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 In modern electric power systems, accurately identifying short-circuit 

conditions is essential for reliable network monitoring and protection. This 

study proposes a hybrid machine learning framework for multi-class fault 

mode classification in three-phase electric networks. The experimental dataset 

included 15 operating modes, including normal mode, single-phase mode, 

phase-to-phase mode, three-phase mode, and ground fault mode. Input 

variables included phase current measurements and positive, negative, and 

zero-sequence current components. The preprocessing pipeline included 

logarithmic transformation, standardization, and correlation-based feature 

selection. The processed data was split into training and independent test 

subsets in an 80/20 ratio. Next, k-means clustering with 15 clusters was used 

to generate additional structural features, while random forest and extreme 

gradient boosting (XGBoost) algorithms created probabilistic class predictions, 

which were integrated by a logistic regression metaclassifier. According to the 

adopted testing protocol, the proposed hybrid model achieved an accuracy of 

96.98%, a macro precision of 0.973, a macro recall of 0.969, and a macro F1-

score of 0.968, outperforming the baseline random forest model, which 

achieved an accuracy of 93.91% and a macro F1-score of 0.937. These results 

demonstrate the potential of the proposed multi-level framework for accurate 

multi-class fault diagnosis in three-phase electrical networks. 
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1. INTRODUCTION 

Modern electric power systems are characterized by a high degree of complexity, increasing loads, 

and a growing number of nonlinear equipment operating modes [1], [2]. With the expansion of power grids, 

the integration of distributed generation, and the digitalization of monitoring processes, the need for timely and 

accurate fault detection is particularly acute. The most critical of these are short-circuit faults in three-phase 

https://creativecommons.org/licenses/by-sa/4.0/
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electrical networks, as such faults lead to serious disruptions in the power supply, equipment destruction, and 

significant economic losses [3]–[6]. Despite the high technical development of the energy industry, the problem 

of short-circuit diagnostics remains challenging. Traditional engineering methods based on direct analysis of 

currents, voltages, and symmetrical components are sensitive to noise, rapid mode changes, and the specific 

features of real operating data [7], [8]. Furthermore, classical algorithms are often unable to capture complex 

nonlinear relationships between phase parameters and network conditions, which leads to a decrease in the 

accuracy and reliability of fault recognition [9]. All of this creates a research challenge: the need for models 

capable of classifying various types of short circuits in the context of multivariate, non-stationary, and hidden-

structured data. The relevance of developing new approaches is determined by the fact that modern power 

systems are transitioning to the concept of smart energy, in which automated network state analysis and 

predictive diagnostics play a key role [10]–[12]. The volume of data coming from measuring devices is 

growing, and the requirements for the speed and accuracy of decision-making are becoming increasingly 

stringent. In such conditions, machine learning and intelligent signal processing methods are becoming not just 

an auxiliary tool, but a necessary component of monitoring systems. Hybrid approaches, which combine the 

advantages of several algorithms and improve the stability and accuracy of diagnostic systems [13]–[16], are 

particularly significant. When combined with ensemble models and clustering algorithms, such methods enable 

a deeper analysis of the data structure and improve the quality of fault mode recognition. 

Recent studies [17]–[20] have demonstrated the effectiveness of machine learning and deep learning 

approaches for electrical fault diagnosis. Tree-based ensemble models provide highly nonlinear classification, 

while clustering methods can reveal hidden operating modes in electrical measurements. Other studies have 

explored boosting, support vector machine approaches, neural networks, and ensemble classifiers. However, 

three limitations remain in the existing literature. First, many approaches rely on a single supervised classifier 

and therefore do not explicitly exploit the hidden structure in the feature space. Second, clustering and 

supervised fault classification are typically evaluated separately rather than integrated into a single diagnostic 

pipeline. Third, comparatively little attention has been paid to merging the probabilistic layers of additional 

ensemble classifiers for multi-class identification of a wide range of three-phase short-circuit modes. These 

limitations motivate the development of a hybrid framework in this study. Therefore, the research gap 

addressed in this study is the absence of a unified fault classification framework that simultaneously exploits 

latent cluster structure, complementary tree-based ensemble predictions, and probability-level meta 

classification for multi-class diagnosis of three-phase electrical faults. 

