-hierarchical 

techniques is K-Means, developed by MacQueen1. 
Subsequently, FCM, proposed by Dunn2 and later 
popularized by Bezdek3, was developed from 
K-Means using Fuzzy logic4to reallocate data into
each cluster. FCM has some advantages5,6, such as
including more effective and smoother results,
simpler, easy to implement, ability to clyahoo assify
larger datasets, robustness, and increased tolerance to
outliers. In addition, it is believed that FCM
outperforms K-Means in clustering data and has been
applied in engineering data analysis for over a
decade7.

FCM was used to construct FICA withthe use of 
commercial programming language software. The 
clustering process in FICA is summarized in Fig. 1. 
This process started with data input. If a data set Uis 
available, both input and output from Fuzzy system 
can be represented as follows: 

𝑈 ൌ ሺ𝑢ଵ,𝑢ଶ,𝑢ଷ, … ,𝑢௡ሻ …(1) 

The data is represented in the form of an n×m 
matrix which consists of anx and y-axis for two-
dimensional (2-D) clustering or x, y, and z-axis for 
three-dimensional (3-D) clustering. The form of the 
matrix Xij with data on the ith observation (i = 1, 2, 3, 
…, n) and the jth variable (j = 1, 2, 3, …, m) can be 
written: 

𝑋௜௝ ൌ ൦

𝑋ଵଵ 𝑋ଵଶ … 𝑋ଵ௠
𝑋ଶଵ 𝑋ଶଶ … 𝑋ଶ௠
⋮ ⋮ ⋱ ⋮
𝑋௡ଵ 𝑋௡ଶ … 𝑋௡௠

൪ …(2)

Subsequently, the expected smallest error/ 
threshold ξ, maximum iteration ɑmax, fuzziness w, and 
the maximum number of clusters C are also 
determined. 

Once all data inputs are completed, FICA proceeds 
to calculate the membership degrees, which show the 
probability of data points belonging to a particular 
cluster. The membership degree μik of the 𝑖th data in 
the kthcluster can be expressed as: 

𝜇௜௞ሺ𝑈௜ሻ𝜖ሾ0,1ሿwithሺ1 ൑ 𝑖 ൑ 𝑛; 1 ൑ 𝑘 ൑ 𝐶ሻ …(3) 

Random numbers of membership degree μik(i= 1, 2, 
3, …, n; k= 1, 2, 3, …, C),serving as elements in the 
initial partition matrix U can be expressed below: 

𝜇௜௞ ൌ

൦

𝜇ଵଵሾ𝜇ଵሿ 𝜇ଵଶሾ𝜇ଵሿ ⋯ 𝜇ଵ஼ሾ𝜇ଵሿ
𝜇ଶଵሾ𝜇ଶሿ 𝜇ଶଶሾ𝜇ଶሿ ⋯ 𝜇ଶ஼ሾ𝜇ଶሿ

⋮ ⋮ ⋱ ⋮
𝜇௡ଵሾ𝜇௡ሿ 𝜇௡ଶሾ𝜇௡ሿ ⋯ 𝜇௡஼ሾ𝜇௡ሿ

൪𝑤𝑖𝑡ℎ ∑ 𝜇௜௞
஼
௞ୀଵ ൌ

1     …(4) 

The total sum of each column in this matrix can be 
calculated by: 

Fig. 1 — The flow diagram of FICA. 
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𝑄௞ ൌ ∑ 𝜇௜௞
௡
௜ୀଵ               …(5) 

 

This process includes calculating the membership 
degree for each data and assigning each data to the 
nearest centroid, ensuring that data points within a 
cluster are as close to each other as possible and as far 
apart from members of other clusters as possible.  
A data point can belong to multiple clusters, reflecting 
the probability of its position in each cluster. The 
membership degree can be presented by arbitrary 
values in the interval from 0 to 18.This implies that 
the total membership degree of data across all clusters 
should be equal to 1. Data with a higher probability of 
belonging to one cluster will have membership degree 
close to 1,while for another cluster, it will be close to 
0. For example, a data point can have membership 
degree of 0.5 for cluster I, 0.3 for cluster II, and  
0.2 for cluster III. 

