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REPRODUCING OF THE HUMIDITY CURVE OF POWER TRANSFORMERSOIL
USING ADAPTIVE NEURO-FUZZY SYSTEMS

Introduction. One of the parameters that determine the state of the insulation of power transformers is the degree of moisture
content of cellulose insulation and transformer oil. Modern systems of continuous monitoring of transformer equipment have
the ability to accumulate data that can be used to reproduce the dynamics of moisture content in insulation. The purpose of
the work is to reproduce the curve of the of humidity of transformer oil based on the results of measuring the temperature of
the upper and lower layers of oil without the need for direct measurement of moisture content by special devices.
Methodology. The construction of a fuzzy neural network is carried out using networks based on adaptive neuro-fuzzy system
ANFIS. The network generated using the Grid Partition algorithm without clustering and Subtractive Clustering. Results. The
paper presents a comparative analysis of fuzzy neural networks of various architectures in terms of increasing the accuracy of
reproducing the moisture content of transformer oil. For training and testing fuzzy neural networks, the results of continuous
monitoring of the temperature of the upper and lower layers of transformer oil during two months of operation used.
Considered twenty four variants of the architecture of ANFIS models, which differ in the membership functions, the number of
terms of each input quantity, and the number of training cycles. The results of using the constructed fuzzy neural networks for
reproducing the dynamics of moisture content of transformer oil during a month of operation of the transformer are
presented. The reproducing accuracy was assessed using the root mean square error and the coefficient of determination. The
test results indicate the sufficient adequacy of the proposed models. Consequently, the RMSE value for the network
constructed using Grid Partition method was 0.49, and for the network built using the Subtractive Clustering method —
0.40509. References 14, tables 2, figures 7.
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Bcmyn. Oonum 3 napamempis, wjo 8usHauaromos cman i301ayii CUL08UX MPAHCHOPMAMOPI8, € CMYNiHb B01020CMI Yea0N03HOT
izonayii ma mpancgopmamopnozo macaa. Cyuacui cucmemu HenepepeHo20 KOHMPONIO MPAHCHOPMAMOPHO20 001aAOHANHSA
MAOMb MONCIUBICMb HAKONUYYBAMU OAHT, AKI MONCYMb OYMU BUKOPUCTNAHT 01 8I0MEOPIOSAHHA OUHAMIKYU 801020CMI 1304aYii
npu  3MiHeHHi meniogoeo  pedicumy —mpaucgopmamopa. Memow pobomu € giomeopenHs Kpugoi  8o1020cmi
MPAHCHOPMAMOPHO20 MACAA 3d Pe3VIbMAmamu GUMIPIOGAHHS MeMNepaAmypu BepXHIX [ HUNCHIX wapie macia 0Oe3
HeoOXIOHOCmI NpAMO20  BUMIPIOBAHHS B0A0208MIcmYy cheyianrbHumu npucmposmu. Memoodonozia. Ilobydosa wueuimkoi
HEUpOHHOT Mepedici 30iUCHIOEMbCS I3 GUKOPUCMAHHAM a0anmueHux Heupo-weuimkux cucmem 6usody ANFIS. I'enepysanns
mooeni euxonano 3a memooamu Grid Partition ma Subtractive Clustering. Pesyabmamu. Hasedeno nopiensnvnuii anaiiz
mooener ANFIS piznoi apximexmypu 3 mouku 30py nioSuweHHs MOYHOCMI GIOMEOPEHHS KPUBOi 6010208Micmy
MPAHCHOPMAMOPHO20 MACIA 3a PE3YTLbMAMAMU KOHMPOIIO MEeMRepamypu 020 8epxXHix ma HudcHix wapis. IIpu nasyanni ma
mecmyeanni mooeneti ANFIS esurxopucmosysanuce pesynomamu nenepepenozo KOHMPONIO MPAHCHOPMAMOPHO2O MACIA
npomsazom 060x micayie excnayamayii. Pozenawymo 0eadyame womupu eapianmu apximexmypu mooeneti ANFIS, saxi
BIOPI3HAIOMbCA QYHKYIAMU NPUHALEHCHOCTI, KITbKICMIO MepMie KOMCHOI 6XIOHOT GeIUYUHU A KibKICMIO YUKIi8 HABUAHHA.
Ilpeocmaeneni pesynomamu euxopucmarnus nobyoosanux moodenei ANFIS ona siomeopenns kpueoi oumamixu eonococmi
macia npomsieom micays excnayamayii mparcopmamopa. Tounicmv 6i0meopenHs Kpugoi 801020Cmi MAcia OYIHIOB8ALACD
WIAXOM PO3PAXYHKY KOPEHe8Oi cepeOHbOKe8aopamuuHoi noMuiku ma kKoegiyicuma demepminayii. Pesynemamu mecmysans
c8iouames npo 0OCMAmMHIO A0eK8AMHICMb 3aNPONOHOBAHUX MoOeell. 3Hauenns Kopenegoi cepeOHbOK8adpaAMmuyHOi NOMUIKU
ons modeni, nobydosanoi i3 euxopucmannusm memody Grid Partition, cmanosunro 0,49, a oasn modeni, nobyoosanoi 3
suxopucmannsim memody Subtractive Clustering — 0,40509. bi6un. 14, Ta6u. 2, puc. 7.

