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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 350x350 and 2000x3000 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 Al 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 Al, 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 cxN is
randomly initialized where N is the total number of pixels, each element p_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, ¢ 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, x;, represents the intensity value of pixel k, p; is the degree of belonging of
pixel to cluster i, m is the diffusivity parameter and finally, v; corresponds to the centroid of cluster i.

2
Q= Zf:iﬁ:ﬂl?ﬁ ||Xk - Vi|| (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 v; (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).
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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 €=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 19
laptop, 24 GB of RAM, and an NVIDIA GeForce RTX 4080 graphics card.

| Image capture to segment |

v

| Conversion from RGB format to BGR color space |

v

| Transforming the image mto a pixel-color data matrix |

v

| Random initialization of membership matrix |

v

—>| Parameter selection ¢ and m |

v

| Optimization of the objective function |

v

Parameter update (centroid of each cluster and degree of membership) |

v

| Calculation of difference between the 2 most recent membership matrices |

| Image segmentation by tags |

v

| Color image representation |

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

Figure 4. Results second image, ¢=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 ef al. [13] and Cui ef 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 350x350 pixels and 4 clusters, using the intuitionistic fuzzy local
information c-means (IFLICM) algorithm of Cui ef 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 ef 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 Al 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.
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