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 This paper presents a fuzzy logic clustering algorithm oriented to image 

segmentation and the procedure designed to evaluate its performance by 

varying two parameters: the number of clusters (c) and the diffusivity 

parameter (m), which leads to the conclusion that an adjusted number of 

clusters is sufficient to recognize main elements of the image, but a more 

detailed reconstruction requires a higher number of clusters. Also, the 

diffusivity parameter influences the smoothness of the boundaries between 

clusters, low values generate a segmentation with more abrupt transitions 

and sharper contours, high values smooth the segmentation, its excessive 

increase may cause the elements to merge, losing details. In general, the 

balance between these two parameters is key to obtaining an effective 

segmentation. Three validation scenarios were used, the first two allowed to 

establish the most appropriate parameters for segmentation, regulating the 

clusters to a maximum of 4 and keeping the diffusivity level at 2.0, the third 

scenario validated the algorithm with real images of industrial cleaning 

products, all with noise, establishing the computational cost and processing 

times for images of 350×350 and 2000×3000 pixels resolution. In 

conclusion, applications of the algorithm are foreseen in automatic quality 

control and inventory control of finished products and raw materials, thanks 

to its high efficiency and low response time, even in scenarios involving 

noisy and large images. 
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1. INTRODUCTION 

Currently, research using fuzzy logic algorithms maintains a strong interest in the scientific 

community, developing new methods of application of this artificial intelligence (AI) technique [1]–[3]. 

So that the inclusion of AI under industry 4.0 [4] has adopted fuzzy logic from different fronts such as risk 

assessment [5], expert-based classification [6], marketing decision strategies [7], and product quality 

validation [8]. Fuzzy clustering techniques are being employed in applications such as photoacoustic 

sensor response analysis [9], speech signal evaluation [10], in medicine [11], agriculture [12], and mainly 

in image segmentation [13]–[15]. Applications of fuzzy clustering are also already industry-oriented: in 

the determination of load profiles [16], clustering of consumers' big data [17], and tool wear monitoring in 

micro-milling [18]. Industry 4.0 and 5.0, revolutionized by developments in AI, incorporate among the 

algorithms used those associated with fuzzy systems [4], [19]. This technological integration allows 

decision making in intelligent manufacturing processes [20], analytical decision making in intelligent 
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agriculture [21], sustainable logistics [22] and others that enhance the capabilities of the so-called smart 

factories [23] and homes [24]. 

With the exposed boom of fuzzy logic and its use in industry, this article shows the implementation 

and validation of a fuzzy clustering algorithm to determine the segmentation characteristics in images that 

can be used in industrial environments for identification and/or classification of products. For which the 

algorithm is implemented in Python language and the parameters of use are established based on the number 

of groups (c) and variations in the level of diffusivity (m). Thus, determining the features that best fit the 

identification of industrial cut products, validated with images of cleaners in industrial packaging. This article 

is divided into four sections, the present state of the art and introduction, the methodology employed, the 

analysis of the results obtained and finally the conclusions reached.  

 

 

2. METHOD 

The fuzzy c-means algorithm, implemented in Python, is used for image segmentation. This 

algorithm classifies each pixel of the image into one of the c clusters, assigning a fuzzy degree of 

membership (m) to each cluster. The process is based on iterative optimization of an objective function and 

parameter updating, which yields a flexible segmentation that is then reduced to assigning each pixel to the 

cluster with the highest membership. 

The input color image is treated as a set of pixels, where each pixel is represented by three red, 

green, and blue (RGB) components, this representation allows the image to transform into a data matrix 

where each row is a pixel, and the columns are the color channels. The membership matrix U of size c×N is 

randomly initialized where N is the total number of pixels, each element μ_ik represents the degree of 

membership of pixel x_k to cluster i and is normalized so that the sum of memberships for each pixel is 1 

since this way each set of values can be interpreted as a probability distribution. The algorithm seeks to 

minimize the objective function in (1). Where Q corresponds to the objective function, c is the number of 

clusters or fuzzy groups whose value is to be determined, N corresponds to the total number of pixels in the 

image, which can be variable, 𝑥𝑘  represents the intensity value of pixel 𝑘, 𝜇𝑖𝑘  is the degree of belonging of 

pixel to cluster i, m is the diffusivity parameter and finally, 𝑣𝑖 corresponds to the centroid of cluster i.  

