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In this paper a transformer Health Index (HI) sensitivity analysis study is presented. A 

HI prediction model is developed using a Self-Adaptive Neuro-Fuzzy Inference System 

(ANFIS). The ANFIS model is tuned using the Particle Swarm Optimizer (PSO). The 

utilized measurements are a combination of actual field measurements including 

Carbon Monoxide (CO), Acetylene (C2H2), Ethane (C2H6), Interfacial Tension (IFT) and 

Furans content (FFA) for 724 working transformers within a network of an industrial 

facility. Results show that the PSO based ANFIS model is capable of obtaining good 

and reliable results. The model response is tested and it is able to predict the HI 

numerically with high accuracy. Furthermore, it was found that the model yielded a 

good response in predicting HI change with respect to the change of transformer’s 

measurement values. 

Keywords:  

Asset management, condition 

monitoring, Health Index (HI), 

transformer tests, Particle Swarm 

Optimization (PSO), Self-Adaptive Neuro-

Fuzzy Inference System (ANFIS) Copyright © 2018 PENERBIT AKADEMIA BARU - All rights reserved 

 

1. Introduction 

 

During the operational life, transformers are subjected to different failures due to internal and 

external causes. Faults diagnosis and condition assessment are a manner for adopting the 

maintenance strategy and enhancing the operating efficiency, while minimizing the risk of failure 

[1]. The modern trend in transformer condition assessment is by indexing the overall condition 

using Health Index (HI) tool. The health index can indicate transformer’s proximity to end of life [2]. 

HI is a ranking tool that collects and combines a variety of data information that is related to long-

term degradation of electrical equipment [3]. Probably no single test can be used for determining 

the overall condition of the transformer due to the complex nature of transformer insulation and 

the ways this insulation degrade and age in actual operation. The main requirements in determining 

the condition of transformer insulation in-service is a complete set of data [4]. 
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The reliable monitoring and condition assessment at minimum cost are some of the means to 

reduce the required data to assess the transformer condition. Researchers have studied the 

reduction in transformer tests on the HI accuracy; In [5], a study is presented to reduce transformer 

measurements needed for the SVM classification algorithm. Common factor analysis and minimum-

Redundancy-Maximum-Relevance (mRMR) feature selection techniques are adopted to select a 

subset of the most significant oil characteristics. Results show an improvement in HI classification, 

but with a relatively high count of best-selected transformer tests. In [6], the author has presented a 

study in classifying HI into three groups with only CO, C2H2, C2H6, IFT and FFA measurements. The 

study is based on calculating HI in form of classes. The study of classes’ variation and their effect on 

the selected measurements and the final accuracy are also investigated. The utilized HI classes have 

boundaries of (0-0.3) for good, (>0.3-0.7) for moderate and (>0.7-1) for bad transformers. Although 

this classification technique provides general insight about the transformer health condition it 

cannot be utilized for numerical calculation of transformer performance. 

The main objective of this paper is to predict the HI in numerical form using the subset of most 

informative oil characteristics presented in [6]. The purpose of predicting HI in numerical form is to 

make the present transformer operating condition readily available for any future reliability and risk 

analysis. It is interesting to mention here that the numerical HI technique eliminates the need to 

determine both the number and the boundaries of these classes which are the main obstacles for 

using the HI classes based method. 

Due to the complexity in determining the transformer overall health, fuzzy and Neuro-fuzzy 

methods are used in [2-4] and [7-10] for this purpose. Therefore, a Neuro-fuzzy interference system 

is adopted as a numerical predictor for HI. A supervised prediction model is developed using PSO 

[11-12] in combination with ANFIS. The developed model is fed with the most significant 

transformer measurements and predicts the corresponding HI within the best accuracy.  

In our paper, actual field diagnostic tests for 724 working transformers within the distribution 

network of an industrial facility is utilized. The Proposed HI and the most significant measurements 

are calculated according to industry standards using 14 transformer measurements in a former 

study [6]; where the HI is graded from zero for a new transformer, to unity for a transformer at the 

end of its lifetime. 

This paper is divided into five sections: Section II explains the data preprocessing steps. Section 

III analyzes the ANFIS model performance, Section IV applies the sensitivity analysis to the HI and 

Section V contains the conclusions.  

 

2. Data Pre-Processing  

 

 ANFIS input data is presented by the five transformer measurements of CO, C2H2, C2H6, IFT and 

FFA. The output data is presented by the transformer HI calculated in [6]. The utilized database 

includes 724 transformer samples; these are divided into 3 unique databases by ratios of 60%, 20% 

and 20% for training, validation and testing of the ANFIS model respectively. 

Data samples are normalized by dividing them by their corresponding service limit identified by 

IEEE [13-14]. Table 1 shows the service limit for each test. 

