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ABSTRACT

Power Transformers are important parts of the power
distribution network, used to change voltages level for
transmission between sub stations and electricity consumers.
Power Transformers are prone to failure due to general ageing
of parts, which can lead to high replacement costs. It not only
interrupts the supply of electricity, but can cause explosion
and potentially halting the power network. Dissolved Gas
Analysis (DGA) is a reliable technique for detecting the
presence of incipient fault conditions in oil immersed
transformers in which the presence of certain key gases is
monitored. In this paper a novel algorithm based on ANFIS
(Adaptive Neural And Fuzzy Inference System) using
different fuzzy membership function is proposed and it is
validated on DGA data obtained from PSTCL (Punjab State
Transmission Corporation Ltd.) located at Patiala &
Ludhiana. The key gases considered are hydrogen, methane,
ethane, ethylene, acetylene..
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1. INTRODUCTION

Mineral oils contain many different hydrocarbon molecules.
They consist of essentially of saturated hydrocarbon called
paraffin whose general molecular formula is Cn H2n+2 with n
the range of 2 to 40. The mineral oil acts as a dielectric
medium as well as a heat transfer agent. The decomposition of
electrical insulating materials and related components inside
the transformer generates gases within the transformer. The
amount of these gases can be related to the type of electrical
fault, and the rate of gas generation can indicate the severity
of the fault. The type of the gases being generated by a
particular unit can provide useful information in any
preventive maintenance program. There are several techniques
in detecting fault gases and DGA is recognized as the most
informative method. This method is based on sampling of the
oil to measure the concentration of the dissolved gases. There
are several methods developed to do the interpretation of the
fault type from the dissolved gases data. The gas ratios are
evaluated by using different method such as Dornenberg
method [4], Roger's Ratio Method [3], Key Gases Method [5,
6], and Duval Triangle Method [7] as well as the recently
developed techniques such as neural network and fuzzy logic.
All the above techniques depend upon the ratios of gases
evolved during the testing of the power transformer. The
conventional DGA schemes have the following limitations:
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1. Gas ratios or methods defined by these schemes are
mainlydeveloped based on human judgment. No
systematicattempt has been made to actually ‘learn’
from the measured DGA data.

2. There is still a high degree of inconsistency and
ambiguitywhen applying these schemes, owing to
incompleteness ofthe possible ratiocombinations
and doubts on the validity of the defined ratio
ranges.

3. These schemes are still unable to detect with high
confidence  multiple  faults, which  occur
concurrently within the transformer.

4.  These schemes are unable to detect new or unknown
faultsowing to the lack of expert knowledge in
them.

5. In order to apply these methods, first calculation of
gas ratios and then code depending upon ratio are
used to find the fault instead of direct reading of gas
concentration. Though key gas ratio method [5, 6] is
used to find fault in the transformer but it is not able
to identify all the faults as obtained by other
methods.

The application of Artificial Intelligence (Al) techniques has
largely improved transformer condition monitoring and
assessment in recent years [13]-[17]. Decision-making context
for power transformer fault detection problems involves
vague, imprecise or incomplete knowledge and information.
The Artificial Intelligence techniques are replacing the human
interface for Power Transformer Fault detection, giving rise to
concepts of automated diagnosis. Many practical transformer
operation problems can now be solved by Al-based condition
monitoring and assessment systems. In this paper, a novel
algorithm based upon ANFIS wusing different fuzzy
membership function is proposed for predicting the fault
based upon gas concentration. The paper is organized as
follows Section-2 gave a brief description about ANFIS and
its structure. Section-3 defines the problem statement.
Section-4 gave the results and discussions and Section-5
explains conclusion.