Knrouoei cnosa: cuioBuii TpanchopMaTop, TpaHchopMaTOpHe MacJIo, Heiroa03Ha i3oasuis, ANFIS, moaenoBanus.

Introduction. Power transformers are one of the
most important and expensive components of modern
power supply systems. A factor, which has a significant
impact on the technical condition of the oil-immersed
power transformers in operation, is the moisture content
of his cellulose insulation and transformer oil. Sources of
moisture in cellulose insulation and transformer oil are the
moisture penetration from the atmosphere and the
decomposition of cellulose and oil as aresult of aging.

Increased moisture content of cellulose insulation
can have the following negative consequences [1]:

1. Increasing the thermal-aging rate of cellulose. At a
moisture content of 2 % by weight of paper, the thermal-
aging rate increases by 6-16 times, and at 4 % — by 12-45
times than at a humidity of 0,3 %.

2. Increased probability of breakdown of transformer
oil as a result of the formation of water vapor bubbles
during transformer overload.

3. Precipitation of water in transformer oil when the
transformer is turned off, which causes arisk of electrical
breakdown when the transformer is next turned on.

A number of techniques are currently used to
measure the moisture content of cellulose insulation, such
as Karl Fischer titration, frequency dielectric
spectroscopy, using moisture equilibrium curves with oil
Karl Fischer titration data [2, 3]. At this stage, there are
no generaly accepted methods for directly on-line
measuring the moisture content of cellulose insulation.

One of the indirect methods for identifying the
degree of moisture content of cellulose insulation is its
assessment by the measured humidity of transformer oil
and moisture equilibrium curves [4]. At change of a
transformer thermal mode there is a migration of moisture
in «celulose insulation — transformer oil» system. The
direction of moisture migration is due to the fact that the
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hygroscopicity of cellulose decreases and the solubility of
water in transformer oil increases with a temperature rise
[5 — 7]. Thus, the temperature change is a factor that
affects the humidity dynamics of transformer oil.

The purpose of the work is to reproduce the curve
of the of humidity of transformer oil based on the results
of measuring the temperature of the upper and lower
layers of oil without the need for direct measurement of
moisture content by special devices.

To construct such a curve, the use of the
mathematical apparatus of fuzzy logic, in particular,
adaptive neuro-fuzzy systems (fuzzy neural network,
Adaptive-Network-based Fuzzy Inference System,
ANFIS), is promising. Continuous monitoring systems for
transformer equipment, which are currently widely used,
alow to accumulate significant amounts of data that can
be used to train ANFIS models. For example, such
systems allow constant monitoring of the temperature and
humidity of transformer oil. The results of monitoring the
temperature and humidity of transformer oil during 13
days of operation are given in [1]. The obtained graphs
demonstrate the presence of a significant correlation
between the dynamics of the moisture content in
transformer oil and its temperature.

Previous research. Adaptive-Network-based Fuzzy
Inference Systems were developed in 1993 [8]. The
advantage of ANFIS is the ability to use neural networks
to form the rule bases of fuzzy products of the Takagi-
Sugeno-Kang models. Such systems are widely used for
reproducing and identifying parameters of transformer
equipment.

