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Letters

Comprehensive Parameter Optimization Using an Empowered and Lightweight
Surrogate Model

Qifan Yang , Dihong Huang , Yong Chen , and Ningyi Dai , Senior Member, IEEE

Abstract—Fine tuning the parameters is crucial for achieving
high-performance power electronics converters. Traditionally, iter-
ative testing using professional simulation tools has been a common
approach. However, running the simulation model is time con-
suming, and online parameter optimization generates parameters
specific to each operating condition. In this article, we propose
a novel approach that combines artificial intelligence (AI)-aided
parameter tuning with simulation using a data-driven empowered
surrogate model. The surrogate model is trained using a dataset
derived from 3000 simulation tests, enabling rapid parameter tun-
ing with feedback on system performance within a time frame of
less than 0.1 ms, even on devices with restricted computational
capabilities. Moreover, comprehensive parameter optimization for
multiscenarios can be achieved using the surrogate model. A case
study focusing on the parameter tuning of the soft-open-point
is provided, including a comparison with AI-aided autonomous
online parameter tuning methods. The results demonstrate the
effectiveness and efficiency of the proposed approach.

Index Terms—Control parameter tuning, simulation, soft open
point (SOP), surrogate model.

I. INTRODUCTION

FOR power electronic converters, fine-tuned and well-
designed control parameters are crucial to achieve satis-

fying performance. However, due to the nonlinear nature and
high-order system dynamics of power electronic devices, it is
challenging to systematically optimize control parameters and
find optimal solutions. Conventional control parameter analysis
involves transfer function design and linearization-based phase
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margin assessment and the optimization process relies on iter-
ative manual simulations [1]. The main drawback of manual
parameter tuning (MPT) is that relying on the established ap-
proximate model can lead to unpredictable errors, and variations
in human expertise can greatly impact its efficiency. Therefore,
exploring new parameter tuning methods that involve less human
intervention and rely more on intelligent approaches may present
a potential solution.

In recent years, artificial intelligence (AI) has been widely
applied in the field of power electronics for design, control,
and other aspects [2]. This includes the utilization of machine
learning and meta-heuristic optimization methods [3]. Machine
learning models, credited for their inherent strength of pattern
recognition and nonlinear fitting, have been extensively utilized
in the design of power electronics serving as surrogate models to
improve the precision of theoretical modeling. A neural network
(NN)-based optimal framework was proposed for the aim of
designing the circuit parameters of a buck converter [4]. Zhang
et al. [5] proposed an NN to map the control parameters to the
system’s pole. This work indicates that NN has the capability to
map the nonlinear function in the power electronics area.

Meanwhile, metaheuristic methods, such as genetic algo-
rithm (GA) and particle swarm optimization (PSO), utilizing
general-purpose and high-level heuristics to iteratively explore
and discover near-optimal solutions, have demonstrated superior
performance in optimizing control parameters with less human
expertise [6]. For instance, Naidu et al. [7] utilized a PSO
algorithm to optimize the parameters of a proportional integral
(PI) controller. A gray wolf optimizer was proposed in [8] to
optimize a fractional-order PI controller for power factor cor-
rection. A hybrid wolf optimization algorithm was proposed to
automatically adjust the controller’s parameters of sliding mode
direct torque control (SMDTC) for surface-mounted permanent
magnet synchronous motors (SPMSMs) in [9]. The GA was
proposed in [10] to optimize the sliding mode control.

The online NN training-based method, utilizing reinforce-
ment learning, was proposed to design and optimize the PID
controller [11], [12]. However, this kind of tuning method
requires extensive online operation either on power electronic
simulations or physical entities, taking relatively long conver-
gence times to find the near-optimal solution and specific to
single scenario. In order to achieve the optimal result in the
static operation point, the simulations are usually running in the
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Fig. 1. Circuit and control system of SOP.

same scenario. However, when the static operating points of
the system change, the obtained optimal parameters may no
longer be applicable.

