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Abstract.

Transmission system operators require dynamic models
calibrated to match real plant behavior, yet tuning is often manual,
slow, and difficult to reproduce. This paper presents a fully
automated calibration framework for renewable generation
models based on Differential Evolution algorithms (DE),
particularly Differential Evolution [1], implemented through the
PSS®E Python API [2]. The calibration is formulated as a
bounded nonlinear time-domain optimization problem in which
candidate parameter sets are iteratively evaluated via dynamic
simulations and compared against field measurements. The
methodology is demonstrated on REE’s PPMREES module by
tuning a set of 15 parameters selected for their impact on the
frequency-response behavior. Using active-power frequency
response tests under over- and under-frequency events, the
proposed approach improves the agreement between simulated
and measured responses and accurately reproduces both transient
and steady-state behavior. The results show that the framework
provides a systematic, reproducible and scalable alternative to
manual tuning for renewable plant model validation.

Key words. Dynamic Model Calibration, Power System
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1. Introduction and Background

The increasing penetration of renewable energy sources,
particularly wind and photovoltaic (PV) power plants, is
fundamentally altering the dynamic characteristics of
modern power systems. As synchronous machines are
progressively displaced, system inertia decreases and
frequency stability becomes increasingly dependent on
converter-based resources. Under these conditions,
accurate dynamic models of renewable power plants are
essential to perform reliable stability studies and ensure
compliance with grid-code requirements.

Transmission system operators (TSOs) typically define the
model structure and simulation platform, while plant
owners or engineering consultants are responsible for
tuning model parameters so that simulated responses match
commissioning or field-test measurements. [3] However,
this calibration process is commonly performed through
manual and iterative trial-and-error procedures. Such
workflows are time-consuming, operator-dependent, and
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often difficult to reproduce or audit, especially when
multiple renewable plants must be validated within tight
regulatory timelines.

Evolutionary optimization techniques have previously
been applied to parameter identification problems in power
systems, including dynamic model tuning and controller
optimization. However, their systematic integration into
practical TSO validation workflows for renewable plants
remains limited. In particular, automated calibration
directly embedded within a PSS®E-based compliance
process has not been widely documented for large-scale
renewable portfolios.

This paper proposes a fully automated -calibration
framework based on Differential Evolution (DE) directly
embedded in the PSS®E environment, aimed at reducing
manual effort and improving reproducibility in TSO
validation processes.

The main contribution of this work lies in bridging
measurement-based calibration with real compliance
workflows, using actual plant data and operator-supplied
models. Compared to traditional manual tuning, the
proposed approach provides clear advantages in terms of
scalability, repeatability, and reduced engineering effort.

However, the method also presents several limitations. In
particular, inherent challenges such as parameter
identifiability and potential collinearity between
parameters may affect the uniqueness and robustness of the
estimated solutions, as these aspects are not explicitly
addressed in the current formulation. Future work will
focus on incorporating strategies to better handle these
limitations and improve the reliability of the parameter
estimation process.

2. State of the Art

Parameter identification and model validation are long-
standing and critical tasks in power system dynamic
studies. In the context of renewable generation, Asmine et
al. established a foundational measurement-based view of
model validation, defining it as the process of comparing
simulated and recorded responses under staged tests or real
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disturbances, and highlighting playback-based validation
as one of the most meaningful approaches for wind power
plants. That work also stressed two issues that remain
highly relevant today: first, that simplified RMS models
cannot perfectly reproduce all measured dynamics, and
second, that model acceptance still depends on defining
what constitutes an “adequate” fit between simulation and
measurement. [4]

More recently, the availability of phasor measurement unit
(PMU) data has enabled online and non-intrusive
calibration methods, moving beyond offline staged tests
and manual engineering adjustment. In this direction,
Khazeiynasab and Qi proposed a PMU-based generator
parameter calibration framework wusing adaptive
Approximate Bayesian Computation with Sequential
Monte Carlo (A-ABC-SMC), in which event playback is
combined with an empirical Gramian-based parameter
screening step to identify the most identifiable parameters
before calibration. Their results show that likelihood-free
Bayesian methods can estimate posterior distributions of
model parameters efficiently, even under large prior
uncertainties and across multiple events. [5]

In parallel, black-box optimization has emerged as an
attractive alternative when the objective function is
expensive, nonlinear, and not easily differentiable. In
particular, Khazeiynasab and Qi also proposed a PMU-
based black-box calibration method using a stochastic
radial basis function (RBF) surrogate model, where the
discrepancy between measured and simulated active and
reactive power is minimized under parameter bounds
derived from prior information. This approach is especially
relevant because it avoids explicit likelihood evaluation,
treats dynamic simulation as a black box, and directly
targets computational efficiency through surrogate-assisted
optimization. [6]

Despite these advances, several limitations remain. First,
much of the recent PMU-based literature is focused on
synchronous generators rather than renewable power plant
aggregate models. Second, advanced Bayesian or
surrogate-based methods like the one described in [5],
while powerful, may introduce substantial methodological
complexity that can hinder their direct adoption in practical
TSO validation workflows. Third, many studies are
validated on benchmark systems or generator-level models,
whereas fewer works address automated calibration of
operator-supplied renewable plant models directly within
certified industrial simulation environments. Therefore,
there remains a clear need for practical and reproducible
calibration workflows that combine measured plant data,
automated parameter tuning, and direct integration with
tools such as PSS®E, while remaining simple enough for
engineering deployment in compliance-oriented validation
processes.

