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Abstract: Power transformer is one of the more important components of electrical power systems. The early detection of transformer faults increases the power system reliability. Dissolved gas analysis (DGA) is one of the most favorite approaches used for power transformer fault prediction due to its easiness and applicability for online diagnosis. However, the imbalanced, insufficient and overlap of DGA dataset impose a challenge towards powerful and accurate diagnosis. In this work, a novel fault diagnosis for power transformers is introduced based on DGA by using data transformation and six optimized machine learning (OML) methods. Four data transformation techniques are used with the dissolved gasses of transformer oils to reduce the high overlap of dataset samples. The OML methods used for transformer fault diagnosis are decision tree, discriminant analysis, Naïve Bayes, support vector machines, K-nearest neighboring, and ensemble classification methods. The six OML methods are implemented by MATLAB/Software based on 542 dataset samples collected from laboratories and literature. In this regard, 361 dataset samples were used for training, while 181 dataset samples were used for testing. The transformer fault diagnosis based on the OML methods had superior predicting accuracy compared to conventional and artificial intelligence methods.
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Nomenclature



	H2:
	Hydrogen



	CO:
	Carbon monoxide



	CH4:
	Methane



	CO2:
	Carbon dioxide



	C2H6:
	Ethane



	C2H2:
	Acetylen



	C2H4:
	Ethylene



	DGA:
	Dissolved gas analysis



	PD:
	Partial discharge



	DT:
	Decision tree



	T1:
	Low thermal faults



	DA:
	Discriminant analysis



	T2:
	Medium thermal faults



	NB:
	Naïve Bayes



	T3:
	High thermal faults



	SVM:
	Support vector machine



	D1:
	Low energy discharges



	KNN:
	K-nearest neighboring



	D2:
	High energy discharges



	EN:
	Ensemble method



	OML:
	Optimized machine learning



	BO:
	Bayesian optimization



	
INi
:
	The ith percentage gas ratios



	
ϵ
:
	Relative erro



	
Gi
:
	The ith gas concentration in ppm



	
Npredict
:
	The number of predicted sample



	TDCG:
	The summation of all gas concentrations



	
Ntotal
:
	The total number of training samples



	AI:
	Artificial intelligent



	Mod-Rog:
	Rogers’ modified four-ratio



	NPR:
	Neural pattern recognition



	Mod-IEC:
	Modified IEC 60599 code




1  Introduction

The power transformer is one of the most important equipment in electrical power systems. Accordingly, the early detection of transform faults is very important to enhance power system reliability [1]. The power transformers are subjected to electrical and thermal stresses, which can cause decomposition in the insulation oil with a subsequent generation of dissolved gasses. The more common gasses in transformer oil are Hydrogen (H2), Methane (CH4), Ethane (C2H6), Ethylene (C2H4), Acetylene (C2H2), carbon monoxide (CO), carbon dioxide (CO2) [2,3]. In most researches, the first five dissolved combustible gasses (H2, CH4, C2H6, C2H4, and C2H2) are used for predicting the power transformer fault types, since CO and CO2 are only used for predicting the insulating papers degradation state [4,5]. The different transformer fault types produced due to electric and thermal stresses are classified as partial discharge (PD), low and high energy discharges (D1 and D2), and low, medium, and high thermal faults (T1, T2, and T3) [6].