The aim of this study is to develop a hybrid classification model for highly accurate detection of short 

circuit modes in three-phase networks. Achieving this goal requires the creation of an integrated architecture 

capable of accounting for hidden dependencies in the data, combining information obtained at different stages 

of analysis, and ensuring higher classification accuracy than traditional single models [21]–[23]. The source 

data includes phase currents and positive, negative, and zero-sequence components, enabling the modeling of 

a wide range of operational conditions. The target variable covers fifteen fault types, including single-phase, 

two-phase, three-phase, and grounded, making the problem nontrivial and multidimensional. The scientific 

novelty of the proposed solution lies in the creation of a hybrid architecture integrating k-means clustering, 

random forest and extreme gradient boosting (XGBoost) ensemble algorithms, and a final meta-classification 

based on logistic regression [24], [25]. This combination significantly expands the information content of the 

feature space and improves the model's ability to recognize subtle and hidden patterns. Adding cluster labels 

as new features enhances class separability, while using two independent ensemble models enables more robust 

data interpretation. The metaclassifier, in turn, combines the results of the base models and generates a final 

solution, minimizing the likelihood of errors. This results in classification accuracy of up to 96.98%, 

demonstrating the advantage of the proposed approach over traditional methods. A logical continuation of this 

work is expanding the model's capabilities for processing streaming data in real time, which is especially 

important as energy systems transition to digital substations and smart grids of the future. Another promising 

area is the integration of physical and mathematical network models and machine learning algorithms to create 

digital twins of energy infrastructure. Of additional interest is the use of deep neural networks, recurrent 

structures, and graph models capable of accounting for network topology and spatial relationships. All this 

opens up broad opportunities for further improving the accuracy, adaptability, and reliability of diagnostic 

systems, a strategically important area for the development of the modern electric power industry. The main 

findings of this study are as follows: 

− A hybrid diagnostic architecture combining k-means-based latent structure extraction with random forest 

and XGBoost classifiers is developed for multi-class three-phase fault identification; 

− Cluster membership is included as an additional feature to enrich the electrical characteristic representation; 

− The probabilistic outputs of additional ensemble classifiers are integrated using logistic regression 

metaclassification; 
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− The entire framework is experimentally compared with the baseline random forest classifier using 

precision, macro accuracy, macro recall, macro F1-score, and weighted classification metrics. 
 

 

2. METHOD 

The data for the study is a table with 𝑛 rows and m columns, where the rows correspond to individual 

observations and the columns correspond to various characteristics of the electrical network. Formally, the 

sample can be described as (1): 

 

𝐷 = {(𝑥1, 𝑦1), (𝑥2, 𝑦2), … , (𝑥𝑛 , 𝑦𝑛)} (1) 

 

where 𝑥𝑖 = {𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑚} is the feature vector for the 𝑖-th observation (𝑚 is the number of features),  
𝑦𝑖 = 𝑡𝑎𝑟𝑔𝑒𝑡 is the vector of target variables, 𝑡𝑎𝑟𝑔𝑒𝑡 ∈ {0,15}. Features 𝑥𝑖𝑗  include 𝐼𝑎 , 𝐼𝑏 , 𝐼𝑐 - the values of 

currents in phases 𝐴, 𝐵, 𝐶; 𝐼1, 𝐼2, 𝐼0 - the values of the components of positive, negative and zero sequence 

currents. These parameters are measured during the operation of the electrical network and represent the initial 

data for the analysis. Table 1 shows examples of data for training the fault classification model. The table 

includes the values of currents in phases (𝐼𝑎 , 𝐼𝑏 , 𝐼𝑐) and their components (𝐼1, 𝐼2, 𝐼0), as well as the 𝑡𝑎𝑟𝑔𝑒𝑡 
variable, which denotes the fault class. 

Table 1 contains examples of input data used to train a fault mode classification model for a three-

phase electrical network. The table includes current values in phases A, B, and C, as well as components of 

positive, negative, and zero-sequence currents, which allow for a more accurate accounting of network balance 

and imbalance under various fault conditions. The last column, "target," represents the target label 

corresponding to one of fifteen fault types. Each target variable class reflects a specific fault configuration in 

the network. Thus, classes 1–3 correspond to single-phase faults: when a fault occurs on phase A (class 1), a 

sharp increase in current is observed in this phase, while currents in phases B and C decrease to minimum 

values. Similar behavior is typical for classes 2 and 3, where the fault occurs on phases B and C, respectively. 

