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ABSTRACT This paper proposed a prediction method to predict a 10-kV oil-immersed transformer

hot spot temperature (HST). A set of feature temperature points on the transformer iron shell is proposed

based on fluid-thermal field calculation. These feature points, as well as transformer load rate, are taken as

the input parameters of a machine learning model established by support vector regression (SVR), thus

to describe their relationships with the HST. This model is trained by nine samples selected by L9(3
4)

orthogonal array and applied to predict the HST of 20 test samples. The training samples are all obtained

by simulation, and the test samples have consisted of simulation and transformer temperature rise test

results. With effective parameter optimization of the SVR model, the predicted results agree well with the

experimental and simulation data, the mean absolute percentage error (MAPE) is 1.55%, and the maximum

temperature difference is less than 3 ◦C. The results validated the validity and the generalization performance

of the prediction model.

INDEX TERMS Hot spot temperature, oil-immersed transformer, support vector regression, multi-physical

field analysis.

I. INTRODUCTION

Hot spot temperature (HST) is defined as the maximum

temperature point of the transformer’s winding, and the dete-

rioration of transformer oil-paper insulation is significantly

affected by the HST. It is widely accepted that the ageing

rate of paper insulation doubles each 6 K rise above the rated

HST 371 K (98 ◦C) [1]. Therefore, accurate prediction of

transformer’s HST is of great significance.

There are many ways to detect HST. Optical fiber tem-

perature sensors can be installed inside the transformer to

measure the HST directly [2]–[4], however, due to the high

cost of the optical fiber instrument, it cannot fit the demand

of large-scale application, and it cannot be applied to the in-

service transformer. Besides, because of the uncertainty of

the specific hot spot location, it is hard to get the accurate

temperature of the hot spot. Considering the analogy between

electrical and heat-transfer phenomena, many classical ther-

mal circuits are proposed to calculated the temperature of

hot spot [5]–[7]. Based on thermal circuit, corresponding

empirical formula is also proposed to detect HST in IEC and

IEEE standards [7], [8]. However, the key parameters such as
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heat capacity and thermal resistance in the thermal circuit is

difficult to obtain.

With the development of numerical calculation, the

electromagnetic-fluid-thermal coupled method has been used

in transformer HST detection. Finite element method (FEM)

can be used to calculate the losses inside the windings and

iron structure, and finite volume method (FVM) can be used

to calculate the fluid-thermal distribution inside the trans-

former [9]. Numerical method can reflect the temperature and

oil flow velocity distribution inside the transformer with a

high accuracy. However, due to the complex structure and

material nonlinearity of transformer, numerical method has a

high requirement for computer performance and it often takes

much computing time.

Artificial intelligence algorithms have also been applied

to predict the HST inside the transformer, and they have

performed a good performance. Artificial neural network was

used to predict the top-oil temperature of a 22.4 MVA oil-

immersed transformer [10]. The particle swarm optimizer

was used to identify the thermal parameters of a simplified

thermoelectric analogous thermal model in a large autotrans-

former (220 MVA, 400.0kV/132.0kV, ONAN/OFAF) [11].

Support vector regression machine with an improved particle
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swarm optimization (PSO)method has been adopted to estab-

lish a model for the prediction of HST in a 750MVA/500kV

power transformer, this model has achieved a good predic-

tion results and it is verified by the real datasets sampled

from the transformer [12]. An algorithm combining support

vector regression and information granulation was proposed

to detect the hot spot temperature of a 15 MVA ODAF

transformer, and it outperforms a number of existing thermal

model based methods, namely IEEE model, Swift’s model

and Susa’smodel [13]. Based on the support vector regression

optimized by genetic algorithm (GA), the performances of

three commonly used models (IEEE model, Swift’s model

and Susa’s model) for predicting transformer top oil temper-

ature are compared in [14].

The internal relation between the HST and the temperature

on the transformer iron shell and the load rate can be viewed

as a complicated multi-dimensional nonlinear relationship.

Based on this view, in this paper, according to the results

of coupled multi-physical field computation, a set of feature

temperature points on the transformer iron shell is proposed.