Once all clusters are formed, the centroid of the 
𝑘thcluster on the jth variable for each cluster is 
determined using the formula: 
 

𝑉௞௝ ൌ
∑ ൫ሺఓ೔ೖሻೢ௑೔ೕ൯
೙
೔సభ

∑ ሺఓ೔ೖሻೢ
೙
೔సభ

        …(6) 
 

The position of each data point is determined based 
on membership degree,using Euclidean distance9 as 
Fuzzy index, considering the predetermined number 
of clusters. The advantage of this method is that 
adding a new data point will not affect the distance 
between two existing data, allowing data points to be 
members of multiple clusters due to its ability to 
measure geometric distances in multi-dimensional 
space10,11,12. 

Euclidean distance between the matrix Xij and the 
centroid Vkj can be written as13: 
 

𝑑௜௞ ൌ 𝑑൫𝑋௜௝െ𝑉௞௝൯       …(7) 
𝑑௜௞ ൌ
ඥሺ𝑋௜ଵ െ 𝑉௞ଵሻଶ ൅ ሺ𝑋௜ଶെ𝑉௞ଶሻଶ ൅ ⋯൅ ሺ𝑋௜௠െ𝑉௞௠ሻଶ  
           …(8) 
 

Changes in the membershipdegree of partition 
matrix elements can be calculated by: 
 

𝜇௜௞ ൌ
ቂ∑ ൫௑೔ೕି௏ೖೕ൯

మ೘
ೕసభ ቃ

షభ
ೢషభ

∑ ቂ∑ ൫௑೔ೕି௏ೖೕ൯
మ೘

ೕసభ ቃ
షభ
ೢషభ೎

ೖసభ

 …(9) 

 

The number of clusters is selected based on the 
clustering quality indexes. Subsequently, several 
clustering quality indexes have been proposed in the 

literature, but none is perfect. Therefore, in this 
research, seven clustering quality indexes were used. 

Partition coefficient (PC) index introduced by 
Bezdek14is to measure the quality of clustering using 
membership degree of data. The optimal number of 
clusters is determined by the largest index value, 
ranging from 1/C to 1. Clusters with index value  
close to 1/C suggest that the clustering algorithm is 
struggling to group the data effectively. Therefore, 
clusters are considered more optimal when PC  
index value approaches 1. PC index value can be 
calculated by: 
 

𝑃𝐶 ൌ  
ଵ

௡
∑ ∑ ሺ𝜇௜௞ሻଶ

஼
௞ୀଵ

௡
௜ୀଵ      …(10) 

 

Bezdek14 also proposed classification entropy (CE) 
index to measure the degree of cluster blurring using 
the degree of membership and data. CE index value is 
in the range of 0 to ln(C). Clusters are considered 
more optimal when CE value approaches 0, showing a 
higher degree of data separation and less cluster 
blurring. CE index value can be calculated by: 
 

𝐶𝐸 ൌ െ
ଵ

௡
൫∑ ∑ ሺ𝜇௜௞ 𝑙𝑜𝑔ሺ𝜇௜௞ሻሻ

஼
௞ୀଵ

௡
௜ୀଵ ൯ …(11) 

 

To address the limitations of PC and CE indexes, a 
modified partition coefficient (MPC) index15 can be 
calculated by using the following formula10: 
 

𝑀𝑃𝐶 ൌ 1 െ
஼

஼ିଵ
ሺ1 െ 𝑃𝐶ሻ     …(12) 

 

Fuzzy silhouette width (FSW) proposed by 
Rousseeuw16is anextension of silhouette width index 
used to determine the optimal number of clusters 
using Fuzzy logic17. FSW index uses the membership 
degree on the matrix and silhouette width index. FSW 
index can be obtained using the following equation18: 

𝐹𝑆𝑊 ൌ
∑ ൫ఓ೔ೝି ఓ೔೜൯

ೢ೙
೔సభ ௌ೔

∑ ൫ఓ೔ೝ ିఓ೔೜൯
ೢ೙

೔సభ
 …(13) 

