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Abstract— This research uses advanced deep learning and data mining methods to analyze and improve the reliability of power 

transformers in the petrochemical industry. The main goal is to identify critical equipment and optimize maintenance and repair 

strategies by using fuzzy clustering algorithms and fuzzy distance functions. For this purpose, transformer performance data including 

repair costs, mean time between failures (MTBF), downtime, and criticality score were collected and, after preprocessing, were entered 

into unsupervised machine learning algorithms. In the analysis process, the data were categorized into five separate clusters, which 

increased the accuracy in identifying critical equipment. Simulation results showed that the optimal number of clusters for reliability 

analysis is five clusters. The model evaluation using Mean Squared Distance (MSD) and Objective Function (OBJ) metrics showed that 

the fuzzy clustering algorithm performed better than the traditional methods. Specifically, the OBJ value decreased by about 12% and 

MSD by about 10%, which is due to the use of fuzzy distance functions to more accurately represent the relationships between data. 

Finally, this research provides practical suggestions for improving equipment management, including focusing on preventive 

maintenance of critical equipment, optimizing repair schedules for old and expensive equipment, and maintaining stable performance 

through regular maintenance. This approach can lead to cost reduction, increased productivity, and improved  

reliability of power systems in the petrochemical industry. 
Index Terms— Reliability Analysis, Power Transformers, Deep Learning, Fuzzy Clustering, Fuzzy Distance Functions, Petrochemical 

Industry. 

I. INTRODUCTION 

N TODAY'S  complex and competitive world, ensuring reliability in power supply system's especially in critical industries such 

as petrochemicals is of paramount importance. Power transformers, as key components of electrical networks, play a vital role 

in the transmission and regulation of electrical energy. Failures in these devices can lead to production shutdowns, significant 

financial losses, and even threats to personnel and environmental safety [1–3]. Therefore, precise reliability analysis and timely 

fault prediction are considered fundamental priorities in asset management within this industry [4]. Traditional methods for 

evaluating transformer reliability mainly rely on offline inspections, diagnostic testing, and expert judgment. However, these 

approaches face serious limitations in scalability, accuracy, and real-time applicability [4]. With the growing volume of industrial 

data and the advancement of artificial intelligence particularly deep learning new data-driven approaches have emerged for 

identifying critical equipment, modeling failure patterns, and optimizing maintenance plans [5, 6]. Reliability Centered 
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Maintenance (RCM) is recognized as a structured framework aimed at improving asset performance by aligning maintenance 

activities with actual reliability requirements [7]. Successful implementation of RCM depends on the accurate identification of 

critical equipment, allowing for optimal and targeted repair planning. However, conventional RCM approaches often based on 

questionnaires and historical records from specific plants lack generalizability to other operational conditions [8, 9]. In the 

petrochemical industry, power transformers play a crucial role in supplying electricity for production processes, and their failure 

can result in considerable financial and operational losses. The technical and economic complexity of replacing such equipment 

underscores the importance of preventive maintenance and effective management. Given the increasing number and variety of 

transformers in this sector, traditional repair planning methods based on fixed schedules and past experiences no longer provide 

sufficient efficiency. Accordingly, adopting intelligent, data-driven methods such as machine learning and deep learning has 

become essential for maintenance optimization and risk reduction [10, 11]. To overcome these limitations, this study proposes an 

innovative approach using unsupervised deep learning and fuzzy clustering algorithms with fuzzified distance functions to improve 

the reliability analysis of power transformers in the petrochemical industry [12]. In this research, operational data including repair 

costs, Mean Time Between Failures (MTBF), downtime, and equipment criticality scores were collected and preprocessed before 

being fed into clustering algorithms [13–14]. The proposed approach employs a fuzzified similarity function capable of 

representing hidden and nonlinear relationships between data with higher accuracy. By clustering transformers into five distinct 

groups based on performance and criticality criteria, the method enables more precise and targeted maintenance decisions. 

Evaluation results show a 12% improvement in the OBJ metric and a 10% reduction in MSD, indicating superior reliability 

modeling accuracy compared to traditional methods [15, 16]. Given the growing need for intelligent solutions in critical industries 

such as petrochemicals to enhance the reliability of electrical equipment, this research introduces a novel framework based on 

unsupervised deep learning, taking a significant step toward advancing traditional maintenance and fault analysis methods for 

power transformers. The innovations of this study can be summarized in three main aspects: 

Integration of fuzzy clustering algorithms with fuzzified distance functions: Unlike conventional approaches that use classical 

distances (e.g., Euclidean), this study utilizes fuzzified distance functions to more accurately analyze complex relationships among 

operational features in uncertain environments. This improves clustering precision and critical equipment identification. 

Practical application of deep learning in the petrochemical industry for critical equipment identification: While most prior 

research has focused on power generation or transportation sectors, this study applies fuzzy clustering based on machine learning 

to real-world petrochemical data, evaluating its effectiveness under complex industrial conditions. 

