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Application of Gray Neural Network Combined Model in Transformer
Top-oil Temperature Forecasting
a
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Abstract. In order to forecast the transformer top-oil temperature accurately, quickly and efficiently, the paper
proposes a prediction model of the transformer top-oil temperature based on Grey Neural Network. Such
factors impacting transformer top-oil temperature as load current, ambient, active power and reactive power are
comprehensively considered in the prediction of top-oil temperature, and the combined forecasting model
which verified the applicability, accuracy and feasibility is established. The example shows that the forecasting
results by the proposed method are better than those by BPNN method and the generalization ability of BPNN
is improved. The proposed method possesses the following good properties: high precision of forecasting, fast
convergence, nice commonality and its average relative error is within the range of 1%.

1 Introduction
Transformers are the important equipments in the
process of power generation and power supply. Having a
very high position in the power grid, transformers are the
key equipments to ensure network security, reliability,
economic operation of power system and people's
production and living electricity.
In recent years, with the rapid growth of electricity
demand, high-speed construction and investment of
power grid drive the market demand of power
transmission and transformation equipments. ǉ Action
Plan of Distribution Network Construction and
Reconstruction 2015-2020 Ǌ points out that the
investment of distribution network construction will be
not less than 2 trillion yuan in 2015-2020. There will be
not less than 1.7 trillion yuan in a cumulative investment
during the period of “the 13th five-year plan”. Therefore,
the upgrade and optimization of transformers are the new
development trends of future. The high efficiency and
energy saving, and the high overload capacity of
transformers will be widely used. However, the
transformer top-oil temperature is a key factor that affects
load capacity, manufacturing cost and service life of the
transformer. The transformer top-oil temperature overrun
will bring huge damage to the transformer and affect the
normal operation of the power grid seriously. There are
many strict requirements on transformer top-oil
temperature in the specifications. The actual transformer
is commonly alarming in 70ć~75ć, and tripping
operation in 80ć~85ć and the highest temperature is
95ć. When the cooling system fails to remove all the
coolers, the forced oil cooling transformer and the strong
oil water cooling transformer will be allowed to operate
a

20min under the rated load. It is allowed up to 75ćwhen
the oil surface temperature has not reached 75ć. But the
longest running time will be not more than 1h after the
removal of the cooler. Thus, the accurate prediction of
transformer top-oil temperature has a very important
significance on our understanding of the transformer
operation and preventing the significant thermal accident.
At present, there are many methods to predict the topoil temperature, such as the indirect measuring method[1-3],
the direct calculating method[4-9], the intelligent
prediction method[10-12] and so on. Qing He[13] of Arizona
State University established top-oil temperature
prediction model by using three different methods: static
neural networks, temporal processing networks and
recurrent networks. Considering the influencing factors
of load current and ambient temperature, the forecast
results were compared with those of regression models.
The feasibility of prediction model was verified while the
prediction accuracy needed to be improved. Chen
Weigen[14] of Chongqing University proposed the
generalized neural network prediction model which using
the environmental temperature, top-oil temperature,
bottom temperature, dead end temperature and lower
dead temperature as input layer neurons. Experiments
were carried out under different loads and different oil
flow velocities, and the results show that the prediction
method was accurate. Due to the defects of the neural
network itself, the model lacked the actual physical
meaning. Kalman filtering algorithm was used by Wang
Yongqiang[15] to predict the top-oil temperature.
Constructing the top-oil temperature state equation and
measurement equation based on Kalman filter, the
forecasting method was reliable and accurate by the
simulation. Because of the hysteresis of the model, the
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forecast results had deviation when the load and the
environment temperature changed fast.
The paper establishes a prediction model of
transformer top-oil temperature based on Grey Neural
Network which considering the transformer load current,
environment temperature, active power, reactive power
and the top-oil temperature of the previous time. The
prediction method is validated by the data collected from
a power supply company in Chengdu. The results show
that the prediction model of transformer top-oil
temperature is accuracy and superior to BP neural
network model. The proposed model improves the top-oil
temperature prediction accuracy and can be used to
instruct the transformer load operation mode and
enhances the safety and reliability of the operation of the
power grid.