 

Q  =   ∑ ∑ 𝜇𝑖𝑘
𝑚𝑁

𝑘=1
c
i=1 ||xk  −  vi||

2
  (1) 

 

The iterative algorithm updates the parameters (centroid of each cluster and degree of pixel 

belonging to the cluster) in two main steps that alternate until convergence. The first step is the computation 

of each centroid 𝑣𝑖 (2), which is calculated as the weighted average of all pixels, where the weights are the 

memberships raised to the m power. The second step is the update of the membership matrix, where once the 

centroids have been calculated, the membership of each pixel to each cluster is recalculated using (3). 

 

𝑣𝑖 =
∑ μ𝑖𝑘

𝑚𝑁
𝑘=1 𝑥𝑘

∑ μ𝑖𝑘
𝑚𝑁

𝑘=1
  (2) 

 

𝑢𝑖𝑘 =
1

∑ (
||𝑥𝑘−𝑣𝑖||

||𝑥𝑘−𝑣𝑗||
)

2
𝑚−1

𝑐
𝑗=1

  (3) 

 

This adjusts the membership of each pixel according to its relative distance to all centroids.  

It assigns a higher value to the cluster whose centroid is closest. The process of updating the centroids and 

the membership matrix is repeated until the difference between the membership matrix between two 

consecutive iterations is less than an error threshold ε=0.005 or a maximum of 100 iterations is reached 

(parameters defined by the authors). 

Once convergence is reached, we proceed to perform image segmentation using two approaches. 

The segmentation by labels is performed by assigning to each pixel the cluster corresponding to the 

maximum value of the membership matrix. The resulting vector is reordered to have the same shape as the 

original image, applying a color mapping that visually represents each cluster with a different color, 

facilitating the interpretation of the segmentation by labels. In addition, a color segmented image is 

generated, replacing each pixel of the original image by the color of the centroid corresponding to the cluster 

to which it was assigned, this is done using the calculated centroids that represent the average color of each 

cluster. The result is an image in which each pixel adopts the representative color of its cluster, which allows 

to visually appreciate the grouping of colors in the image. To evaluate the performance of the algorithm, tests 

were performed on a set of images by varying two main parameters, the number of clusters (c) and the 
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diffusivity parameter (m), to analyze their impact on the variation of the segmentation of each image, 

following the procedure represented in the flowchart in Figure 1. Tests were conducted using an Intel Core i9 

laptop, 24 GB of RAM, and an NVIDIA GeForce RTX 4080 graphics card. 

 

 

 
 

Figure 1. Methodology flowchart 

 

 

3. RESULTS AND DISCUSSION 

The first test image used was a photograph of red flowers on a blue background showing distinct 

colors [25]. Initially the algorithm was applied with 4 clusters, showing two shades in the sky, the grass and 

the flowers and a diffusivity parameter of 2.0. The result was a generalized segmentation as shown in  

Figure 2 where the left part shows the original image, the central part shows the segmentation by labels, and 

the right part shows the segmentation by centroid colors. 

In the segmentation by labels, it is observed that the algorithm separated the most dominant regions 

of the image as expected. The sky was divided into two areas, which reflects the light gradient present in the 

original image. The flowers were grouped in a single cluster and the background vegetation was assigned in 

another, however, due to the reduced number of clusters, the central parts of the flowers that have another 

color present some mixture with the background vegetation.  

This is also evident in the segmentation with colors, which shows a visual simplification in which a 

general representation of the image is obtained, but with loss of details in smaller elements and subtle changes 

of the illumination. Additional tests were performed by changing the value of m to 1.5, 2.5, 3.0, however, the 

results do not show significant changes. For this reason, a new segmentation was performed with 4 clusters 

and a diffusivity parameter of 5.0 (see Figure 3 where the left part shows the original image, the central part 

shows the segmentation by labels, and the right part shows the segmentation by centroid colors). 