Development of a generalizable framework for intelligent decision-making in preventive maintenance: The proposed model 

is not only applicable for diagnosing power transformer conditions in petrochemical plants but can also be extended to other critical 

assets and similar industries. This flexibility makes it a practical tool for implementing predictive maintenance across various 

industrial environments. 

The remainder of  this paper is organized as follows. Section 2, presents a review of related work. Section 3, provides the necessary 

definitions and details of the proposed method. Section 4, evaluates the proposed method, and Section 5, concludes the paper with 

a comprehensive summary. 

II. RELATED WORK 

Limited efforts have been made to identify the most critical electrical equipment in various industries, particularly in the 

petrochemical sector. Typically, identifying critical equipment is specifically carried out to enhance system reliability.  Reference 

[17], was the first to systematically apply RCM to power distribution systems. However, identifying key equipment in the process 

has often been reduced to a simple sensitivity analysis, in which some of the essential criteria involved in the problem are 

overlooked. Consequently, RCM has been criticized as being overly broad and generalized. In [18], an empirical framework was 

presented to reduce corrective maintenance in hydraulic systems within the context of Lean 4.0. This study used an action research 

methodology in nine stages to analyze and optimize the maintenance process. The results indicated that implementing Lean 4.0 

had a direct impact on maintenance performance and could improve understanding and actions in maintenance management 

through a qualitative approach. The framework effectively linked Lean 4.0 with practical research to enhance maintenance in 

manufacturing, including petrochemical industries. In [19], a machine learning-based method was introduced for identifying 

critical equipment in the aluminum sheet industry. Data collection included failure history and maintenance records of selected 

components. An exponential distribution was used to analyze failure trends, reliability, and mean time between failures (MTBF), 

alongside maintenance costs. The proposed method improved maintenance cost reduction by 3.6% while achieving accurate 

identification of failure-prone equipment. Reference [20], proposed an adaptive ARIMA-based model for predicting failures in 

electrical components, reducing crises in Industry 3.0 by up to 84%. The model, implemented on a high-pressure hydraulic sand 

molding machine, analyzed key parameters such as oil contamination levels. It increased the mean time between failures by up to 

800%, with strong performance in minimizing unexpected downtimes. In [21], an RCM-based asset management model was 

proposed for developing maintenance strategies for power transformers. A Markov model was used to estimate optimal reliability 

and cost solutions. Sensitivity analysis was performed on transition rates, and real service data were used to estimate transformer 

lifespan. In [22], a fuzzy Analytic Hierarchy Process (AHP) was implemented for asset management in power distribution systems. 

This study emphasized reliability as a central factor in asset management, focusing on demand optimization through RCM. The 

role of fuzzy systems in asset management was thoroughly analyzed. In [23], a topological analysis of electrical transmission 

networks was conducted using metrics such as global efficiency and meshedness to assess vulnerability. Here, vulnerability refers 
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to changes in power flow or losses, and the goal is to identify critical components to improve stability and protect the system 

against natural or human induced threats. In [24], the dynamics of persistent topological features were analyzed under node and 

edge removal scenarios using various deletion strategies.                 A weighted graph with a predefined threshold was considered, 

where nodes with lower weights were removed. The VR method was used to extract topological features from the transformed 

graph, and the proposed approach was evaluated in the Texas transmission distribution system. In [25], an improved method for 

transformer fault diagnosis based on a residual BP neural network was proposed. This approach deepened the BP network using 

stacked residual modules and integrated SVM for filtering high-accuracy feature vectors. Gas features were analyzed using deep 

mapping and multi-layer fusion, with the highest-weighted feature vector selected for final fault classification. The proposed model 

achieved a 92% fault diagnosis accuracy, outperforming traditional BP networks. A review of previous studies reveals that most 

existing methods for transformer reliability analysis, based on machine learning and systematic modeling, have improved failure 

prediction and maintenance efficiency. However, many of these methods depend heavily on precise data and predefined 

assumptions, which may not be available in real-world conditions. Additionally, models such as AHP and topological vulnerability 

analysis, despite offering practical benefits, face challenges like long processing times and structural limitations. Thus, hybrid 

approaches based on deep learning and data mining capable of managing complex datasets are necessary to overcome these 

constraints. 

III. PROPOSED METHOD 

A-Definitions Required to Solve the Problem 

Definition 1. The symbol 𝑆𝑖𝑚(𝑥𝑖 . 𝑥𝑗) is used to represent the degree of clustering similarity. The desired data set is defined as 

𝑥 = {𝑥1. … . 𝑥𝑛}, where the similarity between each pair of data xi and xj is defined using equation 1. 

 

𝑆𝑖𝑚𝑥𝑖.𝑥𝑗∈𝑋
(𝑥𝑖 . 𝑥𝑗) = 𝜆𝑑𝑠(𝑥𝑖 . 𝑥𝑗) + (1 − 𝜆)|cos⁡(𝑥𝑖 . 𝑥𝑗)|                                                       (1) 

Where⁡𝑑𝑠(𝑥𝑖 . 𝑥𝑗) , is the fuzzy Euclidean distance defined by equation (2) [41]. 

