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To address the issues of strong subjectivity and difficulty in feature extraction that are inherent to traditional frequency response analysis methods used for diagnosing transformer winding deformation, an intelligent diagnostic method is proposed based on Dynamic Time Warping (DTW) and a Multilayer Perceptron (MLP). First, the frequency response curve is normalized and segmented into multiple frequency bands to extract physically meaningful features. Subsequently, the Dynamic Time Warping algorithm is employed to perform nonlinear curve alignment and difference quantification processes, thereby enhancing robustness against frequency-axis misalignment and measurement noise. Finally, the extracted features are fed into a Multilayer Perceptron (MLP) model, which utilizes multilayer nonlinear mappings to automatically identify the deformation levels of the windings. Validation based on field measurement data indicates that the proposed method achieves significant improvements in diagnostic accuracy, balance, and robustness when compared with traditional correlation coefficient methods and other machine learning models. This approach enables high-precision automated diagnosis of transformer winding deformation, offering a physically interpretable reference for condition monitoring as well as intelligent operation and maintenance of power equipment.
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1 INTRODUCTION
As power systems continue to evolve toward higher voltages, larger capacities, and increased intelligence, power transformers, as the core equipment responsible for energy conversion and transmission, play a critical role in grid safety, stability, and supply reliability (Qi et al., 2020). Under short-circuit faults and external impacts, transformer windings are prone to mechanical and thermal stresses under short-circuit and uneven loss conditions (Xiaoling et al., 2023). Under extreme operating conditions, transient electromagnetic forces may even cause a direct breakdown of the insulation medium, leading to severe short-circuit incidents within the winding (Ahn et al., 2016). In addition, winding deformation can alter the system’s resonant frequency characteristics, causing shifts in the frequency response curves and distortions in local electric fields (Yi et al., 2021), thereby accelerating insulation aging and overall system degradation. Therefore, high-precision and interpretable state recognition and fault diagnosis of transformer winding deformation are of great engineering and economic significance.
Common methods for detecting winding deformation include low-voltage short-circuit impedance measurement, DC resistance measurement, and frequency response analysis (FRA) (Beheshti Asl et al., 2025). Among them, FRA has been recognized by the International Electrotechnical Commission (IEC 60076-18:2012) as the preferred technique for winding deformation detection due to its high sensitivity to structural changes, wide measurement range, and operational convenience. The method compares the frequency response curves between the healthy and measured states to assess the structural integrity of the windings. However, traditional FRA analysis largely relies on expert experience for qualitative interpretation, such as observing peak shifts or curve trends, which is subjective and difficult to quantify under complex curve patterns. In recent years, machine-learning and deep-learning methods have been increasingly applied to FRA data (Liu et al., 2025; Tahir and Tenbohlen, 2023; Wang J. et al., 2023). Studies have shown that the selection of feature values determines the sensitivity and robustness of winding deformation diagnosis, with correlation coefficients, Euclidean distance, mean square error, and area difference commonly used as indicators (Ebrahim et al., 2010; Gonzales Arispe and Mombello, 2014). Moreover, different frequency bands exhibit varying sensitivity to structural changes: the low-frequency band mainly reflects inductive characteristics, the medium-frequency band is influenced by both inductive and capacitive components, and the high-frequency band is dominated by capacitive elements (Ni et al., 2020). Therefore, frequency-band-specific division and targeted feature mapping can enhance the accuracy and interpretability of FRA for multiple types of winding deformation.
To overcome limitations of traditional FRA methods, such as low efficiency, high error, and insufficient feature extraction capability, data-driven intelligent diagnostic methods have been introduced. On one hand, researchers have mapped signals into two-dimensional feature representations, enhancing structural sensitivity through statistical and temporal feature fusion. For example, Pengfei et al. constructed temporal feature mappings of transformer vibration signals based on Markov transition fields, effectively visualizing and amplifying differences in the feature space, providing strong support for subsequent deep learning modeling (Pengfei et al., 2021). On the other hand, machine learning and deep learning-based feature learning models have demonstrated great potential in analyzing complex electromagnetic time-series signals (Wang S. et al., 2023). Among them, dynamic time warping (DTW) is widely used for nonlinear sequence alignment and shape difference quantification. In areas such as speech recognition, gesture recognition, and data mining, DTW has demonstrated higher matching accuracy, superior classification performance, and stronger noise robustness compared with Euclidean distance (Salvador and Chan, 2007; Keogh and Ratanamahatana, 2005; Langfu et al., 2023). Therefore, DTW has been applied to FRA curve shape difference analysis to address frequency-axis misalignment, measurement noise, and instrument errors, thereby improving the precision and stability of deformation detection (Gao et al., 2023; Thango, 2025). Previous studies have demonstrated that DTW-based alignment and temporal-feature processing substantially improve the robustness and discrimination of condition-monitoring methods for transformer-related mechanical systems; for example, Yang et al. applied DTW to vibration-based transformer fault diagnosis and reported significant gains in fault discrimination and severity assessment (Yang et al., 2019).
Meanwhile, the multilayer perceptron (MLP), as a representative deep learning model, exhibits strong nonlinear fitting capability and high-dimensional feature integration capacity. It has been successfully applied in complex engineering problems, including multi-objective optimization (Dong et al., 2023), particle identification (Tolkachev et al., 2023), and software defect prediction (Sapna et al., 2023). These studies demonstrate the universality and robustness of MLP in modeling complex nonlinear relationships and high-dimensional feature spaces. In transformer equipment condition monitoring and vibration signal analysis, MLP models have also been shown to effectively capture sequence features and pattern differences, achieving high-precision fault type recognition (Hernandez et al., 2023; Minghui et al., 2023). Therefore, integrating the temporal difference quantification capability of DTW with the feature fusion strength of MLP holds promise for achieving both accuracy and interpretability in intelligent diagnosis of transformer winding deformation.
Building on this foundation, the present study proposes a transformer winding deformation diagnosis method integrating DTW and MLP. Beginning with frequency response curves, the method extracts physically meaningful features across multiple frequency bands through segmentation and normalization. Morphological differences between curves are quantified using the DTW algorithm, and the resulting differential features are input into the MLP model to enable automated multi-level identification and classification of winding deformations. The major innovations and contributions of this study are summarized as follows:
	Frequency-specific segmentation and feature mapping: To address the electromagnetic response characteristics of windings in different frequency ranges, the spectrum is divided into low-, medium-, and high-frequency bands, enabling targeted sensitivity analysis for various deformation types.
	DTW-based morphological feature extraction: The DTW algorithm is employed for nonlinear alignment and difference measurement of frequency response curves, effectively mitigating feature drift caused by frequency-axis misalignment, measurement noise, and instrument errors.
	MLP-based intelligent classification model: The MLP learns the distribution of DTW-derived features through multilayer nonlinear mapping, enabling automated and precise classification of winding conditions.
	Multi-indicator comprehensive evaluation framework: Multidimensional performance metrics, including accuracy, macro-average F1-score, and weighted-average F1-score, are employed to systematically validate and assess the overall performance and class balance of the model.