The second test image is a field of sunflowers [26], presenting a more challenging segmentation due 

to pattern repetition and color similarity between elements. Initially, the algorithm was applied with 5 

clusters, differentiating clouds, sky, flower leaves, yellow petals and sunflower centers, and a diffusivity 

parameter of 2.0 was applied, resulting in a generalized segmentation as seen in the upper part of Figure 4, 

there, the left part shows the original image, the central part shows the segmentations by labels and the right 

part shows the segmentations by centroid colors. In this test, some of the main elements are identified,  
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the petals present differences in their tonality, however, the result reveals a deficiency among the plant 

elements, since the leaves and flower centers are grouped in the same cluster, showing that this configuration 

is not sufficient to capture all the details that were expected. A segmentation with 20 clusters was tested to 

evaluate the ability of the algorithm to capture more details and textures in the image. A detailed 

segmentation is observed in the lower part of Figure 4, where the centroid reconstruction achieves a replica 

almost equal to the original image. 

 

 

 
 

Figure 2. Results first image, c=4, m=2.0 

 

 

 
 

Figure 3. Results first image, c=4, m=5.0 

 

 

 
 

Figure 4. Results second image, c=5 (upper), c=20 (lower), m=2.0 

 

 

With these previous results and considering that for the algorithm proposed by Huang et al. [13] to 

work well, the number of clusters for an image to be segmented must be predefined, the most appropriate 

parameters for segmentation are established, regulating the clusters to a maximum of 4 and keeping the 

diffusivity level at 2.0, given its low impact with small groups, the algorithm is evaluated again with real 

images of industrial cleaning products with variations from 2 to 4 clusters, as shown in Figure 5. Just as 

Huang et al. [13] and Cui et al. [14] used images that include noise in their tests, in this third scenario 

photographs that reflect light on the surface are used, it can be evidenced that color segmentation allows 

performing clear product discrimination even under such conditions, with an algorithm of low computational 

cost, the source file weighs less than 11 KBytes, which is favorable when compared to the image 

segmentation algorithm proposed by Song et al. [15] that does not offer the highest computational efficiency, 
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despite being robust and adaptable. Additionally, the processing times in the classification are in the order 

2.53 seconds for images of resolution 350×350 pixels and 4 clusters, using the intuitionistic fuzzy local 

information c-means (IFLICM) algorithm of Cui et al. [14] for this same resolution the segmentation time of 

each image is higher than 200 seconds, in general the time increases with the resolution of the images, so the 

algorithm was validated with images of resolution 2000×3000 pixels with times of 3.5 minutes on average, 

values that contrast with the high time complexity of the algorithm proposed by Huang et al. [13]. The results 

in Figure 6 can be used for label-independent segmentation, which with 3 clusters highlights the product type 

well and thus facilitates further processing by AI algorithms such as artificial neural networks (ANN) and 

convolutional neural networks (CNN). 

 
 

 
 

Figure 5. Industrial product segmentation 

 
 

 
 

Figure 6. Label product segmentation 

 

 

4. CONCLUSION  

The number of clusters (c) must be carefully selected depending on the purpose of the segmentation, 

if the objective is to recognize the main elements of the image, a small number is sufficient, however, if a 

more detailed reconstruction is sought, it is necessary to use a higher number of clusters, in addition, a too 

low number can generate loss of essential information. The diffusivity parameter (m) influences the 

smoothness of the boundaries between clusters, low values generate a segmentation with more abrupt 

transitions and sharper contours, higher values smooth the segmentation, reducing the contrast between 

regions, excessive increase of this parameter may cause the elements to merge, losing important details. The 

balance between the number of clusters and the diffusivity is key to obtain an effective segmentation, since it 

allows capturing both the general structure and the relevant details of the image. It is possible to conclude 

that for complex segmentations as presented in the industrial products used, fuzzy clustering facilitates the 

extraction of characteristics for product identification. Being a complement of support to the techniques of 

pattern recognition by neural networks or deep learning. After the tests, it is observed that the algorithm 

presents a low computational cost, reasonable processing times and works adequately regardless of the size 

of the image and even when it does not have the best quality, so it is proposed as future work the 

development of applications of the algorithm in automatic quality control and inventories of finished 

products and raw materials. 