Considering the aforementioned limitations, the empowered
and lightweight data-driven surrogate method is proposed to
replace the simulation model. The core of this method lies in
constructing a surrogate model based on historical data, where
the input encompasses information on the static operating points
as well as the decision variables that require optimization. After
constructing the empowered and lightweight surrogate model,
the optimization adopts an offline surrogate model parameter
tuning (OSMPT) architecture, obtaining the optimization results
through iterative execution of the surrogate model.

The soft-open-point (SOP), depicted in the Fig. 1, with the
structure of two voltage source converters (VSCs), separately
control the dc-link voltage and active power. The SOP has a
back-to-back structure and is commonly utilized for achieving
optimal power flow in medium-voltage distribution networks
and microgrid systems, enabling the control of active power flow
from one node to another [13]. The stability of the dc-side volt-
age of the SOP is a crucial factor during system operation [14],
and its influence varies across different operating points [15].
Usually, a system-level dispatching algorithm generates the
active power reference values for SOP from a few minutes to
an hour [16]. Due to the characteristic of the SOP frequently
changing the reference value of active power throughout the
day [17], we adopted the SOP as the case study. The main
contributions of this article are organized as follows.

1) An empowered and lightweight surrogate model-based
comprehensive parameter optimization architecture is
proposed to optimize the performance of SOP.

2) The proposed method employs a trained surrogate model
to substitute real-time simulation in each iteration of
parameter optimization. This approach significantly en-
hances the efficiency of parameter tuning.

3) The surrogate model incorporates the operation point
feature and facilitates control parameter optimization for

multiple scenarios, allowing for the consideration of the
overall performance across all scenarios rather than just a
single scenario.

4) The proposed architecture is compared with traditional
online parameter tuning (OPT) architecture, demonstrat-
ing its superior advantage especially in multiscenario op-
timization.

To verify the precision of the proposed method, hardware-in-
the-loop (HIL) experimental results are provided. HIL, which
offers accuracy that bridges the gap between simulation and
actual hardware, has been widely applied in the field of power
electronics in recent years [18].

The rest of this article is organized as follows. The detailed
introduction of the OPT and OSMP architecture is illustrated in
the Section II. In Section III, the simulation results are provided.
Experimental results is shown in Section IV. Finally, Section V
concludes this article.

II. ARCHITECTURE

In this section, we provide a detailed comparison of the
differences between the two methods. The optimization task can
be described as follows:

min
n∑

i=1

tpi(X) ms

s.t. dVi(X) < 0.05 pu

dPi(X) < 10 % (1)

where i denotes the scenario number, for instance, every step
change at different operating points can be seen as a scenario.
tpi is the peak time, and dPi is the overshoot, of the active
power of the power controlled VSC during a step change in
its reference active power. dVi is the max dc voltage devia-
tion while the step change takes place during the scenario i.
X = [kp1, ki1, kp2, ki2], is the d-axis outer loop’s PI parameters,
highlighted in Fig. 1 . The task is to minimize the peak time and to
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Fig. 2. Detailed process of OPT.

Algorithm 1: Genetic Algorithm for OPT and OSMPT.
1: Initialize population of kp1, kp2, ki1, ki2
2: Evaluate the fitness of each candidate by calculating

tpi and checking constraints dPi and dVi (For the
OPT, by running the simulator. For OSMPT,
calculating the neural networks’ output.)

3: while termination condition not met do
4: Select parents from the population based on fitness
5: Perform crossover on parents to create offspring
6: Apply mutation to offspring to vary kp1, kp2, ki1, ki2
7: Evaluate the fitness of the new offspring by

calculating tp
8: Check constraints dPi and dVi for each offspring
9: Select individuals for the next generation

10: end while
11: return The best solution found for kp1, kp2, ki1, ki2

guarantee the overshoot and voltage fluctuation in an acceptable
range. To control variables consistently, the GA is adopted as the
optimizer with the same decision variables domain for its proven
effectiveness compared with simulated annealing and ant colony
optimization in handling nonconvex optimization problems with
large search spaces and nonlinear constraints [10]. The opti-
mization result analysis is conducted for both single-scenario
and multiscenario settings. The implementation process of the
GA on OPT and OSMPT is detailed in Algorithm 1.