 

ds(xi. xj)xi.xj∈X
= f(

d(xi.xj)−Min{d(xi.xj)}

Max{d(xi.xj)}−Min⁡{d(xi.xj)}
)                                                                             (2) 

And the symbol 𝑑(𝑥𝑖 . 𝑥𝑗)𝑥𝑖.𝑥𝑗∈𝑋 in equation 2 is the same as the Euclidean distance√∑ (𝑥𝑖 − 𝑥𝑗)
2𝑚

𝑘=1 .⁡⁡The coefficient λ is the 

weight factor and its value varies between zero and one and takes a different value in vectors. But in experiments we consider it 

equal to 0.5. The symbol cos(𝑥𝑖 . 𝑥𝑗)𝑥𝑖.𝑥𝑗∈𝑋 is the cosine of the angle between two vectors and can be calculated through equation 

3, and its value varies between [-1.1][27]. 

 

cos(𝑥𝑖 . 𝑥𝑗)𝑥𝑖.𝑥𝑗∈𝑋 =
∑ (𝑥𝑖𝑥𝑗)
𝑚
𝑖=1

√∑ 𝑥𝑖
2𝑚

𝑖=1 √∑ 𝑥𝑗
2𝑚

𝑗=1

                                                                                         (3) 

Usually, for clustering analysis, the distance criterion or similar criteria is used to measure the similarity of vectors. Also, to 

calculate the similarity degree of the vector set x, the lower triangular matrix 𝑆𝑖𝑚𝑀𝑎𝑡𝑟𝑖𝑥[𝑛]can be used, because for the similarity 

degree of both vectors, 𝑆𝑖𝑚(𝑥𝑖 . 𝑥𝑗) and 𝑆𝑖𝑚(𝑥𝑗 . 𝑥𝑖)⁡are equivalent to each other. 

Definition 2. The similarity neighborhood of the vector xi in the vector set x is represented by 𝑆𝑖𝑚𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟(𝑥𝑖 . 𝛼). For each data 

xi, we assume that xi is the cluster center, and we compare the clustering similarity degree for each data with the data x i. If this 

value is greater than the threshold value α, the data in question will be the similarity neighborhood of x i. This function is defined 

as equation 4 [42]. 

 

SimNeighbor(xi. α)xi∈X = {x|α⁡ ≤ sim(xi. x)xi.x∈X ≤ 10 ≤ 𝛼 ≤ 1. 𝑋 = {𝑥1. … . 𝑥𝑛}}⁡                        (4) 

 

Definition 3. The similarity density criterion of vector 𝑥𝑖, which is calculated using equation 5, is denoted as 𝐷𝑒𝑛𝑠𝑖𝑡𝑦(𝑥𝑖). 
 

Density(xi) =
∑ Sim(xi.Pneighbor(xi)

j
)

|Pneighbor(xi)
|

j=1

|Pneighbor(xi)|
. X = {x1. … . xn}.                            (5) 

 
The symbol⁡𝑃𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟(𝑥𝑖)

𝑗
∈ 𝑆𝑖𝑚𝑁𝑒𝑖𝑔ℎ𝑏𝑜𝑟(𝑥𝑖 . 𝛼) indicates that these vectors satisfy the threshold α in the neighborhood of 

similarity xi. The value |𝑃𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟(𝑥𝑖)| indicates the number of data that exist in the neighborhood of data xi. 

Definition 4. Clustering similarity indicates the average similarity degree of vectors belonging to a group. Suppose there are two 

data objects xi and xj, the clustering similarity degree has a value between zero and one 0 ≤ 𝑆𝑖𝑚(𝑥𝑖 . 𝑥𝑗) ≤ 1  ،the clustering 
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similarity of the cluster Cp is expressed as equation 6. The closer the data in a cluster are to each other, the larger their clustering 

similarity value will be [43]. 

 

Hom(Cp) =
1

|Cp|
2∑ ∑ Sim(xi. xj)xi.xj∈X

|Cp|

j=1

|Cp|

i=1
                                                                              (6) 

 
Definition 5. For two given clusters Cp and Cq, the clustering Homogeneity measure represents the average similarity of points 

belonging to two different clusters. The clustering heterogeneity is calculated using equation 7. 

 

Het(Cp. Cq) =
1

|Cp||Cq|
∑ ∑ Sim(xi. xj)xi.xj∈X⁡⁡⁡⁡⁡⁡⁡⁡⁡

|Cq|

j=1

|Cp|

i=1
                                                            (7) 

 
Definition 6. The main goal of clustering is the optimal division of a data set. In this process, data that have certain and defined 

similarities are placed in the same group (cluster) as much as possible. Conversely, data that have little similarity with each other 

are assigned to different groups. This approach helps to identify hidden patterns and structures in the data. The evaluation 

coefficient of clustering results obj or target is defined as relationship 8 [43]. 

