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ABSTRACT: The aerodynamic interactions between wind turbines arranged in farm layout lead to annual
energy production losses ranging from 10% to 30%. Wake steering represents a promising strategy in wind farm
control for power loss mitigation. The purpose of this work is to assess the sensitivity of optimal wake steering
strategies to both analytical wake model choice and optimisation parameters. Using the FLOw Redirection
and Induction in Steady State (FLORIS) framework, different wake models are employed to optimise a 4× 4
farm layout for power maximisation. Model comparison findings indicate significant discrepancies in absolute
power predictions for optimal set-points, as well as in optimal decision variables, with different or even opposite
optimal yaw angle settings. Initialisation sensitivity results show that solutions corresponding to local extrema
lead to potential power losses up to 14% compared to the global maximum for power production. Moreover,
wind farm power function is observed to be multi-modal and discontinuous, suggesting that care must be taken
when using gradient-based methods in wake steering optimisation.

1 INTRODUCTION

Wind energy is gaining international momentum
around the globe, driven by the urgent environmental
need to reduce carbon emissions and the significant
decrease in the cost of renewables. One of the out-
standing challenges is the mitigation of aerodynamic
interactions between wind turbines arranged in a farm
layout. Aerodynamic interactions, or wake losses, can
lead to a decrease in annual energy production of a
wind farm of between 10% and 30% (Barthelmie et al.
2009, Barthelmie et al. 2010, Nygaard 2014), reach-
ing over 50% in certain wind conditions (Nilsson
et al. 2015). Active wake control plays a major role
in reducing the drawbacks of wake losses. Although
various promising strategies have recently been de-
veloped (see Kheirabadi and Nagamune (2019) and
Houck (2021) for comprehensive reviews), the cur-
rent study focuses on wake steering, namely the in-
tentional misalignment of upstream turbines to de-
flect the generated wakes in the cross-stream direc-
tion. Multiple campaigns, including high-fidelity sim-
ulations (Fleming et al. 2015, Fleming et al. 2018),
wind tunnel testing (Campagnolo et al. 2016, Bas-
tankhah et al. 2019), and field testing (Howland et al.
2019), have highlighted significant potential for wake
steering to enable both power loss reduction and fa-
tigue loads mitigation.

The development of analytical wake models to effi-
ciently describe wind farm flow physics has received

significant attention. Due to computational complex-
ity, computational fluid dynamics (CFD) methods,
such as large-eddy simulation (LES), limit the po-
tential to use model-based open-loop and feedback
control. Open-loop approaches rely on pre-computed
lookup tables and assume stationary wind farm statis-
tics. Feedback control accounts for variations in wind
farm behaviour as a function of time by performing
online optimisation at each time step. Analytical wake
models represent an alternative approach to CFD.
Computationally efficient steady formulations are de-
veloped to capture only the most dominant wake char-
acteristics.

Various steady wake model formulations for
predicting streamwise velocity include a mass-
conserving top-hat distribution by Jensen (1983), a
modification with top-hat wake zones by Gebraad
et al. (2014), and a mass and momentum conserv-
ing top-hat formulation by Frandsen et al. (2006).
More recently, Bastankhah and Porté-Agel (2014) ap-
plied a self-similar Gaussian distribution with fur-
ther developments to include atmospheric stability
(Abkar and Porté-Agel 2015, Niayifar and Porté-Agel
2016), added turbulence intensity due to upstream
turbines (Niayifar and Porté-Agel 2016), and three-
dimensional wake expansion rates (Abkar and Porté-
Agel 2015). Additional formulations include the pre-
diction of yaw added turbulence intensity and sec-
ondary steering effects (King et al. 2021), near-wake
corrections (Qian and Ishihara 2018, Blondel and



Cathelain 2020), and a double-Gaussian streamwise
velocity distribution (Schreiber et al. 2020).

In yawed conditions, deflection models are nec-
essary to quantify the cross-stream wake deflection
caused by the thrust unbalance on the misaligned ro-
tor. Jiménez et al. (2009) proposed a mass and mo-
mentum conserving relationship to calculate the wake
skew angle where a top-hat distribution is assumed
for the wake streamwise velocity. Bastankhah and
Porté-Agel (2016) and Qian and Ishihara (2018) de-
veloped model formulations based on vortex theory
and a Gaussian distribution of the velocity deficit.
Gaussian and top-hat skew angle distributions are as-
sumed, respectively. Shapiro et al. (2018) treated the
yawed turbines as a porous lifting surface with an
elliptic distribution. Prandtl’s lifting theory is used
to compute wake skew angle. Shapiro et al. (2020)
proposed an analytical expression for yawed turbine
where the circulation decay of counter-rotating vortex
cores is computed. More recent developments include
the modelling of secondary steering effects (Zong and
Porté-Agel 2020, King et al. 2021) and curled wake
shape (Bastankhah et al. 2022).