A. OPT Architecture

The detailed process of the OPT is illustrated in Fig. 2 . This
method establishes a loop connection between the simulator and
the optimizer. In each iteration epoch, the optimizer generates
candidate parameters and sends them to the real-time digital sim-
ulator (RTDS). The RTDS receives the parameters and updates
the control model in simulation. The waveform data of the SOP
is then sent back, and the performance indices are calculated.
Subsequently, the optimizer generates a new group of candidates
to be sent to the RTDS. This process runs iteratively until the
OPT converges to the desired optimization task. It is important
to note that during this process, the scenarios are typically fixed.

B. OSMPT Architecture

The detailed process of the OSMPT is depicted in Fig. 3. For
the OSMPT architecture, the first step is to establish a surrogate
model mapping decision variables to the objective function.

Fig. 3. Detailed process of OSMPT.

Fig. 4. Distribution of three performance index.

In this work, the training data for developing the surrogate
model are obtained by collecting data from simulation models
built in RTDS. The control parameters are generated randomly
in a preset range. The preset range was determined by setting
the lower boundary of control parameters to zero. The upper
boundary is determined by considering both the stability margin
and the typical range. kp1 and kp2 are from 0 to 3, ki1 is from
0 to 1, and ki2 is from 0 to 5. In this article, Pref1 means the
initial active power reference value, while Pref2 is the active
power reference after the step change. During the step change,
the active power reference was changed from Pref1 to Pref2. The
operating points are also generated randomly in a preset range
from−3 to 3 MW. This range effectively narrows down the peak
time to approximately 10 ms. Each time, one group ofPref1,Pref2,
kp1, kp2, ki1, and ki2 is generated and used in the simulation.
Peak time, percentage overshoot, and max dc voltage deviation
during this step-change of active power for a VSC are measured
and recorded. Then, one group of training data is generated.
RTDS/RSCAD allows users to write a script file to make it
simulate all the cases automatically. The simulation software
runs iteratively until the required number of cases is tested. The
data are stored automatically in an Excel file. In this article, the
dataset includes 3000 groups for training. The distribution of
the three performance indices is depicted in Fig. 4. The x-axis
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Fig. 5. Optimal results of OPT and OSMPT in multiple scenarios.

Fig. 6. Real-time hardware-in-loop platform.

represents specific numerical values. The y-axis represents the
proportion of samples in a given numerical range relative to the
total number of samples.

The feed-forward neural network is chosen as the surrogate
model to map the Pref1, Pref2, kp1, kp2, ki1, and ki2 to the peak
time, overshoot, and max dc voltage deviation. Three NNs with a
six-input-one-output structure are established, allowing flexible
training and focused optimization for each performance index
and mitigating the risk of mutual interference or conflicting
objectives during the learning process [19]. Each NN is com-
posed of two hidden layers, with each hidden layer containing 32
neurons, and the rectified linear unit (ReLU) function is utilized
as the activation layer. The training process is implemented

TABLE I
PERFORMANCE COMPARISON OF THE THREE TRAINED NNS

TABLE II
SYSTEM CONFIGURATION OF SOP

with the Pytorch framework, and the Adam optimizer and mean
squared error loss function are selected for training the NN. The
learning rate is set to 0.01, and the maximum training epoch is
set to 100. The training and validation sets were subjected to
fivefold cross validation. The performance on the validation set
and training time are listed in Table I, containing the root mean
square error (RMSE), mean absolute error (MAE), and R square
value. The NN is composed of adders and multipliers, which can
be seen as a surrogate model of the simulation.