 

obj = Compactness(C) × Seperation(C)                                                                                   (8) 
 
In equation 8, the values of Compactness and Separation are calculated using equations 9 and 10, respectively . 

Compactness(C) = ∑
Hom(Ci)

k

k
i=1                                                                                                 (9) 

 

Separation(C) = 1 − ∑ ∑
Het(Ci.Cj)

k

k
j=1

k
i=1                                                                              (10)  

 

Evaluating the quality of clustering is not a difficult task. The quality of clustering can be evaluated using the density within each 

cluster and the amount of difference between clusters. The Compactness variable indicates the similarity of the members of a 

cluster, which is calculated using equation 9. The separation criterion, which indicates the amount of dissimilarity of data belonging 

to different groups, is calculated using equation 10. Our goal is to maximize the density within a cluster and minimize the similarity 

between data belonging to different clusters. 

Definition 7. As stated earlier, the similarity criterion in this study is determined based on the fuzzy Euclidean distance between 

points. This criterion states that the smaller the Euclidean distance between two points, the greater their similarity. Accordingly, if 

the Euclidean distance of points within a cluster is smaller, the value of the density criterion increases. On the other hand, if the 

distance between points belonging to different clusters decreases, according to equation 11, the value of the separation criterion 

increases. In this case, the MSD criterion also increases, which indicates a better quality of clustering [43]. 

 

MSD = ∑
∑ ‖di−d

(k)‖
2m(k)

i=1

m(k) ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡K                                                                                       (11) 

 

The proposed method includes a step-by-step framework for identifying critical equipment in transformer maintenance 

management, which is based on fuzzy clustering and fuzzy distance functions. First, operational and expert data are prepared after 

preprocessing including cleaning, normalization, and removal of invalid values. Then, a matrix of key transformer characteristics 

such as failures, energy losses, repair costs, and lifespan is formed. Next, the fuzzy clustering algorithm is implemented using 

fuzzy distance functions to classify equipment and is iteratively optimized until the objective function is reached. Finally, by 

analyzing the clustering results, critical equipment is identified and prioritized, and optimal maintenance programs are proposed 

for them. This approach will increase the accuracy of reliability analysis and reduce operating costs. Figure 1, shows the outline 

of the proposed method. 

III.I. PREPROCESSING 

In this research, data preprocessing includes identifying and replacing missing values using the KNN method, removing noise and 

human errors, and normalizing the data to the range [0,1]. These steps were necessary to improve the quality of real data collected 

from petrochemical industry transformers. Finally, the cleaned data were prepared as a feature matrix for input into the fuzzy 

clustering algorithm [28].  In this method, if xmin and xmax are the minimum and maximum data values recorded, respectively. In 

this case, in the range ymin and ymax, which are the minimum and maximum values desired in normalization. The following 

relationship expresses normalization in the data. 
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Fig 1.Steps of the proposed method. 
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Since in this research,                             and equation 12, is reconstructed as equation 13. 

 

 

                                                                                                                                                         (13) 

 

Since this transformation is linear, the distribution of the data does not change. 

III.II. IMPROVING CLUSTERING WITH FCM ALGORITHM WITH FUZZY DISTANCE FUNCTIONS 

In this research, to improve clustering accuracy, the Fuzzy Clustering Means algorithm (FCM) along with fuzzy distance functions 

is used. This approach reduces the value of the objective function in each iteration by gradually updating the cluster centers and 

membership degrees and prevents convergence to local solutions. Using fuzzy distance instead of traditional criteria increases the 

ability to model complex nonlinear relationships in real data and leads to more accurate results. 

 

E= ∑ ∑ 𝑓(‖𝑥𝑖
(𝑗)

− 𝑐𝑗‖
2
)⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝑛

𝑖=1
𝑘
𝑗=1                                                                                        (14)  

 

In Equation 14, f is defined as the distance fuzzification function. To improve the performance of the FCM algorithm, the distance 

fuzzification function is used as a key component in this study. This function allows modeling complex and nonlinear relationships 

in real data and improves the accuracy and quality of clustering. Using this approach not only reduces the impact of random 

selection of initial cluster centers, but also increases the ability of the algorithm to identify hidden features and complex data 

structures. To improve the performance of the FCM algorithm and reduce the instability caused by random selection of initial 

cluster centers, this study uses fuzzy distance functions and a white box approach. The number of clusters is determined by 

analyzing the data structure and consulting with experts to prevent incorrect selection. Also, an evaluation coefficient is designed 

to measure the quality of clustering, and the clustering process is continued in an exploratory and gradual manner until the desired 

stability is achieved. 