The remainder of this paper is organized as follows: Section 2 introduces the dataset, preprocessing workflow, DTW feature extraction procedure, and MLP architecture. Section 3 presents the experimental setup, comparative results, and performance analysis. Finally, Section 4 summarizes the conclusions and discusses directions for future improvement.
2 METHODOLOGY
This study proposes a transformer winding deformation diagnosis method based on DTW and MLP. The core framework, shown in Figure 1, consists of three main steps: data preprocessing with frequency band segmentation, DTW feature extraction, and MLP design and training.
[image: Flowchart detailing the process from raw FRA data to final diagnosis result. Steps include preprocessing and frequency band division into low, middle, and high bands. Outputs lead to DTW feature extraction, followed by MLP classification, concluding with the final diagnosis result.]FIGURE 1 | Overall framework flowchart of the proposed method.2.1 Data preprocessing
To ensure comparability across samples and analytical stability, the raw data were preprocessed using standardized procedures:
	Amplitude normalization: Each curve was normalized to the [0, 1] range to eliminate variations caused by measurement amplitude differences and instrument inconsistencies.
	Frequency alignment and band segmentation: Due to variations in frequency sampling points across samples, each frequency response curve was first mapped onto a unified frequency grid using linear interpolation, ensuring comparability across all sample data. Based on the electrical characteristics of transformer windings and prior experimental analysis, the overall frequency range (1 kHz–1,000 kHz) was divided into three key bands. The electrical characteristics of each band, their sensitivity to different deformation types, and the interpolation parameters applied within each band are summarized in Table 1. Classification features were derived from DTW distances between curves, which quantify morphological differences that correspond physically to changes in the winding’s inductance–capacitance distribution. Specifically, low-frequency DTW differences indicate overall winding displacement, mid-frequency differences reflect inter-winding capacitance changes, and high-frequency differences capture local short-circuits or lead displacements. By measuring the nonlinear alignment cost between frequency response morphologies, DTW provides a compact, physically meaningful representation of structural distortions such as displacement, bulging, or looseness.
	Unified representation: Within each frequency band, all curves are mapped onto a fixed frequency grid via linear interpolation, generating amplitude vectors of uniform length. This process ensures direct morphological comparability and consistent feature extraction across curves obtained from different transformers and operating conditions, thereby establishing a reliable foundation for subsequent classifier training

