www.czasopisma.pan.pl P N www.journals.pan.pl

N

ARCHIVES OF ELECTRICAL ENGINEERING VOL. 66(1), pp. 17-28 (2017)
DOI 10.1515/aee-2017-0002

A new cast-resin transformer thermal model
based on recurrent neural networks

DAVOOD AZIZIAN', MEHDI BIGDELI®

'Department of Electrical Engineering, Abhar Branch,
Islamic Azad University, Abhar, Iran

e-mail: d.azizian@abhariau.ac.ir
tel.: +98 9122418353

Department of Electrical Engineering, Zanjan Branch,
Islamic Azad University, Zanjan, Iran

e-mail: mehdi.bigdeli@iauz.ac.ir

(Received: 06.03.2016, revised: 19.07.2016)

Abstract: Thermal modeling in the transient condition is very important for cast-resin
dry-type transformers. In the present research, two novel dynamic thermal models have
been introduced for the cast-resin dry-type transformer. These models are based on two
artificial neural networks: the Elman recurrent networks (ELRN) and the nonlinear auto-
regressive model process with exogenous input (NARX). Using the experimental data,
the introduced neural network thermal models have been trained. By selecting a typical
transformer, the trained thermal models are validated using additional experimental re-
sults and the traditional thermal models. It is shown that the introduced neural network
based thermal models have a good performance in temperature prediction of the winding
and the cooling air in the cast-resin dry-type transformer. The introduced thermal models
are more accurate for the temperature analysis of this transformer and they will be trained
easily. Finally, the trained and validated thermal models are employed to evaluate the
life-time and the reliability of a typical cast-resin dry-type transformer.
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1. Introduction

In many critical applications such as military and residential areas, transformers must be
protected against explosion. Thus, nonflammable insulations (such as Askarel and Epoxy Re-
sins) have been offered to be used in transformers. As the usage of Askarel has been phased
out, epoxy resins have proven themselves and are widely used in transformers. Therefore,
a cast-resin dry-type transformer [1, 2] has been developed as a nonflammable transformer.
While a dry-type transformer lacks any cooling fluid and the life-time of insulating system
depends on temperature, the thermal behaviour analysis of the dry-type transformer is cru-
cially important.
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Previously, the steady-state thermal modeling for different geometries of the dry-type
transformer was introduced in [2-8]. Additionally, it is essential to study the transient thermal
behaviour and the life-time of the dry-type transformers; thus, it is helpful to introduce some
applicable dynamic models for this purpose. Different life-time and transient thermal models
have been presented for oil-immersed transformers [9-13]. There are few researches on dy-
namic thermal modeling of the dry-type transformers [14-17]. References [14, 15] introduce
simplified RC models for the dynamic thermal modeling of the dry-type transformers. Dif-
ferent heuristic algorithms have been employed to estimate the parameters of these RC ther-
mal models. As it has been shown in [15], the simplified models are accurate enough for the
thermal modeling of the dry-type transformer. Additionally, some detailed RC thermal models
have been presented in [16, 17] for the thermal modeling of the cast-resin dry-type trans-
former. The RC models that are based on the physical structure of the transformer are accurate
enough to analyse the dynamic thermal behaviour of the dry-type transformers. But the ac-
curate thermal modeling of the transformer, especially when the current variation is high, can-
not be achieved. Thus, it is needed to introduce some compatible methods to model the dyna-
mic thermal behaviour of the dry-type transformer. Nowadays artificial neural networks
(ANN) are widely used for temperature prediction in different problems and phenomena
[18-24]. Several ANN based dynamic thermal models have been presented for oil-immersed
transformers [21-24].

Consequently, novel dynamic thermal models based on the Elman recurrent networks
(ELRN) and the nonlinear autoregressive model process with exogenous input (NARX) for
the thermal modeling and temperature prediction of the cast-resin dry-type transformers are
introduced in this paper. Employing the measured temperatures, the ANN models have been
trained and the predicted temperatures are validated against experimental results, the RC
thermal models [15-17] and the classic IEC method [25]. Afterwards, using the trained ANN
models, the life-time and reliability of the cast-resin transformer are studied. It is shown that,
the introduced ANN models have better efficiency in the temperature prediction of the cast-
resin dry-type transformer rather than other traditional methods.