Taking the load rate and the feature temperature points into

consideration, we developed a mathematical model based on

SVR to predict the HST of the transformer. The orthogonal

design method is used in this paper to choose appropriate

training samples. The validity of the proposed methodology

is validated by transformer temperature rise test.

II. A GENERAL DESCRIPTION OF THE PREDICTION

METHOD

A. BRIEF INTRODUCTION OF SVR

SVR has a strong ability in dealing with multi-dimensional

non-linear problems with relatively few samples [15]. A brief

introduction of ε-SVR can be described as follows [16]–[18]:

A set of training samples S can be expressed in (1), where

xi is the ith input vector, yi is the corresponding output vector

and n is the sample size.

S = {(x1, y1) , · · · , (xn, yn)} ⊂ Rn × R (1)

A hyperplane can be applied to characterizing the relation-

ship between x and y, namely f (x) = ω·x+b, where ω ∈ Rn

and b ∈ R.

|yi − f (xi)| ≤ ε, i = 1, 2, · · · , n (2)

For any point (xi, yi) in the training sample set, the distance

to the hyperplane di can be expressed as:

di =
|ω · xi + b− yi|

√

1+‖ω‖2
≤

ε
√

1+‖ω‖2
, i = 1, 2, · · · , n (3)

There may be several hyperplanes can satisfying the

requirements of (3), the optimal hyperplane should maximize

the distance between the training sample set and the hyper-

plane, namely:






min ϕ(ω) =
1

2
‖ω‖2

s.t. |ω · xi + b− yi| ≤ ε, i = 1, 2, · · · , n
(4)

Slack variables ξi and ξ∗
i can be introduced to optimize the

hyperplane:






























min ϕ(ω) =
1

2
‖ω‖2 + C

n
∑

i=1

(

ξi + ξ∗
i

)

s.t. f (xi) − yi ≤ ξ∗
i + ε

yi − f (xi) ≤ ξi + ε

ξi, ξ
∗
i ≥ 0, i = 1, 2, · · · , n

(5)

where C is the penalty factor, ε is the insensitive loss

coefficient.

By introducing the lagrangian multipliers αi and α∗
i and γi,

the lagrange function of (5) is:






























L=
1

2
‖ω‖2+C

n
∑

i=1

(

ξi + ξ∗
i

)

−

n
∑

i=1

αi [ξi+ε−yi+w · xi+b]

−

n
∑

i=1

α∗
i

[

ξ∗
i + ε + yi − w · xi − b

]

−

n
∑

i=1

γi
(

ξi + ξ∗
i

)

s.t. αi, α∗
i , γi ≥ 0, i = 1, 2, · · · , n

(6)

If the extremum of function L exists, the partial derivatives

of L with respect to ω, b, ξi and ξ∗
i are all 0, it can be derived

that:

ω =

n
∑

i=1

(

αi − α∗
i

)

xi,

n
∑

i=1

(

αi − α∗
i

)

= 0,

C − αi − γi = 0, C − α∗
i − γ ∗

i = 0, i = 1, 2, · · · , n (7)

Substituting (7) into (6), and import the kernel function

to transform the training sample data from the original input

space to a higher-dimensional feature space, the dual problem

of ε-SVR can be deduced as:










































max W (α, α∗) =
1

2

n
∑

i=1

(

αi − α∗
i

)

(

αj − α∗
j

)

K (xi · xj)

+

n
∑

i=1

(

αi − α∗
i

)

yi −

n
∑

i=1

(

αi + α∗
i

)

ε

s.t.

n
∑

i=1

(

αi−α∗
i

)

=0, 0 ≤ αi, α
∗
i ≤ C, i=1, 2, · · · , n

(8)

where K (xi, xj) = ϕ(xi)
Tϕ(xj) is the kernel function.

The parameter of the radial basis function (RBF) kernel

function is simple and it can effectively realize a non-linear

mapping. Thus RBF kernel is selected in this paper, it can be

expressed as:

K (xi, x) = exp(−γ ‖x− xi‖
2), γ > 0 (9)

By solving the above equations, the expression of the

optimal hyperplane of the corresponding sample training set

is:

f (x) =

n
∑

i=1

(

αi − α∗
i

)

K (xi, x) + b (10)
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The LIBSVM toolbox developed by Dr. Chih-Jen Lin of

National Taiwan University is used in this paper to solve the

regression problem [19].