Power transformer fault type prediction based on dissolved gas analysis (DGA) was carried out by some conventional methods, artificial intelligence based methods, and machine learning based methods. The conventional methods are divided into ratio methods and graphical methods. The ratio methods include Doernenburg ratio, Rogers’ three and four-ratio, and IEC 60599 code methods [7,8]. The graphical methods include the Duval triangle [9], Duval and Mansour pentagon [10,11], and Gouda heptagon [12] methods. The conventional methods are simple to implement, but they have poor detecting accuracy for power transformer fault types. The artificial intelligence based methods used for transformer fault diagnosis include various methods such as: neural networks [3,13,14], fuzzy logic [15–17], Neuro-fuzzy [18], particle swarm-fuzzy logic [19,20], support vector machines [21–23], hybrid grey wolf optimization technique [4]. The artificial intelligence based methods has high predicting accuracy for transformer fault diagnosis compared to the conventional ratio and graphical methods, but they necessitate large dataset for implementation. Moreover, more accurate methods are needed to assure the highest reliability level of electrical grids. As a result, machine learning based methods were proposed as superior methods for power transformer diagnostics based on DGA [24]. However, the selection of governing parameters in machine learning based methods is crucial for effective application of these methods.

From this viewpoint, it is proposed in this work to develop a novel power transformer fault diagnosis based on six optimized machine learning (OML) classification methods. The six OML classification methods are decision tree (DT), discriminant analysis (DA), Naïve Bayes (NB), support vector machines (SVM), K-nearest neighboring (KNN), and ensemble methods (EN). These are applied to 542 dataset samples collected from laboratories and literature. The collected samples have a high overlap degree among different fault types. To enhance the OML predicting accuracy, four data transformation techniques are implemented. The four data transformations are logarithmic, normalization, standardization, and percentage gas ratio techniques. The predicting accuracy is compared among different OML classification methods and data transformation techniques. The different methods are implemented using MATLAB/software classification toolbox.

The organization of the next sections is as follows. Section two introduces data transformation techniques and methodology, while section three presents the results of OML methods with different data transformation techniques. Section four introduces the validation of the proposed method and comparisons with conventional and artificial intelligence based methods. Finally, section five presents conclusions and recommendations.

2  Data Transformation Techniques and Solution Methodology

2.1 Data Transformation Techniques

The proposed OML methods are carried out and implemented based on 542 dataset samples. The dataset samples are collected from literature, utilities, Egyptian Electricity Holding Company (EEHC) in Egypt, and Technology Information Forecasting and Assessment Council (TIFAC) in India [6,9,21,25–28]. This variety of dataset samples are used in this work to assure the reliability of the proposed fault diagnosis. The dataset distribution is divided into two datasets. The first dataset is used for the training process (361 samples, 66.67% from overall dataset samples), while the second is used for the testing process (181 samples, 33.33% from overall dataset samples). The distribution of the training and testing datasets is introduced in Tab. 1 against transformer fault types.

Table 1: Distribution of training and testing dataset samples against fault types
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Fig. 1 introduces the distribution of H2, CH4, C2H6, and C2H2 versus the different transformer fault types. The distribution of the different gasses against different fault types has a high degree of overlap, which requires a transformation technique of the dataset before applying the OML methods to enhance their predicting accuracy.
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Figure 1: Distribution of H2, CH4, C2H6, and C2H2 versus the different transformer fault types

2.1.1 Gas percentage transformation

In the gas percentage transformation, the input gas ratio to the OML methods can be expressed as follows:



INi=GiTDCG×100,i=1,2,3,4,5
(1)

where, 
INi
 is the ith percentage gas ratios, 
Gi
 is the ith gas concentration in ppm (H2, CH4, C2H6, C2H4 or C2H2), and TDCG is the summation of all gas concentrations.

2.1.2 Logarithmic transformation

In the logarithmic transformation, the input gas ratio to the OML methods can be presented as follows:



INi=ln(Gi),i=1,2,3,4,5
(2)

2.1.3 Normalization transformation

In the normalization transformation, the input gas ratio to the OML methods can be calculated as follows:



INi=[Gi−min(Gi)][max(Gi)−min(Gi)],i=1,2,3,4,5
(3)

2.1.4 Standardization transformation

In the standardization transformation, the input gas ratio to the OML methods can be estimated as follows:



INi=[Gi−mean(H2:C2H2)]Std(H2:C2H2)),i=1,2,3,4,5
(4)

where, 
mean(H2:C2H2)andStd(H2:C2H2)
 is the average and standard deviation of five dissolved gas concentrations, respectively.