2.2 Gray neural network
According to the analysis of grey theory, x (0)
t
t=0,1,2,Ă,N-1 makes a accumulation to get a new data
sequence x (1)
t=0,1,2, Ă ,N-1 which is in accordance
t
with the law of some kind of functions. Described by a
continuous function or differential equation, the new data
sequence can be predicted by data fitting.
Through the above analysis, the differential equation
of the grey neural network can be expressed as follows
 dy1
 ay1  m

6
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2 Basic theory of grey neural network

In the formula, y t represents the x (1)
above;
t
yi i=2ˈĂˈn is a input parameter for the system; y1 is
the output parameter for the system; a ˈ bj j=1 ˈ
2 ˈ Ă ˈ n are the coefficients of the differential
equation.
The time response equations of 6 are

Considering the different factors influencing
transformer top-oil temperature, the top-oil temperature
can be regarded as a complex process with large
randomness. The grey theory and neural network theory
are combined, which can improve the prediction accuracy
of the top-oil temperature. The combined model has a
good capability of nonlinear mapping and can weaken the
randomness of the raw data.
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2.1 Grey theory
Grey theory which is a new method to study the
problem of less data, poor information and uncertainty
was proposed by Professor Deng Julong in 1982.
It is a "small sample", "poor information", uncertain
system which known to some information and unknown
to part of the information as the research object. The
proposed model achieves the correct description and
effective monitoring of system's function and
disciplinarian through the understanding of part known
information.
The models of the grey system are called grey
models, which are differential equations based on the
original data sequence. Assuming that there is a sequence
of raw data x(0)˖
x(0)  ( xt(0) | t  1, 2,L , n)  ( x1(0) , x2(0) ,L , xn(0) ) 1
x(0) makes a accumulation to get a new data
sequence x(1). The item t of x(1) is the sum of the previous
t terms of x(0) and has the form:
x(1)  ( xt(1) | t  1, 2,L , n)
2
Where

7

Mapping to an extended BP neural network, the
transformed formula 7 will be the gray neural network
which has n input parameters and 1 output parameter.
The topology of the network is shown in Figure 1.
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Figure 1 The topology of the network

In the figure 1, t is the serial number of the input
parameters; yi i=2ˈĂˈn is the input parameter of the
network; wlk l=2,3;k=1,2, Ă ,n is the weight of the
network; y1 is the prediction value of the network; Aǃ
BǃCǃD are respectively represented four layers of gray
neural network.

n

x1n   xt(0) .
t 1

According to the new data sequence x(1), the
whitening equation will be established and is given by˖
dx (1)
 ax (1)  u
3
dt
Solving 3 we getˈ
xt(1)  ( x1(0)  u )e a (t 1)  u
4
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2.3 Gray neural network learning process
Through the above analysis, the gray neural network
learning process is shown in Figure 2.
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Selecting the actual operation data of a transformer
substation the model is the SSZ11-50kV/110 power
transformer of Chengdu in August 2, 2015, we collect
the data as a training sample every 5min from 00:00 to
23:55. Measuring the temperature of the transformer
using optical fiber temperature sensors, the substation
provides the historical data of the corresponding
environmental temperature, load current, active power,
reactive power. In order to meet the requirements of the
input of the network, the sample data are normalized and
are distributed in the >0.2, 0.8@ range. As shown in
Figure 3-6.
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Figure 2 Grey neural network learning process
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Figure 3 Variation of load current of transformer

As shown in the figure: firstly, the network structure
and network parameters are initialized according to the
characteristic of training data. Then, the weights of
network are calculated by the difination and the outputs
of A, B, C, D four layers are calculated separately. We
obtain the errors between the network forecast output and
the expected output. Finally, we get forecast results by
optimizing the weights and thresholds according to errors
until the end of the training,.
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Figure 4 Variation of active power of transformer

3 The establishment of grey neural
network model of top-oil temperature
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3.1 The input and output parameters of the
network
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The transformer top-oil temperature often depends
on three parameters: the first category is environmental
parameters, including transformer temperature, humidity,
wind speed, solar radiation, etc; the second category is
characteristic parameters, mainly refers to transformer
winding structure, cooling methods, etc; the third kind is
running parameters, such as: load current, active power,
reactive power, etc. It is crucial to choose the reasonable
parameters for the accurate calculation of transformer
top-oil temperature. This paper determines the final
characteristic parameters from two aspects: the one is
there have a great relevance between the parameters and
transformer top-oil temperature; the other one is the
network training effect achieves a higher technical
indicator by entering the parameters of sample data.
According to the requirements of the two aspects
above, the paper determines the environment temperature,
load current, active power, reactive power and the top-oil
temperature of the previous time as the input parameters
of the network.
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Figure 5 Variation of reactive power of transformer
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Figure 6 Variation of environment temperature of transformer