Although validations of wake and deflection mod-
els are included in the respective publications, recent
investigations (Archer et al. 2018, Stieren and Stevens
2021, Yang and Najafi 2021, Hegazy et al. 2022)
have been conducted to compare wake model pre-
dictions against high-fidelity simulation results and
field measurements in a wider range of conditions,
including large farm layouts and farm-to-farm inter-
action. While the main focus of these comparisons
is the model discrepancies in absolute power predic-
tions, the current work also aims to determine, in an
optimisation setting, the model discrepancies in opti-
mal decision variables (turbine yaw angles for wake
steering). In addition, the behaviour of wake models
and their impact on the choice of optimisation algo-
rithms are assessed by performing a sensitivity analy-
sis to initialisation.

Using the open-source FLORIS tool, different wake
models are used to optimise a 4× 4 farm layout for
power maximisation. The main purpose is to investi-
gate and assess the general sensitivity of wake steer-
ing strategies to both the choice of analytical wake
models and optimisation parameters. An extended
version of the current work can be found in Gori
et al. (2022), where an in-depth initialisation sensitiv-
ity analysis, a farm power function investigation, and
a comparison between a gradient-based and a global
optimiser are conducted on a 5× 5 wind farm layout.

The remainder of the paper is organised as follows.
In Section 2, FLORIS and the wake velocity deficit
models are introduced. An overview of the optimisa-
tion setup is provided in Section 2.3. Optimisation re-
sults are presented and discussed in Section 3. Finally,
conclusions are provided in Section 4.

2 METHODOLOGY

2.1 FLORIS

The investigation presented is carried out using
FLORIS tool (version 2.4) of the National Renewable
Energy Laboratory (NREL). The steady wake mod-
els compared are Jensen, Multi-zone, Gaussian, and
Gauss-Curl Hybrid (GCH). The choice is motivated
by the different levels of complexity in the model for-
mulations, physical description capabilities, empirical
parameter dependencies, and computational require-
ments of the selected analytical wake models. The
aim is to assess a generalised sensitivity of wake steer-
ing strategies to the choice of wake models, as well as
identify key model differences in a control context.
All of the compared models are widely used by the
wind energy community in optimisation and control
studies (Kheirabadi and Nagamune 2019). Refer to
Section 2.2 for additional details on the wake model
formulations and the applied deflection models.

As a brief overview of FLORIS modelling struc-
ture, given an initial atmospheric inflow, wind farm
layout, turbine geometry, and operational conditions,
the steady streamwise velocity deficit is calculated for
each turbine. After applying additional added turbu-
lence intensity considerations and a deflection to the
wake of yawed turbines, streamwise velocity deficits
are combined by a superposition model. In the cur-
rent work, all models share the sum of the squares
freestream superposition (SOSFS) model developed
by Katic et al. (1987). Given a mean free stream ve-
locity U∞ and the wake streamwise velocity induced
by wind turbine i in stand-alone conditions ui

w, the
combined wake velocity Uw, dependant on the three
spatial dimensions (x, y, z), is defined as

Uw(x, y, z) = U∞ −
√∑

i

(U∞ − ui
w(x, y, z))

2 . (1)

Regarding wind farm power calculations, turbines’
operational profiles are provided by lookup tables for
power and thrust coefficients (CP and CT , respec-
tively) generated by FAST (Fatigue, Aerodynamics,
Structures, and Turbulence) aeroelastic simulator by
NREL. Furthermore, the power reduction due to yaw
actuation is included by applying a cos(γ)w correction
to the average rotor velocity, where γ is the turbine
yaw angle to the inflow direction, and w is a tunable
parameter that matches power losses due to yaw mis-
alignment observed in simulations (w = 0.627 in the
current work (Fleming et al. 2017)).

2.2 Wake models

2.2.1 Jensen
The Jensen model (Jensen 1983) is a mass-conserving
steady wake model widely used in industry. It is cou-
pled with the Jimenez deflection model (Jiménez et al.