 

with: 
 

𝑆௜ ൌ
௕೔ି௔೔

maxሺ௕೔,௔೔ሻ
 …(14) 

 

𝑎௜ ൌ
ଵ

௡൫஼ሺ೔ሻ൯
∑ 𝑑௜௝௝∈஼ሺ೔ሻ  …(15) 

 

𝑏௜ ൌ min஼ೖ∈஼∖஼ሺ೔ሻ ∑
ௗ೔ೕ

௡ሺ஼ೖሻ
௝∈஼ሺೖሻ  …(16) 

 

where μiris the first largest element in the partition 
matrix, μiq is the second largest element in the 
partition matrix, aiis the mean distance between ith 
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data and other objects in the same cluster, bi is the 
mean distance between ith data and other objects in 
different clusters, dij is the distance between the ith and 
jth data, Ci is the distance between data in the same 
cluster, and Ck is the distance between data in the 
different clusters. 

Xie-Beni (XB) index proposed by Xie & Beni19 
calculates the compactness of the mean separation 
data between clusters. This includes the distance 
between the data points and their respective centroid 
as well as the distance between the different 
centroids20. A more optimal clusteris achieved when 
XB index value decreases12 but tends to change 
monotonically. To address this challenge, it is 
necessary to determine the maximum number of 
clusters that will be examined first. In addition, XB 
value is also influenced by the weighting rank, with a 
higher rank leading to a near-infinite XB value. It can 
be calculated by: 
 

𝑋𝐵 ൌ
∑ ∑ ሺఓ೔ೖሻೢ‖௑೔ି௏ೖ‖మ

಴
ೖసభ

೙
೔సభ

௡∗௠௜௡೔ೖ‖௏೔ି௏ೖ‖మ
    …(17) 

 

where ‖Xi-Vk‖ is the Euclidean distance from the 
data point Xi to the centroidVk, and ‖Vi-Vk‖ is the 
Euclidean distance between the centroids. 

The partition index (SC) measures the ratio of the 
sum of compactness and separation of clusters. It is  
a sum of individual cluster validity measures 
normalized by Fuzzy cardinality of each cluster.  
A lower value of SC shows a better partition, and it 
can be defined as21: 
 

𝑆𝐶 ൌ ∑ ∑ ሺఓ೔ೖሻೢ‖௑೔ି௏ೖ‖మ
೙
೔సభ

௡ ∑ ‖௏೔ି௏ೖ‖మ
೙
೔సభ

஼
௞ୀଵ  …(18)   

 

In contrast to SC,the separation index (S) uses a 
minimum-distance separation for partition validity. It 
is defined by21: 
 

𝑆 ൌ
∑ ∑ ሺఓ೔ೖሻమ‖௑೔ି௏ೖ‖మ

಴
ೖసభ

೙
೔సభ

௡௠௜௡೔ೖ‖௏೔ି௏ೖ‖మ
 …(19) 

 

To minimize variation within one cluster and 
maximize variation between clusters, the initial 
objective function is set at P0= 0. The objective 
function in theɑth iteration Pɑ can be calculated by: 
 

𝑃௔ ൌ ∑ ∑ ቀቂ∑ ൫𝑋௜௝ െ 𝑉௞௝൯
ଶ௠

௝ୀଵ ቃ ሺ𝜇௜௞ሻ௪ቁ
஼
௞ୀଵ

௡
௜ୀଵ    

                …(20) 
 

This iteration process calculates the centroid of the 
𝑘thcluster in the ɑth iteration, where ɑ = ɑ + 1. This 
process continues by repeatedly moving the centroid 

to various places as long as (i) the change in the 
membership degree is still above the threshold, (ii) the 
change in the centroid is still above the threshold, or 
(iii) the change in the objective function is still above 
the threshold. This process stops when the closest 
distance is obtained, there is no further transfer of 
objects between clusters or the maximum number of 
iterations has been reached, where|Pɑ-Pɑ-1|<ξ or 
ɑ>ɑmax. 