 

 

Table 1. Characteristic features of phase currents and sequences for each emergency condition 
𝐼𝑎 𝐼𝑏 𝐼𝑐 𝐼1 𝐼2 𝐼0 Target 

50.0 10.0 10.0 70.0 60.0 20.0 1 

10.0 140.0 10.0 60.0 70.0 10.0 2 
10.0 10.0 160.0 80.0 70.0 20.0 3 

120.0 120.0 5.0 90.0 20.0 10.0 4 

5.0 130.0 130.0 100.0 25.0 15.0 5 
140.0 5.0 140.0 110.0 20.0 20.0 6 

120.0 120.0 120.0 100.0 15.0 25.0 7 

130.0 10.0 10.0 75.0 50.0 35.0 8 
10.0 140.0 10.0 65.0 60.0 30.0 9 

10.0 10.0 140.0 70.0 65.0 40.0 10 

130.0 130.0 5.0 95.0 20.0 30.0 11 
5.0 140.0 140.0 105.0 15.0 35.0 12 

140.0 5.0 145.0 110.0 20.0 45.0 13 

130.0 130.0 130.0 115.0 10.0 50.0 14 
110.0 112.0 108.0 90.0 10.0 10.0 0 

 

 

Classes 4–6 represent phase-to-phase faults. During a fault between phases A and B (class 4), the 

currents in both phases increase, while the current in phase C decreases significantly. During a fault between 

phases B and C (class 5), increased values are observed in the currents of phases B and C, while the current in 

phase A decreases. A fault between phases C and A (class 6) results in similar changes, but in phases C and A. 

Class 7 characterizes a three-phase ABC fault, in which the currents in all phases become approximately equal 

and the total load on the system increases significantly, making this mode the most critical. Classes 8–10 

describe single-phase-to-ground faults. In these modes, the current in the corresponding phase increases 

sharply, while the currents in the other two phases remain minimal. An important feature is the increase in the 

zero-sequence fault I0I_0I0, which is caused by the appearance of a current leakage path through the ground. 

Classes 11–13 reflect phase-to-ground faults. For example, when phases A and B are faulted to ground 

(class 11), the currents in both phases increase, the current in phase C decreases, and the I_0 component 

becomes noticeable. B–C–ground (class 12) and C–A–ground (class 13) faults exhibit a similar pattern of phase 

current and zero-sequence behavior. Class 14 corresponds to a three-phase ground fault, in which the currents 

in all phases increase simultaneously with a maximum increase in the zero-sequence. This mode leads to the 
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most pronounced network destabilization. Finally, class 0 denotes normal network operation without faults: 

the currents in all phases are balanced, and the zero-sequence is practically zero, indicating the absence of 

faults. Thus, the data in Table 1 not only demonstrate examples of input features but also reflect the 

characteristic features of the phase currents and sequences for each fault condition, which is an important part 

of forming the training set for the classification model. 

The description is based on the laws of electrical engineering and electrostatics. Phase currents 

(𝐼𝑎 , 𝐼𝑏 , 𝐼𝑐) depend on the short circuit configuration, the nature of the circuit, and the resistance through which 

the short circuit occurs. Zero (𝐼2) and negative (𝐼2) sequences reflect the presence of imbalances and short 

circuits. 

− Elimination of missing values. Real data may contain missing values due to technical errors or measurement 

errors.  

 

𝑥𝑖𝑗 = {
𝜇𝑗 , 𝑖𝑓 𝑥𝑖𝑗  𝑖𝑠 𝑚𝑖𝑠𝑠𝑖𝑛𝑔

𝑥𝑖𝑗  𝑒𝑙𝑠𝑒                       
 (2) 

 

− Feature normalization. To equalize the feature scales, 𝑧-normalization is used, which transforms the data 

so that the mean value of a feature is zero and the standard deviation is one (3): 

 

𝑧𝑖𝑗 =
𝑥𝑖𝑗−𝜇𝑗

𝜎𝑗
 (3) 

 

where 𝜇𝑗 is the mean value of feature 𝑗, 𝜎𝑗 is the standard deviation of feature 𝑗. An alternative approach is 

Min-Max normalization, which brings the feature values to the range [0,1] (4): 

 

𝑥𝑖𝑗
′ =

𝑥𝑖𝑗−min (𝑥𝑗)

max(𝑥𝑗)−min (𝑥𝑗)
 (4) 

 

These methods improve the stability and accuracy of algorithms that are sensitive to data scale. 