Fig. 2 introduces the distribution of H2, CH4, C2H6, and C2H2 against the different transformer fault types with different transformation techniques. It is illustrated that the overlap of gas distribution with different faults after applying transformation techniques is lower than that of raw gas concentrations in Fig. 1, especially with gas percentage transformation technique.
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Figure 2: Distribution of H2, CH4, C2H6, and C2H2 versus the different transformer fault types with different transformation techniques. (a) Gas percentage (b) Logarithmic (c) Normalization (d) Standardization

2.2 Solution Methodology and OML Methods

2.2.1 Solution methodology

The OML methods are optimized during the training process by Bayesian optimization (BO). The BO technique is one of the most effective approaches that was used with OML methods to identify their hyperparameters [29]. The BO is used to determine the optimized parameters of each method to enhance its predicting accuracy. For example, the optimal parameters of the KNN method are number of neighbors, distance metric, distance, weight, standardize data, while that of the EN method is ensemble method, the maximum number of splits, number of learners, and learning rate. The BO is used to determine the optimal parameters based on period calculation, and then the probabilistic model is used to evaluate the optimal parameters by applying the different probability values to select the suitable one that gives the highest probability [30]. The BO model used for determining the optimal parameters of OML methods was expressed in [30,31]. The optimization models of the six OML methods are carried out by MATLAB/software 2020b classification learner toolbox [32]. The optimized model of each method with different transformation data are then used for predicting new dataset samples denoted as testing samples.

The procedure of selection methodology is summarized in the following steps:

1.   Divide dataset samples into two sets: the first set (361 samples) is used for the training process, while the second one is used for testing purposes (181 samples).

2.   Choose the validation technique: the cross-validation folds with 10 folds is chosen for the training process.

3.   Choose classifier options: the optimization technique (BO), acquisition options (expected improvement by per second plus) and the total number of iterations of 30.

4.   Choose the OML classifier method.

5.   Start the training process: the model hyperparameters are determined using BO and the predicting accuracy of the training dataset is obtained.

6.   Access classifier method parameters and performance.

7.   Export the classifier model of the selected OML method.

8.   Repeat steps 3 up to 7 with the different OML methods.

9.   Use the optimized models of the OML methods to predict the transformer fault types for the testing dataset samples.

10.   Compere between the predicting accuracy of the OML methods to determine the best one.

2.2.2 OML methods

In this work, MATLAB/software 2020b classification learner toolbox is used as a platform for the optimization classifiers. It is consists of six OML methods. The six OML methods are DT, DA, NB, SVM, KNN, and EN. A brief summary of the six OML methods used in this study for classification learner toolbox is introduced as follows:

•   Decision tree (DT)

The decision tree consists of the root node, branches, internal nodes, and leaf nodes [33]. The classification process of the DT method is carried out by evaluating the information of each attribute and using them to split the datasets into different subsets flowing from the root node through branching and internal nodes until attain the final decision class at the leaf nodes [34]. The BO technique is used to determine the optimal hyperparameters of the DT, which are a maximum number of splits and split criterion. This process is repeated by removing the branches that aren't helpful in the classification process until the final decision tree model is obtained.

•   K-nearest neighbor (KNN)

The KNN method is an effective OML method that is used in different classification applications [34]. The main idea of the KNN method is to determine the training dataset samples for each class that have the closest distance to a given query position [35]. The BO is used to determine the optimal hyperparameters of the KNN method to obtain the highest classification accuracy. The KNN optimization hyperparameters are number of neighbors, distance metric, distance weight, and standardize data.

•   Support vector machines (SVM)

The SVM classifies data by building a number of hyperplanes that separate between the classes on the training dataset [21]. SVM is categorized as a kernel method. The hyperline is chosen to a wide separation between the classes. The kernel function is used to determine the path of the hyperline. SVM has the advantages of good predicting classification accuracy, but it required a long time for the training process. The BO is used to estimate the optimal parameters of the SVM model during the training process. The optimal parameters of the SVM method are kernel function, kernel scale, box constraint level, meticulous method, and standardize data.