Based on the trained surrogate model, metaheuristic opti-
mization is used to find the optimized parameters. Unlike the
OPT architecture, the iteration process is conducted by the
surrogate model. The NN consists of addition and multiplication
operations, hence the computational burden of a single operation
to get the performance is significantly lower than that of running
one simulation. Compared to the time required for running a
simulation (10 s is allotted to ensure that the system reaches
an initial stable state), it is evident that the time needed for
calculating the output of an NN (approximately 0.0001 s) is
much smaller.

III. SIMULATION RESULTS

In this section, we adopt both OPT and OSMPT architecture
in the single scenario and multiple scenarios. The first case
applies a single scenario where the active power reference value
increases from 0 to 1 MW. The number of simulation iterations
are fixed, and the convergence results are observed over the same
duration. The second case applies multiple scenarios and keeps
the number of simulation runs constant for comparing the two
methods. The system configuration of the studied system is listed
in Table II, where the inner current loop control parameter is
fixed. While SOP is assumed to be connected to strong grids
on both sides, it is important to note that grid strength can vary
within a certain range. A comprehensive study on the parameter
optimization for weak grid scenarios will be conducted in future
work.
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Fig. 7. HIL experimental results.

TABLE III
OPTIMAL RESULT IN SINGLE SCENARIO

A. Comparison of Performance Metrics for the Two Methods
Under Single Scenario

The comparison of two methods in the single scenario is
listed in Table III. From the aforementioned table, it can be
observed given the direct connection between the OPT ar-
chitecture and the simulation, the results essentially meet the
constraints’ limitations, achieving an optimized outcome. The
OSMPT architecture, due to precision loss in the data-driven
modeling process, poses a certain risk of exceeding boundaries
for voltage and active power. However, it is also observed that
using the OSMPT method significantly reduces the time required
for optimization, thereby substantially increasing the efficiency
of the optimization process. The GA is implemented on a com-
puter with Intel(R) Xeon(R) Gold 6140 2.30-GHz CPU with
64-GB memory. We utilized the RTDS Novacor2 for real-time
digital simulations. The processor is based on the IBM POWER9
processor.

B. Comparison of Performance Metrics for the Two Methods
Under Multiple Scenarios

In this section, we generated five scenarios to validate the
effectiveness of the two architectures considering the typical
operation range of the SOP [16]. Five different variations of
active power step changes, ranging from 10% to 60% of SOP’s
rating, are tested. These settings are listed in Table IV. To ensure
the consistency of variables, we employed a limit of 3000 times
simulations. For OPT, this serves as a constraint to find the
optimum value in a single scenario, while for OSMPT, 3000
datasets enable the construction of a model with higher accuracy.

TABLE IV
SCENARIOS OF THE ACTIVE POWER STEP CHANGE

TABLE V
OPTIMAL RESULT OF OPT AND OSMPT

Due to the characteristic of OPT’s architecture, which can
only operate at fixed working points, we executed the OPT
optimization process separately under Scenarios 1 and 5. These
two scenarios have a minimal step change from 0 to 1 MW
and a maximal step change from −3 to 3 MW. Consequently,
two groups of different control parameters are generated under
each scenario, as listed in Table V. Each group of parameters
was then applied to the other four scenarios in Table IV, and
corresponding performance indices are shown in Fig. 5.

The OSMPT architecture is superior in its flexibility to modify
the objective function and adapt to different scenarios. In this
task, we refer back to (1), where we can set n = 5, such an
operation does not contribute to the overall time consumption
of the optimization process. The optimal result are also depicted
in Fig. 5.

From Fig. 5, we can observe that the OPT architecture,
optimized based on a single scenario, experiences dc voltage
deviation and power overshoot exceeding their limits under
multiple scenarios testing. For instance, in Scenarios 3 and
5, the dV of OPT (0 to 1) significantly exceeds the specified
upper bound. In scenario 1, the percentage overshoot dP of
OPT (−3 to 3) is out of constraint. It is important to note
that, since parameter tuning was conducted under one specific
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scenario, it is reasonable for some performance index to exceed
the boundaries. This limitation is inherent to the OPT method.
In contrast, the OSMPT architecture, which considers compre-
hensive optimization across multiple scenarios, performs more
consistently at different step response sizes.