TABLE 1 | Frequency band division for winding deformation diagnosis.	Frequency band	Sensitive deformation types	Key physical rationale
	Low-frequency (LF) band
(1–100 kHz)	Minor deformation, overall displacement, inter-turn loosening	Dominated by overall winding inductance (L); sensitive to global structural changes
	Medium-frequency (MF) band
(100–600 kHz)	Pronounced distortion, winding bulging, disc displacement	Resonant zone governed by interaction of inductance (L) and distributed capacitance (C)
	High-frequency (HF) band
(600–1000 kHz)	Severe local defects, inter-turn short circuits, lead displacement	Governed by local capacitive coupling (C); signals propagate along localized paths


2.2 Dynamic time warping (DTW) algorithm
The core methodological workflow comprises three stages: (1) extraction of physically meaningful subsignals via frequency band segmentation; (2) quantification of curve morphological differences using the DTW algorithm; and (3) state recognition through an MLP. The technical relationships among these stages are illustrated in Figure 1.
To quantify morphological differences in frequency response curves, DTW is employed. The algorithm measures similarity between sequences of varying lengths by dynamically determining the optimal nonlinear alignment path that minimizes the cumulative distance. DTW exhibits strong robustness to scaling and phase shifts along the frequency axis, making it particularly well suited for handling curve displacements and distortions caused by measurement errors or instrument response.
Given two amplitude sequences X = (x1, x2, xn) and Y = (y1, y2, ym), the core computation involves the following steps:
	Construct the distance matrix D. Calculate the base distance between all pairs of points in the two sequences to form an n × m distance matrix D. Each element d(i,j) represents the distance between xi and yj, typically computed using the Euclidean distance: d(i,j)=|xi−yj|

	Calculate the cumulative distance matrix C. C (i,j) denotes the minimum cumulative distance among all possible paths from the starting point to the current point (i,j):Ci,j=di,j+minCi−1,j,Ci,j−1,Ci−1,j−1
Boundary conditions are: C(1,1)=d(1,1)

	Backtracking to find the optimal path. Starting from the endpoint C (m,n), trace backward to find the path with the smallest cumulative cost until reaching the starting point. This path represents the optimal alignment between the two sequences.

The optimal path must satisfy the following constraints:
	Boundary conditions. The path begins at (1,1) and end at (m,n), ensuring alignment of sequence endpoints.
	Monotonicity and Continuity. The row index i and column index j along the path must increase monotonically over time. That is, each step on the path can only move right (i, j+1), down (i+1, j), or diagonally down (i+1, j+1), preserving the chronological order of events.
	Step Size Constraints. In practice, windowing constraints limit the maximum deviation from the diagonal, improving computational efficiency and preventing excessive warping.

