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Abstract: In the design process of medium-voltage high-frequency transformers, numerical simulation methods often result 
in long design cycles and significant computational resource consumption. To achieve rapid and high-precision design for 
medium-voltage high-frequency transformers, a parallel kriging surrogate model is proposed based on the maximum expected 
improvement criterion. Initially, Latin hypercube sampling is employed to establish the initial sampling points, and 
corresponding three-dimensional models of medium-voltage high-frequency transformers are constructed for each sampling 
point configuration. Finite element simulation software is then used to compute the transformer loss and volume for each model. 
Subsequently, a kriging surrogate model is developed based on the initial sampling point configuration, and an enhanced parallel 
sampling strategy is implemented to enhance the fitting accuracy of the kriging surrogate model. Finally, the high-precision 
kriging surrogate model is utilized as the fitness function for a particle swarm optimization algorithm, with the objectives of 
minimizing transformer loss and volume. The Pareto optimal solution is sought under multi-objective optimization. The 
effectiveness of the proposed optimization method is verified through experimental measurements of the loss in a prototype of a 
medium-voltage high-frequency transformer. 

Keywords: Medium-voltage high-frequency transformer, Finite element method, Kriging model, Parallel sampling, Multi-
objective optimization. 

 

1. Introduction 
With the increasing sales of electric vehicles, the issues of 

insufficient charging stations and slow charging have become 
increasingly severe. Conventional power-frequency 
distribution transformers occupy a large area and have high 
losses. Moreover, most current fast-charging topologies are 
unidirectional, meaning that the energy storage of electric 
vehicles cannot be reversely output to serve the power grid, 
thus failing to leverage the V2G functionality of future smart 
grids [1]. Therefore, there is an urgent need to develop novel 
bidirectional high-power fast charging and discharging power 
converters. Medium-voltage high-frequency transformers are 
the core of fast charging and discharging power converters for 
achieving electrical isolation and energy transfer. The high-
frequency operation of transformers greatly reduces the 
weight and volume of converters. However, the eddy current 
effects in magnetic cores and windings intensify at high 
frequencies, leading to increased transformer losses. 
Moreover, the compact size and structure of high-frequency 
transformers pose challenges in heat dissipation and 
insulation design. Additionally, parasitic parameters must be 
taken into account during high-frequency design. The design 
of medium-voltage high-frequency transformers requires 
comprehensive consideration of losses, heat dissipation, 
insulation, and parasitic parameters. Since it is not possible to 
optimize all parameters simultaneously, the design of 
medium-voltage high-frequency transformers presents a 
multi-objective optimization problem. 

Existing transformer design methods primarily consist of 
the AP design method (area of the product), KG design 
method (core geometrical constant), and novel artificial 

intelligence optimization algorithms [2]. The AP and KG 
methods suffer from low design accuracy and a unidirectional, 
irreversible design process. If the requirements are not met, 
calculations need to be restarted from the beginning. Yibo 
Song [3] utilizes the AP method to design a high-frequency 
transformer for switching power supplies. Fengjun Liu [4] 
introduces the calculation process of the KG method and 
demonstrates a design example of a high-frequency 
transformer with input and output voltages of 28V and 18V, 
respectively, and an operating frequency of 40kHz. With the 
advancement of finite element simulation technology, digital 
modeling and calculations of transformers through finite 
element software, coupled with intelligent optimization 
algorithms, can reduce design iterations and accelerate the 
design process. Daosheng Liu [5] introduces chaos sequences 
and adaptive genetic operators into the traditional genetic 
algorithm, proposing a chaos-adaptive genetic algorithm for 
the optimized design of amorphous alloy dry-type 
transformers. Zhan Liang [6] presents an ant lion 
optimization-based genetic algorithm that optimizes the 
design of high-frequency pancake transformers under 
multiple objectives of leakage inductance, temperature rise, 
efficiency, and power density, taking into account the impact 
of insulation spacing on the structure. Fugui Liu [7] selects 
the magnetic core, winding loss calculation model, and AP 
method formula as optimization objectives, with transformer 
efficiency as a constraint. It uses adaptive crossover and 
mutation probabilities to adjust population diversity and 
improves the MOTO algorithm for the design of high-
frequency transformers. However, transformer design 
involves numerous design variables, constraint boundaries, 
and objective functions. The algorithm frequently needs to 
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invoke finite element calculations, leading to exponential 
growth in computation time and iteration count with the 
increase in parameter dimensions, significantly affecting the 
transformer's design cycle. 