 C=2 C=3 C=4 

    

    

    
 



Int J Artif Intell  ISSN: 2252-8938  

 

Image segmentation using fuzzy clustering for industrial applications (Robinson Jiménez-Moreno) 

4641 

ACKNOWLEDGEMENTS  

The authors would like to thank the Universidad Militar Nueva Granada, from where they are full-

time associate professors. 
 

 

FUNDING INFORMATION  

Product derived from the research project titled “Fortalecimiento de procesos de recepción de 

pedidos y control de inventario de materias primas soportado en industria 4.0” INV-ING-4150 financed by 

the vice-rector for research of the Universidad Militar Nueva Granada, year 2025. 
 

 

AUTHOR CONTRIBUTIONS STATEMENT 

This journal uses the Contributor Roles Taxonomy (CRediT) to recognize individual author 

contributions, reduce authorship disputes, and facilitate collaboration. 

 

Name of Author C M So Va Fo I R D O E Vi Su P Fu 

Robinson Jiménez-

Moreno 

✓ ✓  ✓ ✓ ✓   ✓      

Laura María Vargas 

Duanca 

  ✓  ✓  ✓ ✓ ✓      

Anny Astrid Espitia-

Cubillos  

✓   ✓      ✓ ✓ ✓ ✓ ✓ 

 

C :  Conceptualization 

M :  Methodology 

So :  Software 

Va :  Validation 

Fo :  Formal analysis 

I :  Investigation 

R :  Resources 

D : Data Curation 

O : Writing - Original Draft 

E : Writing - Review & Editing 

Vi :  Visualization 

Su :  Supervision 

P :  Project administration 

Fu :  Funding acquisition 

 
 

 

CONFLICT OF INTEREST STATEMENT  

Authors state no conflict of interest. 
 

 

DATA AVAILABILITY  

Data availability is not applicable to this paper as no new data were created or analyzed in this study. 
 

 

REFERENCES 
[1] H. Jiang and B. Q. Hu, “On four novel kinds of fuzzy β-covering-based rough sets and their applications to three-way 

approximations,” Fuzzy Sets and Systems, vol. 507, May 2025, doi: 10.1016/j.fss.2025.109312. 
[2] M. Shahidi, T. Allahviranloo, and M. A. -Jiménez, “Calculus and study of fuzzy dynamic equations for fuzzy vector functions on 

time scales,” Fuzzy Sets and Systems, vol. 507, May 2025, doi: 10.1016/j.fss.2025.109307. 

[3] C. Zhang, F. Qin, and M. Baczyński, “Characterizations of fuzzy implications by the laws of contraposition,” Fuzzy Sets and 
Systems, vol. 505, Apr. 2025, doi: 10.1016/j.fss.2025.109285. 

[4] A. Razzaq, Z. A. Khan, M. Riaz, and D. Pamucar, “Sustainable decision support system in industry 4.0 under uncertainties with 

m-polar picture fuzzy information aggregation,” Alexandria Engineering Journal, vol. 116, pp. 271–295, Mar. 2025, doi: 

10.1016/j.aej.2024.11.104. 

[5] S. Ashraf and M. S. Chohan, “Circular spherical fuzzy aggregation operators: a case study of risk assessments on industry 

expansion,” Engineering Applications of Artificial Intelligence, vol. 145, Apr. 2025, doi: 10.1016/j.engappai.2025.110202. 
[6] M. Wu, L. Ma, and J. Fan, “An expert classification consensus reaching model based on fuzzy trust relationship matrix in the 

application of steel industry,” Expert Systems with Applications, vol. 266, Mar. 2025, doi: 10.1016/j.eswa.2024.126180. 