− Correlation analysis. To eliminate redundant features, a correlation analysis is performed using a correlation 

matrix (5): 

 

𝑅 = {𝑟𝑖𝑗}, 𝑟𝑖𝑗 =
𝑐𝑜𝑣(𝑥𝑖,𝑥𝑗)

𝜎𝑥𝑖𝜎𝑥𝑗
 (5) 

 

where 𝑐𝑜𝑣(𝑥𝑖 , 𝑥𝑗) is the covariance between features 𝑥𝑖 and 𝑥𝑗, 𝜎𝑥𝑖 , 𝜎𝑥𝑗  are their standard deviations. If the 

correlation between two features exceeds a given threshold ∣ 𝑟𝑖𝑗 ∣> 0.8), one of them is removed to prevent 

redundancy. The mathematical model for data loading and processing includes a formalized approach to 

eliminating gaps, normalizing features, encoding target variables, and analyzing correlations. These steps form 

the foundation for successfully training machine learning models, ensuring the accuracy and reliability of fault 

classification in electrical networks. The mathematical methods used and the described transformations make 

the data preparation process understandable, reproducible, and adaptable to solve other types of problems. 

Machine learning model training is the process of optimizing model parameters to identify 

relationships between input features 𝑋 and a target variable 𝑦 based on data. Let's consider the mathematical 

model of training, including the definition of training, validation, and test sets, as well as a mathematical 

description of the machine learning algorithms used in this work. Training is performed on training data 

𝐷𝑡𝑟𝑎𝑖𝑛 = {(𝑋𝑡𝑟𝑎𝑖𝑛 , 𝑦𝑡𝑟𝑎𝑖𝑛)}, validation is performed on 𝐷𝑣𝑎𝑙 = {(𝑋𝑣𝑎𝑙 , 𝑦𝑣𝑎𝑙)}, and the final accuracy check of 

the model is performed on test data 𝐷𝑡𝑒𝑠𝑡 = {(𝑋𝑡𝑒𝑠𝑡 , 𝑦𝑡𝑒𝑠𝑡)}. Here, 𝑋 ∈ ℝ𝑛×𝑚 is the feature matrix, where n is 

the number of observations, 𝑚 is the number of features, and 𝑦 ∈ ℝ𝑛 is the target variable vector representing 

classes (closure type). random forest is an ensemble method that constructs multiple decision trees on random 

subsamples of data. The basic idea is to use tree "voting" to predict the final class. Each tree node divides the 

data by a specific feature to maximize the difference in the target variable. Let 𝑇 = {𝑡1, 𝑡2, … , 𝑡𝑘} be the set of 

trained trees. The prediction of class 𝑦  for object 𝑥 is defined as (6): 

 

𝑦̂ = 𝑚𝑜𝑑𝑒(𝑡1(𝑥), 𝑡2(𝑥), … , 𝑡𝑘(𝑥)) (6) 

 

where 𝑡𝑖(𝑥) is the prediction of the 𝑖-th tree, and 𝑚𝑜𝑑𝑒 is the most frequently occurring value among the tree 

predictions. Each tree is trained based on an uncertainty reduction criterion, such as the Gini criterion (G) (7): 

 

𝐺 = 1 − ∑ 𝑝𝑖
2𝐶

𝑖=1  (7) 
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where 𝑝𝑖  is the probability of observing class 𝑖 at node, 𝐶 is the number of classes. XGBoost is a boosting 

method that trains trees sequentially, minimizing the errors of previous models. The new algorithm corrects 

the errors made by previous trees, resulting in more accurate predictions. The model's prediction is determined 

by the sum of the predictions of individual trees (8): 

 

𝑦̂𝑖 = ∑ 𝑓𝑘(𝑥𝑖)
𝐾
𝑘=1  (8) 

 

where 𝑓𝑘(𝑥𝑖) is the prediction function of the 𝑘-th tree and 𝐾 is the total number of trees. The optimization 

function (9): 

 

