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Abstract. This paper introduces approaches for power transformer thermal mod-
eling based on two conceptually different recurrent neural networks. The first
is the Elman recurrent neural network model whereas the second is a recurrent
neural fuzzy network constructed with fuzzy neurons based on triangular norms.
These two models are used to model the thermal behavior of power transform-
ers using data reported in literature. The paper details the neural modeling ap-
proaches and discusses their main capabilities and properties. Comparisons with
the classic deterministic model and static neural modeling approaches are also re-
ported. Computational experiments suggest that the recurrent neural fuzzy-based
modeling approach outperforms the remaining models from both, computational
processing speed and robustness point of view.

1 Introduction

Power transformers are essential to transmit and distribute electric energy. Transformer
faults may deeply affect power systems, causing power outages and socio-economic
losses. Condition monitoring of power transformers is a key issue to guarantee safe
operation, power availability, and service life.

A major factor in power transformer operation concerns its working temperature,
that is, its hot-spot temperature. The hot-spot temperature has a vital role in insulation
aging and service life of power transformers. Monitoring of hot-spot temperature is im-
perative to develop overload protection systems. High hot-spot temperature also means
increasing rate of aging of transformers.

A central element to monitor power transformers condition is dynamic models to
describe their thermal behavior. Differences between measured and predicted working
temperature provide key information on transformer conditions and may indicate po-
tential abnormalities.

Transient heat equations and specific thermal characteristics constitute an important
approach to characterize the thermal capability of power transformers [1]. Conventional
modeling techniques are useful to estimate internal temperatures of power transform-
ers, but they still pose substantial challenges. Frequently, security encourages adoption
of conservative safety factors. In practice this means underutilized transformers since
hot-spot parts of the coils are kept from overheating and failing prematurely. In general
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the maximum power transfer found are 20-30% lower than the nominal power trans-
former capacity [2]. To bring power transformers beyond their nominal specifications
to increase system operational margin during overload periods requires new loading
schemes.

Among the different modeling techniques available today, artificial neural networks
and fuzzy systems are examples that have been shown to be relevant and efficient in
many application domains. The reason why neural, fuzzy models, and their hybridiza-
tions are extensively used in practice concerns their ability to learn complex non-linear
relationships and to naturally treat imprecise data, a situation that is much more difficult
to handle using conventional approaches [3]. An alternative that has received consider-
able attention, and shown significant progress in the recent years, is the use of recurrent
connections in artificial neural networks and fuzzy models. In recurrent models, feed-
back connections introduce dynamics and the model become sensitive to the history of
input data, an essential ingredient in modeling dynamic systems [3].

This work addresses two different recurrent neural models to model the thermal
condition of power transformers. The first is the Elman recurrent neural network (ELM)
[6] and the second is a recurrent neural fuzzy network (RNF) suggested by Ballini and
Gomide [7]. The paper describes both neural modeling approaches and summarizes
their main capabilities and properties. The models have been tested using actual data
reported in the literature. Comparisons of these models with the deterministic [1] and
static neural networks models are also included.

2 Recurrent Neural Model – ELM

We first review he recurrent neural model introduced by Elman [6]. The ELM is attrac-
tive to model dynamic systems because they are capable to learn temporal input/output
relationships between patterns.

The structure of Elman neural network is composed by four layers: input layer, hid-
den layer, context layer, and output layer, as depicted in Figure 1. Learning is performed
adjusting the weights connecting the neighboring layers. The self (recurrent) connec-
tions of the context nodes turn the network sensitive to the history of input/output data.

