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Abstract
Fuzzy clustering techniques are commonly applied to manage intricate data patterns 

using fuzzy partitioning methods. However, their performance deteriorates in presence of 
noise/outliers and higher-dimensional spaces. To address these limitations, we propose 
a hybrid algorithm DOFCM-PSO which hybridizes the Density-Oriented Fuzzy C Means 
clustering technique with metaheuristic algorithm, Particle Swarm Optimization to leverage 
their respective strengths. The proposed algorithm addresses the challenges of noisy 
datasets in higher dimensional spaces and provides a promising solution. We evaluate and 
compare the performance of DOFCM-PSO with existing algorithms on three benchmark 
datasets (Iris, Wine, and Glass), four real-world digital images, and three breast cancer image 
datasets. The experimental results demonstrate that DOFCM-PSO consistently outperforms 
all other algorithms. By effectively integrating DOFCM and PSO, our algorithm achieves 
improved accuracy, robustness, and stability in various applications. The findings highlight 
the potential of DOFCM-PSO as a valuable tool for real-world applications.

Subject Classification:  Primary 93A30, Secondary 49K15.

Keywords: Fuzzy Clustering, Metaheuristic Algorithms, Optimization.

1.  Introduction

Fuzzy C-Means, developed by Bezdek et al. [1] performs well with 
noise-free data but struggles with distinguishing between data points and 
outliers. To address this, various algorithms like Possibilistic C-Means and 
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Noise Clustering [2] have been proposed. However, these methods often 
face difficulties when dealing with clusters of varying sizes [3]. 

To handle the problem of clusters with unequal sizes, Zang and Chen 
[4] introduced the Kernelized Fuzzy C Means Algorithm (KFCM) which 
utilizes a radial basis kernel function. In 2011, Chaira [5] introduced the 
Intuitionistic Fuzzy C Means (IFCM) algorithm which enhances the 
convergence of cluster centers by integrating a hesitation degree [6], [7]. 

Kernelized Intuitionistic Fuzzy C Means (KIFCM) algorithm 
proposed by Lin [8] effectively handles non-linearly separable data which 
utilizes a radial basis kernel function. But all these algorithms fail to 
handle noisy data. To handle the noisy data Kaur et al [9] introduced the 
Density Oriented Fuzzy C Means Clustering (DOFCM) algorithm by 
using density and neighborhood membership for noise detection and 
removal. However, these algorithms often struggle in high-dimensional 
spaces [10].

To address the difficulties fuzzy clustering algorithms encounter in 
high-dimensional spaces, researchers have created hybrid approaches 
that combine global optimization techniques with fuzzy clustering 
methods [11], [12]. These approaches treat the FCM clustering task as an 
optimization problem, seeking to enhance results by optimizing the 
objective function [13].

Reddy and Khare [14] integrated the firefly-bat method with FCM, 
utilizing the resulting clusters as input for an artificial neural network to 
diagnose diabetes. Jansi and Subashini [15] developed a hybrid algorithm 
that combines FCM with Genetic Algorithm (GA) for segmenting brain 
Magnetic Resonance Imaging (MRI) scans. 

To overcome the problem of global search, researchers [11], [16]–[19] 
have hybridized fuzzy clustering algorithm with PSO which is an efficient 
heuristic algorithm known for its effectiveness in solving global 
optimization problems [12]. This hybrid approach provides more stable 
and accurate clustering results. However, these algorithms tend to be 
vulnerable to noise and outliers, which can interfere with the clustering 
process and undermine the reliability and precision of the results.

To tackle the challenge of noise/outliers, we introduce DOFCM-PSO, 
a novel algorithm that combines the DOFCM fuzzy clustering method 
with the PSO optimization algorithm. DOFCM detects noisy points by 
analyzing neighborhood density, isolating them into a separate cluster, 
while PSO, known for its efficiency in solving complex global optimization 
problems, enhances the clustering process. This paper focuses on applying 
DOFCM-PSO for breast cancer detection. Radiologists analyze 
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mammogram images to identify abnormalities such as cell masses and 
microcalcifications, which can suggest the presence of cancer [20]–[22]. 