Thus, a description of the adaptive neuro-fuzzy
system ANFIS for assess changes in the degree of
polymerization of power transformers cellulose insulation
is given in [9]. The dielectric characteristics of
transformer oil during operation and the gases dissolved
in transformer oil were used as input variables for
modeling. Authors propose using this model as an
aternative to assessing the aging of cellulose insulation
under the content of furan derivativesin ail.

In the work [10] the following fuzzy inference
methods were used for interpretation the results of
analysis of gases dissolved in transformer oil: Mamdani,
Takagi Sugeno, and ANFIS. It is noted that the ANFIS
model has high accuracy, which can be improved in case
of an increase in the data array on which the ANFIS
model is trained. A similar problem of identifying and
localizing a malfunction in the cellulose insulation of a
power transformer based on the analysis of gases
dissolved in oil by using ANFIS models were considered
in[11, 12].

A method for detecting partia discharges in
insulation, in which a nonlinear adaptive system using the
ANFIS model is used to solve the noise reduction
problem of the measured signal have been proposed in
[13]. For training ANFIS model with two inputs is used.
A hybrid learning algorithm, in which a generalized bell-
shaped membership functions are implemented, is
employed.

The results presented in the considered works
demonstrate the relevance of using adaptive neuro-fuzzy
systems for identification, reproducing and prediction

parameters of cellulose insulation and transformer oil. At
the same time, in the articles that have been anayzed, the
issue of reproducing the curve of the humidity of
transformer insulation by using ANFIS is not considered.

Monitoring of temperature and moisture content
of transformer ail. A significant part of the transformer
park of Ukraine consists of transformers with oil-barrier
insulation. The existing systems for continuous
monitoring of transformer equipment have the ability to
control the following parameters of transformer oil:
temperature of the upper and lower layers, measurement
of its gas content and degree of moisture content.

The benefits of continuous monitoring of
transformer oil humidity are:

1. Taking into account the dynamics of moisture in
«cellulose insulation — transformer oil» system when a
transformer thermal mode changes, while during the
scheduled oil sampling and Karl Fischer titration it is
necessary that the «cellulose insulation — transformer oil»
system was in equilibrium state to obtain adequate resullts.

2. Possihility to estimate the moisture content of
cellulose insulation directly during transformer operation
using the results of continuous oil control and moisture
equilibrium curves.

Relative humidity can be measured by using
capacitive thin-film sensorsimmersed in oil. The moisture
sensor should be located in the flowing oil at the top of
the transformer tank. Measured relative humidity
expressed as a percentage and is equivalent of dissolved
(active) water [6]. Methods for measuring the temperature
of transformer oil are given in IEC 60076-2. The top-
liquid temperature is conventionaly determined by
sensors immersed in the transformer oil at the top of the
tank. The bottom liquid temperature shall be determined
by sensors placed at the return headers from coolers or
radiators. The results of continuous monitoring of the
transformer oil parameters, which were used for training
ANFIS models, are shown in Fig. 1, 2.

Fig. 1. The results of continuous temperature monitoring of the
upper (x1) and lower (x2) layers of transformer oil during the
month of operation

Fuzzy neural network which is based on Grid
Partition algorithm. Twenty-four variants of ANFIS
models were considered in order to select the optimal
neural fuzzy network architecture according to the
criterion of accuracy. They differ in the membership
functions, the number of terms of each input quantity, and
the number of training cycles (Table 1).
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Fig. 2. The results of continuous moisture monitoring of
transformer oil during a month of operation

Table1
Parameters of ANFIS model
Number | Number
ANFIS Membe_rship of terms _of_ MAPE,| RMSE, R
models| function | of each | training % ppm
input cycles