Main contributions and novelties of this paper can be listed as following:

- New and simple ANN based thermal models are introduced for the dynamic thermal
modeling of the cast-resin dry-type transformer.

- The results of the introduced models are compared to experimental results, the RC
based models, IEC equations and to each other.

- Using the predicted and validated ANN models, the life-time and reliability of the
cast-resin transformer have been studied.

2. Cast-resin dry-type transformer thermal models

2.1. IEC thermal equations

Practically, there are few conventional models that are employed for temperature predict-
tion of dry-type transformers [25, 26]. In these traditional models, if the required experimental
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parameters are not accessible then the models cannot be employed. Here, the traditional
thermal equations that have been presented by the IEC standard [25] are discussed. It is known
that the dynamic behaviour of temperature is similar to a simple exponential equation. Thus,
by determination of the initial and the final values of this exponential equation, the winding’s
temperature rise (6,,) can be governed at each time (¢) as given in (1).

evv(t)zewv0+eww [1_8_1:]5 (1)

where: 1 is the thermal time-constant of a winding, 6, is the initial (z=0) winding tempe-
rature rise at the beginning of the time period, and 6., is the final (steady-state) winding tem-
perature rise that can be expressed as

0,.=0,K", 2

where: 0,,, is the nominal steady-state winding temperature rise, K is the load factor (load
current/nominal current) and n is an experimental correction coefficient. IEC standard pro-
poses T = 0.5-2 hours and n = 1.6 for dry-type transformers [25].

2.2. RC thermal model

A schematic view of a cast-resin transformer is shown in Fig. 1a. Thermal behaviour of the
windings can be expressed as (3) [16].
li( ae)+aze q" _ 100

o) Tk ®

ror k aor’

where: g ”is the specific loss density, 0 is the temperature, & is the thermal conductivity and
a is the thermal diffusion. Now, assume the solid parts to be divided into a number of cylin-
drical units that are related to each other by thermal resistances (Fig. 1b).

a) b)

Casted
Resin

Fig. 1. Cast-resin dry-type transformer: a) schematic view; b) a partial part
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In the transient condition, the transferred thermal energy to each unit appears as an in-
crease in the total energy and the unit behaves as an integrated capacitor [16]. If only one unit
is selected in the windings and if the heat transfer from horizontal surfaces is neglected (heat
transfer is assumed to occur in the radial direction) [2], the thermal behaviour of the winding
and the cooling air (on top of the enclosure [27]) can be explained as following [15]:

0,-60, . do,

B -———==C,—/*, “4)
R, de
})e — ee = Ce&’ where g :M’ (5)
R, dt R,

where: 0,/0, are the average temperature rises, P,, /P, are the thermal flow sources, R,, /R, are
the thermal resistances, and C,,/C, are the thermal capacitances of the winding/cooling air.

Consequently, (4) and (5) represent a second order RC circuit as given in [15]. Note that
R., C, and P,, are temperature dependent [17]. And P,, also depends on the load factor and the
nominal winding losses (P,,,) as shown in (6).

P, =P,K". (6)

Combining (4)-(6), the matrix form of the thermal model can be explained as (7).

@7 11 ! .
d ¢ — - Rw Cw R w Cw 6 w - n 7
ilRE Re HH o
dr Rw Ce Rw Ce Re Ce

Applying the forward Euler discretization rule (6= (e[k]—e[k—l])/At ), a discrete time
form of (7) can be extracted as:

-1

| At At

+ - P
0..[k] R.C, R,C ~ 0., [k —1]
— w~w w~w n — — - . (8)
)| i JETENEN {%}K oy |/t

R,C, C.\R, R,

2.3. Novel thermal models based on recurrent neural networks

An artificial neural network (ANN) is a set of interconnected neurons that employs a ma-
thematical model to simulate a biological neural network. ANN is formed by connecting the
artificial neurons to each other among adjustable weights. Neural networks can be employed
to model complicated interaction between a set of inputs and outputs. ANN can be trained to
reach a target output for a specific set of inputs.