If the network inputs are u(t) ∈ R
m, y(t) ∈ R

n, x(k) ∈ R
r, the outputs of each layer

are found using:

x j(t) = f

(
m

∑
i=1

w1i jui(t)+
r

∑
l=1

w3l jcl(t)

)

cl(t) = x j(t − 1)

yq(t) = g

(
r

∑
j=1

w2 jqx j(t)

) (1)

where w1i j is the weight connecting node i in the input layer to node j in the hidden
layer, w2 jq is the weight connecting node j in the hidden layer with node q in the output
layer, w3l j is the weight connecting context node l to node j in the hidden layer, and
m,n,r are the number of nodes in the input, output, and hidden layers, respectively.
ui(t),y j(t) are the inputs and outputs, with i = 1, · · · ,m and j = 1, · · · ,n, xi(t) is the
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Fig. 1. Structure of the Elman network

output of the hidden node i, i = 1, · · · ,r, ci(t) the output of the context node i, i.e., the
output of the hidden node i at t, Z−1 the unit delay operator, f (•) and g(•) are activation
functions of hidden layer and output layer neurons, respectively.

3 Recurrent Neural Fuzzy Model – RNF

The structure of the recurrent neural fuzzy network consists of two neural systems. The
first has an input and two hidden layers and performs fuzzy inference. The second is a
classic neural network that acts as operator to aggregate the outputs of the fuzzy infer-
ence system (Figura 2). This structure and learning procedure were initially introduced
in [7]. Below we detail processing and learning scheme the recurrent neural fuzzy net-
work addressed in this paper.

The first hidden layer consists of neurons whose activation functions are member-
ship functions of fuzzy sets that defines the input space granulation. That is, for each
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dimension xi(t) of a n-dimensional input vector x(t) there are Ni fuzzy sets Aki
i ,ki =

1, . . . , Ni whose membership functions are activation functions of corresponding in-
put layer neurons. The variable t is the discrete-time, that is, t = 1,2, . . ., but it will be
omitted from now on to simplify notation. The outputs of the first hidden layer are the
membership degrees of the input values, a ji = µ

A
ki
i
(xi), i = 1, . . . , n and j = 1, . . . , M;

where M is the number of neurons in the hidden layer.
Neurons of the second hidden layer are fuzzy set-based neurons, namely recur-

rent and neurons (Figure 3) with inputs a ji weighted by wji and feedback connections
weighted by r jl, l = 1, . . . , M. Notice that fuzzy set-based neurons use triangular norms
(t−norms and s−norms)to process its inputs. Characterization and different instances
of t−norms and s−norms are discussed in [5] and references therein. Processing steps
of the neural fuzzy network are as follows:

1. Ni is the number of fuzzy sets that composes the partition of i−th input;
2. a ji = µ

A
ki
i
(xi) is the membership degree of xi in the fuzzy set Aki

i , where a ji is the

input of neuron j of the second hidden layer;
3. z j is the j−th output of the second hidden layer:

z j =
n+M
T

i=1
(wji s a ji) (2)

4. y, the output of nonlinear neuron, is given by:

y = ψ(u) = ψ

(
M

∑
j=1

(v j · z j)

)
(3)

where, ψ : ℜM → [0,1] is a nonlinear, monotonically increasing function. In this
paper, we use the logistic function ψ(u) = 1/(1 + exp(−u));

5. wji is the weight between the j−th and-neuron and the i−th neuron of the first
hidden layer;

6. v j is the weight between the output y of the network and the j−th neuron of the
second hidden layer;

7. r jl is the weight of the feedback connection between the j−th and-neuron and the
l−th neuron of the same, second hidden layer;

Note that the neural fuzzy network is quite flexible once it allows choosing appro-
priate triangular norms, and allows extraction of linguistic fuzzy rules directly from its
topology, the fuzzy inference system part.

4 Simulation Results

This section addresses the performance of the recurrent neural models described in
the previous section when they are used to estimate the hot-spot temperature of power
transformers. For this purpose, we adopt the same data reported in [2]. Comparisons are
made considering the recurrent neural models, the deterministic model suggested in [1],
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and three static (non-recurrent) neural models: multi layer perceptron network (MLP),
radial basis function network (RBF), and neural fuzzy network (SNF) described in [5].