•   Ensemble method (EN)

The EN method is similar to the DT method, so that it consists of the root node, branches, internal nodes, and leaf nodes. The EN method is generating a subset sample from the main dataset samples and using the main dataset and the generated dataset for the training process [36]. It required a long time for the training process compared to the DT and KNN methods [34]. The BO is used to estimate the optimal parameters of the EN model during the training process. The optimal parameters of the EN method are the ensemble method, maximum number of splits, number of learners, and learning rate.

•   Naïve Bayes (NB)

The NB is one of the classifiers that depends on the Bayes theorem on the classification process [37]. In this method, the classification process assumes that the input features are independent to determine the output classes. The NB is faster than SVM and EN for the training process, and it is suitable for training large dataset samples. The optimal parameters of the NB are determined by BO during the training stage. The optimal parameters of the NB method are distribution names and kernel type.

•   Discriminant analysis (DA)

The DA is one of the classifiers that depends on the Bayes theorem on the classification process [38]. The DA analysis types are linear and quadratic discriminant types. The DA is faster than SVM and EN for the training process, but it has a low predicting accuracy of the classification process. The optimal parameters of the DA are determined by BO during the training stage. The optimization parameter of the DA method is discriminant type.

3  Results and Discussions

The six OML classification methods were implemented using a classification learner toolbox of MATLAB/software 2020b. The 542 dataset samples were used for both training (361 samples) and testing (181 samples) stages of six OML methods. The training process of six OML methods based on the raw dataset and the four data transformation techniques was introduced in this section.

The relative error of the six OML methods during the training stage can be evaluated as follows:



ϵ=1−NpredictNtotal
(5)

where 
ϵ
 is a relative error, 
Npredict
 and 
Ntotal
 are the number of predicted and the total number of training samples, respectively. The percentage predicting accuracy of the six OML methods during the training and testing stages can be evaluated as follows:



%Accuracy=NpredictNtotal×100
(6)

Fig. 3 illustrates the relative minimum error during the training stage of the six OML methods with raw dataset training samples (361 samples). The raw dataset consists of 361 samples with five gasses (H2, CH4, C2H6, C2H4, and C2H2). The results illustrate that the minimum relative error of the six OML methods decreased with training iteration number and reached their minimum values after several iterations. The KNN and EN have a minimum relative error at the end of a training stage that close to 0.23, which is a relatively large value. So that, the predicting accuracy of the six OML methods is relatively low for both training and testing stages, as introduced in Tab. 2. The results illustrate the low predicting accuracy for all methods during training and testing stages, especially the DA and NB methods. Also, the results illustrate that the EN method has the highest predicting accuracy with 78.39% and 84.53% for training and testing stages, respectively.
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Figure 3: Minimum error of the six OML methods during the training stage with the raw input dataset.

Table 2: Predicting accuracy for both the training and testing stages with the raw input dataset
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Fig. 4 presents the minimum error against iteration number during the training process with the six OML methods using the four suggested data transformation techniques (logarithmic, normalization, standardization, and gas percentage ratios). The results illustrate that the minimum errors with the six OML methods during the training stages with gas percentage transformation techniques are smaller than that of normalization, standardization, and logarithmic transformation techniques. The optimal parameters of the six OML methods with gas percentage transformation are introduced in Tab. 3.
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Figure 4: The minimum error versus iteration number during the training process with the six OML methods and four data transformation techniques. (a) Logarithmic transformation (b) Standarization transformation (c) Normalization transformation (d) Gas percentage transformation