In this research, it is assumed that only two nodes in the winding and the cooling air can
model the thermal behaviour of the cast-resin dry-type transformer with sufficient accuracy.
This means that only the winding’s average (or hottest spot) temperature and the cooling air
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temperature on top of the winding are important and measurable. Obviously, if the measured
cooling air temperature is not accessible, one can neglect the related node and thus the order
(number of the outputs) of the thermal model will be reduced. As it can be seen from (8),
thermal model needs one input for the load factor (K) and two outputs for the winding tempe-
rature (0,,) and the cooling air temperature (6,). For more simplification in the thermal model,
0,, and 0, are assumed to be temperature rises (absolute temperature - ambient temperature)
instead of the absolute temperatures; this helps to remove the ambient temperature from the
inputs and to simplify the model.

Note that temperatures are presented in both sides of (8); so the thermal models must have
dynamic behaviours. Additionally, the thermal parameters in this equation are temperature
dependent and consequently, the thermal model must be able to model the nonlinear behaviour
of this system. In order to achieve these goals, two models based on recurrent neural networks
are introduced here.

2.3.1. Elman recurrent networks (ELRN)

ELRN is a partial recurrent artificial neural network and is a widely used model for dyna-
mic systems modeling. Previously, this network has been employed for temperature prediction
in many different problems [18-24]. The ELRN is composed of input, hidden, context, and
output layers (Fig. 2).

K@)
0.(9

0.0

Context
Layer

Fig. 2. Structure of the ELRN

The recurrent links in the context layer causes the ELRN to be sensitive to the output’s
history; dynamic behaviour of the ELRN is provided only by these internal connections. In
this research, different training processes were carried out and the optimal number of neurons
in the hidden layer (5), type of transfer functions (‘logsig’ for the hidden layer and ‘purelin’
for the output layer), the number of epochs, and etc. have been determined using a trial and
error process. The network has been trained using the Levenberg-Marquardt method.

2.3.2. Nonlinear autoregressive model process with exogenous input (NARX)

NARX is a powerful dynamic neural network for modeling nonlinear and time variant sy-
stems. Due to better gradient descent, the NARX learning process is more effective and con-
verges faster than in other artificial neural networks [28]. In modeling long time dependences,
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the NARX model is better than other recurrent networks. The NARX networks can be imple-
mented in different ways. A simple way is to use a feed-forward network with delayed inputs
in addition to a delayed output link to input (Fig. 3).

A dynamic back-propagation method is required for learning purpose; training may be
trapped in local optima. One can use the measured outputs instead of the estimated ones to
train the NARX model; thus the feedback links are decoupled. The resultant neural network is
a known feed-forward network that could be trained using the classical static back-propaga-
tion algorithm. But unfortunately, it was seen that this caused unsuitable results.

In this research, the optimal number of neurons in the hidden layer (5), type of the transfer
functions (‘logsig’ for hidden layer and ‘purelin’ for output layer), the number of iterations,
and etc. have been determined using a trial and error process. The network has been trained
using the Levenberg-Marquardt method. In this problem, it has been seen that there was no
need for input delays and each output was delayed twice.

@ "> 0,(0)

»—> 0.(7)

Fig. 3. Structure of the NARX

3. Reliability equations for dry-type transformer

Insulation’s Life-time in a transformer depends on the winding’s temperature. To compute
the life-time of a cast-resin dry-type transformer, IEC [9] and IEEE [10] standards proposed
some equations. In this research, the expected life-time (L) and the failure rate (1) of the cast-
resin dry-type transformer have been calculated using the following equations [15, 27]:
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The failure rate in (10) depends upon the winding temperature rise and the ambient tempe-
rature. The winding temperature is also related to the transformer load.

4. Temperature and life-time evaluation in a typical transformer
In order to train the introduced neural network models, the load cycle of Figure 4 is ap-

plied to a typical 400 kVA, 20 KV/400 V transformer [15] and the temperatures of the wind-
ing and the cooling air on top of the enclosure [29] are gathered.

1.5

I/In

00:00 06:30 0
Time(hour)

Fig. 4. A Typical load cycle employed for training the neural network models

Using the gathered experimental data, the ELRN and the NARX models have been trained.
Figure 5 shows the training process of the ELRN and the NARX neural network models. From
this figure, it can be seen that the NARX model is trained faster and has some better perfor-
mance comparing with the ELRN model.