The primary contribution of our study in this paper can be outlined as 
follows:
•	� Hybridized DOFCM-PSO: In this study, we propose an innovative 

hybrid algorithm that synergizes the strengths of DOFCM and 
PSO, enhancing both clustering accuracy and noise handling 
capabilities. This integration allows us to enhance DOFCM’s noise 
elimination capabilities, with the fitness function in DOFCM-PSO 
being derived from DOFCM’s objective function. By utilizing PSO’s 
global optimization abilities, our approach significantly improves 
clustering outcomes.

•	� Evaluation on Real-time Data Sets and Medical Images: To assess 
our algorithm’s effectiveness, we conduct extensive experiments 
using three real-time datasets, four real-world digital images, and 
three mammogram images. We specifically focus on mammogram 
segmentation for early tumor detection and compare our algorithm’s 
performance with existing hybrid methods, including FCM-PSO, 
IFCM-PSO, KFCM-PSO, and KIFCM-PSO.

The structure of this paper is outlined as follows:
Section II: Review of Hybridized Fuzzy Clustering Algorithms 
Section III: Methods and Materials
Section IV: Proposed Algorithm - Hybridized DOFCM with PSO
Section V: Experimental Analysis and Results
Section VI: Conclusion

2. Related Work

This section offers a concise review of various hybrid fuzzy clustering 
algorithms, such as FCM-PSO, KFCM-PSO, IFCM-PSO, and KIFCM-PSO. 
The analysis and comparison of these algorithms are conducted with 
respect to the chosen datasets T= {t1, t2, t3……… tn} 

Where, n: number of points in two-dimensional spaces, :e  Minimum 
improvement: 1–5, cenk: centroid of kth cluster, and tc: count of clusters, that 
ranges from [1, tc], OJ: objective function, mbik: degree of membership with 
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respect to ti in k cluster, disji: Euclidian distance between given point ti and 
ceni center point of ith cluster [19]. 

2.1 Hybridized FCM with PSO 

Input Given: Dataset T, population size SP, cognitive and social 
coefficients sc1 and sc2, maximum iteration matrix MaxIt, inertia weight 
w.

Output: Get the accuracy as output.

2.2 Hybridized KFCM with PSO 

Input Given: Dataset T, population size SP, cognitive and social 
coefficients sc1 and sc2, maximum iteration matrix MaxIt, inertia weight 
w.

Output: Get the accuracy as output.

2.3 Hybridized IFCM with PSO 

Input Given: Dataset T, population size SP, cognitive and social 
coefficients sc1 and sc2, maximum iteration matrix MaxIt, inertia weight 
w.
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Output: Get the accuracy as output.

2.4 Hybridized KIFCM with PSO 

Input Given: Dataset T, population size SP, cognitive and social 
coefficients sc1 and sc2, maximum iteration matrix MaxIt, inertia weight 
w, threshold value α.

Output: Get the accuracy as output.

3. Materials and Method

This section provides an overview of the DOFCM algorithm and PSO 
method utilized in this research. 

3.1 Density Oriented Fuzzy C Means (DOFCM) Clustering Algorithm 

DOFCM seeks to detect noise within a dataset by analyzing the 
density of data points. It distinguishes noisy points by assessing the 
number of neighboring data points in their vicinity. The calculation of the 
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neighborhood membership for a given point “i” in the dataset T is defined 
as follows: 

	 ( )
i
neighborhoodi

neighborhood max
M X h

h
=  	 (23)

Where i
neighborhoodh  = Neighborhood count of data points and maxh = 

maximum neighborhood points
If point ‘j’ is part of the neighborhood of point ‘i’, then ‘j’ will fulfill 

the following condition: 

	
 | ( , ) neighborhoodj T dis i j rad∈ ≤
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Objective function, DOFCMOJ  is calculated as:
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Where 	 ik i kdis t cen= −   	 (26)

3.2 Particle Swarm Optimization (PSO)

This is an optimization approach grounded in the concept of swarm 
intelligence. In an M dimensional space, the total number of particles is 
represented by t. 
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Each particle’s position is adjusted using the following equation. 

	
1n n n

i i iI I Vel+ = +  	 (28)
Here i=1, 2, 3… t represents different particles. 1sc  and 2sc  are known 

as the accelerated constants; the values of 1r  and 2r  fall within the range of 
[0,1] while ‘n’ denotes the evolutionary epochs.