[7] D. A. -Lail et al., “Evaluation of industry 4.0 adoption strategies in small and medium enterprises: a Circular-Fermatean fuzzy 
decision-making approach,” Applied Soft Computing, vol. 169, Jan. 2025, doi: 10.1016/j.asoc.2024.112618. 

[8] E. Khalil and M. Akter, “Prediction of seam strength of cotton canvas fabric using fuzzy logic,” Results in Control and 

Optimization, vol. 17, Dec. 2024, doi: 10.1016/j.rico.2024.100502. 
[9] M. Liang et al., “Ppb-level photoacoustic sensor system for SF6 decomposition component HF using fuzzy c-means algorithm 

based on baseline correction,” Sensors and Actuators B: Chemical, vol. 430, May 2025, doi: 10.1016/j.snb.2025.137319. 

[10] E. P. Neves, M. A. Q. Duarte, J. V. Filho, C. C. E. de Abreu, and B. R. de Oliveira, “Model predictive PESQ-ANFIS/fuzzy c-means 
for image-based speech signal evaluation,” Speech Communication, vol. 154, Oct. 2023, doi: 10.1016/j.specom.2023.102972. 

[11] E. Thomas and S. N. Kumar, “Fuzzy c means clustering coupled with firefly optimization algorithm for the segmentation of 

neurodisorder magnetic resonance images,” Procedia Computer Science, vol. 235, pp. 1577–1589, 2024, doi: 
10.1016/j.procs.2024.04.149. 

[12] M. Peng et al., “Advanced image segmentation for precision agriculture using CNN-GAT fusion and fuzzy c-means clustering,” 

Computers and Electronics in Agriculture, vol. 226, Nov. 2024, doi: 10.1016/j.compag.2024.109431. 

[13] C. Huang et al., “Interval Type-2 enhanced possibilistic fuzzy c-means noisy image segmentation algorithm amalgamating weighted 

local information,” Engineering Applications of Artificial Intelligence, vol. 137, Nov. 2024, doi: 10.1016/j.engappai.2024.109135. 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 14, No. 6, December 2025: 4636-4642 

4642 

[14] H. Cui et al., “Intuitionistic fuzzy local information C-means algorithm for image segmentation,” Information Sciences, vol. 681, 

Oct. 2024, doi: 10.1016/j.ins.2024.121205. 
[15] S. Song, Z. Jia, F. Shi, J. Wang, and D. Ni, “Adaptive fuzzy weighted c-mean image segmentation algorithm combining a new 

distance metric and prior entropy,” Engineering Applications of Artificial Intelligence, vol. 131, May 2024, doi: 

10.1016/j.engappai.2023.107776. 
[16] R. Barreto, P. Faria, and Z. Vale, “Determination of the typical load profile of industry tasks using fuzzy c-means,” Energy 

Reports, vol. 6, pp. 155–160, Dec. 2020, doi: 10.1016/j.egyr.2020.11.094. 

[17] A. Sharma et al., “Fuzzy based clustering of consumers’ big data in industrial applications,” in Digest of Technical Papers-IEEE 
International Conference on Consumer Electronics, Jan. 2023, pp. 01–03, doi: 10.1109/ICCE56470.2023.10043451. 

[18] J. Malhotra and S. Jha, “Fuzzy c-means clustering based colour image segmentation for tool wear monitoring in micro-milling,” 

Precision Engineering, vol. 72, pp. 690–705, Nov. 2021, doi: 10.1016/j.precisioneng.2021.07.013. 
[19] M. Shamsi and M. Zakerinejad, “Development of practical-mathematical policy models using fuzzy-Likert scale: sustainable 

recycling of mining tailings in the industry 4.0 era,” Process Safety and Environmental Protection, vol. 200, Aug. 2025, doi: 

10.1016/j.psep.2025.107378. 
[20] P. Bhatia and N. D. -Elsayed, “Facilitating decision-making for the adoption of smart manufacturing technologies by SMEs via 

fuzzy TOPSIS,” International Journal of Production Economics, vol. 257, Mar. 2023, doi: 10.1016/j.ijpe.2022.108762. 