1 trimf [33] 150 3,8 |0.53148| 0.917
2 trapmf [33] 200 3,69 |0.49815| 0.888
3 gbellmf [33] 200 7,27 | 1.4385 | 0.393
4 gaussmf [33] 250 595 | 1.0115 | 0.621
5 gauss2mf | [33] 450 | 24,054 7.9 | 0.0019
6 pimf [33] 1560 | 31,080 | 0.64101 |0.804280
7 dsigmf [33] 480 |12,587| 5.89 |0.00014
8 psigmf [33] 500 |[10,284 | 5.9347 | 0.00011
9 trimf [6 6] 200 17,771| 8.2638 | 0.173
10 trapmf [6 6] 250 |29,649| 2.678 | 0.397
11 gbelImf [66] 250 | 25562 | 1.817 | 0.340
12 gaussmf [66] 150 8,4117| 4.4459 | 0.350
13 gauss2mf [6 6] 130 [22,836| 6.94 0.246
14 pimf [66] 630 |22,523| 7.6274 | 0.1369
15 dsigmf [66] 260 9,7469 | 4.4915 | 0.3271
16 psigmf [66] 260 |4,6720| 4.4175 | 0.3311
17 trimf [99] 30 19,703 | 5.5186 | 0.0006
18 trapmf [99] 100 [ 19,793| 1.9127 | 0.482
19 gbelImf [99] 50 24,170 | 5.0538 | 0.326
20 gaussmf [99] 20 20,175| 5.0131 | 0.302
21 gauss2mf [99] 40 19,892 | 2.058 | 0.615
22 pimf [99] 105 8,6381 | 1.9058 | 0.53329
23 dsigmf [99] 60 21,305| 5.035 |0.008617
24 psigmf [99] 60 22,367 | 5.1968 | 0.00533

To generate the structure of ANFIS model, Grid
Partition algorithm was used. The following membership
functions of the input quantities were applied: triangular
(trimf), trapezoidal (trapmf), bell-shaped (gbellmf),
Gaussian (gaussmf), combination of two Gaussian
functions (gauss2mf), pi-shaped (pimf), difference
between two sigmoidal membership functions (dsigmf)
and product of two sigmoidal membership functions
(psigmf). Models containing 3, 6, and 9 terms of input
guantities were considered.

Each ANFIS model was trained by using continuous
monitoring data snippet of the upper and lower layers of
transformer oil temperature of a single power transformer
during amonth of operation.

The following parameters were accepted as input for
ANFIS model: x1 — daily average temperature of the
upper layers of transformer oil, °C; x2 — daily average
temperature of the lower layers of transformer ail, °C.

The output parameter of the ANFIS model vy is the
average daily absolute humidity value of transformer oil
in ppm.

The tota amount of data used for training and
testing ANFIS includes 60 values for each parameter x1,
x2 and y. This volume is divided into two subgroups -
training data and testing data.

The first subgroup, consisting of 30 values for each
parameter, was used to train ANFIS. The obtained model
was tested using the second subgroup — testing data.

The number of training cycles (epochs) is from 20 to
1560 varies depending on the chosen architecture of the
ANFIS model. The training was performed by using a
hybrid learning algorithm. After training, ANFIS models
were tested by using data not involved in training.

To assess the reliability of the test results, the root
mean square error (RMSE) was calculated by using the
following well-known expression:

1N N O\ L i 2
RMSE:\/N.Z (\NOH(I)_WO”(I)) ,
i=1

where N is the total number of data; W, is the value of
moisture content in transformer oil obtained as a result of

continuous monitoring of the transformer; V\70H is the

reproduced value of moisture content in transformer oil.

Lower RMSE value means higher accuracy of the
developed model. The lower value RMSE = 0.49 ppm
was obtained for ANFIS model No. 2, the topology of
which isshownin Fig. 3.

Fig. 3. The structure of ANFIS model No. 2

In addition, the adequacy of the constructed neural
networks was estimated by using mean absolute
percentage error (MAPE) and the coefficient of
determination R%:

Wi ~Wos f

RE (Woj Woip ) =5 —
é(Won Wit

where W, isthe average value of experimental data.

The value of the coefficient of determination R?,
lying in the range of 0.8-1 indicates a sufficient adegquacy
of the developed model. ANFIS models No. 1, No. 2 and
No. 6 correspond to this criterion.

ANFIS model No. 2 contains two inputs which are
correspond to the temperature values of the upper and
lower layers of transformer oil at given times and one

M=
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output which is corresponds to the reproduced value of
the oil moisture content. Each input variable has 3 terms
with trapezoidal membership functions (trapmf). The
linear membership function was used for the output
quantity.

Grid Partition training error of ANFIS model No. 2
is shown in Fig. 4. It is seen that after 160 epochs,
network training has stopped, and the value of the error
has stopped decreasing. The results of the ANFIS model
testing are shown in Fig. 5.