𝐿(𝑦̂, 𝑦) = ∑ 𝑙(𝑦𝑖 , 𝑦̂𝑖) + ∑ Ω(𝑓𝑘)
𝐾
𝑘=1

𝑛
𝑖=1  (9) 

 

where 𝑙(𝑦𝑖 , 𝑦̂𝑖) is the loss function, e.g., the mean squared error, and 𝛺(𝑓𝑘) is the regularization that controls 

the complexity of the model. The regularization is defined as (10): 

 

Ω(𝑓𝑘) = Υ𝑇 +
1

2
λ∑ 𝑤𝑗

2𝑇
𝑗=1  (10) 

 

where 𝑇 is the number of leaves, 𝑤𝑗  is the weight of the leaf. The support vector machine constructs a 

hyperplane that maximally separates classes in the feature space. If the data is not linearly separable, kernel 

functions are used to map the data to a higher dimension. For a linear kernel, the classification problem is 

formulated as (11): 

 

min
𝑤,𝑏

1

2
||𝑤||2 under conditions 𝑦𝑖(𝑤 ∗ 𝑥𝑖 + 𝑏) ≥ 1,∨ 𝑖 (11) 

 

where 𝜙(𝑥) is the kernel function, 𝜉𝑖 is the penalty for misclassifications, and 𝐶 is the regularization 

coefficient. 

The 𝑘-nearest neighbors method classifies a new object based on the labels of its 𝑘-nearest neighbors 

in the feature space. Class prediction is performed by simple majority. For an object 𝑥, the distances to all other 

objects are calculated, for example, using the Euclidean metric (12). 

 

𝑑(𝑥, 𝑥𝑖) = √∑ (𝑥𝑗 − 𝑥𝑖𝑗)
2𝑚

𝑗=1  (12) 

 

The class ŷ is defined as (13): 
 

ŷ = mode({𝑦𝑖|𝑥𝑖 ∈ 𝑁𝑘(x)}) (13) 
 

where 𝑁𝑘  (𝑥) s the set of 𝑘-nearest neighbors for object 𝑥. Logistic regression predicts the probability of an object 

belonging to a class using the logistic function. The probability of an object 𝑥 belonging to class 𝑦 = 1 (14): 
 

𝑃(𝑦 = 1|𝑥) =
1

1+𝑒−(𝑤∗𝑥+𝑏) (14) 

 

Training is carried out with minimization of the loss function (Log Loss) (15): 
 

𝐿(𝑦, ŷ) = −
1

𝑛
∑ [𝑦𝑖 log(ŷ𝑖) + (1 − 𝑦𝑖)log (1 − ŷ𝑖)]
𝑛
𝑖=1  (15) 

 

A deep neural network consists of an input layer, one or more hidden layers, and an output layer. Each 

neuron in the layer transforms the input value through a weighted sum with activation. For layer 𝑙, the output 

is calculated as (16): 
 

𝑎(𝑙) = 𝜎(𝑊(𝑙)𝑎(𝑙−1) + 𝑏(𝑙)) (16) 
 

where 𝑊𝑙 is the weight matrix, 𝑏𝑙 is the bias vector, and 𝜎 is the activation function (e.g., ReLU or sigmoid). 

The loss function for binary classification is (17): 
 

𝐿(𝑦, ŷ) = −
1

𝑛
∑ [𝑦𝑖 log(ŷ𝑖) + (1 − 𝑦𝑖)log (1 − ŷ𝑖)]
𝑛
𝑖=1  (17) 
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Each machine learning model is based on its own mathematical formulation and principles, making 

them unique and well-suited to specific problems. In this paper, each of the presented models was adapted for 

classifying faults in three-phase electrical networks, ensuring high accuracy and reliability of predictions. Thus, 

the proposed methodology combines complementary stages: data preprocessing, feature extraction, cluster 

structure formation, training of multiple ensemble models, and the application of meta-classification to provide 

a holistic and multi-layered approach to short-circuit diagnostics. This architectural design not only reveals the 

hidden structure of the data and eliminates the influence of noise but also significantly improves the model's 

generalization ability by combining the strengths of various algorithms. The developed methodological 

framework provides the foundation for obtaining robust and reproducible results and enables further system 

expansion, including processing streaming data in real time and integrating more complex features. 

