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Abstract— A power transformer is a mechanical device 

that converts the voltage of a circuit to another without 

altering the frequency. A power transformer is the most 

expensive device in the electrical systems. The transformer 

failure would result in huge economic loss and unexpected 

outage of power system; hence a maintenance mechanism is 

essential to prevent the transformers from failures. 

Components may fail due to poor maintenance, poor 

operation, poor protection, undetected faults, severe 

lightening, short circuits, etc. The replacement of the faulty 

component is a time consuming and an expensive process. 

The average lifetime of a transformer is more than 30 years. 

During this period, the transformers demand proper 

maintenance to increase their life expectancy. Faults in any 

component of the transformer would result in heavy 

economical loss, an efficient fault diagnostic techniques 

should be incorporated to prevent the loss. In this research, 

an efficient optimization technique named, IPSO-RBF is 

proposed to diagnose and classify the fault that occurs in 

the power transformer. Primary RBF is used to extract the 

features from the DGA dataset; these features are the input 

data for performing fault analysis in IPSO-RBF. The DGA 

dataset for proposed system are taken from diagnostic gas 

in oil of 500 KV main transformers of Pingguo Substation in 

South China Electric Power Company. The comparative 

analysis is made in order to evaluate the performance of the 

classifiers PSO-RBF and IPSO-RBF in terms of 

classification accuracy and time. Finally, the result shows 

that the proposed IPSO-RBF has greater precision rate and 

computational time for fault analysis using DGA dataset. 
Key words— Power transformer, Radial Basis Function, 

Particle Swarm Optimization, Improved Particle Swarm 

Optimization, Dissolved Gas Analysis. 

 

1. INTRODUCTION 

The normal functions of the power system based on the 

steady state operation of the every component in the 

network. The main component of the power system is the 

power transformer, but they are normally exposed to 

electrical, mechanical, thermal, environmental stresses and 

various types of faults. In order to protect power 

transformer from fault, periodically monitoring the 

concentration of gas discharge level as minimum is 

necessary. Traditional detection technique DGA is used to 

find internal faults in the transformers, but it leads to high 

operation cost, maintenance costs and valid only when 

existence of the dissolved gas to significant levels [1, 2]. The 

performance of the fault diagnosis should be improved, 

artificial intelligence based methods will yield good results 

in terms of classification accuracy and computational speed. 

An intelligent fault classification approach for 

performing the power transformer Dissolved Gas Analysis 

(DGA) is proposed [7]. Three DGA methods, such as, gas key 

method, IEC ratios method and graphical representation 

method were analyzed. In the key gas method, five key gas 

concentrations, such as, hydrogen, methane, acetylene, 

ethylene and ethane were used for interpreting the fault. 

The IEC 60599 standard was used for detecting the 

different types of faults. Using the five gases H2, CH4, C2H2, 

C2H4 and C2H6, three gas ratios, such as, C2H2/C2H4, 

CH4/H2 and C2H4/C2H6 were produced. 

A radial-basis-function, multilayer-perceptron cascade-

connection NN-based fault-detection scheme for the small 

and middle sized three-phase induction motors was found 

appropriate for the real-world applications [9]. Using an 

appropriate data acquisition system, the motor input 

current was monitored. The key statistical parameters were 

designed and given as input to the neural network. Using 

different learning rules and Cross Validation (CV) process, 

the weights were initialized to small random values and the 

error was calculated using the error back propagation 

algorithm. A RBF-MLP based classifier was suggested for 

the fault classification process. The network detected the 

faults in the induction motor with a classification accuracy 

of 98.41% for the testing data and produced a classification 

accuracy of 98.11% for the CV data. The robustness of the 

classifier to the noise was verified. The classifier sustained 

the noises up to 15% variance of input and output with zero 

mean value. 

An Artificial Neural Network (ANN) training algorithm 

technique to identify and classify several faults that 

occurred in the Line Commutated Converter (LCC) - High 

Voltage Direct Current (HVDC) system was modeled [10]. 

The Direct Current (DC) line current was given as the input 

to the ANN. The desired firing angle produced from the 

standard d-q axis closed control system was produced as the 

output. The fault conditions were investigated with the 12 

pulse LCC HVDC. The equivalent three-phase voltages, 

three-phase currents on the generator side, DC link voltage, 

DC link current on the transmission side during the normal 

and fault conditions were analyzed. Based on the analyzed 

value, the normal and fault conditions, three-phase 
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voltages, three-phase currents on the AC generator side, DC 

link voltage, DC link current on the transmission side were 

investigated. The normal and the fault conditions were 

classified by the ANN.  

An Emergent Trend Detection (ETD) method integrated 

with the Particle Swarm Optimization (PSO) to improve the 

classification accuracy and to minimize the extraction time 

was investigated [11]. The linear regression algorithm 

provided a strong evidence for the improvement in the 

classification accuracy and reduction in computational time. 

The dataset was assembled before the data mining 

algorithms were applied. Pre-processing of the data was 

important to analyse the multivariate datasets. Stop word 

removal and compound nouns derivation were the pre-

processing step.  

