Constructing a diagnostic model for power transformer condition monitoring
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Abstract. This study proposes an improved approach for assessing the technical condition of traction transformers in electric rolling stock. Conventional diagnostic techniques, which compare measured parameters with standard thresholds, often lack precision in condition evaluation. To overcome these shortcomings, a fuzzy logic-based model using the Mamdani inference system is developed. The assessment is structured into submodels that analyze key parameters such as transformer oil quality, winding resistance, absorption ratio, and transformation coefficient. These sub-evaluations are synthesized to classify the overall condition into five categories: Very Poor, Poor, Average, Good, and Excellent. The method enhances diagnostic accuracy, supports predictive maintenance, and improves the reliability of electric traction systems. Simulation results confirm that the proposed model provides a more nuanced and reliable basis for making maintenance decisions compared to traditional methods.
INTRODUCTION
The operational reliability of traction transformers is directly influenced by their current technical condition. One commonly used method to evaluate this condition involves comparing diagnostic measurement results with the threshold values defined in relevant technical standards and regulatory guidelines. This conventional approach is illustrated by the algorithm shown in Figure 1. According to the procedure, diagnostic parameters—such as insulation resistance, oil quality, or winding resistance—are measured and then matched against standardized reference values. If the measured indicators fall within the acceptable range specified in the regulatory documentation, the transformer is deemed suitable for continued operation. Conversely, if any parameter deviates from the established norms, the transformer is classified as requiring maintenance or repair before being returned to service. Although this method is straightforward, it often lacks the flexibility to account for gradual degradation and complex interactions among different parameters.A significant limitation of the traditional evaluation approach is its inability to account for the number and complexity of influencing input parameters. For electric rolling stock to function reliably, it is essential that all electrical components, including traction transformers, operate within optimal conditions. As key elements of the onboard power supply system, traction transformers play a critical role in maintaining system efficiency and safety [7-8, 10]. A widely used method for assessing their technical state involves benchmarking diagnostic measurements against predefined values outlined in regulatory standards. In this approach, various input parameters are measured and directly compared to the normative reference values to determine the transformer’s operational suitability.
EXPERIMENTAL RESEARCH
If the diagnostic indicators align with the specified standard values, the electrical equipment is classified as being in “good” condition; otherwise, it is labeled as “bad” [4-5, 8]. However, this binary classification lacks intermediate gradations, offering no detailed insight into the severity or progression of technical degradation. Given this limitation, there is a clear need to develop a more advanced evaluation framework that integrates all diagnostic parameters comprehensively. Such a system would enable a more refined and informative assessment of the technical condition of traction transformers used in electric rolling stock operations [8-10].




FIGURE 1. Procedure for assessing the health status of traction transformers.


FIGURE 2. Structural diagram of the Mamdani inference mechanism used in fuzzy logic evaluation.

To enhance the accuracy and informativeness of traction transformer condition assessment, a fuzzy logic-based approach has been implemented. The Mamdani inference method serves as the foundation for decision-making within this framework (see Fig. 2). At the initial stage, crisp diagnostic values are converted into fuzzy inputs through a process known as fuzzification. These inputs are then processed by the inference mechanism, which applies a set of predefined rules to derive fuzzy output values. Finally, through defuzzification, these fuzzy outputs are translated back into precise, interpretable results, allowing for a more nuanced evaluation of the transformer’s technical state [1,3-4].
The technical condition assessment model for traction transformers is of a static type and is formulated as follows:
                                                                                             (1)
where, input variables that indicate the important factors determining the technical condition of the traction transformers;
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[bookmark: _GoBack]FIGURE 3 – Structural model for diagnosing the technical state of traction transformers.