The relationship between clustered data can be 
determined. Subsequently, the correlation coefficient 
developed by Pearson22 is a measure of the linear 
relationship between two random variables and is 
used to measure the extent to which the points in the 
data lie around a straight line. For determining the 
correlation coefficient, the relationship between the 
variables should be linear. This factor estimates the 
interdependence between two random variables and 
represents the percentage value of a point that is the 
nearest to a line of best fit. The value varies between -
1 to +1, while 0 represents the absence of any 
correlation.  

A negative correlation indicates that when one 
variable increases, the other decreasesin accordance 
with a linear relationship. Meanwhile, a positive 
correlation value shows that as one variable value 
increases, the value of the second variable also 
increases, following a linear relationship. The 
correlation coefficient serves as dependable indicator 
of the strength of this linear relationship when 
therelationship between the variables is genuinely 
linear. However, when the relationship or pattern 
between these variables isnon-linear, the reliability 
and validity of the correlation coefficient diminish. 
Additionally, when a regression line intersects every 
point on a scatter plot, it can account for all 
variations, but as the line moves farther from these 
points, its ability to explain variations decreases. 

The Pearson correlation coefficient r between 
random variables X and Y can be written as: 
 

𝑟 ൌ
௡∑ ௑೔௒೔

೙
೔సభ ି൫∑ ௑೔

೙
೔సభ ൯൫∑ ௒೔

೙
೔సభ ൯

ටቂ௡∑ ௑೔
మ೙

೔సభ ି൫∑ ௑೔
೙
೔సభ ൯

మ
ቃቂ௡∑ ௒೔

మ೙
೔సభ ି൫∑ ௒೔

೙
೔సభ ൯

మ
ቃ
 …(21) 

 

where Xi and Yi are the values of the ith random 
variables X and Y, respectively, with i = 1, 2, 3, …, n. 

The coefficient of determination R2 developed by 
Wright23 explains the proportion of the total variation 
in the dependent variable values that can be accounted 
for by the independent variable through a linear 
relationship. The coefficient of determination value 
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ranges from 0 to 1 and can be obtained using the 
equation: 
 

𝑅ଶ ൌ 1 െ
∑ሺ௑೔ି௒೔ሻమ

∑ሺ௑೔ି௫̅ሻమ
       …(22) 

 

where x is the mean value. 
The development of FICA was started by 

translating the equations above into algorithms. These 
algorithms are displayed in a Graphical User 
Interface, making it easier for users. FICA is provided 
in the form of an executable file (*.exe) and a setup 
installation package which can be run directly on a 
computer with a minimum operating system of 
Windows 7, processor i3, memory 2 GB, Internet 
connection 10 Mbps and hard disk 64 GB. 

In Fig. 2, Part A provides a menu for uploading 
data for the x, y, and z axes. Part B contains the initial 

parameters, namely threshold, maximum iteration, 
fuzziness, and maximum number of clusters. By 
pressing the RUN button, FICA tabulates the  values 
for each clustering quality index in Part C. Part  
D displays the optimum value and number of clusters 
recommended by each clustering quality index. 
Visualization of the distribution of data selected based 
on the most recommendations in Part D is displayed 
in Part E. Finally, the correlation coefficient and 
coefficient of determination are displayed in Part F. 
 

3 Results and Discussion 
To test the capability, FICA was used to cluster 

sound signals acquired at vibration test rig (Fig. 3). 
This tool has a steel rod supported at both ends and 
exciter with unbalanced disc, which is installed in the 
middle of the rod. The disc was rotated by applying  
a voltage to exciter of 6, 9, and 12 Volts, with 

 
 

Fig. 2 — View of FICA. 
 

 
 

Fig. 3 — Process of measuring sound signals on vibration test rig. 
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1,468,7,545 and 10,906 radiant per minute, 
respectively. Sound signals at each voltage were 
measured with a sampling frequency of 11-20 kHz for 
30 seconds, and in total, 30 sound signals were 
obtained. During the measurement process, a sound 

level meter was also used to measure the sound 
pressure level (SPL)for each sound signal.  