Figure 2A shows two one-dimensional sequences of differing lengths and phases. Figure 2B depicts the computational process: the Euclidean distances between point pairs form a base distance matrix (visualized as shades of color blocks), and dynamic programming is applied to compute the cumulative distance matrix, yielding the optimal curved alignment path. The path’s shape reflects sequence similarity: a path closer to the diagonal indicates higher similarity, whereas a more convoluted path indicates greater differences.
[image: Graph at the top shows two sequences; Sequence 1 (blue, length 10) peaks and drops and Sequence 2 (pink, length 15) follows a similar trend. The bottom heatmap represents the DTW distance matrix with colors ranging from light yellow (low distance) to dark red (high distance), showing alignment between the sequences.]FIGURE 2 | Core workflow of the DTW algorithm. (A) Input time series of different lengths and phases. (B) Distance matrix and optimal alignment path computed by dynamic time warping.The DTW distance serves as a discriminative feature for each curve and is subsequently input into the MLP model. This approach also provides physical interpretability, facilitating analysis of the sensitivity of different frequency bands to various winding deformations.
2.3 Multilayer perceptron (MLP) classifier
To achieve accurate diagnosis of transformer winding conditions, the MLP is employed as the core classification model. As a typical feedforward neural network, the MLP exhibits strong nonlinear mapping and function approximation capabilities, allowing it to learn complex decision boundaries from input features. The input features in our work are 1-D vectors derived from DTW distances, rather than images or temporal sequences, making Convolutional Neural Networks or Transformers less suitable for this task. In contrast, the MLP is lightweight and interpretable, and it is particularly well-suited for industrial deployment on edge devices. Combined with DTW-derived features, which already provide compact and discriminative morphology-difference information, the MLP effectively distinguishes among different winding states while maintaining a good balance between interpretability and model complexity.
The core structure of the MLP comprises an input layer, one or more hidden layers, and an output layer, with fully connected links between consecutive layers. The overall network architecture is illustrated in Figure 3.
[image: Diagram of a neural network with one input layer, one hidden layer, and one output layer. The input layer includes nodes labeled \(X_1\) to \(X_n\), the hidden layer has nodes labeled \(T_1\) to \(T_k\), and the output layer has nodes labeled \(Y_1\) to \(Y_n\). Arrows indicate connections between nodes across layers.]FIGURE 3 | Basic model of multilayer perceptron.The input layer is fed with curve-morphology-difference feature vectors computed by DTW, where each neuron corresponds to a specific feature component. The hidden layer performs a weighted summation of the input information and applies a nonlinear activation function for transformation, as expressed by:
h=fWihX+bh
where Wih denotes the connection-weight matrix between the input and hidden layers, bh is the bias vector, f (·) is the nonlinear activation function (e.g., ReLU or Sigmoid), and h is the hidden layer output vector.
The output layer applies a linear transformation to the hidden-layer output and converts the results into a probability distribution over class labels through the Softmax function:
y=SoftmaxWhoH+bo
where Who and bo represent the weight matrix and bias vector between the hidden and output layers, respectively, while y denotes the predicted probability vector corresponding to different winding states. The Softmax normalization ensures that the sum of all output probabilities equals one, with each component indicating the likelihood that the sample belongs to the corresponding category.
Through this network architecture, the MLP maps the DTW-derived distance features to corresponding winding-condition categories, thereby achieving high-accuracy classification performance. This approach not only leverages the morphological differences extracted by DTW but also improves diagnostic accuracy and robustness through the nonlinear mapping capability of the neural network.
2.4 Algorithm workflow and evaluation metrics
To systematically and objectively evaluate the performance of the proposed DTW-MLP-based transformer winding fault diagnosis method, this section presents the overall experimental setup and the employed evaluation metrics.
2.4.1 Experimental process design
The experiments were conducted in strict accordance with standard machine-learning procedures to ensure the reproducibility and comparability of the results. The main steps are summarized as follows:
	Data Partitioning: The preprocessed frequency-response dataset (comprising DTW features and corresponding labels) was divided into training and independent test sets. The training set was utilized for model-parameter learning and optimization, whereas the test set was reserved for final performance evaluation. The two datasets were mutually exclusive to prevent any potential information leakage.
	Model Training and Optimization: Model training and optimization were carried out on the training set using the MLP classifier. Key hyperparameters (e.g., learning rate, number of hidden-layer neurons, batch size) were optimized through grid search. To enhance experimental stability, each training procedure was repeated multiple times, and the averaged performance metrics were adopted as the final evaluation criterion.
	Model Testing and Performance Evaluation: The trained and parameter-optimized model was applied to the independent test set to predict unseen samples. The predictions were compared with the true labels, and multiple evaluation metrics were computed to quantify model performance.
	Result Analysis and Visualization: Confusion matrices and classification reports were generated based on the test results to assess the model’s diagnostic capability across different fault-severity levels, considering both overall performance and class-wise discrimination.