The ANN modified the Feed Forward Back Propagation 

Neural Network (FFBPNN) model and efficiently identified 

the internal faults in the power transformer. The incipient 

faults of the transformer using the Dissolved Gas Analysis 

(DGA) method is addressed [12]. Eighteen new 

combinations of the existing nine ratio codes were proposed. 

The boundaries of the codes were fixed between 0, 1 and 2. 

Multiple faults were addressed using the fuzzy ratio 

method. 

The  rest of the  paper are organized as follows: Section 2 

explains problem formulation and section 3 presents 

proposed methodology of PSO-RBF and IPSO-RBF , Section 

4 provides the experimental results, data set, data pre-

processing and feature extraction, Section 5 concludes the 

paper. 

I. PROBLEM FORMULATION 

An improved optimization technique (IPSO-RBF) is 

proposed to evaluate the types of fault in the power 

transformer by eliminating the occurrence of parallel errors 

and false classification accuracy. 

 
Fig. 1 Placement of dissolved gas data for classification 

where,  Sk  :searching point of the gas w.r.t to diagnosis rule, 

Sk+1 : Modified Searching value for Diagnosis,  

Vk : Modified velocity to improve the Speed of 

detection of transformer faults, 

Vgbest : velocity of the best result due by correlation 

error avoidance,  

The modification of the particle’s position can be 

mathematically modeled to obtain the improved results for 

diagnosis given in the following equation: 

Vi
k+1 = wVi

k +c1 rand1 (…) x (pbesti-si
k) + c2 rand2(…) x 

(gbest-si
k)         (1) 

 

where,  vi
k = velocity of agent i at iteration k,  

w = Weighting function,     

cj = Weighting function,                                                                

  The following weighting function is usually utilized 

in Eq. 1 

w = wMax-[(wMax-wMin) * iter]/maxIter              (2) 

 

where, wMax= initial weight, 

            wMin = final weight, 

            maxIter = maximum iteration number, 

            iter = current iteration number.  

 

2. IMPROVED PARTICLE SWARM OPTIMIZATION 

TECHNIQUE 

A. PROPOSED MODEL  
A new optimization model hybrid with RBF is proposed 

to detect faults, because the DGA dataset has been 

associated with sequence and parallel errors. The 

parameters of RBF are optimized by IPSO, which uses best 

inertia weight and correlation coefficients to converge 

faster. The proposed model accurately finds the 

transformer, fault state and normal state by efficiently 

saving the generated features of DGA and reducing the 

dimensionality of data space. 

 

   

 

 

 

 

 

 

 

 

Fig. 2 Block diagram of proposed system 

       
 

B. FAULT CLASSIFICATION USING IPSO-RBF 
 

      The proposed fault classification method IPSO-RBF 

perfectly classifies the power transformer fault types. The 

performances of the classifiers are predicted using 

classification accuracy and computational time. IPSO-RBF 

classifier 1 separates the Normal state from Fault state, 

and then IPSO-RBF classifier 2 is used to differentiate 

between Thermal heating and Discharge type of the fault 

data, finally IPSO-RBF classifier 3 classify the Discharge 

type fault data into Low energy discharge and High energy 

discharge. The proposed model is performed to obtain 

maximum efficiency of the fault classification.  
 

3. EXPERIMENTAL ANALYSIS  

The experimental analysis involves, extracting the 

features from the DGA dataset by training, validation and 

testing for fault classification of various fault types in the 

power transformer using MATLAB. The classifiers are 

evaluated by the properties of prediction rate and speed 

using the 75 sets of power transformer fault data.   

A. DISSOLVED GAS ANALYSIS 
The ratio of  emission gases due to overheating are 

closely related to the fault types, such gases are H2, CH4, 

C2H2, C2H4 and C2H6[3, 4]. These combustible gases occur 

due to fault in the transformer and are monitored regularly 

to determine the degree, pattern and the abnormality 

conditions using SVM and optimized SVM classification 

methods [6]. 
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B. DATA SET 
The proposed method uses 75 historical data sets of a 

500kV main transformer, obtained from Pingguo Substation 

of South China Electric Power Company, and is utilized for 

training and testing the classifiers [5]. The data set are then 

divided for classification to SVM classifiers by 50 data sets 

utilized for training and validation as 5 sets for normal 

state, 25 sets for Thermal Heating, 5 sets for Low energy 

Discharge, 15 sets for High energy Discharge and 25 data 

sets are utilized for testing as 4 sets for normal state, 13 

sets for Thermal Heating, 6 sets for Low energy Discharge, 

2 sets for High energy Discharge 

 

TABLE 1 CLASSIFICATION PERFORMANCE OF POWER 

TRANSFORMER FAULT DATA SET USING IPSO-RBF 

S. 

No 

P Training+ 

Validation 

Testing 

A S D T A S D T 

1 X 30% 

Y 70% 

90.

84 

0.05 10.29 90.

02 

0.04 11.0

2 

2 X 40% 

Y 60% 

92.