B. TRANSFORMER MULTI-PHYSICAL FIELD ANALYSIS

1) ELECTROMAGNETIC FIELD

According to Maxwell equations, the governing equation of

quasi-static magnetic field problem based on magnetic vector

potential is shown as follows [9]:

∇ ×
1

µ
(∇ × A) = Js − σ

∂A

∂t
(11)

whereµ is the magnetic permeability, σ is the conductivity, A

is the magnetic vector potential, and Js is the current density

vector.

2) FLUID-THERMAL FIELD

The transformer internal oil flow can be described by themass

conservation equation, momentum conservation equation and

energy conservation equation [20]. To solve the thermal-fluid

field coupled equations, the commercial finite volume CFD

code Ansys-CFX V15.0 is used.

∇ · v = 0 (12)

ρ
Dv

Dt
= ρg−

∂p

∂x
+ µ∇2v (13)

ρcv · ∇T = ∇ · k∇T + q (14)

where, ρ is the oil density; v is the fluid velocity; g

stands for the gravity acceleration; p represents the pressure;

µ denotes the dynamic viscosity; k is the thermal conduc-

tivity; c is the specific heat capacity; T represents the tem-

perature; q indicates the heat source per volume inside the

transformer.

The external heat dissipation mainly depends on the heat

convection along the surfaces of the transformer. Heat flux q

induced by external convection can be described by (15):

q = hS(T − Tf ) (15)

where, q is the heat flux per unit area, W/m2; T and Tf is

the temperature of the wall and external fluids respectively;

S is the surface area of the wall; h is the heat convection

coefficient.

Heat convection coefficient h can be obtained from follow-

ing equation [21]:

Nu = aRba =
hL

k
(16)

where, Nu is the Nusselt number; Ra is the Rayleigh number;

a and b are constants determined by the system; L is the

feature size;k is the thermal conductivity.

According to heat-transfer theory [22], [23], the Nusselt

number of vertical plane Nuv and horizontal plane Nuh can

be analyzed by the following equations:

Nuv = 0.59Ra1/4 (17)

Nuh = 0.27Ra1/4 (18)

TABLE 1. Thermodynamic parameters of the transformer oil.

FIGURE 1. S13-M-100 kVA/10 kV transformer.

The thermal parameter characteristics of the transformer

oil are specified on Table 1, all parameters vary with the

temperature to get a better simulation accuracy [24], [25].

3) ORTHOGONAL DESIGN METHOD

Since the temperatures of the training samples are obtained

by coupled multi-physical field calculation, there should be a

reasonable sampling method to ensure the prediction accu-

racy of the model and reduce simulation work simultane-

ously. Hence, the orthogonal design method is used in this

paper to choose appropriate training samples.

Orthogonal design method is a scientific method for

arranging and analyzing multi-factor tests, it was first pro-

posed by Taguchi et al. [26]. Orthogonal design method is

used for two purposes in experimental design, the first one

is to minimize the number of tests, and the second one is to

get the best results on the basis of fewer tests. By selecting

samples uniformly and orderly, orthogonal design method

is useful and efficient to solve experimental problems with

multiple factors and levels [27].

Orthogonal arrays can be expressed as La(b
c), where a is

the total number of test runs, b is the number of levels of

each factor, and c is the number of influencing factor of the

tests. In this paper, the orthogonal design method is applied

to select training samples used for the SVR prediction model.

There are four factors including the transformer load rate,

ambient temperature, wind speed and humidity. Each factor

has three levels. Hence, a L9(3
4) orthogonal array is used to

select training samples in this paper.

III. TRANSFORMER TEMPERATURE RISE TEST AND

MULTI-PHYSICAL FIELD ANALYSIS

A. TRANSFORMER TEMPERATURE RISE TEST

In this paper, a S13-M-100 kVA/10 kV transformer is selected

as the research object, the basic parameters of the transformer

are shown in Table 2, and the structure of the transformer

is shown in Fig. 1. The transformer temperature rise test is
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TABLE 2. Basic parameters of the transformer.