3. ANFIS Model Analysis  

This section discusses the simulation and the results of the ANFIS prediction model. The 

MATLAB fuzzy toolbox is used to construct a Sugeno model. Command genfis3 with fuzzy clustering 

c-means (FCM) tool are used for the partitioning data process and creation of initial membership 

functions. The model is trained and adapted using the PSO. A software package developed by Yarpiz 
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[15] is adopted and utilized for building the proposed HI prediction model. Figure 1 shows the block 

diagram of the proposed ANFIS predictor model. 

 

Table 1 

Tests max service limits 

Test no. Test Max limit Unit 

1 CO 1400 ppm 

2 C2H2 35 ppm
 

3 C2H6 150 ppm 

4 IFT 25 mN/m 

5 FFA 7.33 ppm 

   

 
Fig. 1. Block diagram of the HI Neuro-Fuzzy predictor 

 

Results show that the error mean is 0.000426, -0.00122 and -0.000752 for training, validation 

and testing respectively. Moreover, Predicted HI results show that only 5 samples have an absolute 

error over 0.1 and the majority of errors are close to the mean error. The prediction statistics are 

acceptable and can be practically utilized. Yet, the response of the model with respect to the 

practical measurement variation needs to be analyzed.  

 

4. HI Sensitivity Analysis  

A sensitivity analysis is used to assess the response of the model due to the change in the 

transformer measurements. In other words, it helps in identifying the effect of the changes in 

measurements on the values of the predicted HI. 

Table 2 shows the test data for the discussed case studies. Case I is probably a new transformer 

that have a good health condition and case II is a transformer with a bad health condition. 

 
Table 2 

Sensitivity analysis case studies 

Test CO C2H2 C2H6 IFT FFA HI 

Case I 519.1 0 2.1 34 0.05 0.13 

Case II 572.3 0 3.5 16 5.74
 

0.82 

 

The model response is tested by selecting one measurement each time and change its values 

from zero to the service limit while keeping the remain measurements constants, i.e. in case I, fixing 

C2H2, C2H6, IFT and FFA values and changing CO values from zero to its service limit value in step of 

10% and observing the change in HI values. By repeating this process for each measurement in both 

cases, Figures 2, 3, 4, 5 and 6 are generated. Table 3 shows the percent change of HI with the 

variation of each measurement from zero to the service limit for both cases. 
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Fig. 2. Variation of HI with carbon monoxide Fig. 3. Variation of HI with acetylene 

 

Figure 2 shows the variation of HI with CO, a simple linear relationship between HI and CO can 

be developed. The variation of CO from zero to the service limit has low impact on the HI. From 

Table 3, HI is changed by 1% and 4% for the variation of CO from zero to the service limit of 

1400ppm for both cases.  

Figure 3 shows the variation of HI with C2H2, the variation in case I is linear except for the first 

10%. In case II, to the variation is considered linear except for a step change from 30% to 40% of 

C2H2 values. A moderate impact on the HI is noticed when changing the value of C2H2 from zero to 

the service limit. From Table 3, HI is changed by 27% and 19% for the variation of C2H2 from zero to 

the service limit of 35ppm for both cases. 

 

Table 2 

Predicted HI values at zero and service limit for each test for cases I & II 

 
 

Figures 4 and 5 show the variation of HI with C2H6 and IFT measurements. HI is changed by 9% 

and 12% with C2H6, 1% and 9% with IFT in both cases respectively. It is noticed that the bad 

transformer in case II is highly affected by the change of both measurements over the good 

condition transformer in case I. 

Figure 6 shows the variation of HI with FFA. HI is changed by 66% and 63% for the variation of 

FFA from zero to the service limit of 7.33ppm for both cases. 

C2H2 and FFA measurements individually have the strongest relation with the transformers’ 

health condition, any change of both will result in a large change of the HI value. Other 

measurements variation as CO, IFT and C2H6 individually has a low impact on the HI value. 

Practically, the change of CO will be accompanied with a change in FFA because both are results of 

paper insulation thermal degradation. This will tend to produce more affect the value of HI. 

Therefore, CO, IFT and C2H6 will also have an impact on the HI. 
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Fig. 4. Variation of HI with Ethane Fig. 5. Variation of HI with IFT 

 

 
Fig. 6. Variation of HI with FFA 

 

 

4. Conclusion 

In this paper, A Self-Adaptive Neuro-Fuzzy Inference System is introduced for the purpose of 

predicting the transformer health index. The aim of this model is to predict the HI in a numerical 

form using the most significant measurements. This numerical HI form increases the reliability of 

identifying the transformer condition in order to take appropriate decisions with high confidence. 

Traditionally HI was defined within three subsets (good, moderate and bad). Results show that 

combined measurements of carbon monoxide, acetylene, ethylene, interfacial tension and furans 

content, are sufficient to identify transformer HI efficiently. ANFIS model response analysis 

demonstrates the effectiveness of the model to predict a reliable HI values with respect to the 

actual measurements variation. Sensitivity analysis results indicate that furans is the most 

important factor in transformer condition assessment followed by acetylene, ethylene, interfacial 

tension, and carbon monoxide respectively. 
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