To enable the OPT method to achieve comprehensive opti-
mization performance across different scenarios, another ap-
proach is to increase the number of simulation times. However,
as the number of scenarios increases, the required number of
simulation runs also increases linearly. On the contrary, for
the OSMPT architecture, an increase in scenarios does not
necessitate additional simulation resources.

Therefore, when operating under an identical number of
simulations, the OSMPT architecture demonstrates enhanced
efficiency considering multiple scenarios.

IV. EXPERIMENTAL RESULTS

To validate the accuracy of the proposed optimization archi-
tecture on physical systems, we employed a HIL testing ap-
proach. The platform is shown in Fig. 6. The system is conducted
using the RTDS, whereas the control system is in the RTU-BOX
204, which is equipped with DSP TMS320C28346.

We conducted validations using two sets of control param-
eters. Specifically, we tested the parameters optimized for the
reference active power from −3 to 3 MW. For OPT kp1 = 0.48,
kp2 = 0.825, ki1 = 0.416, and ki2 = 0.85, and for OSMPT,
kp1 = 0.473, kp2 = 2.633, ki1 = 0.862, and ki2 = 4.096. The
experimental result is depicted in Fig. 7. The obtained results
align closely with the simulation depicted in Fig. 5.

V. CONCLUSION

This article proposed a data-driven-based comprehensive pa-
rameter optimization method for power electronics convert-
ers. Parameter optimization of the SOP is studied, focusing
on achieving faster response times while ensuring dc voltage
deviation and active power overshoot are within specific ranges.
The traditional OPT architecture and the proposed OSMPT
architecture were compared under single and multiple scenarios.
Simulation and experimental results indicate that the proposed
OSMPT architecture has a greater advantage in multiscenario
optimization.

In this article, we assume that the RTDS simulations and
offline training need to be conducted again when there are
changes in the circuit structure and parameters. One issue we
would like to highlight is that the trained data-driven model
has acquired a substantial amount of information from the data.
In cases where only minor changes are made, it may not be
necessary to collect a large amount of training data again.
Instead, techniques such as transfer learning and incremental
learning can be employed to significantly enhance the efficiency
of generating a new offline training model using limited amounts
of new data. Furthermore, ensuring the stable operation of the
grid and improving its performance under disturbances has
become an increasingly important issue when designing control
systems for converters. It is essential to thoroughly investigate
the training of surrogate models and optimization tasks to handle

more complex scenarios effectively. The aforementioned chal-
lenges will be studied in our future work to enhance the proposed
method.

REFERENCES

[1] A. G. Yepes, A. Vidal, J. Malvar, O. López, and J. Doval-Gandoy, “Tuning
method aimed at optimized settling time and overshoot for synchronous
proportional-integral current control in electric machines,” IEEE Trans.
Power Electron., vol. 29, no. 6, pp. 3041–3054, Jun. 2014.

[2] S. Zhao, F. Blaabjerg, and H. Wang, “An overview of artificial intelligence
applications for power electronics,” IEEE Trans. Power Electron., vol. 36,
no. 4, pp. 4633–4658, Apr. 2021.

[3] S. E. De León-Aldaco, H. Calleja, and J. A. Alquicira, “Metaheuristic
optimization methods applied to power converters: A review,” IEEE Trans.
Power Electron., vol. 30, no. 12, pp. 6791–6803, Dec. 2015.

[4] X. Li, X. Zhang, F. Lin, and F. Blaabjerg, “Artificial-intelligence-based
design for circuit parameters of power converters,” IEEE Trans. Ind.
Electron., vol. 69, no. 11, pp. 11144–11155, Nov. 2022.

[5] C. Zhang, N. Mijatovic, X. Cai, and T. Dragičević, “Artificial neu-
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