Fig. 5 presents the predicting accuracy for both training and testing dataset samples of the six suggested OML methods with the four data transformation techniques. The results illustrate that the predicting accuracy with gas percentage transformation is better than other transformation techniques. The predicting accuracy of testing data sets (181 samples) are 83.43%, 83.83%, 85.08%, 85.08%, 89.50%, and 90.61% for DA, NB, DT, KNN, SVM, and EN methods, respectively. The highest predicting accuracy with testing dataset samples is obtained by the EN method with 90.61%.
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Figure 5: The predicting accuracy of the six OML methods with the four data transformation techniques for training and testing stages. a) Training accuracy b) Testing accuracy

Table 3: The optimal parameters of six OML methods with gas percentage transformation
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4  Validation and Comparisons

4.1 Comparison between the Proposed Model and Other Methods

The predicting accuracy of the EN method is better than the other suggested OML methods so that it will be compared with other conventional and artificial intelligent (AI) methods that were recently published with the testing dataset samples (181 samples). The conventional methods used for comparisons are Rogers’ four-ratio, IEC 60599 code, and Duval triangle, while the AI methods are Rogers’ modified four-ratio [20], modified IEC 60599 code [20], the neural pattern recognition approach [3], and code-tree [4]. These comparisons are depicted in Tab. 4. The predicting accuracies are 50.83%, 60.77%, and 72.38% with Rogers’ four-ratio, IEC 60599 code, and Duval triangle methods, respectively, while that are 85.64%, 84.53%, 87.29%, 90.06%, and 90.61% for Rogers’ modified four-ratio (Mod-Rog), modified IEC 60599 code (Mod-IEC), code-tree, neural pattern recognition (NPR) approach, and the proposed EN method, respectively, with gas percentage transformation. The results indicate that the proposed EN method with the gas percentage transformation technique has the highest predicting accuracy.

Table 4: Comparison between the proposed EN method and conventional and AI methods with the testing dataset samples
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4.2 Implementation of the Proposed Models in DGALab Software

The proposed models of OML classification methods (DT, DA, NB, SVM, KNN, and EN) with gas percentage transformation are implemented in DGALab software [39] to facilitate the transformer fault diagnosis for engineers in electrical utilities. They can insert the dissolved gasses directly into the software to obtain the corresponding fault types.

Fig. 6 presents a comparison between the proposed EN method with other methods on DGALab software using testing dataset samples (181 samples). It illustrates that the proposed EN method has good predicting accuracy that is better than other methods.

[image: images]

Figure 6: Comparison between the proposed EN method and the other methods on DGALab software using testing dataset samples

Fig. 7 shows the confusion matrix of the proposed EN method extracted from DGALab software with testing dataset samples (181 samples). The predicting accuracy for transformer fault types are 95%, 65.52%, 93.33%, 97.14%, 94.44%, 97.06%, and 90.61% in predicting PD, D1, D2, T1, T2, T3, and all samples, respectively.
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Figure 7: Confusion matrix of the proposed EN method extracted from DGALab software with testing dataset samples

5  Conclusions

In this paper, a novel power transformer fault type diagnosis has been developed using six OML classification methods with four data transformation techniques. The six OML methods used were DT, DA, NB, SVM, KNN, and EN methods. The four transformation techniques were implemented to enhance the fault predicting accuracy of the proposed methods. The data transformation techniques were logarithmic, normalization, standardization, and gas percentage transformations. The transformer fault detecting accuracy of the six OML methods with the gas percentage transformation was better than other transformation techniques, especially with SVM and EN methods. The predicting accuracy of the EN method with the testing dataset samples was 90.61%. The proposed model predicting accuracy was compared with conventional methods (Rogers’ four-ratio, IEC 60599 code, Duval triangle) and AI methods (Rogers’ modified four-ratio, modified IEC 60599 code, code-tree, and neural pattern recognition methods). The comparison validated the superiority of the proposed model. Furthermore, the six proposed OML methods were implemented in DGALab software to facilitate their implementation by electrical utilities for transformer fault diagnosis.
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