4. Proposed Algorithm DOFCM-PSO

The DOFCM algorithm[23], has garnered attention for its effectiveness 
in outlier detection and removal. However, while DOFCM excels in 
handling outliers, it may encounter challenges to solve global optimization 
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problem in higher dimensional space. To overcome this constraint, we 
introduce a novel hybrid algorithm by hybridizing the distinctive features 
of DOFCM and PSO. By incorporating the global optimization capabilities 
of PSO, our hybrid approach further optimizes the results obtained from 
DOFCM, leading to improved clustering outcomes. The structure of the 
proposed method is illustrated in Figure 1

The algorithm is shown below:

Input Given: Dataset T, population size SP, cognitive and social coefficients 
sc1 and sc2, maximum iteration matrix MaxIt, inertia weight w, threshold 
value α, fuzziness index m.

Output: Get the accuracy as output.

Figure 1
DOFCM-PSO Framework
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5. Experimental Results and Analysis

In this study, we assessed our proposed algorithm’s performance 
across three benchmark datasets- Iris, Wine, and Glass-along with four 
real-world digital images and three medical image datasets. Section 5.1 
compares our DOFCM-PSO algorithm with other hybrid methods, 
including FCM-PSO, IFCM-PSO, KFCM-PSO, and KIFCM-PSO, using 
established datasets. Sections 5.2 and 5.3 evaluate the algorithm’s 
performance on real-world digital and medical image datasets, respectively.

5.1 Real Data Sets

To evaluate the effectiveness of the proposed method, we utilized 
three benchmark datasets: Iris, Wine, and Glass, sourced from the UCI 
Machine Learning Repository. Table 1 presents the characteristics of these 
real time datasets.

Table 1
Properties of datasets

Figures 2-4 present scatter plots of the optimized fuzzy clustering 
results for the Glass, Iris, and Wine datasets. Figures 5-8 and Table 2 show 
the performance metrics of the algorithms, including accuracy, F1 score, 
MCC, and Kappa coefficient. 

Figure 2
Optimized clustering results for Glass Dataset
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Figure 3
Optimized fuzzy clustering results for Iris Dataset

Figure 4
Optimized fuzzy clustering results for Wine Dataset

Figure 5
Performance of algorithms baed on Accuracy
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Figure 6
Performance of algorithms baed on F1 score

Figure 7
Performance of algoritms based on MCC

Figure 8
Performance of algorithms based on Kappa coefficient
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Table 2
Results of performance criterial for hybridized fuzzy clustering algorithms

Table 2 showcases the comparative performance of various optimized 
fuzzy clustering methods, including the DOFCM-PSO algorithm proposed 
in this study. According to the results, the DOFCM-PSO algorithm achieves 
the highest accuracy among all the optimized fuzzy clustering methods. 
For the glass dataset, the DOFCM-PSO algorithm achieves an accuracy of 
approximately 96%. Similarly, for the Iris and Wine datasets, the DOFCM-
PSO algorithm demonstrates an accuracy rate of 88% in both scenarios.
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5.2 Real-World Digital Images

This section presents an assessment of the algorithms’ performance 
using authentic digital images sourced from real-world scenarios, 
presented in RGB formats. The images used for experimentation include a 
bacteria image, a fruits image, a hand image, and a Lena image, as shown 
in Figure 9 (a-d). Figures 10a, 11a,12a and 13a show the corresponding 
noisy images, where Gaussian noise with a variance of 0.05 is added to 
evaluate the algorithm’s performance. We analyze the segmentation 
results of these images using different algorithms, and the corresponding 
validity measures partition entropy (CVPC), partition coefficient (CVPE) and 
Fukuyama-Sugeno function (CVFS) are presented in Tables 4-6. For the 
bacteria image, Figure 10 and related tables show that DOFCM-PSO excels 
in accurately segmenting bacteria regions without noise. KFCM-PSO also 
detects bacteria, but its results are noisy, as are the outputs of other 
algorithms. In the fruits image (Figure 11), DOFCM-PSO effectively 
reduces noise but slightly blurs the fruits. FCM-PSO offers clearer 
segmentation with less noise, while other algorithms struggle with clarity. 
For the hand image (Figure 12), DOFCM-PSO is the only algorithm that 
segments without noise. KFCM-PSO, IFCM-PSO, and FCM-PSO also 
perform well with minimal noise, but KIFCM-PSO shows the worst 
performance. In the Lena image (Figure 13), DOFCM-PSO again leads, 
accurately segmenting all regions without noise. FCM-PSO follows, but 
other algorithms suffer from varying levels of noise interference. Overall, 
DOFCM-PSO consistently outperforms others with minimal noise.