To reduce the demand for computational resources and 
time in transformer design using numerical simulation 
methods, a surrogate-based optimization (SBO) algorithm is 
employed. This involves approximating a limited number of 
transformer numerical simulation parameters into a black-box 
model. Once the model accuracy reaches the required 95%, it 
is combined with a particle swarm optimization algorithm to 
achieve global optimization in transformer design. Existing 
surrogate models primarily include kriging models, radial 
basis models, support vector regression models, and others. 
Bin Xia [8] proposes a more effective adaptive collaborative 
kriging surrogate model by combining two-dimensional finite 
element analysis with three-dimensional finite element data 
to optimize the windings of power transformers. Syed Shadab 
[9] integrates Gaussian process regression models with 
transformer thermal models to effectively assess transformer 
lifespan under uncertain conditions. Slawomir Kozuel [10] 
feeds back the accumulated difference between the target 
value and the actual target to the kriging model to generate 
improved predictions, enabling rapid optimization of compact 
passive components. In summary, surrogate model methods 
can establish the relationship between target values and input 
variables through sample data fitting, completing multi-
objective optimization tasks for transformers. However, 
surrogate models often require a large number of samples 
during training, are prone to overfitting, and have poor 
generalization capabilities [11]. Therefore, research on how 
to achieve small-sample fitting of surrogate models and 
improve model prediction accuracy holds significant value 
for shortening the design cycle of medium-voltage high-
frequency transformers. 

To address the aforementioned issues, this paper proposes 
a parallel-augmentation-based kriging surrogate model for 
the construction of transformer models with a small sample 
size. Firstly, a three-dimensional transformer model is 
established, and its corresponding response values are 
obtained through finite element analysis using finite element 
software. Initial sample points and test points are generated 
using the Latin hypercube sampling method. These initial 
sample points are then used to construct the surrogate model, 
and its accuracy is tested. Secondly, based on the parallel 
augmentation approach, subsequent sample points are 
selected to maximize the variance while searching the 
relevant neighborhood of historical optimal points. The 
surrogate model is rebuilt until the accuracy requirements are 
met. Finally, the constructed surrogate model is used as the 
fitness function of the particle swarm optimization algorithm 
to complete the optimization of medium-voltage high-
frequency transformers. Under the same sample size, a 
comparison is made between the accuracy of the surrogate 
model before and after parallel augmentation. The 
effectiveness and accuracy of the proposed method are 
validated through experimental results from prototype testing. 

2. The Optimization Design Method 
Based on Surrogate Models 

2.1. The description of the optimization design 
problem for medium-voltage high-
frequency transformers 

The simplified mathematical model for the optimization of 
medium-voltage high-frequency transformers can be 
described as follows: 

𝑚𝑖𝑛ሾ𝑎𝑓ሺ𝑥ሻ ൅ 𝑏𝜑ሺ𝑥ሻሿ, 𝑥௟ ൑ 𝑥 ൑ 𝑥௨ 
𝑔௖ሺ𝑥ሻ ൑ 0, 𝑐 ൌ 1,2, … , 𝑘 

In the formula: 𝑥  is a vector of design variables with 
dimension; 𝑥௟ and 𝑥௨ are the lower and upper limits of the 
design variable values; 𝑓 and 𝜑 are the objective functions; 
𝑎  and 𝑏  are the weights of the objective functions; 𝑔௜  are 
the constraint conditions. 