 

III.III. FCM Clustering Steps with Fuzzy Functions 

The main idea of the FCM algorithm with fuzzy distance functions is to calculate the similarity matrix Sim Matrix[n] for the m-

dimensional vector X. The similarity neighborhood matrices and similarity density are also calculated with respect to the         Sim 

Matrix. Initially, the IDs of the initial center candidates are placed in an array called X’. These points are the same as the initial 

center points. In the array X’, the point xi with the highest similarity density in the determined similarity neighborhood is selected 

as one of the K initial cluster centers and recorded in init C. By selecting each point x i, all points that satisfy the                    Sim 

Neighbor(xi.α) constraint are removed from the array X’. In a similar way, the number of K initial cluster centers is determined 

and recorded in init C. The selection of K initial cluster centers is iteratively as follows: 

1 , 0 maxmin == yy

minmax

min

xx

xix

iy
−

−
=
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Algorithm input: Array X containing n data elements with m dimensions, array X’ to indicate the ID of candidate points, similar 

neighborhood threshold α, similarity weighting factors λ and the set of initial clustering centers. 

Algorithm output: Number of K clusters that form the set C, such that the relationships 𝐶𝑖 ∩ 𝐶𝑗 = ∅,  𝑖 ≠ 𝑗. 0 ≤ 𝑖. 𝑗 ≤ 𝐾 hold 

between the clusters. Table 1, presents the process in a structured and step-by-step manner to help in easier understanding and use 

in algorithm development. 

 

TABLE I. Pseudo code of FCM algorithm with fuzzy distance functions. 

Step Description of Operations 

Input 

Array X: contains n data elements with m dimensions 

Array X′: stores the IDs of candidate points 

α: Similarity neighborhood threshold 

λ: Similarity weighting factor 

init C: set of initial clustering centers 

Output 
Set C: contains K clusters such that 𝐶𝑖 ∩ 𝐶𝑗 = ∅ there is no overlap between clusters such 
that the relations 𝐶𝑖 ∩ 𝐶𝑗 = ∅⁡,⁡⁡𝑖 ≠ 𝑗. 0 ≤ 𝑖. 𝑗 ≤ 𝐾 Compute the Sim Neighbor (xi.α) 
matrix for the similarity between all data points xi in X. 

Calculate similarity matrix Calculate the Sim Neighbor (xi.α) matrix for the similarity between all data points xi in X 

Calculate adjacency matrix 

For each point xi: 

A. Identify points that are in the neighborhood of xi and satisfy the constraint Sim 

Neighbor (xi.α). 

B. Calculate the similarity density of each point. 

Initialize array X′ Fill the array X′ with the IDs of the candidate points. 

Select initial cluster centers 

In an iterative loop: 
a. Select the point xi with the highest similarity density in X.′ 
b. Store xi in init C 
c. Remove all points that satisfy the Sim Neighbor (xi .α) constraint from X ,′ 

Repeat step 4 Continue the process until the number K of initial cluster centers in init C is determined. 

Final output The output contains the initial cluster centers of init C and the set of clusters C. 

 

III.IV. Proposed Deep Clustering 

Given an input dataset 𝑋⁡ = {𝑥𝑖 ; ⁡𝑥𝑖 ∈ 𝑅𝐷}𝑖=1
𝑁 , the learning goal of the embedded autoencoder is to construct a better encoder       f(0; 

ω1), which makes the latent representations 𝑧𝑖 ∈ 𝑅𝐷′(𝐷′ < 𝐷) more suitable for clustering. In this way, the input encoder unit maps 

𝑥𝑖̅ ∈ 𝑅𝐷 to the latent representation 𝑧𝑖 ∈ 𝑅𝐷′(𝐷′ < 𝐷) in the low-dimensional space with a nonlinear mapping f(0; ω1), as shown 

in equation (16). The decoder unit reconstructs the input t𝑥𝑖̅ ∈ 𝑅𝐷  from its latent representation zi with the nonlinear mapping 

𝑔𝜔2: 𝑧𝑖 ⁡→ ⁡𝑥𝑖̅ , as shown in equation 2. Here, ω1 and ω2 are the learnable parameters (weight and bias) for the encoder and decoder 

units, respectively. 

 

zi = fw1(xi)                                                                                                                                     (15)  

 

 xi̅ = gw2(zi)                                                                                                                                   (16) 

 

Figure 2, shows the architecture of an embedded deep auto encoder for deep clustering, which consists of two nested encoder and 

decoder sections. In this architecture, each section contains an internal auto encoder that performs multiple encoding-decoding 

steps to produce more accurate latent representations of the data. The internal encoder in the encoder section extracts high-level 

features of the input data before final encoding of the data. In contrast, the embedded decoder in the final reconstruction step 

performs decoding-encoding operations to improve the reconstruction of the hidden layers, thereby providing more robust latent 

representations for clustering. Deep clustering is performed on the extracted latent representations 𝑍 = {⁡z𝑖; ⁡z𝑖 ∈ 𝑅𝐷́}
𝑖=1

𝑁
 to cluster 

them into K clusters. The soft assignment used for this purpose is defined as the similarity between the embedded observations z_i 

and the cluster center⁡µ𝑗. To achieve this goal, the distribution matrix 𝑄 =⁡ [𝑞𝑖𝑗]N∗K is used. The matrix Q consists of qij elements, 

which are measured by the t distribution [12] as follows. 

