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The rapid increase in the supply of renewable energy poses challenges with
respect to the stability of the electrical grid. In contrast to conventional power
plants, the power output of wind farms ultimately depends on environmental
conditions. Due to the increase in capacity, the integration of wind energy in
the electricity grid needs to comply with strict grid code requirements (Ahmed
et al. 2020).

To ensure grid stability, wind farm controllers are developed to configure
farm-wide power set-points to match the power demand, imposed by the trans-
mission system operator. The development of such controllers poses important
challenges, as there exist complex non-linear dependencies between wind tur-
bines, originating from the wake effect. Additionally, wind turbines operating
in higher power regimes typically show increased mechanical loading, resulting
in a higher lifetime consumption (Verstraeten et al. 2019). Therefore, a care-
ful balance between power and lifetime needs to be guaranteed (Boersma et al.
2017).

The design of wind farm controllers is typically grounded in the physics of the
system (Boersma et al. 2017). For example, lower set-points can be chosen for
upstream turbines to reduce damage accumulation through fatigue loads, in case
the available power over the farm is larger than the desired power. While such
heuristics simplify the computation of the optimal set-point allocation, they fail
to capture the full complexity of the dynamically-changing multi-dimensional
load spectrum (e.g., loads induced during storms). To develop advanced control
strategies, it is necessary to consider the full load spectrum to reduce failures
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(Verstraeten et al. 2019).
In contrast to physics-based heuristics, AI-driven controllers can learn strate-

gies without requiring in-depth knowledge about the dependencies that exist
between the turbines. In the context of wake deflection, machine learning ap-
proaches are already used (Boersma et al. 2017). Although data-driven con-
trollers are flexible toward the cost-functions employed, they scale poorly to
larger wind farms, as the number of possible configurations grows exponentially
with respect to the number of wind turbines.

Therefore, to guarantee optimality and scalability of wind farm control, a
hybrid approach is proposed, in which a flexible data-driven method is aug-
mented with physics-based domain knowledge (Verstraeten et al. 2021). First,
using load profiles and wake analyses, a graph structure of the wind farm can
be constructed. An example is shown in Figure 1. The algorithm then sam-
ples promising set-point allocations within the factored representation of the
wind farm, with the objective to match the power demand as well as possible,
while minimizing fatigue loading on wind turbines with a low remaining useful
lifetime.

Control strategies are evaluated in FLORIS wake simulator (NREL 2019)
using LW-8MW turbines (Desmond et al. 2016). Historic fatigue load profiles
are assigned to each turbine based on real SCADA data, from which damage
accumulation is inferred (Alvarez & Ribaric 2018). Random turbines are pe-
nalized in the cost-function to demonstrate the ability of the control method to
deal with non-linearities in the cost-function.

Figure 2 shows the relative performance of the proposed method in terms of
the achieved distance to the power demand with respect to a pure physics-based
baseline approach (Siniscalchi-Minna et al. 2019). The hybrid control approach
attains competitive results. However, while the physics-based approach solely
focuses on matching the demand, our approach considers the historic load pro-
files and penalties imposed by the wind farm operator by assigning low-load
power set-points to potentially damaged turbines.
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Figures

Figure 1: Based on the wake field of the wind farm under normal operating
conditions (left), a graph can be constructed that defines the dependencies of
downstream turbines on upstream turbines (right).

Figure 2: Relative demand error of the proposed hybrid approach with respect to
the pure physics-based baseline. Values are plotted for various parametrizations
of the experimental setup. A positive value (green) indicates a better average
performance obtained by the hybrid approach, while a negative value (red)
indicates a worse performance compared to the heuristic.
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