Fig. 4. Grid Partition training error of ANFIS model No. 2
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Fig. 5. Testing of ANFIS model No. 2

In the case of a low correlation between the
temperature of the transformer oil and the degree of its
moisture content, the training efficiency and accuracy of
the neuro-fuzzy model test results may decrease.

It is possible to increase the accuracy of the model
by taking into account additional parameters that affect
the dynamics of transformer oil humidity. Consider the
training outcomes of two ANFIS models. The first model
has a topology identical to that shown in Fig. 3. The
second model differs in the presence of the input
parameter x3 — the temperature of the environmental
cooling medium, °C.

For training models used the results of continuous
monitoring oil parameters of another transformer. The
correlation coefficient between the data on the
temperature of the upper layers of the oil and its humidity
is 0.43 (weak correlation). The training outcomes are
givenin Table 2.

The obtained value of R® and RMSE indicates
greater efficiency of training of the model with three
inputs.

Table2
Training error of ANFIS models with low correlation between
input and output parameters

ANFIS|Membership| NUmoerof | yape | RMsE,
i terms of each R
models| function . % ppm
input

With 3| o [33] 0.237 0.0207 | 0.998
inputs
with 2
inputs| a0 [33] 0.4777 0344 | 068

Fuzzy neural network which is based on

Subtractive Clustering algorithm. The purpose of
clustering is the partition large amounts of data into
groups of similar objects (cluster centers), which allows
to reproduce the system behavior more accurate [14]. In
the process of reproducing the moisture content of
transformer ail, the Subtractive Clustering method was
used to improve the fuzzy model of moisture dynamics.

An ANFIS model based on the Subtractive
Clustering agorithm is built, trained and tested. The
standard values are accepted when the network structure
is forming: Range of influence — 0.5; Squash factor —
1.25; Accept ratio — 0.5; Reject Ratio — 0.15. The
resulting error in training of the neural network was
0.20337, after which the network was tested. Figure 6
shows the results of testing of ANFIS model based on
Subtracting Clustering algorithm.
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Fig. 6. Testing of ANFIS model based on Subtracting Clustering
algorithm

Obtained value of RMSE of ANFIS model based on
Subtracting Clustering algorithm test was 0.40509 ppm. It
is less than the RMSE value of a fuzzy neural network
constructed by using the Grid Partition method. Obtained
value of R of the fuzzy neural network constructed by the
Subtractive Clustering method amounted to 0.929336 and
MAPE value is 2.5 %. Obvioudly, a network built by
using the Subtractive Clustering algorithm is not inferior
in accuracy to a network built by using the Grid Partition
agorithm. Figure 7 shows moisture content of
transformer oil reproducing error by using ANFIS model
No. 2 and model based on Subtracting Clustering
agorithm in %. It is seen from the graph that the
constructed ANFIS models have sufficient accuracy
(received error less than 15 %) and can be used for solve
the problem of reproducing the humidity of transformer
oil of power oil-immersed transformers.
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Fig. 7. Moisture content of transformer oil reproducing error
by using ANFIS model No. 2 and model based on Subtracting
Clustering algorithm

Conclusions.

1. The training, testing and comparison of fuzzy neura
networks with different architecture for reproduce the
curve of the humidity of transformer oil on the basis of
continuous temperature control of the upper and lower
layers of il has been investigated.

2. Studies have shown that the use of fuzzy neutral
networks allows to accurately at least 85 % to reproduce
the dynamics of the moisture content in the transformer
oil during the operation of the transformer without the
need for direct measurement of humidity by special
devices.

3. To improve reproducing accuracy in the formation
of the structure of the neural network, the Grid Partition
and Subtractive Clustering methods were used. The neural
network was tested by using the results of continuous
monitoring of transformer parameters during a month of
operation. The RMSE value for the first case was 0.49
(obtained MAPE value — 3.69 %), and for the second case
—0.40509 (MAPE — 2.5 %)).

4. Achieving adequate results to reproduce the
humidity curve of power transformers oil for each single
transformer requires retraining the model using
continuous monitoring data from that transformer. In
addition, other factors can be taken into account in the
model structure, such as the operating mode of the
transformer cooling system and the temperature of the
cooling medium. In this case, the corresponding input
parameters x3 and x4 are add into the model.
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