 

qij =
(1+(‖zi−μj‖

2
)−1

∑ (1+(‖zi−μj́‖
2
)−1k

j́=1

⁡⁡⁡                                                                                                                (17) 

 

Where q, is the probability of assigning observation i to cluster j. The auxiliary distribution matrix 𝑃 = [𝑝𝑖𝑗]N∗Kis introduced to 

improve cluster purity and emphasize observations assigned with high confidence. 

It is given by the formula: 
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pij =
qij

2/⁡ψj

∑ qij́
2/⁡ψj́

k
j́=1

                                                                                                                            (18) 

 

Where⁡𝜓𝑗 =⁡∑𝑞𝑖𝑗 ⁡,⁡⁡denotes the soft cluster frequencies. Clustering is performed by the substitution between the soft label Q and 

the auxiliary target distribution P. The clustering loss is defined as the KL (Kullback– Leibler) divergence [13] between the two 

distributions: the soft label Q and the target distribution P[3]. This clustering loss is calculated by minimizing the following 

equation: 

 

LKLD = KL(P‖Q) = ∑ ∑ pijlog
pij

qij
ji                                                                                                  (19) 

 

Where 𝐿𝐾𝐿𝐷 , is the clustering loss. Then, the predicted label of the observation zi∈ Z corresponding to xi∈ X is assigned to class j, 

which satisfies the following equation: 

 

𝑙𝑖 ⁡= ⁡𝑎𝑟𝑔𝑚𝑎𝑥𝑗𝑞𝑖𝑗 ⁡⁡⁡⁡                                                                                                                       (20) 

 

 

 

 

 

 

 

 

 

 

 

 

 

       

 

 

Fig 2. Generalized architecture of embedded deep autoencoder for deep clustering. 

IV.RESULTS 

In this study, a system equipped with an Intel Core i7 processor (Q720 @ 2.60GHz), Windows 10 operating system, and MATLAB 

2021b software were used to simulate and execute the proposed algorithm. This hardware and software configuration enabled 

simultaneous processing of a large volume of data and execution of complex fuzzy clustering and machine learning algorithms. 

The use of these tools has led to accurate, fast, and reliable analyses on real data from the petrochemical industry, which helps to 

improve the identification of critical equipment, increase system stability, and reduce operational risks.  

A. Research Database 

The research database contains a comprehensive set of operational and environmental characteristics of power transformers in the 

petrochemical industry. The data includes input and output voltage, load current, power consumption, failure type and time, repair 

cost and time, and environmental conditions such as temperature and humidity. Information on the type of maintenance (preventive 

or corrective) is also included in the collection. This data is collected with the aim of reliability analysis, failure prediction, and 

maintenance process optimization. The precise structure of this database allows the use of machine learning algorithms to identify 

critical equipment and develop operational risk reduction solutions. Table 2, shows the data specifications. 

B. Evaluation Criteria 

Since this study presents a method for improving clustering with distance fuzzification functions, it seems that in the first stage, 

the degree of clustering improvement should be evaluated and then the proposed method is analyzed in risk assessment and the 

resulting clusters. Therefore, the method has been implemented on the collected data and clustered. The OBJ criteria [29] and the 

mean sum of squares of the distance between the points and the centers of the clusters MSD [30] have been used for clustering. 
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C. Determining the Number of Clusters 

The Elbow Method plot shows the amount of Distortion, or sum of squared errors within a cluster, for different numbers of clusters. 

Skewness is a measure of how close the data are to their cluster centers. As the number of clusters increases, the amount of 

skewness decreases because each cluster becomes smaller and the data gets closer to its centers. In this plot, a significant reduction 

in skewness is observed at first, but after a certain point, the reduction in skewness continues to be gradual and imperceptible. This 

point is known as the Elbow point and indicates the optimal number of clusters. Based on the plot presented, the Elbow point can 

be considered as the optimal number of clusters for data analysis. Figure 3, assumes the optimal number of clusters to be 5. 

However, the analysis will be performed for the entire number of clusters. 

 

TABLE II. Data specifications. 
Feature Range/Values Data type Explanation 

Transformer ID T1, T2, T3,...,T500 Text Each transformer ID 

Input Voltage (KV) 110, 132, 150, 220 Number Transformer input voltage (KV) 

Output Voltage (KV) 33, 66, 75, 132 Number Transformer output voltage (KV) 

Load Current (A) 300 to 800 Number Load current applied to the transformer (Amperes) 

Power (MVA) 40 to 100 Number Power converted by the transformer (Megavolt-Amperes) 

Failure Time hours 1000 to 2500 Number Transformer failure time   (in hours) 

Failure Type 

"Insulation failure", 
"Winding failure", 
"Cooling failure", 

"Other" 

Text Type of transformer failure (insulation, winding, cooling, etc.) 