2009). The main assumptions are the conservation
of the cross-stream integral of the streamwise veloc-
ity deficit as the wake linearly expands downstream
and the velocity deficit being simply a function of the
downstream distance x. The latter implies a uniform
velocity deficit in the wake.

Defining a cylindrical coordinate system at the ro-
tor hub of the first upstream turbine with r and x re-
ferring to the radial and streamwise distances, respec-
tively, the mean streamwise velocity deficit induced
by a turbine with diameter D, assumed to operate at
an induction factor a, can be expressed as

δu(x, r) =

{
2a

(
D

D+2kx

)2
, if r ≤ D+2kx

2

0, otherwise
, (2)

where k is the dimensionless expansion coefficient.

2.2.2 Multi-zone
The Multi-zone model, developed by Gebraad et al.
(2014), is a modification of the Jensen model where
within a turbine wake, three zones q are defined: near
wake zone (q = 1), far wake zone (q = 2), and mix-
ing wake zone (q = 3). They are assumed to expand
linearly with downstream distance x. Different expan-
sion rates are determined based on the tuned model
parameters ke and me,q. For a turbine operating at an
induction factor a and yaw angle γ, the mean stream-
wise velocity deficit can be defined as

δu(x, r) = 2ac(x, r) . (3)

Depending on the radial position r, the local decay
coefficient c can be defined for each wake zone cq as

cq(x) =

[
D

D+ 2kemU,q (γ)x

]2
, (4)

where mU,q is an empirically derived coefficient.
For additional details on the formulation of the

wake model, refer to Gebraad et al. (2014). As for the
Jensen model, Multi-zone is coupled with the Jimenez
deflection model (Jiménez et al. 2009).

2.2.3 Gaussian
The Gaussian model is a steady, mass and momen-
tum conserving wake model introduced by several re-
cent publications (Bastankhah and Porté-Agel 2014,
Abkar and Porté-Agel 2015, Bastankhah and Porté-
Agel 2016, Niayifar and Porté-Agel 2016, Dilip and
Porté-Agel 2017). In the wake velocity deficit de-
scription, atmospheric stability and added turbulence
intensity due to upstream turbines are considered. The
Gaussian model is coupled with the deflection model
developed by Bastankhah & Porté-Agel (2016).

The streamwise velocity deficit formulation in the
far wake is based on a simplification of the Navier-
Stokes equations, where a Gaussian distribution is im-
posed based on the self-similarity theory used in free

shear flows. Velocity deficit is dependent on the three
spatial dimensions (x, y, z), and a linear wake ex-
pansion is assumed. Considering a three-dimensional
space with the origin at the centre of the turbine ro-
tor, the streamwise velocity deficit in the far wake is
defined as

δu(x, y, z) = Ce−(y−δ)2/2σ2
ye−(z−zh)

2/2σ2
z , (5)

where C is the velocity deficit at the wake centre, δ the
wake deflection, zh the turbine hub height, and σy and
σz the standard deviations of the Gaussian velocity
deficit at each streamwise location, representing the
wake width in the cross-stream and vertical direction.

The velocity deficit at the wake centre C can be
expressed by

C(x) = 1−

√
1− CT cosγ

8 (σyσz/D2)
, (6)

where CT is the turbine thrust coefficient. Standard
deviations σy and σz are defined as

σy(x) = kw(x− x0) + σy0 , (7)

σz(x) = kw(x− x0) + σz0 . (8)

Quantities with a “0” suffix represent wake prop-
erties at the far wake onset (end of the near wake),
while the kw parameter defines the linear wake ex-
pansion rate, dependent on tuning parameters, ambi-
ent turbulence intensity, and added turbulence inten-
sity due to upstream turbines. For additional details
on the far wake onset quantities and turbulence inten-
sity calculations, refer to Bastankhah and Porté-Agel
(2016) and Niayifar and Porté-Agel (2016), respec-
tively.

2.2.4 Gauss-Curl Hybrid
The Gauss-Curl Hybrid (GCH) model (King et al.
2021) extends the capabilities of the Gaussian model
by implicitly modelling wake rotation and counter-
rotating vortices with analytical approximations.
Hence, wake asymmetry, added yaw-based wake re-
covery, and secondary steering effects are described.
For the sake of brevity, an overview of the model is
provided. For the full mathematical formulation, re-
fer to King et al. (2021). As for the Gaussian model,
GCH is coupled with the deflection model developed
by Bastankhah & Porté-Agel (2016).