[21] T. Y. Chen, “An integrated MEREC-taxonomy methodology using T-spherical fuzzy information: An application in smart 
farming decision analytics,” Advanced Engineering Informatics, vol. 62, Oct. 2024, doi: 10.1016/j.aei.2024.102891. 

[22] H. M. A. Farid, S. D. -Miletic, T. Jameel, V. Simic, M. Riaz, and D. Pamucar, “Promoting sustainable logistics in the electronics 

industry: circular intuitionistic fuzzy framework for evaluating smart robotics technologies,” Expert Systems with Applications, 
vol. 287, Aug. 2025, doi: 10.1016/j.eswa.2025.128031. 

[23] H. Jang, M. Y. Haddoud, S. Roh, A. K. E. Onjewu, and T. Choi, “Implementing smart factory: a fuzzy-set analysis to uncover 

successful paths,” Technological Forecasting and Social Change, vol. 195, Oct. 2023, doi: 10.1016/j.techfore.2023.122751. 
[24] M. Iqbal, A. S. D. Prayitno, H. K. Pao, and I. Mukhlash, “Mining fuzzy local periodic activity pattern for Smart home 

applications,” Knowledge-Based Systems, vol. 293, Jun. 2024, doi: 10.1016/j.knosys.2024.111629. 
[25] R. Tavani, “Poppies in the field in sunny scene with blue sky,” iStock. https://www.istockphoto.com/es/foto/amapolas-en-el-

campo-en-la-escena-soleada-con-cielo-azul-gm1147287433-309409654 

[26] L. Chernetska, “Beautiful sunflower field under blue sky with clouds on a sunny day,” iStock. 
https://www.istockphoto.com/es/foto/hermoso-campo-de-girasol-bajo-cielo-azul-con-nubes-en-un-día-soleado-gm1388372871-

446030394 

 

 

BIOGRAPHIES OF AUTHORS  
 

 

Robinson Jiménez-Moreno     is an Electronic Engineer graduated from 

Universidad Distrital Francisco José de Caldas in 2002. He received a M.Sc. in Engineering 

from Universidad Nacional de Colombia in 2012 and Ph.D. in Engineering at Universidad 

Distrital Francisco José de Caldas in 2018. His current working as Associate Professor of 

Universidad Militar Nueva Granada and research focuses on the use of convolutional neural 

networks for object recognition and image processing for robotic applications such as human-

machine interaction. He can be contacted at email: robinson.jimenez@unimilitar.edu.co. 

  

 

Laura María Vargas Duanca     is an undergraduate student in the Mechatronics 

Engineering Program at Universidad Militar Nueva Granada, currently in her ninth semester. 

She is affiliated as a research auxiliar in the project INV-ING-4150. She can be contacted at 

email: est.lauram.vargasd@unimilitar.edu.co. 

  

 

Anny Astrid Espitia-Cubillos     performed her undergraduate studies in Industrial 

Engineering in the Universidad Militar Nueva Granada in 2002 and M.Sc. in Industrial 

Engineering from the Universidad de Los Andes in 2006. She is an Associate Professor on 

Industrial Engineering Program at Universidad Militar Nueva Granada, Bogotá, Colombia. 

She can be contacted at email: anny.espitia@unimilitar.edu.co. 

 

https://orcid.org/0000-0002-4812-3734
https://scholar.google.com/citations?hl=es&user=PTzeQ6oAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=57188664966
https://www.webofscience.com/wos/author/record/GLV-6819-2022
https://orcid.org/0009-0003-9916-2105
https://www.webofscience.com/wos/author/record/MTC-6725-2025
https://orcid.org/0000-0002-4791-0250
https://scholar.google.com/citations?user=oa4i0tIAAAAJ&hl=en&oi=sra
https://www.scopus.com/authid/detail.uri?authorId=57211159536
https://www.webofscience.com/wos/author/record/58532352