Sound signals produced at the sampling frequency 
of 11-20 kHz are shown in Figs (4-6), and the  
SPL  values  are tabulated in Table  1. The  sampling  

 
 

Fig. 4 — Sound signals measured at 6 Volts with various sampling frequencies: (a) 11 kHz, (b) 12 kHz, (c) 13 kHz, (d) 14 kHz,
(e) 15 kHz, (f) 16 kHz, (g) 17 kHz, (h) 18 kHz, (i) 19 kHz, and (j) 20 kHz. 



INDIAN J ENG MATER SCI, JUNE 2025 
 
 

370

  

 
 
Fig. 5 — Sound signals measured at 9 Volts with various sampling frequencies: (a) 11 kHz, (b) 12 kHz, (c) 13 kHz, (d) 14 kHz,  
(e) 15 kHz, (f) 16 kHz, (g) 17 kHz, (h) 18 kHz, (i) 19 kHz, and (j) 20 kHz. 
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Fig. 6 — Sound signals measured at 12 Volts with various sampling frequencies: (a) 11 kHz, (b) 12 kHz, (c) 13 kHz, (d) 14 kHz,  
(e) 15 kHz, (f) 16 kHz, (g) 17 kHz, (h) 18 kHz, (i) 19 kHz, and (j) 20 kHz. 
 
frequency and SPL were then clustered with the 
threshold and the maximum iteration were 1E-9 and 
1E6, respectively. Meanwhile, the fuzziness was 
224and the maximum number of clusters was7. 

The number of clusters was selected based on the 
largest PC, MPC and FSW values and the smallest 
CE, XB, SC and S values. Therefore, FICA process 

started by calculating values generated from each 
index, and identified the maximum index values of 
PC, MPC, and FSW as well as the minimum index 
values of CE, XB, SC, and S, as tabulated in Table 2. 
Based on the index values, PC, CE, and S 
recommended 2 clusters, FSW and XB recommended 
5 clusters, and MPC and SC recommended 7 clusters. 



INDIAN J ENG MATER SCI, JUNE 2025 
 
 

372

The optimal number of clusters was 2 because it was 
recommended by most indexes, namely PC, CE, and 
S. As shown in Fig. 7, it only divided the data based 
on the sampling frequency in the x-axis, having a 
higher range compared to SPL in y-axis. Low 
sampling frequencies are in cluster 1 and high 
sampling frequencies are in cluster 2. Different 
conditions are shown in Fig. 8 with 5 clusters 
recommended by FSW and XB as well as in Fig. 9 
with 7 clusters recommended by MPC and SC. This 
method divided the data into smaller clusters.  

The correlation coefficient and the coefficient of 
determination between the sampling frequency and 
SPL were 0.187 and 0.035, respectively. This shows 
that there was a positive relationship between these 
two parameters, if the sampling frequency is high, 

then the noise is also high. Conversely, if the 
frequency is low, then the noise is also low. 

The constituent frequency components of sound 
signals were identified. One of the most commonly 
used methods in frequency domain analysis is power 
spectral density (PSD). It is an analysis spectrum 
taking into account the signal energy, which can be 
expressed as: 
 

𝑆ሺ௙ሻ ൌ  
ଵ

௡
ห𝑋ሺ௙ሻห

ଶ
       …(23) 

 

where X(f)is the complex frequency domain 
representation at frequency index to the input 
sequence in the time domain at time index x(i), stated 
by: 
 

𝑋ሺ௙ሻ ൌ ∑ 𝑥ሺ௜ሻ𝑒
ି௜మഏ೙ ೑೟௡ିଵ

௧ୀ଴      …(24) 
 

 
 

Fig. 7 — The 2-D FICA clustering results for 2 clusters. 
 

Table 1 — SPL values for each sound signal. 

Sampling 
frequency 

Voltages 

6 Volts 9 Volts 12 Volts 

11 kHz 76,7 83,3 88,5 
12 kHz 70,4 88 87,1 
13 kHz 67,7 85,2 85 
14 kHz 72,8 93 89,5 
15 kHz 85,2 87,5 97,7 
16 kHz 78,1 77,9 97,2 
17 kHz 75,7 84,1 87,3 
18 kHz 80 81,7 95,7 
19 kHz 79,9 94 87,6 
20 kHz 75,2 88,5 93,8 

 

Table 2 — Validation clusters for the 2-D resulted from FICA. 