To reduce computational costs and improve optimization 
efficiency, surrogate models are often used in place of 
mathematical models. In this context, the optimization model 
can be described as follows: 

𝑚𝑖𝑛ሾ𝑎𝑓መሺ𝑥ሻ ൅ 𝑏𝜑ොሺ𝑥ሻሿ, 𝑥௟ ൑ 𝑥 ൑ 𝑥௨ 
𝑔ො௖ሺ𝑥ሻ ൑ 0, 𝑐 ൌ 1,2, … , 𝑘 

In the formula: fመ , φෝ ,and gො  are the approximate response 
values of the surrogate model. 

When optimizing mathematical models, it is necessary to 
accurately calculate the objective function for each sample, 
which requires a large amount of computational resources and 
a long calculation time. However, surrogate models do not 
have these issues. 

2.2. Surrogate modeling method 
Surrogate models primarily achieve the replacement of 

complex systems by establishing mapping relationships 
between sample inputs and output data, without the need for 
continuous and complex calculations on the system. The 
research directions of surrogate models mainly focus on two 
aspects: one is the data fitting methods of surrogate models, 
such as kriging models, radial basis function models, support 
vector regression models, etc.; the other is the selection 
methods for sample data of surrogate models, such as Latin 
hypercube sampling, orthogonal experimental design, and the 
criterion of adding points based on maximum expectation 
[12]. Both of these aspects directly affect the accuracy and 
construction speed of the surrogate model. Unlike other 
surrogate models, the kriging model only requires known 
sample data and a semi-variogram, without the need for 
additional parameters or information. The model construction 
is relatively simple, and based on statistical principles, it can 
provide information such as confidence intervals and 
variances of estimated values. Therefore, this paper adopts the 
kriging method as the fitting approach for the surrogate model. 

3. Kriging Surrogate Model Based on 
Parallel Augmentation 

3.1. Latin hypercube sampling 
In an n-dimensional space, each one-dimensional 

coordinate interval is divided into m sub-intervals, and m 
sampling points are randomly selected from all regions. The 
selection of the sample point X୧୨ is as follows: 

𝑋௜௝ ൌ 𝑟௜ሺ𝑗ሻ െ
𝑈௜௝ሺ0,1ሻ

𝑚
, 1 ൑ 𝑖 ൑ 𝑚, 1 ൑ 𝑗 ൑ 𝑛 

In the formula: 𝑟௜ሺ𝑗ሻ represents the maximum value of the 
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ith interval after normalization in the jth dimension; 𝑈௜௝ሺ0,1ሻ 
is a random number between ሾ0,1ሿ. 

Considering the advantages of Latin hypercube sampling, 
such as high sampling rate and good uniformity, 10 initial 
sampling points for the surrogate model are configured using 
Latin hypercube sampling, and an additional 10 sampling 
points are generated to verify the accuracy of the surrogate 
model. 

3.2. Kriging surrogate model 
The kriging surrogate model can be represented by the 

following equation: 
y ൌ f ୘ሺxሻ ∙ φ ൅ zሺxሻ 

In the formula: f ୘ሺxሻ represents the regression function of 
x, providing a global approximation model in the design space; 
φ  are the undetermined coefficients of the regression 
function; zሺxሻ  is a random process representing the local 
deviation based on the global simulation, with an expected 
value of 0, a variance of σଶ, and a covariance: 

Covൣzሺx୧ሻ, z൫x୨൯൧ ൌ σଶR൫x୧, x୨൯ 
In the formula: 𝑅൫𝑥௜, 𝑥௝൯  represents the variogram 

between any two sample points, and common variograms 
include cubic function, Gaussian function, linear function, 
spherical function, etc. Using the generalized least squares 
estimation method, the estimated value of 𝜑 can be obtained. 

φෝ ൌ ሺX୘RିଵXሻିଵX୘RିଵY 
In the formula: X is the coefficient matrix of the sample 

points, Y is the response matrix corresponding to the sample 
points, and σଶ is the estimated value of . 