250

2008 Xy —— ELRN | -
. -~~~ NARX

150 N b

100 | \ i

50 S 1

Mean Squared Error (MSE)

0 1 —— 1 R
10° 10 10° 10°
Iteration

Fig. 5. Training process for neural network thermal models
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In the following figures (Figs. 6-8), the predicted temperatures of the introduced neural
network models are compared to the results extracted from traditional IEC and RC thermal
models. The introduced neural network models are accurate in the thermal modeling of the
cast-resin transformer. Note that these models need less information about the structure and
the thermal behaviour of the cast-resin dry-type transformer. Unfortunately, the introduced
models need gathering more experimental data for training rather than the traditional thermal
models. The IEC simple thermal model is implemented easily, but it is not so accurate. The
RC thermal model is accurate enough; but while the load variation is too high, the results may
not be acceptable. It is seen that the introduced neural network based thermal models are
rather more accurate thermal models than the traditional ones. They need no information about
the system topology and its physical behaviour. But these thermal models need more gathered
experimental data for training purpose.

Finally, using the introduced thermal model, the reliability of the cast-resin transformer
can be evaluated according to the load and the ambient temperature variations. Consider a ty-
pical operating condition as shown in Fig. 9. By applying the mentioned load and ambient
temperature to the introduced thermal model, winding temperature has been predicted as
shown in Fig. 10a. Using the predicted winding temperature, the reliability indices can be
calculated from (9) and (10) as shown in Fig. 10b.
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Fig. 6. Predicted winding temperature
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Fig. 7. Predicted cooling air temperature on top of the enclosure
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Fig. 8. Error of the predicted temperatures: a) ELRN; b) NARX
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Fig. 9. A typical operating condition: a) load factor; b) ambient temperature variations

One can see that the life-time and the reliability indices of the cast-resin transformer are
more sensitive to the load factor and the ambient temperatures while it is compared to the oil-

immersed types [9].



26

www.czasopisma.pan.pl P N www.journals.pan.pl

I

POLSKA AKADEMIA NAUK

D. Azizian, M. Bigdeli

Arch. Elect. Eng.

Winding Temperature (°C)

Failure Rate (f/yr)

120

& 0
S O

200r
160}
120f

e}
(=]

B
S

25 30 35 40 45
Time (h)

—_
(=)
o

| ®)

25 30 35 40 45
Time (h)

Fig. 10. a) winding temperature; b) failure rate due to variations in load and ambient temperature

It may be so interesting to analyse the effects of load and ambient temperature on the re-
liability of transformer separately. Fig. 11a shows the effect of load variation and Fig. 11b
shows the effect of ambient temperature on the failure rate of the cast-resin dry-type trans-

former.
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Fig. 11. Transformer failure rate due a variation in:
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5. Conclusions

The analysis of the dynamic behaviour of the winding and cooling air temperatures is very
important in the cast-resin dry-type transformers. Thus in this paper, new dynamic models
based on ELRN and NARX neural networks were introduced for the cast-resin transformer
thermal modeling. Using the gathered experimental data, the networks have been trained and
with the help of additional measurements the accuracy of the thermal models are verified. As
it has been presented in this paper, the introduced thermal models show a good performance in
the dynamic thermal modeling of the cast-resin transformer.

The IEC equation needs less information about the design parameters of transformer; but it
is very simple and it is not an accurate thermal model. The RC thermal model that depends on
the physical and actual structure of the transformer is accurate enough. Although the proposed
ELRN and NARX models need more data gathering, but their accuracy is higher than the
traditional IEC and RC thermal models and need less information about system characteristics.
The NARX model has some better training speed when it is training by experimental data.

Finally, by employing the trained and validated thermal models, the reliability indices are
analysed. Variation in winding temperature affects the life-time and reliability of the cast-resin
dry-type transformer. Some factors that have more effects on the temperature and reliability of
the transformer are ambient temperature and load current. In comparison with the oil-im-
mersed types, the life-time of the cast-resin dry-type transformer is more sensitive to the load
factor and the ambient temperatures. It was shown that the most serious effect is due to the
load current but the ambient temperature also has considerable effects on the life-time of the
cast-resin dry-type transformers.
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