 

 

3. RESULTS 

An experimental evaluation of the developed hybrid model allowed us to verify its effectiveness and 

compare the results with a baseline single classification model. Based on the methodology outlined in the 

previous section, we sequentially trained, validated, and tested the models using the same dataset and unified 

quality assessment metrics. This approach ensures an objective comparison and allows for a comprehensive 

assessment of the impact of clustering, ensemble algorithms, and a meta-classifier on the overall short-circuit 

diagnostic accuracy. This section presents the obtained metric values, performs a comparative analysis of the 

models, and discusses key patterns that demonstrate the advantages of the hybrid architecture over the 

traditional approach. Figure 1 illustrates the sequential workflow of the proposed hybrid classification model, 

combining the stages of data preparation, feature space formation, clustering, and multi-level classification. 

The first step uses the initial dataset, including phase currents and voltages, which are considered as input 

features, and the corresponding target labels representing classes of different fault modes. Before feeding the 

data into the model, a logarithmic transformation is performed to smooth out the impact of outliers and reduce 

scale differences between values. Next, normalization is performed, converting each feature to a uniform scale, 

ensuring the correct operation of machine learning algorithms. The next important step is selecting the most 

significant features based on correlation analysis. From the original dataset, only those variables that have the 

strongest correlation with the target variable are selected, improving the quality of training and reducing the 

risk of overfitting. After feature selection, the prepared dataset is split into training and test sets at an 80/20 

ratio, allowing for an objective assessment of the model's generalization ability. 

 

 

 
 

Figure 1. Structural diagram of the proposed hybrid classification model 
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The next step involves k-means clustering. The algorithm forms hidden clusters in the data, identifying 

groups of objects with similar characteristics. Cluster labels are added as new features, forming an expanded 

hybrid feature space. This allows classifiers to account for structures that are not obvious in the original data 

and improves the distinguishability of fault classes. After generating an expanded set of features, the 

classification models are trained. Two ensemble methods—XGBoost and random forest—are used as the base 

algorithms. Each is trained independently using hybrid features, generating its own predictions. These 

predictions are then combined and fed to a meta-classifier, which generates the final decision. Using  

meta-classification allows for the correction of potential errors in the base algorithms and improves the overall 

accuracy of the model. The final stage of the scheme includes a validation procedure, which evaluates the 

quality of the predictions using a test set. The final accuracy of the hybrid model is calculated by comparing 

the predicted labels with the true ones. After successful validation, the trained model is saved and can be used 

for subsequent diagnostics of short-circuit conditions in three-phase electrical networks. 

The proposed hybrid model incorporates sequential data processing, clustering, ensemble model 

training, and meta-classification. This approach accounts for internal dependencies in the data, combining the 

advantages of various machine learning methods to ensure high classification accuracy and model robustness. 

To evaluate the effectiveness of the proposed hybrid model, a comparative analysis was conducted using the 

baseline single-model random forest classifier. The evaluation was conducted using key classification metrics: 

accuracy, macro precision, macro recall, macro F1-score, as well as weighted precision, weighted recall, and 

weighted F1-score. These metrics provide a comprehensive assessment of both the generalization ability of the 

model and its resilience to class imbalance. The results are presented in Table 2. They demonstrate the 

differences in the performance of the single-model and hybrid models, reflecting the latter's ability to more 

accurately recognize complex patterns of emergency conditions. It should be noted that the hybrid architecture 

utilizes additional features generated by clustering and combines the predictions of multiple classifiers, which 

should theoretically improve the accuracy of the final solution. 

 

 

Table 2. Results of single and hybrid models 
Metrics Single model (random forest classifier) Hybrid model (k-means+RF+XGBoost+LR) 

Accuracy 93.91% 96.98% 

Macro precision 0.942 0.973 

Macro recall 0.939 0.969 
Macro F1-score 0.937 0.968 

Weighted precision 0.945 0.974 

Weighted recall 0.938 0.971 
Weighted F1-score 0.940 0.972 

 

 

As can be seen from the table, the hybrid model demonstrates superiority across all key metrics. The 

increase in accuracy from 93.91% to 96.98% confirms that the multi-level approach combining clustering, 

ensemble methods, and meta-classification provides a deeper analysis of the data structure and improves the 

generalization ability of the model. The increase in macro precision, macro recall, and macro F1-score values 

indicates that the hybrid model more evenly classifies all classes, including those represented by a smaller 

number of examples. The increase in weighted metrics demonstrates that the model reliably processes the 

sample taking into account the class distribution and does not lose accuracy even in the presence of potential 

data imbalance. Overall, the obtained results confirm that the proposed hybrid architecture can improve the 

efficiency of detecting various short-circuit modes in three-phase electrical networks and can be recommended 

for implementation in intelligent power system monitoring and diagnostics systems.  