FIGURE 2. Optical fiber temperature sensor.

FIGURE 3. Optical fiber temperature sensors arrangement in temperature
rise test.

conducted by short circuit method, during the temperature

rise test, thermal resistance temperature sensors are used to

measure the temperature rise on the transformer iron shell,

and optical fiber temperature sensors are used to measure

the temperature in the winding of the transformer to validate

the feasibility and accuracy of the proposed 3-D coupled

magneto-fluid-thermal simulation method.

The FTM-6CH-H220 optical fiber temperature sensor used

in the test has a temperature measurement range from−40 ◦C

to 200 ◦C. Two optical fiber temperature sensors are installed

in each phase low voltage winding and high voltage wind-

ing respectively, the structure of the optical fiber is shown

in Fig. 2, and the installation position of the optical fiber

is shown in Fig. 3. The installation position of the thermal

resistance temperature sensors on transformer iron shell is

shown in Fig. 4.

B. TRANSFORMER MULTI-PHYSICAL FIELD ANALYSIS

Under normal operating conditions, the total transformer

losses including iron loss, winding copper loss and stray loss.

Before the temperature rise test, the no-load loss and load

loss of the transformer are obtained through no-load test and

load test of the transformer under rated load condition, and

FIGURE 4. Thermal resistance temperature sensors arrangement in
temperature rise test.

the value is 149.2W and 1517.3W respectively. It can be

considered that the value of iron loss and no-load loss of

the transformer are basically the same, and load losses are

mainly consists of transformer winding loss and stray loss

on the transformer iron shell. The stray loss on transformer

iron shell is calculated by finite element method (FEM), and

the specific value is 11.9 W, thus the loss on transformer

windings is 1505.4W. Therefore, the winding loss accounts

for the majority of the total loss, stray loss on transformer

iron shell accounts for a small part.

The temperature rise test of the transformer is carried out

by the short circuit method, during the test, the total losses

loaded on the transformer is the sum of the load loss and no-

load loss of the transformer, and the total loss value under

rated condition is 1666.5W. As the iron loss on transformer

core is very small in the short circuit temperature rise test

method, and the calculated stray loss on the transformer iron

shell takes a very small proportion of the total loss, less than

0.75%, thus it can be considered that almost all the losses in

the temperature rise test are loaded on transformer windings.

Based on this, all heat sources are loaded on the transformer

windings in the thermal-fluid field analysis.

The formula for calculating transformer losses under dif-

ferent load rate is as follows:

P = n2 × Pl + Pw (19)

where n is the transformer load rate; Pl is the load loss at rated

load rate; Pw is the no-load loss at rated load rate.

A three-dimensional transformer simulation model includ-

ing high and low voltage windings, iron core, oil tank and

radiator structure is established in the analysis. In order to

obtain grid with a high quality, hexahedral mesh mapping

partition is used to partition transformer windings, and tetra-

hedral mesh is used to partition irregular parts of the trans-

former, such as the fluid domain of transformer oil, the iron

core inside the transformer, the oil tank and radiator shell. The

meshes of the model are shown in Fig. 5, and the total mesh

number of the model is 2.53 million.

The measured and calculated temperature comparison

under different load rate is shown in Table 3, and the calcu-

lated temperature distribution of the transformer at ratio 1.0 is

shown in Fig. 6. The maximum error between calculated and

experimental results is not more than 3 ◦C.
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TABLE 3. Temperature comparison of measured and calculated values under different load rates.

FIGURE 5. Model mesh generation: (a) Transformer iron shell, (b) Iron
core and windings.

FIGURE 6. Temperature distribution of the transformer: (a) Transformer
iron shell, (b) Iron core and windings.