σෝଶ ൌ
1
N

ሺY െ Xφሻ୘RିଵሺY െ Xφሻ 

In the formula: N represents the number of sample points. 
Based on the above model parameters, the predicted 

response value and predicted standard deviation at the 
prediction point can be obtained as follows: 

yොሺx଴ሻ ൌ f ୘ሺx଴ሻφ ൅ r୘ሺx଴ሻRିଵሺY െ Xφሻ 

sොଶሺx଴ሻ ൌ σෝଶ ൥1 െ r୘ሺx଴ሻRିଵrሺx଴ሻ ൅
൫1 െ XRିଵrሺx଴ሻ൯

ଶ

X୘RିଵX
൩ 

In the formula:rሺx଴ሻ is the correlation matrix between the 
sample points and the prediction point. 

3.3. Parallel augmentation strategy 
Due to the randomness of Latin hypercube sampling, a 

large number of sample points are required for the surrogate 
model to achieve the desired fitting accuracy. Selecting 
sample points based on augmentation criteria can improve 
modeling efficiency to a certain extent. The Expected 
Improvement (EI) criterion is an effective global 
augmentation method. It assumes that the values of the 
untested points of the objective function follow a normal 
distribution, i.e., 𝑌~𝑁ሾ𝑦ොሺ𝑥 ሻ, 𝑠ଶሺ𝑥 ሻሿ  is the predicted 
response value of the kriging model, sଶሺx ሻ is the predicted 
variance, and y୫୧୬ is the current optimal value of the model. 
Then, the new sample point can be determined as follows: 

EሾIሺxሻሿ ൌ ൫y୫୧୬ െ yොሺx ሻ൯Φ ቆ
y୫୧୬ െ yොሺx ሻ

sሺxሻ
ቇ

൅ sሺxሻψ ቆ
y୫୧୬ െ yොሺx ሻ

sሺxሻ
ቇ 

In the formula: Φሺ∙ሻ  is the cumulative distribution 
function of the standard normal distribution, and ψሺ∙ሻ is the 
probability density function of the standard normal 
distribution. 

The Expected Improvement (EI) augmentation method 
searches for the sample point with the largest variance, which 
exhibits strong global search capabilities but slow 
convergence of model accuracy and weak local search 
capabilities. In this paper, the historical optimal augmentation 
criterion is introduced, and the new sample point is 
determined as follows: 

Fሺxሻ ൌ αଵy୫୧୬ሺ1ሻ ൅ αଶy୫୧୬ሺ2ሻ ൅ ⋯ ൅ α୩y୫୧୬ሺkሻ 
In the formula: α୩ is the weight coefficient, andαଵ ൅ αଶ ൅

⋯ ൅ α୩ ൌ 1 ; y୫୧୬ሺkሻ is the optimal value of the surrogate 
model during the kth fitting iteration. 

In this paper, two augmentation criteria are processed in 
parallel during the modeling process. The historical optimal 
augmentation method enhances the local search capability of 
the sample points, complementing the global search 
capability of the Expected Improvement criterion. The basic 
flowchart of the parallel augmentation strategy is shown in 
Figure 1. 

 
Figure 1. Flowchart 

3.4. Convergence criterion 
Assuming that the number of test sample points required 

for the surrogate model is N the true value of the test points 
is yୡሺxሻ, the average value of the true values is yതሺxሻ, and the 
predicted value of the surrogate model is yୡ

∗ሺxሻ , then the 
accuracy E of the surrogate model can be expressed as: 

ε ൌ 1 െ
∑ ൫yୡሺxሻ െ yୡ

∗ሺxሻ൯
ଶ୒

ଵ

∑ ൫yୡሺxሻ െ yതሺxሻ൯
ଶ୒

ଵ

 

When building a surrogate model for a medium-voltage 
high-frequency transformer using the parallel augmentation 
strategy, a certain level of accuracy 𝜀 ൒ 95% is required. 

4. Optimization of Medium-Voltage 
High-Frequency Transformers 

4.1. Model of Medium-Voltage High-
Frequency Transformer 

The medium-voltage rapid charging and discharging 
platform is primarily used for electric vehicle charging 
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stations, and thus has strict requirements on the volume and 
efficiency of transformers. Therefore, nanocrystalline alloy is 
selected as the magnetic core material for the medium-voltage 
high-frequency transformer. The structure of the magnetic 
core model is shown in Figure 2, and its initial design 
parameters are presented in Table 1. 