3. Methodology

The calibration problem is formulated as a bounded
nonlinear optimization in the time domain. A population of
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candidate parameter vectors is initialized within physically
meaningful limits derived from manufacturer data, grid-
code constraints and engineering judgment.

For each candidate parameter set:

1. The parameters are automatically injected into the
PSS®E model [2].

2. A dynamic simulation is executed under the same
disturbance conditions used in plan testing.

3. The simulated response is compared with
measured data using a time-domain cost function.

The overall calibration workflow is summarized in the
following figure.
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Fig. 1. Flowchart of the proposed Differential Evolution-based
algorithm for dynamic model calibration.

The cost function J is defined as the sum of absolute errors

between the simulated and measured signals over the
evaluation window. No additional weighting is applied.

N
J= Zlysim(i) - ymeas(i)l
i=1

N is the number of samples of the signals over the interval
simulated.

The optimization was performed using a population of 90
individuals over 10 generations, resulting in approximately
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900 dynamic simulations per calibration process.
Convergence was determined based on the dispersion of
the objective function values within the population.
Specifically, the optimization stopped when the standard
deviation of the population cost J fell below 1 % of its own
mean value. [7]

Differential Evolution (DE) is a population-based
stochastic optimization algorithm particularly suited for
nonlinear and non-convex problems. At each iteration, new
candidate solutions are generated by combining existing
individuals through mutation and recombination operators
[1] [7]. In this work, a DE/rand/1/bin strategy is adopted,
where mutant vectors are generated from randomly
selected individuals and combined with target vectors
based on a crossover probability. The selection process
retains the candidate with the lowest cost function value.
This approach is especially appropriate for dynamic model
calibration, as it does not require gradient information and
can efficiently explore high-dimensional parameter spaces
with complex interactions.

Given that each candidate solution requires an independent
dynamic simulation, the evaluation process is inherently
parallelizable. In this work, parallel execution of
simulations has been implemented to significantly reduce
computation time.

This parallelization enables the efficient evaluation of large
populations and improves the scalability of the proposed
framework, making it suitable for practical TSO workflows
involving multiple plants and scenarios.

4. Application and Results

The proposed framework was applied to the calibration of
the PPMREES power park module provided by REE [8],
which represents aggregated renewable generation
behavior. Although the complete model contains 62
parameters, engineering sensitivity analysis identified 15
key parameters governing active power frequency-
response characteristics. This dimensionality reduction
improves computational efficiency while preserving
dominant dynamic behavior.

Real plant measurements obtained during over-frequency
and under-frequency active power response tests were used
as validation scenarios. Prior to calibration, the initial
parameter set showed noticeable deviations with respect to
the measured plant response under frequency disturbances.
After the optimization process, the calibrated model
exhibits improved agreement with the measured
trajectories in both transient and steady-state regions.

The calibrated model accurately reproduces ramp rates,
power recovery characteristics and final steady-state power
levels under both disturbance types. The full calibration
process required approximately 1 hour of computational
time, substantially reducing the engineering effort
compared to manual iterative tuning.

Figure 1 illustrates the comparison between measured plant
active power response and simulated response before and
after calibration. The figure highlights the improvement
achieved by the optimization process in both transient and
steady-state regions.
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Fig. 2. Active power response under over- and under-frequency conditions: comparison between the automatically calibrated PSS®E
simulation and a test generated from the certified plant model.

The results confirm that evolutionary optimization
techniques can provide a robust and reproducible
framework for renewable plant dynamic model validation.
The proposed workflow supports improved reliability of
stability studies in low-inertia systems and facilitates
efficient grid-code compliance processes in power systems
with high renewable penetration.
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It is worth noting that the improvement is not limited to
steady-state accuracy, but also includes transient dynamics
such as ramp rates and response delays, which are critical
for frequency stability studies.
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The robustness of the calibrated parameters suggests that
the optimization process captures the dominant dynamics
governing plant response under frequency disturbances.

5. Conclusion

This paper has presented an automated calibration
framework for renewable plant dynamic models based on
Differential Evolution and integrated into the PSS®E
simulation environment.

The results demonstrate that the proposed methodology can
significantly improve the agreement between simulated
and measured plant responses while reducing the need for
manual tuning. The approach provides a reproducible and
scalable solution aligned with TSO validation
requirements.

The incorporation of parallel simulation execution further
enhances computational efficiency, enabling practical
application to large-scale validation workflows.

Future work will focus on extending the methodology to
multi-event calibration scenarios, improving cost function
formulations, and exploring parameter identifiability and
sensitivity analysis techniques to further enhance
robustness.
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