C. FEATURE TEMPERATURE POINTS ON TRANSFORMER

IRON SHELL

Transformer oil stream line reflects the flow path of trans-

former oil. According to the calculation results of transformer

coupledmulti-physical field analysis, main stream lines flow-

ing through transformer oil tank and windings are extracted,

and they are shown in Fig. 7. The main stream lines flowing

out from the hot area of windings can be divided into two

categories, one is cooled by the wide side radiator of the

shell and then flow into the bottom of the tank, the other

is cooled by the narrow side radiator of the shell and then

flow into the bottom of the tank. Based on this phenomenon,

six temperature points of transformer iron shell are selected

as the feature temperature points, these points are shown

in Fig. 8, and the specific positions are shown in Table 4.

FIGURE 7. Main stream line in S13-M-100 kVA/10 kV transformer.

FIGURE 8. Feature temperature points on transformer iron shell.

IV. HOT SPOT TEMPERATURE PREDICTION

A. SELECTION OF TRAINING AND TEST SAMPLES

The method proposed in this paper for HST prediction is

based on coupled multi-physical field analysis and SVR.

The input in the SVR model is a set of feature temperature

points on the transformer iron shell and transformer load rate,

the output of the model is the HST inside the transformer.

Once the relationship is established, we only need to monitor

the transformer load rate and temperature on the feature

temperature points to get the HST of the transformer.

The relationship between the output and input is obtained

by training sample learning. Therefore, the selection of train-

ing samples directly affects the accuracy of the algorithm.

Transformer load rate, ambient temperature, wind speed and
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TABLE 4. The locations of feature temperature points.

TABLE 5. Four factors and three levels orthogonal table parameters.

TABLE 6. Four factors and three levels orthogonal table (training
samples).

humidity can influence the temperature distribution on trans-

former iron shell significantly. In order to improve the gen-

eralization performance of the prediction model, the training

samples should contain as many transformer operating con-

ditions as possible. The proposed L9(3
4) orthogonal array is

shown in Table 5, and specific training samples are shown

in Table 6.

Test samples are used to verify the universality and exten-

sibility of the model in other situations. The test samples

selected in this paper are shown in Table 7, in which samples

1 to 12 are actual transformer temperature rise test results,

and samples 13 to 20 are the simulation results.

B. MODEL TRAINING AND PARAMETER OPTIMIZATION

Through the analysis of SVRmodel with RBF kernel, we can

see that penalty coefficient C and kernel function parameter

γ determine the model generalization ability. In this paper,

based on the idea of K -fold cross-validation, the grid search

(GS) method is used to find the optimal parameters of C

and γ . As for the K -fold cross-validation, the original data

is divided into K groups, among which K -1 groups are used

as training samples and the remaining one group is used as the

test sample for each testing. In this paper, for the 9 training

samples, K is set as 9. This procedure was carried out repeat-

edly for 9 times. The average value of the mean square error

TABLE 7. Test samples.

(MSE) for the 9 trials was taken as the performance indicator

of the SVR model.

The features in the model include the transformer load

rate and the temperatures on the feature temperature points.

In order to eliminate the effects of different orders of mag-

nitude and dimensions, these features are normalized within

the range [0, 1] by the following formula [28]:

x ′
i =

xi − xmin

xmax − xmin
(20)

where xi is the ith feature, xmin and xmax are its minimum and

maximum values and x ′
i is its normalized value.

C. ERROR ANALYSIS METHOD

Error analysis is one of the important steps to test the HST

prediction model of oil-immersed transformer. Through error

analysis, the advantages and disadvantages of the model

algorithm can be evaluated scientifically, and the reasonable

application of the model can be guided.

In this paper, four error indexes are used to compare the

predicted and experimental values [29], namely:

1) Sum of squared error, SSE

eSSE =

N
∑

i=1

(Ai − Pi)
2 (21)

2) Root mean squared error, RMSE

eRMSE =

√

√

√

√

1

N

N
∑

i=1

(Ai − Pi)
2 (22)

3) Mean absolute percentage error, MAPE

eMAPE =
1

N

N
∑

i=1

∣

∣

∣

∣

Ai − Pi

Ai

∣

∣

∣

∣

(23)
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TABLE 8. Parameter optimization results of GS algorithm.