 

 
Figure 2. Structure Diagram of the Magnetic Core Model 

 
Table 1. Initial Design Parameters 

Design parameter Numerical value 
Core height D/mm 45 
Core length F/mm 268 

Core width E/mm 145 
The core is stacked thick 

A/mm 
50 

Window height C/mm 168 
Window width B/mm 45 

Operating frequency /kHz 100 
Number of original side 

turns 
24 

Number of secondary side 
turns 

8 

Primary side voltage /V 2400 
Core weight /kg 9.58 

Core volume /cm³ 1311.93 
Wastage /W 187.79 

efficiency 99.62 
 
The three-dimensional simulation model of the 

nanocrystalline magnetic core transformer established using 
the finite element method is shown in Figure 3. 

 

 
Figure 3. Three-Dimensional Simulation Model Diagram 

 
The design of medium-voltage high-frequency 

transformers needs to take into account both volume and 
losses. The volume of the transformer is primarily determined 

by the size of the magnetic core, which can be represented by 
the product A୮  of the magnetic core window area and the 
effective cross-sectional area of the magnetic core in the AP 
method. 

𝐴௣ ൌ 𝐴௘𝐴௪ 
In the formula: A୵ is the magnetic core window area, and 

Aୣ is the effective cross-sectional area of the magnetic core. 
The effective voltage on the primary side is Uଵ: 

Uଵ ൌ N୮ ∙
dϕ
dt

ൌ N୮ ∙
K୤B୫Aୣ

T
ൈ 10ିସ 

In the formula: N୮  represents the number of turns; B୫ 
represents the magnetic flux density; ϕ  represents the 
magnetic flux; K୤ represents the waveform coefficient. 

The utilization coefficient of the magnetic core window 
area is K୵ , the current density is J , and the effective values 
of the primary and secondary winding currents are Iଵ and Iଶ , 
respectively: 

K୵A୵ ൌ N୮ ∙
Iଵ

J
൅ Nୗ ∙

Iଶ

J
 

From the above equation, we can obtain: 

A୮ ൌ AୣA୵ ൌ
UଵIଵ ൅ UଶIଶ

4K୵K୤JB୫Aୣf
∙ Aୣ ൈ 10ସ 

In the formula: 𝑓  is the operating frequency, and 𝑈ଶ  is 
the effective value of the secondary voltage. 

The efficiency of the transformer is η ൌ
୔బ

୔భ
  . From this 

P଴ ൅ Pଵ ൌ
ሺଵା஗ሻ୔బ

஗
, we can derive: 

A୮ ൌ AୣA୵ ൌ
ሺ1 ൅ ηሻP଴

4ηK୵K୤JB୫f
ൈ 10ସ 

In the formula: Pଵ and P଴ are the primary and secondary 
powers, respectively. 

From the above equation, it can be seen that the transformer 
size is affected by multiple nonlinearly related parameters 
such as the iron core height, iron core stack thickness, window 
height, window width, and winding current density. 

The losses in a medium-voltage high-frequency 
transformer are mainly composed of magnetic core losses and 
winding losses. Among them, the winding losses are much 
smaller than the magnetic core losses, so they are not 
discussed in this paper. The classic method to describe the 
magnetic core losses in high-frequency transformers is the 
Steinmetz formula, which is as follows: 

Pୡ ൌ Kf ஑Bஒ 
In the formula:K, α and β are the Steinmetz coefficients. 

This method has high accuracy and simple fitting, but it is 
only applicable to sinusoidal excitation. To facilitate the 
analysis of magnetic core loss characteristics under other 
excitations, an improved Steinmetz formula is proposed in 
reference [13]. 

Pୡ ൌ Fୣ୯Kf ஑Bஒ 
In the formula: Fୣ୯ represents the magnetic flux waveform 

coefficient, which is π/4  for square wave excitation and 
2/3  for triangular wave excitation. It can be seen that the 
magnetic core losses of a medium-voltage high-frequency 
transformer are related to material properties and excitation 
methods. 