To physically interpret the electrical quantities used in the proposed fault classification system,  

Figure 2 illustrates the phasor representation of three-phase current and voltage signals in the complex plane. 

The figure provides a reference representation of the relationships among phases A, B, and C and demonstrates 

their relative angular displacement under balanced operating conditions. These relationships are important for 

fault diagnosis because short-circuit faults can alter both the magnitude and phase characteristics of electrical 

signals. Figure 2(a) shows the current phasors of the three phases, which are separated by approximately 120 

degrees. This representation demonstrates the normal relationship among the phase currents and provides a 

reference for identifying deviations caused by fault conditions. Figure 2(b) presents the corresponding voltage 

phasors, which also exhibit a 120-degree phase displacement. Changes in these voltage relationships may 

indicate phase imbalance or abnormal operating conditions. Thus, Figure 2 provides a physical interpretation 

of the current and voltage characteristics subsequently considered during feature processing and fault 

classification. 
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(a) (b) 

 

Figure 2. Phasor representation of three-phase currents and voltages: (a) current phasors and (b) voltage 

phasors 

 

 

To further illustrate the temporal behavior of electrical signals during a fault, Figure 3 presents 

representative three-phase current and voltage waveforms over the analyzed time interval. Figure 3(a) shows 

the three-phase current waveforms. During the highlighted fault interval, the phase currents exhibit a 

pronounced increase in amplitude compared with the normal operating intervals before and after the fault. In 

contrast, Figure 3(b) presents the corresponding three-phase voltage waveforms, where the fault interval is 

characterized by a substantial reduction and distortion of the voltage amplitudes. After the fault is cleared, both 

current and voltage signals return to their normal periodic behavior. Thus, the two subfigures illustrate 

complementary electrical responses to the same fault event: Figure 3(a) demonstrates the current response, 

whereas Figure 3(b) demonstrates the associated voltage response. 

 

 

 

 
(а) 

 
(b) 

 

Figure 3. Representative three-phase electrical waveforms during a short-circuit fault event: (a) three-phase 

current waveforms and (b) three-phase voltage waveforms 

 

 

The distribution of observations across 15 operation and fault classes is presented in Figure 4. The 

dataset exhibits a pronounced class imbalance: normal operation accounts for 82.2% of observations, while 

individual fault categories account for a significantly smaller share. Among fault scenarios, the most 

represented class is three-phase-to-ground fault (9.6%), followed by three-phase-to-ground fault (3.5%) and 

phase B–C fault (3.4%). Several other fault types account for less than 1% of observations. This imbalance 

justifies the use of class-sensitive evaluation metrics in addition to overall accuracy. In particular, macro 

accuracy, macro recall, and macro F1-score are presented, as they assign equal importance to each class and, 

therefore, provide a more informative assessment of classification performance for both the majority and 

minority fault types. 
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Figure 4. Distribution of observations across the 15 operating and short-circuit fault classes 

 

 

Figure 5 presents the results of data clustering using the k-means algorithm. For visualization, 

principal component analysis (PCA) was applied to reduce the feature space to two principal components. The 

resulting projection illustrates the distribution and separation of the identified clusters in the two-dimensional 

PCA space. 

 

 

 
 

Figure 5. Data visualization 

 

 

Figure 5 illustrates the 15 clusters identified in the original data, with color coding for each cluster. 