2. ANFIS

The conditions of a transformer being monitored can
linguistically; for example, equipment condition is not
necessarily ‘good’ or ‘bad’, but rather exists within an
intermediate range. Notably, Fuzzy Logic is suitable in such
circumstances, where condition monitoring input signals can
be associated with membership functions. A membership
function allows quantities to be associated with a linguistic
variable with a degree of confidence. The fuzzy logic is a
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powerful tool for information representation and processing.
The power of fuzzy logic is most evident during the operation
and inference stages of a process, deriving new results which
then provide progressively more precise information about the
actual condition of equipment. On the other hand Adaptive
network is a superset of all kinds of feedforward neural
networks with supervisory learning capability. An adaptive
network, as the name implies is a network structure consisting
of nodes and directional links through which nodes are
connected. Moreover, parts or all of the nodes are adaptive,
which implies that their outputs depend on the parameters
corresponding to these nodes. An adaptive neuro-fuzzy
inference system or adaptive network-based fuzzy inference
system (ANFIS) is a kind of artificial neural network created
on Takagi— Sugeno fuzzy inference system. The technique
was developed in the early 1990s. Since it integrates both
neural networks and fuzzy logic principles, it has potential to
capture the benefits of both techniques in a single framework.
Its inference system corresponds to a set of fuzzy IF-THEN
rules that have learning capability to approximate nonlinear
functions.Hence, ANFIS is considered to be a universal
estimator to integrate the best features of Fuzzy Systems (FS)
and Neural Networks (NN): Il.a ANFIS Structure For
simplicity, it is assumed that the fuzzy inference system under
consideration has two inputs and one output. The rule base
contains the fuzzy if-then rules of Takagi and Sugeno’s type
as follows: If x is A and y is B then z is f(x,y) where A and B
are the fuzzy sets in the antecedents and z = f(x, y) is a crisp
function in the consequent. Usually f(x, y) is a polynomial for
the input variables x and y. But it can also be any other
function that can approximately describe the output of the
system within the fuzzy region as specified by the antecedent.
When f(x,y) is a constant, a zero order Sugeno fuzzy model is
formed which may be considered to be a special case of
Mamdani fuzzy inference system [8] where each rule
consequent is specified by a fuzzy singleton. If f(x,y) is taken
to be a first order polynomial a first order Sugeno fuzzy
model is formed. For a first order two rule Sugeno fuzzy
inference system, the two rules may be stated as:

Rule 1: If xisAlandy is Bl then f1 = plx + qly +rl
Rule 2: If x is A2 and y is B2 then f2 = p2x + q2y + r2

Here type-3 fuzzy inference system proposed by Takagi and
Sugeno [8] is used. In this inference system the output of each
rule is a linear combination of the input variables added by a
constant term. The final output is the weighted average of
each rule’s output.

Wi f,=px+qy

w f+ W 1,
|_> ratihrels,

W Ta=pPXx+qy+r; =wi+ Wi,

(a)
Layer 1 Layer 4

Layer 2 Layer3 l
xy Layer5

(®)
Figure 1: (a) A two inputs first order Takagi-Sugeno fuzzy
model with two rules; (b) The equivalent ANFIS
architecture.
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The individual layers of this ANFIS structure are described
below:

Layer 1: Every node i in this layer is adaptive with a node
function

0il=pAi (x) 1)

where, x is the input to node i, Ai is the linguistic variable
associated with this node function and pAi is the membership
function of Ai . Usually pAi (x) is chosen as

pAi (x) = 1[1+(x—ciai)2]bi 2

i=1,2

Where x is the input and {ai ,bi , ci} is the premise parameter
set.

Layer 2: Each node in this layer is a fixed node which
calculates the firing strength Wi of a rule. The output of each
node is the product of all the incoming signals to it and is
given by,

0i2=Wi=pAi(x)xuBi(y ) ()i=1,2

Layer 3: Every node in this layer is a fixed node. Each ith
node calculates the ratio of the ith rule’s firing strength to the
sum of firing strengths of all the rules. The output from the ith
node is the normalized firing strength given by,
0i3=WiW1+W2 4

i=1,2

Layer 4: Every node in this layer is an adaptive node with a
node function given by

Oid=Wifi=Wi(pix+qiy+ri) (5)
i=1,2

Where Wi is the output of Layer 3 and {pi , qi, ri} is the
consequent parameter set.

Layer 5: This layer comprises of only one fixed node that
calculates the overall output as the summation of all incoming
signals, i.e.

Oi5=overall output=2WifixWi (6)
i=1,2

Thus this is an adaptive network which is functionally
equivalent to a type-3 fuzzy inference system. Figure 1 shows
a 2-input, type 3 ANFIS.

3. PROBLEM STATEMENT

The Dissolved Gas Analysis is a diagnostic and maintenance
tool used in machinery. Through this method, gases are
studied to give an early indication of transformer abnormal
behavior. For the last 20 years, this method is widely used for
detecting and diagnosing the incipient faults of power
transformers. Its effectiveness has been proven by a lot of
well-known electrical testing laboratories or institutions such
as The Institute of Electrical and Electronics Engineers
(IEEE), Central Electricity Generating Board of Great Britain
(CEGB), International Electro technical Commission (IEC),
etc. The aim of the proposed work is to design a
comprehensive tool for dissolved gas analysis that incorporate
artificial intelligence elements to aid in incipient transformer
fault detection directly based on gases inputs instead of ratios.
The objectives of the proposed tool can be listed as to provide
seamless integration between different methods of analysis by
enabling flexible and easy use of the tool; It use hybrid
artificial intelligence elements like Neural Network, Fuzzy
and Adaptive Neuro—Fuzzy methods to improve the
diagnostic accuracy of the method .
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4.. RESULT & DISCUSSION:

Membe Equation Curve
r-ship
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Triangu bed) = (222 CTX g\
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Where parameter ‘a ‘and ‘c locate the feet of the triangle and parameter d
locate the peak of the triangle.
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Where parameter ‘c denotes distance from origin and o denotes width of
curve . in case of Gaussian 2 membership function there are two curves
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This work elaborates on a tool that incorporates Artificial
Intelligence methods for making a comprehensive analysis of
dissolved gases in transformer oil. The primary motivation for
the work is to provide a platform for analysis of dissolved
gases to help in the early detection and diagnosis of
transformer faults. The idea is to provide the user with a wide
variety of options in analyzing a fuzzy situation which may
arise because of different interpretations that shall be provided
by different traditional analysis methods. This work is carried
out with assistance from PSTCL (Punjab State Transmission
Corporation Ltd.) in the form of required transformer analysis
data.