2.4.2 Evaluation metrics
This study employs a set of widely used classification performance metrics to comprehensively evaluate the diagnostic capability of the model from multiple perspectives. Six commonly used evaluation metrics are considered in this study, as detailed below:
	Recall recall=TPTP+FN

	Precisionprecision=TPTP+FP

	Accuracyaccuracy=TN+TPTP+FN+FP+TN

	F1-scoreF1−score=2Recall−PrecisionRecall+Precision

	Macro-average F1macro−average F1=1C∑i=1CF1−scorei

	Weighted-average F1-scoreweighted−average F1=∑i=1CF1−scorei×Supporti∑i=1CSupporti


where Supporti is the number of true samples of category i in the test set.
3 CASE ANALYSIS
3.1 Dataset and experimental workflow
3.1.1 Dataset description
The dataset used in this study originates from real-world field test data collected by the Fujian Provincial Power Grid Company in China. It encompasses normal winding conditions and three distinct deformation levels (mild, significant, and severe). The dataset already covers transformers of various voltage levels (110 kV, 220 kV and 500 kV) and was collected using multiple mainstream testing instrument, ensuring data diversity and engineering representativeness. To mitigate class imbalance caused by sample quantity differences across deformation levels, data augmentation was applied to minority-class samples using Generative Adversarial Networks, thereby enhancing model-training stability. To eliminate any risk of data leakage or synthetic overfitting, Generative Adversarial Networks based augmentation was strictly applied to the training set only; the independent test set remained entirely original, ensuring an engineering-realistic evaluation scenario.
3.1.2 Experimental workflow and evaluation benchmarks
To fairly evaluate model performance, a stratified random sampling strategy was employed to divide the dataset into a training set and an independent test set at a 7:3 ratio. The test set included 40 normal-state samples, 15 mildly deformed samples, 13 significantly deformed samples, and 7 severely deformed samples, reflecting the actual occurrence frequency of different fault levels in the field. Although the number of severe-deformation samples is limited, this distribution preserves engineering realism while maintaining sufficient statistical significance. To mitigate potential bias from class imbalance, weighted F1 was adopted as a key evaluation metric.
On the training set, grid search was employed to optimize key hyperparameters of the MLP (e.g., learning rate, number of hidden layer nodes). Model performance was evaluated by comparing it with multiple benchmark methods, including:
	Traditional method: Correlation coefficient approach.
	Classical machine learning methods: K-Nearest Neighbors (KNN), Support Vector Machine (SVM), Bootstrap Aggregating (Bagging), and Random Forest (RF).

Evaluation metrics include accuracy, precision, recall, F1-score, as well as macro-average F1-score and weighted-average F1 for assessing model balance from a global perspective.
3.2 Results and analysis
To comprehensively assess the performance advantages of the proposed DTW–MLP method, a systematic quantitative comparison was performed against several mainstream diagnostic approaches.
3.2.1 Quantitative Results Analysis
Table 2 presents the overall performance comparison of different methods on the independent test set, while Figure 4 illustrates the accuracy comparison among various models.
TABLE 2 | Overall performance comparison of different methods.	Method	Accuracy	Macro-F1	Weighted-F1
	DTW-MLP	96.00%	95.13%	95.88%
	Corr-MLP	80.00%	73.83%	80.37%
	DTW-KNN	94.67%	94.96%	94.38%
	DTW-SVM	92.00%	92.01%	91.28%
	DTW-bagging	90.67%	81.08%	90.14%
	DTW-RF	89.33%	84.72%	88.47%


Bold values indicate the best performance across all methods.
[image: Bar chart comparing the accuracy of six models: DTW-MLP at 96.00%, Corr-MLP at 80.00%, DTW-KNN at 94.67%, DTW-SVM at 92.00%, DTW-Bagging at 90.67%, and DTW-RF at 89.33%.]FIGURE 4 | Comparison of accuracy across different methods.The comparison of accuracies across different methods reveals that:
	The proposed method demonstrates overall superior performance. The DTW-MLP model achieves the highest values across key performance metrics, including accuracy, macro-average F1 score, and weighted-average F1 score, indicating its strong and comprehensive diagnostic capability for winding deformation identification.
	Traditional methods show limited effectiveness. The correlation coefficient method significantly underperforms data-driven approaches across all metrics, highlighting its reliance on manual expertise and threshold judgments, which struggle to effectively handle complex, nonlinear frequency response curve characteristics.
	The superiority of data-driven models is validated. All machine learning-based models significantly outperform traditional methods, demonstrating the high application potential of intelligent diagnostic approaches in transformer winding deformation recognition.
	The proposed features demonstrate remarkable synergy with the models. Under identical DTW feature inputs, the MLP model outperforms other machine learning algorithms, highlighting its strong nonlinear fitting and feature-learning capabilities in extracting discriminative information embedded within the frequency response curves.