Given the high dimensionality of diagnostic parameters, it is practical to divide the assessment process of traction transformer condition into distinct submodels. This modular approach allows for more efficient and targeted evaluation of different components. In particular, the technical state of transformer oil is determined based on eight key indicators, while the condition of the electrical subsystem is evaluated using 41 diagnostic parameters. A structural representation of the overall assessment process is provided in Figure 1, which outlines the interaction between submodels and their contribution to the final condition evaluation.
Based on the aforementioned reasoning, the following form of equation (1) is obtained:
                                                                             (2)
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                                                                               (5)
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                                                                                    (7)
where,
 values of input variables;  technical condition of traction transformer oil;  technical condition of the traction transformer by winding resistances;  technical condition of the traction transformer by absorption coefficients;  technical condition of the traction transformer by the transformation coefficient;  technical condition of the electrical part of the traction transformer;  general technical condition of the traction transformer.
Each sub model  evaluates the reliability characteristics of the elements  it encompasses by analyzing a defined set of input variables. Through the fuzzification process, these input variables are transformed into linguistic variables , which are defined over universal sets using corresponding term sets. These term sets are described by the fuzzy model, where the number of terms (i.e., fuzzy sets) corresponds to the granularity of the -th linguistic variable, and  denotes the number of inference rules involved in the model [1-2, 4].
RESEARCH RESULTS
The variables incorporated into the system of equations are expressed as linguistic terms, categorized according to specific thematic domains. In accordance with the Mamdani inference mechanism, fuzzy reasoning is executed by utilizing a fuzzy knowledge base, which contains a structured set of rules and membership functions defining the behavior of the system .
                                             (8)
In the process of evaluating the technical condition of traction transformers through fuzzy logic, the membership functions are defined in accordance with the levels of the input variables. These functions characterize the degree of membership of each input to corresponding fuzzy sets and are represented as follows:
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                                                               (14)
where  and  represent the weight coefficients (also referred to as reliability levels) assigned to the corresponding fuzzy rules. These values lie within the interval  and reflect the expert's degree of confidence or trust in the validity and applicability of each specific rule.
The membership functions corresponding to the input variables used in the assessment of traction transformer condition were constructed based on expressions (9) through (14). These functions represent the core components of linguistic variables and fuzzy sets. Unlike traditional statistical methods, operations on fuzzy sets are computationally simpler, typically involving only minimization and maximization procedures.To quantify the overall technical condition of traction transformers, a set of fuzzy inference rules was formulated. These rules define the relationship between input and output membership functions, taking into account the levels of both types of variables within the fuzzy evaluation model.
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In fuzzy logic systems, the final output is derived by interpreting input variables through the membership functions associated with output variables. This process allows multiple methods for drawing conclusions. Common approaches include determining the area under the curve, calculating the center of gravity (centroid), or identifying the center of each relevant segment [5], [8], [9]. These calculations form the basis for the defuzzification step, which converts fuzzy outcomes into a single crisp value over the output domain. In the context of traction transformer condition assessment, the defuzzified value is obtained using the centroid method, as defined by the following formulas:
)                                                                                       (21)
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where  is the input variable value;  is the membership function of the input variable.
Based on the calculated M1 –  technical condition of transformer oil and M2 –  technical condition  of electrical parts values, the general technical condition of traction transformers is evaluated. Based on these two indicators, the value of the general technical condition of transformers is calculated.
Based on the calculated values of – representing the technical condition of transformer oil, and – representing the condition of the electrical parts, the overall technical condition of traction transformers is assessed according to the following five-level scale:
1. Very Poor (0–20%). The technical condition is critically low. The transformer is not suitable for operation. Conclusion: Identify the specific parameters responsible for the degradation and perform a complete overhaul.
2. Poor (21–40%). The condition is unsatisfactory. Operation is prohibited. Conclusion: Determine the causes of performance deterioration and conduct necessary repairs.
3. Average (41–60%). The transformer is in moderately degraded condition. Conclusion: Limited operation is allowed for short distances only (e.g., 50–60%). Partial repairs are recommended to restore performance.
4. Good (61–80%). The technical condition is acceptable for operation over short to moderate distances. Conclusion: The transformer is operational, but preventive maintenance is advisable to ensure continued reliability.
5. Excellent (81–100%). The technical condition is optimal. Long-distance operation is permitted. Conclusion: No repair is required. The transformer is in stable working condition.
CONCLUSIONS
The method for assessing the technical condition of traction transformers in electric rolling stock operating within railway systems has been improved by expanding the evaluation criteria from two to five distinct levels. Corresponding assessment algorithms have been developed to reflect these enhanced criteria more accurately. A refined diagnostic approach has been proposed, offering improved precision in evaluating the condition of traction transformers. This approach incorporates both traditional assessment parameters and newly formulated decision rules, along with operational recommendations tailored to each technical condition level. The proposed methodology supports the reliable and safe operation of electric traction systems. In particular, under the “Excellent” category of the revised assessment model, traction transformers are deemed suitable for long-distance deployment, ensuring continuous and dependable performance of electric rolling stock during operation.
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