Added wake recovery due to turbine misalignment
is computed by increasing turbulence intensity, di-
rectly affecting the wake linear expansion rate kw.
Due to the enhancement of turbulent mixing, an addi-
tional Imixing term is included in the turbulence inten-
sity formulation based on approximated cross-stream
and vertical velocity components. As a result, the total
turbulence intensity Itotal is defined as

Itotal = I + ϕImixing , (9)



where I accounts for ambient turbulence intensity and
added turbulence intensity due to upstream turbines,
and ϕ is a tunable parameter.

Secondary steering effects refer to the wake deflec-
tion and deformation experienced by a downstream
turbine without yaw misalignment due to the interac-
tion between the vortices generated upstream by yaw-
actuated turbines and the wake rotation of the down-
stream turbine. Based on approximated cross-stream
velocity components of upstream wakes, the total tur-
bine yaw angle γ is expressed by

γ = γturb + γeff , (10)

where γturb is the rotor misalignment to the wind, and
γeff is the effective yaw angle describing the effects of
upstream generated vortices.

2.3 Optimisation setup

In the current work, static optimisation is performed
on a 4× 4 aligned farm layout with NREL-5MW tur-
bines. The turbine spacing is set to 7 and 5 rotor diam-
eters in the streamwise and cross-stream directions,
respectively. For inflow conditions, an aligned flow is
considered at 8m/s in 5% ambient turbulence inten-
sity. Wind shear and veer are not included.

The optimisation goal is to select yaw misalign-
ment set-points that maximise wind farm power pro-
duction

γopt = argmaxγ G(γ) , (11)

where G(γ) is the wind farm power production nor-
malised by farm power without yaw misalignment

G(γ) = P (γ)/P (0) , (12)

and γ is the list of yaw angles for all turbines N in the
wind farm

γ = [γ1, γ2, ... , γN ] , with − 25◦ ≤ γi ≤ 25◦ . (13)

Model/Algorithm Parameter Parameter value
Jensen k 0.05
(Jimenez) kd 0.05

Multi-zone ke 0.05
(Jimenez) me,q [-0.5, 0.3, 1.0]

Mu,q [0.5, 1.0, 5.5]
au 12.00
bu 1.30
kd 0.05

Gaussian - GCH ka 0.380
(Bastankhah) kb 0.004

α 0.580
β 0.077
ϵ 0.2D
ϕ 2.000

SLSQP ftol 1e-16
eps 0.01

Table 1: Parameters for wake and deflection models and SLSQP.

The optimisation algorithm used is the gradient-
based Sequential Least SQuares Programming
(SLSQP) method developed by Kraft (1988). SLSQP
is the standard and recommended algorithm in the
FLORIS framework. The parameters for SLSQP and
wake and deflection models used in the presented
work are shown in Table 1.

3 DISCUSSION OF RESULTS

In this section, results for the steady-state wake steer-
ing optimisation are presented. Figure 1 shows the
model comparison for a 4× 4 layout with an initial
yaw angle for all turbines of 12°. Optimal yaw set-
points for each turbine in the wind farm are shown in
the left plot, while optimisation results in terms of the
objective function are presented in the right plot.

Significant model discrepancies in wind farm
power predictions for optimal set-points can be no-
ticed. Given each wake model’s computed optimal
yaw angles, a maximum of 48% difference in power
evaluations is observed. It is worth noting that, al-
though Gaussian and GCH share the same self-similar
Gaussian velocity distribution in their model formu-
lations, the difference in optimal power prediction
reaches 23% for the presented case.