TABLE 9. Prediction of test results using GS-SVR and empirical formula.

4) Mean square percentage error, MSPE

eMSPE =
1

N

√

√

√

√

N
∑

i=1

(
Ai − Pi

Ai
)2 (24)

where Ai is the experimental HST value, Pi is the predicted

HST value, N is the sample size.

D. RESULTS AND DISCUSSION

The optimization results of kernel function parameters and

penalty coefficient of corresponding training samples under

GS algorithm are shown in Table 8.

Based on the optimal parameters obtained by the training

samples, the GS optimized SVR model is used to predict the

HST in the test samples. As the test samples is consisted

of actual transformer temperature rise results and simula-

tion results, the predicted values are compared with HST

measured value and simulation value respectively, which are

shown in Table 9 and Table 10.

In order to verify the superiority of the HST predic-

tion method for S13-M-100 kVA/10 kV oil-immersed trans-

former, in this section, the recommended empirical formula

by IEC are used to calculate the steady-state HST of the

test samples, the empirical formula can be described as

follows [1]:

When the HST rises:

θh(t)=θa+1θoi +

{

1θor ×

[

1 + RK 2

1 + R

]x

− 1θoi

}

× f1(t)

+ 1θhi +
{

HgrK
y − 1θhi

}

× f2(t) (25)

When the HST falls:

θh(t) = θa + 1θor ×

[

1 + RK 2

1 + R

]x

+

{

1θoi−1θor×

[

1 + RK 2

1 + R

]x
}

× f3(t)+HgrK
y (26)

TABLE 10. Prediction of simulation results using GS-SVR and empirical
formula.

TABLE 11. Error indicators of GS-SVR and empirical formula.

FIGURE 9. Prediction results comparison of GS-SVR and empirical
formula.

where θa is the ambient temperature, 1θoi is the transformer

top oil initial temperature rise, θor is the top oil temperature

(TOT) rise under rated loss, 1θhi is the initial gradient of

HST to TOT, R is the ratio of load loss to no-load loss

under rated current, K is the load rate, x is the transformer

oil index, y is the transformer winding index, H is the HST

index, gr is the gradient of winding average temperature to

oil average temperature at rated current, f1(t), f2(t) and f3(t)

are the exponential function of time.

The comparison results of GS-SVR model and empirical

formula are also shown in Table 9 and Table 10.

The winding HST errors calculated by GS-SVRmodel and

empirical formula are shown in Fig. 9, and the error indicators

are shown in Table 11.

It can be seen that GS-SVR has achieved good results in

the prediction of test samples, and the maximum temperature
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difference is less than 3 ◦C. The temperature difference calcu-

lated by empirical formula is much larger than GS-SVR, and

in some cases it is even more than 15 ◦C. In fact, the wind

speed and humidity can directly affect the heat exchange

efficiency between the transformer iron oil tank and the

environment. The greater the wind speed, the better the con-

vective heat transfer effect between the air and transformer

iron shell. Therefore, the transformer will have a lower hot

spot temperature at a higher external wind speed. When the

humidity is high in the external environment, the thermal

conductivity of the air will become larger, thus it can also

enhances the convective heat transfer effect between the air

and transformer iron shell. Ultimately, the transformer will

also have a lower hot spot temperature. As for the empiri-

cal formula for calculating transformer hot-spot temperature

recommended in IEC standard, the hot spot temperature of

the transformer is mainly determined by ambient temperature

and load rate, the effects of ambient wind speed and humidity

cannot be considered. Therefore, the hot spot temperature

calculation error of the empirical formula is large when the

ambient wind speed is high.

V. CONCLUSIONS

Based on the feature temperature points and SVR, this paper

has proposed a novel mathematical model to predict the

hot spot temperature of a 10 kV oil-immersed distribution

transformer. The model is trained by nine samples randomly

selected according to the orthogonal design method. The

trained SVR model is able to predict the HST of 20 test

samples including 12 of test results and 8 of simulation

results, the mean absolute percentage error of the 20 test

samples is only 1.55 %. The SVR model proposed in this

paper outperforms the empirical formula recommended in

IEC standard.
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