3.2.2 Visual analysis of classification results
To provide a more intuitive illustration of the classification performance of different methods, this study constructed a confusion matrix (Figure 5). This visualization analyzes classification results from a sample-distribution perspective, providing an intuitive complement to the quantitative evaluation.
[image: Six confusion matrices labeled A to F, each showing predicted versus true labels from 1 to 4. The matrices have varying distributions, with diagonals indicating correct predictions. Color gradients represent frequency, with darker shades for higher values. Matrix A shows perfect predictions for label 1. Matrix F shows more dispersed errors, particularly for labels 1 and 2.]FIGURE 5 | Comparison of confusion matrices for different methods Label description: 1 = Normal, 2 = Mild deformation, 3 = Moderate deformation, 4 = Severe deformation. (A) DTW-MLP. (B) DTW-KNN. (C) DTW-SVM. (D) DTW-Bagging. (E) DTW-RF. (F) Corr-MLP.Based on the confusion matrix comparison shown in Figure 5, the following observations can be drawn:
	Proposed Method (DTW-MLP): Its confusion matrix most closely resembles an ideal identity matrix, with the main diagonal—representing correct classifications—exhibiting the highest concentration and intensity. This indicates superior classification accuracy across all categories.
	Benchmark Models: Their confusion matrices display more pronounced off-diagonal elements corresponding to misclassifications. For instance, the DTW–SVM model tends to misclassify some evidently deformed samples as severely deformed, whereas the DTW–RF model frequently confuses mildly deformed and normal windings. This visualization highlights the limited capability of these models in handling complex and overlapping decision boundaries.
	Traditional Methods: Their confusion matrices show the most dispersed patterns, with misclassifications distributed across all categories. This finding reflects their relatively low baseline performance, further underscoring the necessity of adopting data-driven diagnostic approaches.

3.2.3 Category-specific performance analysis
To further examine the specific diagnostic performance of the proposed method across different fault categories, Table 3 presents the detailed classification report of the DTW-MLP model.
TABLE 3 | Detailed performance of DTW-MLP.	Category	Precision	Recall	F1 score
	Normal winding	97.56%	100.00%	98.77%
	Minor deformation	100.00%	80.00%	88.89%
	Severe deformation	86.67%	100.00%	92.86%
	Pronounced deformation	100.00%	100.00%	100.00%


As shown in Table 3:
	Accurate identification of severe faults with zero false negatives: The model achieves a recall of 100% for severe deformation, indicating that all severe faults are correctly detected. This demonstrates the model’s high reliability, making it suitable as the core component of an intelligent safety-warning system.
	High-confidence diagnosis of early-stage faults: The model attains 100% precision for minor deformation, completely eliminating false positives. This high-confidence decision mechanism is particularly valuable in industrial scenarios requiring exceptional diagnostic reliability.
	Excellent model balance and generalization capability: The macro-average F1-score (95.13%) and weighted-average F1-score (95.88%) exhibit high consistency, confirming that the model maintains balanced and precise recognition across all fault categories.