54 

0.09 10.85 90.

08 

0.07 11.9

9 

3 X 70% 

Y 30% 

94.

28 

0.13 13.05 93.

41 

0.14

1 

12.0

5 

4 X 80% 

Y 20% 

97.

10 

0.13

8 

13.84 95.

01 

0.14

9 

13.0

1 

5 X90% 

Y 10% 

97.

85 

0.14

1 

13.97 96.

01 

0.15

2 

14.1

2 

 

A-    Accuracy in %,  T-Time in sec, S D- Standard 

Deviation,  X-Training, P-     Proportionate rate of DGA 

data set Y-Testing 

          Table 1 presents the performance of the optimization 

technique during different phase of dissolved gas analysis of 

power transformer. Training and Testing is differentiated to 

estimate the performance of the optimized classifier against 

the classification accuracy and computational speed. 

 

TABLE 2 COMPARATIVE RESULTS OF POWER 

TRANSFORMER FAULT ANALYSIS OF THE 

CLASSIFIERS 

C 

IPSO-RBF PSO-RBF RBF 

A T E A T E A T E 

1 97.0

2 

11.5

5 

2.

98 

92.

25 

7.

10 

6.

99 

92.

96 

1.

02 

7.0

4 

2 97.6

1 

3.95 2.

39 

92.

45 

2.

10 

6.

75 

91.

54 

1.

09 

8.4

6 

3 98.2

9 

1.99 1.

71 

92.

05 

1.

99 

5.

99 

91.

01 

1.

00 

8.9

9 

M 97.6

4 

5.83 2.

36 

92.

25 

3.

73 

6.

57 

91.

84 

1.

04 

8.1

6 

 

        C-Classifier   A- Accuracy in %    T-Time in sec  

         E-Error in %   M-Mean 

     Table 2 presents the test results of the primary RBF 

method with properties like standard deviation and 

computational time to the different phases of classifier. The 

accuracies derived from primary RBF method are 56.80% 

and 90.54% for 90% training and 10% testing of the input 

datasets [6]. Input data has divided as 30% of testing and 

70% of training produced the improved performance with 

accuracy as 97.64% and 92.25% for the optimized RBF.    

C.  Performance of IPSO-RBF 

 

      The classification rate of IPSO-RBF for 30% training 

and 70% testing samples gives 94.28% and 93.41% whereas, 

primary RBF gives a classification rate of 88.45% and 

91.01% for same number of sample sets. IPSO-RBF provides 

high performance in terms of accuracy, training time and 

standard deviation as compared with primary RBF for 

different range of sample selection sets.  

 

TABLE 3 RESULTS COMPARISON OF TRAINING AND 

TESTING SAMPLES (90% AND 10%) 

Method 

Training 

+ 

validation 

accuracy 

(%) 

Standard 

Deviation 

Testing 

time 

(sec) 

Classifiers 

mean 

accuracy 

(%) 

PSO-

RBF 
94.92 0.059 15.48 95.63 

IPSO-

RBF 
97.85 0.141 13.97 96.01 

 

    Table 3 presents the overall results of classification 

accuracy in terms of trial time and error rate to compare the 

performance of classifiers RBF and IPSO-RBF. The results 

indicate that the mean accuracy of IPSO-RBF is the highest 

value (97.64%) with reduced error rate than RBF (91.84%). 

The mean classifier performance of IPSO-RBF is greater 

than PSO-RBF by 6% and also converges quickly with 

reduced computational time.  

 
Fig. 3 Comparison of classification accuracy of various 

classifiers for a power transformer fault data set with 

variable training sets. 

 

                      Fig. 3 shows the variation in classification 

accuracies of PSO-RBF and IPSO-RBF against various 

percentages of training samples and testing samples of the 

DGA data set to obtain the optimized solution. IPSO-RBF 

has the greater classification rate than PSO-SVM classifier 

as shown in Fig. 4.  
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Fig. 4 Comparative results showing the classification 

accuracy of classifiers.  

 

5. CONCLUSION 

    An optimization technique for RBF is implemented for 

the power transformer under various fault conditions and it 

has been experimented and compared with various types of 

classifiers using DGA dataset. Primary RBF is applied to 

derive the features of fault from the results through 

Dissolved Gas Analysis. The optimization steps to RBF are 

followed to solve non-linear QP optimization problem in 

terms of reduced computational time of the classifiers and it 

can be also extended for advanced optimization methods to 

get high accuracy and improvement in speed IPSO-RBF 

classification feature model has been modeled for faults in 

the transformers to evolve different states of fault with 

various condition. The features are applied to input data for 

faults classification of diagnostic gas in oil. The obtained 

results from optimized technique have been used to 

evaluate the performance of proposed method. Test results 

from optimized techniques explain the effectiveness and 

high efficiency of classification features models. The 

classification accuracy of IPSO-RBF indicates the excellent 

performance in identifying the transformer fault type i.e. 

nature of the Fault than the existing RBF. Experiments are 

carried out and demonstrated with the effectiveness of 

classification rate and high efficiency. 
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