Repair Time Hours 4 to 10 Number Transformer repair time   (in hours) 

Repair Cost 4000 to 8000 Number Transformer repair cost (currency) 

Ambient Temperature C 30 to 50 Number The ambient temperature in which the transformer is located (degrees Celsius) 

Humidity_% 50 to 70 Number Humidity of the environment where the transformer is located (percentage) 

Maintenance Type "Preventive Corrective" Text Type of maintenance performed on the transformer  

 

 

Fig 3. Determining the appropriate number of clusters. 

D. Clustering Evaluation with OBJ 

Figure 4, shows the clustering results for different numbers of clusters in the proposed method. As can be seen from this figure, by 

increasing the number of clusters towards the 5 clusters predicted by the expert, the obj criterion also improved significantly. When 

the number of clusters increases to 10, the  obj criterion decreases compared to 5 clusters. This shows that the number of 5 clusters 

is sufficient and appropriate for assessing the existing risks. By examining the graph in figure 4, it is clear that in all cases, the obj 

criterion for the proposed method is lower than that of the traditional method. This decrease in the obj value indicates an 

improvement in the clustering quality using the improved algorithm. Especially in clustering with a smaller number (such as 4 or 

5 clusters), the difference between the two methods is more noticeable, which indicates that the proposed method performs much 

better in this situation. Also, with the increase in the number of clusters, both methods show a gradual increase in the obj criterion 

value. This increase is natural, because the increase in the number of clusters leads to a more complex distribution of the data. 

However, even in more complex conditions (such as 9 or 10 clusters), the proposed method still performs better than the traditional 

method. In conclusion, this graph proves that the use of fuzzy distance functions in the FCM algorithm reduces errors and improves 

the clustering quality, and the proposed method is more efficient than the traditional algorithm. 
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• Comparison of methods based on the sum of the mean squares of the distances to the cluster center 

The lower the sum of the mean squares of the Euclidean distances of the points from the centers of the clusters, the better the 

clustering result; because it indicates a high density of points within the obtained clusters. Figure 5 shows the distance criterion in 

the proposed method. By increasing the clusters to 5 clusters, this criterion has shown a decrease, while the distance has shown an 

increase with increasing the number of clusters. The distribution of the available data as well as the risks defined in the data set 

can be a major reason for justifying this issue. 

 

 

 

 

 

 

 

 

 

 
 

 

 
 

 

 
 

 

 

Fig 4. Comparison chart of obj criterion in different number of clusters in the proposed method. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 5. Comparison chart of distance criterion in number of clusters in the proposed method. 

 In figure 5, the values obtained from the calculation of this criterion after running both clustering methods on the test dataset are 

compared with each other. Unlike the previous criterion, these values differ more in the number of clusters. So that in the lower 

number of clusters, the MSD value in the FCM method is very different from the improved method. Therefore, this method is not 

suitable for clusters with less than 5 clusters. By increasing the number of clusters from 6 clusters to 10 clusters, the difference in 

the MSD value in the methods decreases, while the MSD value has increased compared to 5 clusters. However, in each execution 

of the methods with any number of clusters, the improved FCM algorithm has provided the lowest MSD value and, as a result, the 
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best clustering result. Of course, the smaller the distance between the points within each cluster and the center of that cluster, the 

more similar (or close) the points within each cluster are to each other, which will lead to an increase in density within each cluster. 

E. Comparison of MSD and OBJ 

The obj criterion represents the sum of errors or the distance of the data from the cluster centers. In the graph related to this 

criterion, in all the numbers of clusters (from 2 to 10), the proposed method has performed better than the traditional FCM method 

and has shown a lower value for the obj criterion. This indicates that the data in the proposed method are closer to their cluster 

centers and the data distribution in the clusters is more optimal. The decrease in the obj criterion is very evident in the number of 

fewer clusters (such as 4 and 5 clusters), which indicates the high effectiveness of the proposed method in simpler conditions. The 

distance criterion also examines the proximity of the data to the cluster centers, but from a different angle. The graph related to 

this criterion shows that in all the numbers of clusters, the proposed method has a lower distance criterion than the traditional 

method. In this criterion, too, the difference between the two methods is greater in the number of fewer clusters (such as 4 and 5 

clusters). This shows that the proposed method not only increased the clustering accuracy, but also managed to bring the data 

closer to the cluster centers. 

F. Analysis of Results 

According to the information in Table 3, which includes the analysis of various characteristics for the five transformer clusters in 

the petrochemical industry, a more detailed technical analysis of each cluster can be provided. This analysis is based on various 

criteria such as repair cost, time between failures, downtime, failure probability, and criticality score. The technical analysis of 

each cluster is presented below: 

• Cluster 0 (transformers with stable performance and    low maintenance requirements) 

This cluster includes equipment that is in a relatively stable state in terms of repair cost ($5234.23) and time between failures 

(245.87 hours). The repair cost in this cluster is moderate compared to other clusters, and the downtime (12.54 hours) also indicates 

a relative impact on the overall system performance. The probability of failure of these transformers is also moderate (0.075), 

meaning that failures do not occur frequently. The criticality score (7.25) indicates the moderate importance of these equipment in 

maintaining the overall system performance. This cluster requires periodic inspection, but overall, its condition is stable and cannot 

be given a high priority for repair and maintenance. 