Each point in the graph represents one observation, plotted against two principal components (PCA Component 

1 and PCA Component 2), which capture the majority of the variability in the original features after 

standardization. The contours of each cluster (depicted as dashed lines) were generated using the Convex Hull 

algorithm, allowing visualization of the boundaries of the data distribution within each cluster. These contours 

clearly show the boundaries that separate one cluster from another and help identify the area where the data is 

most densely clustered. Each cluster is clearly distinct from the others, forming unique groups where 

observations share similar characteristics. Some clusters are also noticeably elongated or asymmetrical, 

suggesting possible hidden dependencies between features. This visualization confirms that the k-means 

clustering method was able to effectively segment the data into groups, an important step for improving the 
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performance of the subsequent hybrid model. PCA visualization provides qualitative evidence that 

observations contain a hidden clustering structure that is not explicitly encoded in the original electrical 

measurements. By assigning a cluster membership attribute to each observation, subsequent classifiers gain 

additional information about the operating mode to which the sample most closely resembles. This 

representation can facilitate the distinction between fault classes exhibiting partially overlapping patterns of 

current components. However, Figure 5 alone does not establish a causal improvement in classification 

performance; therefore, the quantitative contribution of enhanced clustering should be interpreted in 

conjunction with comparative classification results. 

The advantage of the hybrid model lies in its ability to account for hidden patterns in the data by 

incorporating cluster labels as additional informative features, which enhances class separability and improves 

prediction accuracy. Thanks to the integrated use of ensemble methods random forest and XGBoost, the model 

effectively handles nonlinear dependencies, remains robust to noise and outliers, and demonstrates more 

consistent results compared to single algorithms. A key element of the architecture is the meta-classifier, which 

combines the probabilistic predictions of the base models, thereby reducing the likelihood of errors that arise 

when using a single method. Overall, the integration of clustering, ensemble algorithms, and  

meta-classification enables the hybrid model to achieve significantly higher accuracy and reliability, as 

confirmed by the experimental results obtained. 

 

 

4. CONCLUSION 

In this study, a hybrid machine learning model was developed and evaluated for highly accurate  

multi-class classification of fault modes in three-phase electrical networks. The proposed approach combines 

k-means clustering, random forest, XGBoost, and logistic regression-based metaclassification to exploit both 

the latent structure of electrical measurements and the additional predictive capabilities of ensemble classifiers. 

Phase current measurements and positive, negative, and zero-sequence current components were used to 

distinguish 15 operating modes, covering normal operation and various single-phase, phase-to-phase,  

three-phase, and ground fault modes. The preprocessing procedure included log transformation, 

standardization, correlation-based feature selection, and k-means cluster expansion prior to supervised 

classification. Under the adopted experimental protocol, the proposed hybrid model achieved an accuracy of 

96.98%, a macro precision of 0.973, a macro recall of 0.969, and a macro F1-score of 0.968. In comparison, 

the baseline random forest classifier achieved an accuracy of 93.91%, a macro precision of 0.940, a macro 

recall of 0.937, and a macro F1-score of 0.937. Thus, the hybrid approach improved the accuracy by 3.07 

percentage points and the macro F1-score by 0.031. These results indicate that integrating the information 

obtained from clustering with additional ensemble predictions and meta-classification can provide more 

consistent discrimination between the considered fault modes than the evaluated baseline method based on a 

single model. Thus, the obtained results validate the main objective of the study, namely, developing a unified 

machine learning framework capable of improving multi-class identification of short-circuit conditions in 

three-phase electrical networks. 

However, several limitations should be considered when interpreting these results. The current 

evaluation is based on a single dataset and does not establish generalizability to different power networks, 

metering systems, load conditions, or sensor configurations. Furthermore, the experiments were conducted 

using a train-and-test evaluation protocol in offline mode; therefore, real time computation latency, resilience 

to communication interference, and the operational performance of the deployed protection systems were not 

assessed. The presented feature representation is also primarily based on phase current and sequence 

component information and, therefore, does not cover the wider range of measurements that may be available 

in practical power system monitoring. Furthermore, visualization of k-means clusters using PCA provides 

qualitative evidence of the underlying structure of the data, but should not be interpreted as quantitative 

evidence of the contribution of clustering to the final classification performance. 

Therefore, future research should validate the proposed framework on additional independent datasets 

and power grid configurations, investigate its robustness to measurement noise and changing operating 

conditions, and evaluate its computational performance in real time. Further work should also include 

systematic ablation experiments to quantify the individual contributions of k-means clustering, random forest, 

XGBoost, and meta classification, as well as explore additional electrical measurements and adaptive feature 

representations. These additions will help determine the generalizability and practical applicability of the 

proposed framework for intelligent fault monitoring and decision support in modern power systems. 
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