Initially the system is trained using a data set which contains
around 106 data inputs which has different types of gases
evolved during faults. This data is essential in the generation

and training of the ANFIS from the basic fuzzy structure.
ANFIS has around 243 rules derived from the basic fuzzy
structure. The ANFIS model structure that is generated for the
analysis is given below:

ANFIS info:

Number of nodes: 524

Number of linear parameters: 243
Number of nonlinear parameters: 60
Total number of parameters: 303

Number of training data pairs: 106

Number of checking data pairs: 319
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TABLE:1
Number of fuzzy rules: 243

Table:2 describe the equation and shapes of different membership function used in this paper Fig 2 to 9 shows the training error and
testing error using different member ship functions.

Fig.2:Training error and testing error using triangular membership function

Fig3: Training error and testing error using trapezoidal membership function

Fig.4: Training error and testing error using Gauss2 MF
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Fig.5: Training error and testing error using Gauss MF

Fig.6: Training error and testing error using Sig MF

Fig.7: Result using Dsig membership
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Fig.9: Result using GBell Membership function Function membership
Comparison Table 3:
S.No Membership function
Trimpmf | Trapzmf | Gbellmf | Gaussmf | Gauss2mf | Sigmf Dsigmf Psigmf
Training Error 0.520661 | 0.543274 | 0.530661 | 0.510882 | 0.560929 | 0.603841 | 0.56946 0.56946
Testing/Checking 12.3074 | 0.943491 | 7.22034 | 9.47727 | 6.10404 3.00496 | 3.27937 3.28228
Error

From the Table 3, “It is clear that error using Trapezoidal
membership function is less as compared to other membership
functions”.

ROC (Receiver Operating Curve) Analysis of the test:
Further to validate the test data ROC curve of the data is
plotted.[28]

The plot of sensitivity versus (1-specificity) across varying
cut-offs generates a curve in the unit square called an ROC
(Receiver Operating Curve) curve. The slope of an ROC
curve at any point is equal to the ratio of the two density
functions describing, respectively, the distribution of the
separator variable in the Faulty and no-fault. The area under
the curve (AUC) summarizes the entire location of the ROC
curve rather than depending on a specific operating point).
The AUC is an effective and combined measure of sensitivity
and specificity that describes the inherent validity of
diagnostic test.

However, no diagnostic test is perfect. If the diagnostic test
indicates the presence of fault in a transformer who actually
has no such fault, the test result is false positive (FP).
Similarly, if the result of the diagnosis test suggests that the
fault is absent for a transformer with fault for sure, the test
result is false negative (FN). Both false positive and false
negative indicate that the test results are opposite to the actual
condition. Sensitivity, specificity and accuracy are described
in terms of TP, TN, FN and FP. if the result of the diagnosis
test suggests that the fault is absent for a transformer with
fault for sure, the test result is false negative (FN). Both false
positive and false negative indicate that the test results are
opposite to the actual condition. Sensitivity, specificity and
accuracy are described in terms of TP, TN, FN and FP.

Sensitivity = TP/ (TP + FN) = (Number of true positive
assessment)/(Number of all positive assessment)
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Specificity = TN/ (TN + FP) = (Number of true negative
assessment)/(Number of all negative assessment)

Accuracy = (TN + TP)/(TN+TP+FN+FP) = (Number of
correct assessments)/Number of all assessments)

Table 4: Accuracy classification by AUC for a diagnostic
test[29,30]

AUC Range Classification
0.9<AUC<1.0 Excellent
0.8<AUC<0.9 Good
0.7<AUC<0.8 Worthless
0.6 <AUC<0.7 Not good

Results ROC, Sensitivity & specificity of DGA DATA
used:

ROC Curve / AUC=0.936
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Fig 10
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Fig 11
5. CONCLUSION

We can conclude that the proposed method is able to detect
various fault in transformer based upon gas input instead of
ratios. In ratio method the ratio of gases are formulated, then
correlated to code and from the code again fault is identified.
In this proposed method the gas inputs are used to find out
faults and thus the intermediate three steps are avoided and
hence lesser calculation as compared to ratios methods. Also
the data is validated with ROC analysis from which the area
under ROC Currve is .93 which comes under excellent range
in any diagnosis test.
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