• Cluster 1 (Transformers with high repair costs and need for preventive maintenance) 

This cluster includes equipment with the highest repair costs ($6,745.12) and relatively long service life (14.7 years). Due to the 

high probability of failure (0.085) and the longest downtime (14.76 hours), these equipment require more detailed and preventive 

maintenance programs. These transformers are in a more critical condition and should be prioritized in maintenance programs. The 

high criticality score (8.14) indicates that the failure of these equipment can have a large impact on system performance. This 

cluster requires regular actions and more detailed checks to reduce the risk of failure. 

• Cluster 2 (Most Stable Transformers) 

Cluster 2, includes equipment with the lowest repair costs ($4,523.67) and the longest time between failures (275.89 hours). These 

transformers have stable performance with low failure probability (0.065) and low downtime (11.32 hours). This cluster can be 

considered as an example of equipment with optimal performance that does not require special attention. The equipment of this 

cluster is technically very efficient and does not normally require special maintenance to continue operation. In terms of cost, these 

transformers are the least expensive equipment to repair. 

• Cluster 3 (Most Critical Transformers) 

This cluster contains the equipment with the highest criticality score (8.76) and the highest probability of failure (0.092). The cost 

of repairs for these equipment is high ($7,123.45) and their downtime is longer (15.87 hours), indicating the special importance of 

these equipment in maintaining system performance. These transformers require immediate and careful attention in maintenance 

and repair programs to prevent possible failures. Failure of these transformers can have the greatest impact on production and 

efficiency and therefore should be given high priority for maintenance. 

• Cluster 4 (Medium Performance Transformers) 

Cluster 4, contains equipment with repair costs ($4,932.87) and time between failures (260.78 hours) in the medium range. These 

transformers require attention compared to other clusters but are not as critical as cluster 3. The criticality score (7.56) and 

probability of failure (0.072) of these equipment indicate that they are moderately impactful and should be monitored and inspected 

regularly. The downtime (13.45 hours) also indicates that this equipment has a moderate impact on overall performance. 

 

 

 

 

 

 

 

TABLE III. Review of critical clusters. 

Criterion Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 
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Repair Cost (mean) 5234.23 6745.12 4523.67 7123.4 4932.8 
Repair Cost (std) 1503.45 1345.78 1234.56 1402.6 1298.4 

MTBF Hours (mean) 245.87 198.34 275.89 210.56 260.7 
MTBF Hours (std) 38.25 45.12 40.34 50.78 36.4 

Dow time Hours (mean) 12.54 14.76 11.32 15.87 13.4 
Downtime Hours (std) 3.87 4.22 3.54 4.56 3.76 

Failure Probability (mean) 0.075 0.085 0.065 0.092 0.07 
Failure Probability (std) 0.012 0.014 0.011 0.016 0.013 

Inspection Interval (mean) 6.34 5.67 7.12 5.45 6.78 
Inspection Interval (std) 1.25 1.34 1.12 1.56 1.23 

Operating Hours (mean) 4920.34 5234.12 4765.89 5402.3 4876.4 
Operating Hours (std) 567.89 678.45 498.12 589.67 534.5 

Age Years (mean) 12.4 14.7 11.3 15.2 12.9 
Age Years (std) 4.2 3.9 4.5 4.1 3.8 

Criticality Score (mean) 7.25 8.14 6.87 8.76 7.56 
Criticality Score (std) 1.45 1.78 1.34 1.92 1.67 
Failure Count (mean) 4.87 5.12 4.34 5.67 4.76 

Failure Count (std) 1.23 1.56 1.08 1.34 1.15 
Repair Cost (mean) 5234.23 6745.12 4523.67 7123.4 4932.8 

 

V. CONCLUSION 

In this study, a novel method for improving reliability analysis in power transformers in the petrochemical industry based on a 

combination of deep learning and fuzzy clustering was presented. Using fuzzy distance functions, clustering accuracy was 

increased and more accurate identification of critical equipment in maintenance processes was provided. Real operational data 

from equipment in the petrochemical industry was used and the clustering results were analyzed using evaluation indices such as 

MSD and OBJ. Evaluations showed that using 5 clusters provides the best balance between analysis accuracy and data 

segmentation significance and optimizes decision-making in transformer maintenance. This finding has direct application in 

developing targeted maintenance strategies, reducing operating costs, and increasing the stability of power systems. Finally, based 

on the results obtained, suggestions for further improvement were presented; Including the use of deeper learning models to 

increase the accuracy of failure prediction, the application of new performance evaluation indicators, and the development of 

intelligent maintenance frameworks based on environmental and operational data. This approach can play a key role in improving 

productivity and reducing operational risks in the petrochemical industry. 
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