3.3 Training data and test data
In this paper, the transformer is working under the
condition of natural oil circulation. Under the rated load
of 24 hours of continuous work, a total of 288 sets of the
sample data are measured. The training set and test set
are classified according to the 5:1. The 240 groups are
finally determined as the training data, and the 48 groups
are used as the test data.

3.2 Data acquisition

3.4 Network structure design

3
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The inputs are the environment temperature, load
current, active power, reactive power and the top-oil
temperature of the previous time. The output is the
transformer top-oil temperature. So the structure of the
gray neural network is 1-1-5-1.
3.5 Network training and forecasting
The forecasting process of transformer top-oil
temperature includes three steps based on grey neural
network: the construction of grey neural network, the
training of grey neural network and the prediction of grey
neural network.
First, the impact factors of the transformer top-oil
temperature are analyzed, the input and output parameters
of the network are determined.
Then, the 240 sets of historical data consisting of a
5h240 matrix including the environment temperature,
load current, active power, reactive power and the top-oil
temperature of the previous time are entered. The output
is 240 history data of transformer top-oil temperature
expressed as a 1h240 matrix and the grey neural
network begins to train.
Finally, we get the desired gray neural network at
the end of the training and predict transformer top-oil
temperature according to the trained network.
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4 Forecast result and analysis
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In order to analyze deeply, a comparative analysis of
the relative errors between the BP network model and the
grey network model are given by figure 8 and table 2.
From figure 8, we can see that the relative error of the
gray network prediction model is near the zero point and
the fluctuation is small. It shows that the relative error is
small and stable. As is listed in Table 2, the minimum
relative error, average relative error and the maximum
relative error of the grey forecasting model are less than
those of BP network prediction model. The maximum
relative error of the grey forecasting model is 1.68%,
which is quite acceptable in engineering.

Table 1 Transformer top-oil temperature measured value and
BPNN predictive value and grey network predictive value
BPNN
predictive value
>/ć@
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61.96
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56.41
55.42
53.94
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53.93
53.78
56.78
59.68

8

Figure 7 Measured value and prediction value of the top-oil
temperature

Table 1 shows the measured value, BP neural
network prediction and grey neural network prediction of
48 groups of top-oil temperature for the test transformer.
In order to compare the data visually, the three sets of
data are represented in the graph as shown in Figure 7. As
can be seen in figure 7, the dynamic changes of two kinds
of the prediction models can reflect the changes of top-oil
temperature. While compared with the BP network
forecasting model, the proposed forecasting model has
the better fitting degree and higher accuracy. This shows
that the grey neural network model is superior to the BP
neural network model in this experiment.
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Figure 8 The relative errors between top-oil temperature
prediction value and the measured value
Table 2 The relative errors in two model
Model
δmin
δ
0.10
1.03
BPNN ˁ
Grey
0.05
0.47
network ˁ

δmax
3.44
1.68

In the actual operation of the transformer, the
environment is complex. In the prediction of top-oil
temperature, if we need to consider the wind speed, solar
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radiation, altitude and other factors, and we can directly
change the input data of the grey neural network
prediction model. For the test transformer, we select the
load current, environment temperature, active power,
reactive power and the top-oil temperature of the
previous time as input parameters.

9
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5 Conclusion
The accurate prediction of transformer top-oil
temperature is of great significance for the safe operation
of power system. Considering the factors affect the
transformer top-oil temperature, the paper selects the top
oil temperature, load current, active power, reactive
power and the top-oil temperature of the previous time as
the characteristic parameters, and establishes the
prediction model of top-oil temperature based on Grey
Neural Network. The applicability, accuracy and
feasibility of the model are verified. The example result
shows that the prediction model has a fast convergence,
good versatility, high precision of the forecasting model
which indicats that this is a kind of an effective prediction
method of transformer top-oil temperature.
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