Recommended number of clusters PC CE MPC FSW XB SC S 

2 0.855 0.244 0.711 0.789 0.060 3.605 0.270 
3 0.803 0.360 0.705 0.724 0.057 0.850 0.296 
4 0.775 0.433 0.700 0.708 0.055 0.327 0.326 
5 0.770 0.496 0.713 0.790 0.053 0.160 0.359 
6 0.740 0.512 0.688 0.682 0.065 0.093 0.380 
7 0.778 0.455 0.741 0.685 0.079 0.056 0.406 

 

 
 

Fig. 8 — The 2-D FICA clustering results for 5 clusters. 
 

 
 

Fig. 9 — The 2-D FICA clustering results for 7 clusters. 
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where f is the frequency, t is the time, and i is the 
imaginary unit. 

The resulting PSDsfor each sound signal are shown 
in Figs (10-12). The area of the PSD graphs was  
then calculated and became a parameter for the 3-D 
clustering. Other parameters used were the same as  

in the 2-D clustering, namely threshold of 1E-9, 
maximum iteration of 1E6, fuzziness of 2, and 
maximum number of clusters of 7. 

The values generated from each index are tabulated 
in Table 3. Based on the index values, the number of 
clusters selected was also 2 because it was recommended 

 
 
Fig. 10 — PSD of sound signals measured at 6 Volts with various sampling frequencies: (a) 11 kHz, (b) 12 kHz, (c) 13 kHz,
(d) 14 kHz, (e) 15 kHz, (f) 16 kHz, (g) 17 kHz, (h) 18 kHz, (i) 19 kHz, and (j) 20 kHz. 
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Fig. 11 — PSD of sound signals measured at 9 Volts with various sampling frequencies: (a) 11 kHz, (b) 12 kHz, (c) 13 kHz,  
(d) 14 kHz, (e) 15 kHz, (f) 16 kHz, (g) 17 kHz, (h) 18 kHz, (i) 19 kHz, and (j) 20 kHz. 
 

by the majority of the indexes, including PC, CE, 
FSW, and S. Meanwhile, XB suggested 5 clusters, 
while MPC and SC recommended 7 clusters. The 
clustering results for 2, 5, and 7 clusters are shown in 
Figs (13-15), respectively. These divisions were 
primarily based on the sampling frequency along the 
x-axis, as it had the widest compared to SPL along the 

y-axis and PSD along the z- axis. The smaller number 
of clusters resulted in a finer subdivision of the data. 

The correlation coefficient and the coefficient of 
determination between the sampling frequency and 
PSD were -0.21 and 0.044, respectively. Anegative 
correlation indicated that as the sampling frequency 
increased, the PSDdecreased, and vice versa.  
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Table 3 — Validation clusters for the 3-D resulted from FICA. 

Number of clusters PC CE MPC FSW XB SC S 

2 0.855 0.244 0.711 0.789 0.060 3.605 0.270 
3 0.803 0.360 0.705 0.724 0.057 0.850 0.296 
4 0.775 0.433 0.700 0.708 0.055 0.327 0.326 
5 0.770 0.496 0.713 0.789 0.053 0.160 0.359 
6 0.740 0.512 0.688 0.682 0.065 0.093 0.380 
7 0.777 0.461 0.739 0.685 0.078 0.051 0.406 

 

 
 

Fig. 12 — PSD of sound signals measured at 12 Volts with various sampling frequencies: (a) 11 kHz, (b) 12 kHz, (c) 13 kHz,  
(d) 14 kHz, (e) 15 kHz, (f) 16 kHz, (g) 17 kHz, (h) 18 kHz, (i) 19 kHz, and (j) 20 kHz. 
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Fig. 13 — The 3-D FICA clustering results for 2 clusters. 
 

 
 

Fig. 14 — The 3-D FICA clustering results for 5 clusters. 