3.3 Analysis and interpretation of experimental results
Based on the experimental findings, the proposed DTW–MLP method demonstrates excellent classification performance and balanced accuracy across all levels of winding deformation. However, considering the characteristics of the dataset and real-world application conditions, several aspects warrant further discussion.
3.3.1 Recognition capability across deformation levels
The model achieves 100% recognition accuracy for both obvious and severe deformation categories. This superior performance can be attributed to the substantial geometric and electromagnetic parameter changes induced by medium-to-high-level deformations, which cause evident morphological variations in the frequency response curve—such as resonance frequency shifts and abrupt amplitude fluctuations. The DTW algorithm effectively captures these nonlinear morphological differences, providing the MLP with highly discriminative feature representations.
In contrast, for mild deformation samples, although the model maintains 100% precision (i.e., no false positives), its recall is relatively lower, at 80%, with a few missed detections. This is primarily due to the extremely subtle variations in frequency response curves at early fault stages, where morphological differences may approach the noise threshold of measurement equipment. Consequently, the discriminative power of DTW-extracted features diminishes in such cases. We note that this observation reflects engineering reality, as detecting early-stage winding deformation remains a known challenge in the power industry. Nevertheless, the model’s ability to ensure zero false alarms highlights its strong reliability in preventive maintenance scenarios, where diagnostic credibility is prioritized over early sensitivity.
3.3.2 Balanced performance and robustness
The near-consistent macro-average (95.13%) and weighted-average F1-scores (95.88%) indicate that the model maintains stable and balanced recognition performance despite dataset imbalance. Unlike many conventional algorithms prone to majority-class bias, the DTW-MLP model provides equitable diagnostic attention to all fault states. This capability stems from the MLP’s nonlinear fitting power, which allows efficient extraction of discriminative information from minority-class samples within high-dimensional DTW feature spaces.
3.3.3 Visualization and interpretability of classification behavior
The confusion matrix comparison in Figure 5 further supports these findings. The DTW-MLP model exhibits the sparsest and most uniformly distributed misclassifications, with no evident bias across fault categories. In contrast, models such as DTW-SVM and DTW-RF display notable confusion patterns—for instance, misclassifying obvious deformation as severe deformation. This suggests that the MLP establishes more refined and robust decision boundaries, enabling it to distinguish between fault states that exhibit overlapping morphological features.
3.3.4 Influence of dataset diversity and future work
The dataset used in this study originates from real-world transformer test data across various voltage levels, measurement devices, and operating conditions, ensuring high engineering relevance. However, the limited sample size in certain categories may still constrain generalization under rare operating scenarios. To partially mitigate this, Generative Adversarial Networks were employed for minority-class augmentation.
Future work should proceed in two directions:
	Dataset expansion and augmentation: Continuously collecting high-quality field data and leveraging advanced augmentation strategies to improve class balance, particularly for rare fault conditions.
	Advanced learning paradigms: Incorporating emerging methods such as few-shot learning and meta-learning to enhance model robustness and adaptability under data-scarce conditions.

In summary, the DTW-MLP framework achieves high diagnostic accuracy, strong robustness, and excellent category balance in transformer winding condition assessment. Moreover, its morphology-based feature extraction strategy offers strong physical interpretability, bridging the gap between data-driven intelligence and engineering insights.
4 CONCLUSION
This study addresses the limitations of traditional frequency response analysis in transformer winding deformation diagnosis, particularly its strong subjectivity and the difficulty of effective feature extraction. To overcome these challenges, this work proposes an intelligent diagnostic framework that integrates Dynamic Time Warping (DTW) with a Multilayer Perceptron (MLP). Through frequency-band-specific segmentation and data-driven feature extraction, the method achieves high-precision recognition of winding deformations across transformers of various voltage levels.
The experimental results demonstrate the following key findings:
	Significantly enhanced diagnostic performance. The proposed DTW-MLP framework achieves 96.00% classification accuracy, 95.13% macro-average F1 score, and 95.88% weighted-average F1 score on an independent test set, markedly outperforming both traditional correlation-coefficient-based methods and other mainstream machine learning models.
	Balanced recognition across fault categories. The model maintains high classification accuracy for all deformation levels, achieving 100% recognition for both obvious and severe deformation states. The small gap between macro-average F1-score and weighted-average F1 scores confirms strong robustness and balanced diagnostic capability under imbalanced data conditions.
	Physically interpretable feature extraction. The DTW-derived features effectively capture morphological differences between frequency response curves, reflecting the underlying electromagnetic response mechanisms across frequency bands and providing clear physical interpretability for the model’s decision process.

In summary, the proposed DTW–MLP diagnostic approach demonstrates high accuracy, strong robustness, and clear physical interpretability, demonstrating both theoretical significance and practical feasibility for transformer condition monitoring. This framework establishes a promising foundation for future research on intelligent fault diagnosis and predictive maintenance in power-system applications.
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