As shown in the left plot of Figure 1, a change
in the wake model can correspond to significantly
different optimal yaw angle solutions for the same
wind farm layout, atmospheric conditions, and ini-
tial yaw angles. These discrepancies in optimal deci-
sion variables between wake models can be attributed
to the model formulations and the initialisation sen-
sitivity of the gradient-based optimiser. The Jensen
model nearly suggests no control action when com-
pared to the aligned flow case, apart from a 2◦ optimal
yaw angle for the second row of turbines. Due to the
top-hat streamwise velocity distribution in the wake,
the model is not capable of capturing wake steer-
ing power benefits until partial wake overlapping is
reached with downstream turbines. This phenomenon
is emphasised in the investigated case due to the tur-
bine alignment in the wind farm layout. The Multi-
zone model optimal solution is non-physical. By ap-
plying a yaw angle to the last row of turbines, no
increase in wind farm power is expected. This phe-
nomenon is attributed to the high sensitivity of the
gradient-based optimiser to initialisation, as discussed
later in this section. The Gaussian model suggests a
25◦ yaw angle, variable upper bound, for the first three
rows in the farm layout, and no yaw actuation for the
last row of turbines. Due to the ability to model sec-
ondary steering effects, the optimal set-points of the
GCH model consist of a gradual decrease in the yaw
angle per row, starting from 25◦ and ending at 0◦ for
the last turbine row. As the effective yaw angle in-
duced by the vortices generated by upstream turbines
is captured, a lower rotor misalignment is required to
achieve the same deflection in the wake.
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Figure 1: Model comparison for a 4× 4 wind farm optimisation. Left plot: optimised set-points for each turbine, with 12◦ initial yaw
angles. Dashed lines delimit wind farm rows. Right plot: Optimal normalised farm power value for each wake model. Turbine naming
convention: turbine “1” at bottom-left, turbine “4” at top-left, turbine “13” at bottom-right, and turbine “16” at top-right.
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Figure 2: Initialisation sensitivity of a 4× 4 wind farm optimisation for Jensen (A) and Multi-zone (B) models. Left plots: optimised
set-points (yaw angles) for each turbine provided random sets “Random” of initial points. Dashed lines delimit wind farm rows. Right
plots: Objective function (normalised farm power) optimised value for each random case of initial points. Turbine naming convention:
turbine “1” at bottom-left, turbine “4” at top-left, turbine “13” at bottom-right, and turbine “16” at top-right.

The sensitivity of wake steering optimisation to ini-
tialisation when using a gradient-based optimiser is
assessed for each wake model investigated. Ten ran-
dom initial conditions are defined by randomly sam-
pling ten independent sets of yaw angles from a uni-
form distribution on [−25◦,+25◦]. Random initiali-
sation is representative of the unsteady and heteroge-
neous inflow conditions a wind farm might experience
during operation. Figure 2 and Figure 3 show results
for a 4 × 4 farm layout optimisation for Jensen and
Multi-zone models, and Gaussian and GCH models,
respectively. Left plots illustrate the resulting optimal
yaw angles for each random initial condition, while
right plots show the optimisation results in terms of
the objective function.

A general sensitivity to initialisation when using
a gradient-based optimisation algorithm can be ob-

served. The presence of sub-optimal solutions can
be clearly noticed, implying the presence of multi-
ple local maxima in the wind farm power function.
The Jensen model (Figure 2-A) shows some varia-
tions in the optimal solution depending on the initial
yaw angles. The top-hat velocity distribution in the
model formulation exhibits a sharp transition at the
wake edges, leading to sudden variations in the power
function. However, power variations in sub-optimal
solutions are negligible due to the underprediction of
streamwise velocity deficit in the investigated condi-
tions. Additional results for a uniform inflow veloc-
ity of 4m/s show potential power losses due to sub-
optimal solutions up to 14%.

The Multi-zone model (Figure 2-B) is highly sen-
sitive to initialisation. Sub-optimal solutions lead to
significant yaw-angle variations and up to 10% poten-
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Figure 3: Initialisation sensitivity of a 4× 4 wind farm optimisation for Gaussian (A) and GCH (B) models. Left plots: optimised
set-points (yaw angles) for each turbine provided random sets “Random” of initial points. Dashed lines delimit wind farm rows. Right
plots: Objective function (normalised farm power) optimised value for each random case of initial points. Turbine naming convention:
turbine “1” at bottom-left, turbine “4” at top-left, turbine “13” at bottom-right, and turbine “16” at top-right.

tial power losses. The model formulation describes a
top-hat velocity distribution for multiple zones within
a turbine wake. The sharp interfaces between wake
zones, as well as the surrounding flow, lead to a dis-
continuous, highly non-linear power function. The
least sensitive model to initialisation is the Gaus-
sian model (Figure 3-A), with potential power losses
of 1% only. Sub-optimal solutions can be identified
when upstream and downstream turbines alternate op-
timal yaw angles from positive to negative values
and vice versa. Finally, (Figure 3-B) clearly shows
the presence of multiple maxima in the GCH model
power function. Although a smooth self-similar Gaus-
sian distribution is applied to the streamwise veloc-
ity, as per the Gaussian wake model, the GCH power
function exhibits multi-modality, leading to power
variations in sub-optimal solutions up to 14% when
using a gradient-based optimiser.

Overall, the Gaussian wake model can be identi-
fied as the least sensitive to initialisation. By consid-
ering the behaviour of the models in an optimisation
prospective, hence not accounting for the accuracy of
their physical modelling, Gaussian is the most suit-
able and reliable model for the investigated condi-
tions, exhibiting the least overall variations in optimal
yaw angles and resulting wind farm power improve-
ments.