 

 
 

Fig. 15 — The 3-D FICA clustering results for 7 clusters. 
 

 

Meanwhile, the correlation coefficient and the 
coefficient of determination between SPL and PSD 
were 0.658 and 0.433, respectively. This showed a 
stronger relationship between SPL and PSD compared 
to the relationship between sampling frequency and 
SPL or sampling frequency and PSD. 

To validate the results, the open-source software R 
was used, which was a statistical software developed 
by Ross Ihahka and Robert Gentlemen. The software 
used the S programming language developed by John 
Chambers and colleagues at Bell Laboratories25 and 
yielded satisfactory results in clustering strain 
signals26. 

The analysis performed with R software provided 
clustering quality indexes, as shown in Table 4.  
When compared with the values obtained from  
FICA, only FSW values showed differences for all 
clusters. Meanwhile, the other indices differed  
only for the 7th cluster. The value of R software was 
higher than the value obtained by FICA. The most 
significant difference occurred in the 4thand 6th 
clusters, namely 14%.  

The differences did not affect the determination of 
the optimal number of clusters. The optimal number 
of clusters obtained from R software matched the 
recommendation of FICA, with 2 clusters being 
selected based on the guidance of PC, CE, FSW, and 
S. Meanwhile, XB suggested 5 clusters, while MPC 
and SC recommended 7 clusters. The 2-D clustering 
result generated by R software is depicted in Fig. 16. 
Visually, there was no discernible from the clustering 
results produced by FICA, as shown in Fig. 7. 
However, FICA graph is more interactive and flexible 
for editing. The correlation coefficient obtained was 
0.187 while the coefficient of determination was 
0.035. This value was the same as that obtained by 
FICA. 

In the 3-D clustering analysis, Table 5presents the 
clustering quality indexes obtained from R software. 
When compared with FICA, differences also occurred 

Table 4 — Validation clusters for the 2-D resulted from R software. 

Number of clusters PC CE MPC FSW XB SC S 

2 0.855 0.244 0.711 0.843 0.060 3.605 0.270 
3 0.803 0.360 0.705 0.822 0.057 0.850 0.296 
4 0.775 0.433 0.700 0.825 0.055 0.327 0.326 
5 0.770 0.496 0.713 0.794 0.053 0.160 0.359 
6 0.740 0.512 0.688 0.795 0.065 0.093 0.380 
7 0.783 0.445 0.747 0.785 0.107 0.066 0.400 
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in FSW index, while the other indexes were the same. 
The value of R software was higher than the value 
given by FICA. The biggest difference occurred in the 
7th cluster, namely 15%. However, the optimal 
number of clusters obtained from FICA was also the 
same as that recommended by R software. The 
number of clusters of 2 was selected based on the 
recommendations of PC, CE, FSW, and S. 
Meanwhile, XB recommended 5 clusters as well and 
MPC and SC recommended 7 clusters. 

The 3-D clustering using R software is shown  
in Fig. 17. In contrast to FICA graph in Fig. 13, 

additional capabilities are required to edit the  
R-generated graph. For the relationship between 
sampling frequency and PSD, the correlation 
coefficient was -0.21 and the coefficient of 
determination was 0.044. Meanwhile, regarding the 
relationship between SPL and PSD, the correlation 
coefficient was 0.658 and the coefficient of 
determination was 0.433. These values were also the 
same as the values obtained by FICA. 
 
4  Conclusion 

This research aimed to develop a clustering 
application called FICA. This application's advantage 
lies in its ability to determine the optimal number of 
clusters by considering recommendations from 
various clustering quality indexes, including PC, CE, 
MPC, FSW, XB, SC, and S. The correlation 
coefficient and coefficient of determination are also 
shown. For simulation purposes, sampling frequency, 
sound pressure level, and power spectral density of 
sound signals were clustered and the results were 
compared to an open-source software. Based on the 
comparison, the same number of clusters was 
recommended. This means that, with just a few easy 
steps, users can obtain data clustering in the 2-D or 
the 3-D views as well as more accurate relationships 
between data. 
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