Figure 9
Real World digital images
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Figure 10
Segmented Outcomes for Bacteria Image

Figure 11
Segmented Outcomes for Fruits Image

Figure 12
Segmented Outcomes for Hands Image
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Figure 13
Segmented Outcomes for Lena Image

5.3 Mammogram Image Segmentation

This section evaluates various algorithms on mammogram images 
from the MIAS database, with segmentation results and validity measures 
detailed in Tables 4-6. Figures 14a, 15a, and 16a show mammograms 
labeled as mdb001, mdb005, and mdb132. In mdb001, a single lump is 
highlighted (Figure 14b), while mdb005 has two lumps and ducts (Figure 
15b), and mdb132 has two small lumps (Figure 16b). Gaussian noise 
(variance 0.005) is added to these images (Figures 14c, 15c, 16c) to test 
noise-handling. KIFCM-PSO struggles with noise and lump detection in 
mdb001, while IFCM-PSO slightly improves but remains inadequate. 

Figure 14
a)Real Image-mdb001, b) Marked Image, c) Noisy Image d) Segmented out-
come using DOFCM-PSO, e) Segmented outcome using FCM-PSO, f) Seb-

mented outcome using KFCM-PSO g) Segmented outcome using IFCM-PSO, 
h) Segmented outcome using KIFCM-PSO
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FCM-PSO and KFCM-PSO perform better, but DOFCM-PSO excels in all 
scenarios. In mdb005, KIFCM-PSO fails to detect both lumps, while FCM-
PSO, IFCM-PSO, and KFCM-PSO detect only one. DOFCM-PSO 
successfully identifies both lumps. In mdb132, KIFCM-PSO only identifies 
the breast region. IFCM-PSO and KFCM-PSO also perform poorly, while 
FCM-PSO detects just one lump. DOFCM-PSO consistently outperforms 
other methods, accurately identifying lumps in shape and size.

Figure 15
a)Real Image-mdb005, b) Marked Image, c) Noisy Image d) Segmented out-
come using DOFCM-PSO, e) Segmented outcome using FCM-PSO, f) Seb-

mented outcome using KFCM-PSO g) Segmented outcome using IFCM-PSO, 
h) Segmented outcome using KIFCM-PSO

Figure 16
a) Real image-mdb132, b) Marked Image, c) Noisy Image d) Segmentd outcome 

using DOFCM-PSO, e) Segmented outcome using FCM-PSO, f) Sebmented 
outcome using KFCM-PSO g) Sebmented outcome using IFCM-PSO, h) Seg-

mented outcome using KIFCM-PSO
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Table 4
Results of peformance criteria based on CVPC for all the techniques

Table 5
Results of peformance criteria based on CVPE for all the techniques

Table 6
Results of peformance criteria based on CVFS for all the techniques

6. Conclusion 

In this study, we present the DOFCM-PSO algorithm as an innovative 
solution for managing noisy data. We evaluated its performance against 
four existing optimized fuzzy clustering algorithms using a range of 
datasets, including benchmarks, digital images, and mammograms. The 
assessment was based on several validity measures, including accuracy, 
MCC, F1 score, Kappa coefficient (ϗ), and cluster validity functions for 
image segmentation. Our findings demonstrate that DOFCM-PSO 
outperforms all other methods, achieving an outstanding accuracy of 
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99.74%. FCM-PSO ranked second, while KIFCM-PSO showed the weakest 
performance with 60.68% accuracy. This research underscores the 
importance of noise reduction preprocessing, leading to significant 
improvements in segmentation accuracy. The results confirm the efficiency 
of DOFCM-PSO, positioning it as a superior choice for fuzzy clustering 
tasks.
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