All five models were trained using measurements of the hot-spot temperature during
24 hours and a sampling period of 5 minutes [2]. The inputs of the neural models are
the load currents (K(t)), (K(t − 1)), and the top oil temperature (TTO(t)). The output is
the hot-spot temperature (TH (t)).

After learning, the approximation, generalization and robustness capability of the
neural models were verified using two data sets, each set describing different load ca-
pability conditions (with and without overload) as those embedded in the learning data
of [2]. Test data were collected in the same way as training data.

Table 1 shows the values of performance index obtained after the simulation experi-
ments. In Table 1, MSE −Dt1 is the mean square error (MSE) obtained after models are
run with test data with no overload condition. MSE − Dt2 is the MSE obtained when
models process test data with overload. MSE − Dts is the MSE obtained when models
simultaneously process both data sets.

Table 1. Simulation Results

Model Learning Time (seg.) MSE-Dt1 MSE-Dt2 MSE-Dts
MD - 17,3489 6,7434 12,0462

MLP 92,76 0,7900 2,4880 1,6390
RBF 82,63 0,2565 0,9914 0,6239
SNF 61,50 0,2689 1,1025 0,6857
ELM 59,39 0,4780 2,1069 1,2925
RNF 31,37 0,0481 0,2635 0,1557

As Table 1 suggests, all neural models satisfactorily estimate hot-spot temperature
values. Note, however, that when training data contains spurious data, that is, noisy val-
ues not consistent with the actual behavior (non ideal training data), recurrent models
become more attractive than static models. Recurrent models are more precise to cap-
ture transformer dynamics and gives more robust estimates of the hot spot temperature.

Table 2. Results using non ideal training data

MD MLP RBF SNF ELM RNF
MSE 6,7434 1,2487×102 4,6579×104 0,2804×102 1,8986 0,7912

To further investigate this important issue, we deliberately use a data set that does
not fully represent the transformer dynamics to train the neural models. More specifi-
cally, we assume data with no overload conditions during training and data with over-
load to test approximation, robustness and generalization capabilities. Figure 4 depicts
the estimates of the hot-spot temperature given by each model. Table 2 shows the mean
square approximation errors. Interestingly, static models were unable to keep the same



292 M. Hell et al.

0 500 1000
20

40

60

80

100

120

Time(Min.)

Ho
t S

po
t T

em
p.

, °
C

Desired Output
Determ. Model

0 500 1000
20

40

60

80

100

120

Time(Min.)

Ho
t S

po
t T

em
p.

, °
C

Desired Output
MLP

0 500 1000
20

40

60

80

100

120

Time(Min.)

Ho
t S

po
t T

em
p.

, °
C

Desired Output
RBF

0 500 1000
20

40

60

80

100

120

Time(Min.)

Ho
t S

po
t T

em
p.

, °
C

Desired Output
SNF

0 500 1000
20

40

60

80

100

120

Time(Min.)

Ho
t S

po
t T

em
p.

, °
C

Desired Output
ELM

0 500 1000
20

40

60

80

100

120

Time(Min.)

Ho
t S

po
t T

em
p.

, °
C

Desired Output
RNF

Fig. 4. Robustness Avaliation

performance when dealing with ideal training data while recurrent models did keep the
same prediction performance as before. We also note that the recurrent neural fuzzy
network - RNF - performs better, learns faster, and is more robust than- ELM.

5 Conclusion

In this work different neural approaches have been investigated as models for the ther-
mal behavior of power transformers. Simulation experiments indicate that recurrent
models are more robust than static neural models, especially when non-ideal data set
is used during learning. Recurrent models capture the input/output relationship, their
temporal relationship, and are more robust to noisy training data. Between the two re-
current models, the recurrent fuzzy neural network outperformed the Elman network.
The recurrent fuzzy neural network offers an effective and robust power transformer
model, learns quickly, runs fast, and needs modest computational requirements.
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