4.2. Surrogate Model 

In this paper, the iron core height ( D  ), iron core stack 
thickness ( A  ), and window height ( C  ) are selected as 
optimization variables. The optimization objectives are the 
iron core volume and transformer losses, with the constraint 
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conditions being the change in the original design parameters 
and magnetic flux not exceeding a certain limit. Both the 
initial 10 sample points and the 10 test sample points are 
generated using Latin hypercube sampling. The surrogate 
model prediction accuracy is required to be at level 𝜀 ൒ 95%. 

Firstly, the initial 10 sample points are used to fit a Kriging 
surrogate model, and the model is then employed to calculate 
the predicted values for the test sample points. This gives the 
current accuracy ε∗ ൏ 95%  of the surrogate model. 
Subsequently, the particle swarm optimization algorithm is 
employed to find the sample point where the current optimal 
objective value of the surrogate model is located. Based on 
the maximum expected improvement criterion, the point in 
the sample space that maximizes the variance of the sample 
data is obtained. These two new sample points, along with the 
initial sample points, constitute a new sampling space. The 
above steps are repeated until the accuracy of the fitted 
surrogate model meets the required standard. 

After 21 iterations, the initial sample points are augmented 
through parallel sampling to obtain a total of 52 sample data 
points. At this point, the accuracy ε∗ ൒ 95%  meets the set 
precision requirement. The obtained sample points are 
numbered in sequence from 1 to 52, as shown in Table 2, 
while the test sample points are numbered from 53 to 62. 

 

Table 2. Surrogate Model Sample Data 
ID Sample 

1 
Sample 

2 
… Sample 

51 
Sample 

52 
Core height 

D/mm 
52 40 … 42 50 

The core is 
stacked thick 

A/mm 

55 47 … 53 50 

Window 
height C/mm 

148 182 … 144 152 

Core volume 
/cm³ 

1426.72 1134.88 … 1198.72 1307.60 

Wastage /W 187.55 168.34 … 183.62 162.65 
efficiency 99.62 99.66 … 99.63 99.67 

 
Using the parallel sampling Kriging surrogate model, the 

predicted values for the volume and transformer losses of the 
test sample points numbered 53 to 62 are obtained. A 
comparison between the predicted and actual values for these 
two prediction targets is shown in Figure 4. The red line 
represents the predicted values, while the black line 
represents the actual values. The prediction accuracy for 
volume is 95.53%, and the prediction accuracy for 
transformer losses is 95.01%. These results meet the 
convergence criteria for the surrogate model and the 
requirements for transformer optimization design. 

 

   
(a) Comparison Chart of Iron Core Volume   (b) Comparison Chart of Transformer Losses 

Figure 4. Comparison Chart 
 

4.3. Experimental Verification 
To verify the superiority of the parallel sampling Kriging 

surrogate model, the EI method before improvement was used 
for sampling, and the iteration was performed 42 times. The 

comparison between the predicted values and actual values 
obtained is shown in Figure 5. The red line represents the 
predicted values, while the black line represents the actual 
values. The prediction accuracy for volume is 78.57%, and 
the prediction accuracy for transformer losses is 82.56%. 

 

     
(a) Comparison Chart of Iron Core Volume  (b) Comparison Chart of Transformer Losses 

Figure 5. Comparison Chart 
 

The surrogate model based on parallel sampling can meet the accuracy requirement after 21 iterations, while the EI 
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sampling method, after training with the same 52 sample 
points, exhibits a model accuracy that is approximately 15% 
lower than the parallel sampling method. The main reason is 
that the EI sampling method maximizes the variance of the 
sample points, resulting in a high degree of sample dispersion 
and slower convergence of fitting accuracy. In contrast, the 
parallel sampling method incorporates historical optimal 
points into the samples, constructing a high-precision local 
surrogate model that satisfies the Pareto frontier. In summary, 
when constructing a surrogate model for medium-voltage 
high-frequency transformers, the parallel sampling method 
exhibits higher fitting accuracy under the same sample 
conditions. 
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