In the remainder of this section, a single specific
case, “Test Case 1”, is investigated in further depth.
An additional random initialisation is generated by
randomly sampling 16 yaw angles from a uniform dis-
tribution on [−25◦,+25◦] and a static optimisation is
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Figure 4: Optimised yaw angles (red) for each turbine provided a
random set of initial points “Test Case 1” (blue). Optimiser farm
evaluations are shown in green, with the lightest colour being the
first iteration and the darkest one having reached convergence.
Dashed lines delimit wind farm rows. Turbine naming conven-
tion: turbine “1” at bottom-left, turbine “4” at top-left, turbine
“13” at bottom-right, and turbine “16” at top-right.
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Figure 5: Streamwise velocity at hub height of the optimised lay-
out for “Test Case 1”. Turbine naming convention: turbine “1” at
bottom-left, turbine “4” at top-left, turbine “13” at bottom-right,
and turbine “16” at top-right.
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Figure 6: Wind farm power plots for (A) turbine 4 (T4), (B) turbine 8 (T8), and (C) turbine 11 (T11) yaw angles. Turbines are swept
±25◦ with the optimised yaw angles as a starting point. SLSQP optimal solution is displayed in red. Turbine naming convention:
turbine “1” at bottom-left, turbine “4” at top-left, turbine “13” at bottom-right, and turbine “16” at top-right.

conducted on a 4×4 farm layout using the GCH wake
model. Initial and optimal yaw angles are shown in
Figure 4, while the streamwise velocity at hub height
of the optimised farm layout is illustrated in Figure 5.

As shown in Figure 5, the computed optimal set-
points for the wind farm represent a sub-optimal so-
lution. Given the inflow conditions and farm layout
investigated, and the resulting optimal yaw angles,
no significant aerodynamic interaction between farm
columns of turbines is observed. By analysing the op-
timisation solution per column, the power extracted
by the second, third and fourth columns of turbines
is 1%, 3%, and 20% lower, respectively, than the first
column.

Further analysis of the GCH farm power function
is undertaken. The computed optimal turbine yaw set-
tings are kept constant while the yaw angles for tur-
bine 4 (last of the first row), 8 (last of the second
row), and 11 (second-to-last of the third row) are var-
ied from -25◦ to -25◦ (variable bounds) in steps of
0.1◦. A comparison with the optimal set-points pre-
dicted by the SLSQP gradient-based optimisation is
conducted. Results are illustrated in Figure 6.

Results clearly indicate the presence of local max-
ima as well as discontinuities in the power function
for all turbines investigated. Discontinuities are at-
tributed to the modelling of secondary steering ef-
fects within the GCH wake model formulation. As
an upstream turbine’s yaw angle is varied, the wake
of a downstream turbine can experience a sudden
change in deflection when overlapping with the influ-
ence zone of vortices generated upstream. While the
SLSQP optimiser reached a global optimum solution
for turbine 11, sub-optimal solutions are identified for
turbines 4 and 8, questioning the suitability of em-
ploying a gradient-based optimiser in wake steering
control.

4 CONCLUSIONS

This paper investigated the sensitivity of wake steer-
ing strategies to both the choice of analytical wake
models and optimisation parameters. Static optimisa-
tion for power maximisation was conducted on a 4×4

wind farm layout using FLORIS framework, where
different wake models were compared in terms of ab-
solute power predictions and optimal decision vari-
ables. Results showed substantial discrepancies in ab-
solute farm power predictions for optimal set-points,
up to 48% for the investigated cases, and in optimal
decision variables, with different or even opposite op-
timal yaw angle settings.

Initialisation sensitivity was assessed by perform-
ing optimisation with random sets of initial yaw an-
gles. In the investigated conditions, solutions cor-
responding to local extrema led to potential power
losses up to 14% compared to the global maxi-
mum for power production. Further analysis into
the behaviour of the farm power function confirmed
its multi-modal and discontinuous nature, suggesting
that care must be taken when using gradient-based
methods in wake steering optimisation.

Future work should broaden the range of wind
farm conditions tested, including inflow variations in
wind direction, wind speed, and turbulence intensity,
as well as larger and more complex wind farm lay-
outs. Furthermore, additional optimisation algorithms
should be employed to assess further the sensitivity of
wake steering strategies to optimiser choice.
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