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ABSTRACT
When planning a new wind farm, optimising the turbine layout to maximise power output is crucial. Traditional approaches 
based on analytical wake models often fail in complex terrain. In such areas, wake-to-wake interactions and terrain-induced 
effects need to be taken into account via high-fidelity optimisation. Building on our prior research on how best to maximise 
offshore wind farm power production by both micro-siting (layout optimisation) and wake steering (yaw angle optimisation), 
this study focuses on the optimisation of two onshore wind turbines located around a 2D hill. The proposed approach is based on 
high-fidelity simulations (LES) to account for the complexity of the flow and on Bayesian optimisation (BO) to systematically and 
efficiently find the optimal configuration for the two turbines given a set of parameters. The LES are performed with the high-
order finite-difference wind farm simulator WInc3D, which has been modified for this study to deal with complex terrains and 
turbines with yaw and tilt. Following the validation of the immersed boundary method (IBM) and wall modelling used to model 
the complex terrain and of a modified actuator disc model (ADM) to account for tilted turbines, two BO campaigns are presented 
in this study, with different sets of parameters to optimise. The main flow features and some statistics for each optimum case are 
discussed using the flow fields with and without the optimised configuration of the upstream turbine to analyse its impact on 
the downstream turbine and on the overall power of the system. For the first optimisation, the design variables include the wind 
turbines' streamwise locations and their hub heights (4 parameters). This optimisation study benefits from an elevated upstream 
turbine hub, leading to a significant power increase in the downstream turbine, thanks to an acceleration of the flow in front of 
the hill. For the second optimisation, the design space is modified based on the data from the first optimisation, by replacing the 
turbine's hub height with the possibility of changing the tilt angle of the upstream turbine (4 parameters). It is found that consid-
erable power gains can be obtained while maintaining a modest upstream turbine hub height, by introducing a positive tilt angle 
in the upstream turbine. Overall, it is found that by setting up the turbines in ways that exploit the speed-up of the flow around 
the hill, both optimised layouts achieve considerable enhancements in power density over a reference configuration.

1   |   Introduction

As the global demand for sustainable and renewable energy 
sources intensifies, wind energy has emerged as a pivotal 

solution. Its potential to mitigate greenhouse gas emissions and 
reduce the impact of fossil fuels on climate change has positioned 
it at the forefront of renewable energy strategies. A notable trend 
in the pursuit of increased wind energy contributions is the 
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shift towards larger wind turbines and extensive farms. While 
this delivers increased energy capture, it simultaneously under-
scores the need for a better understanding of the dynamic inter-
actions within the atmospheric boundary layer (ABL) and the 
wind farm. These interactions can significantly influence both 
the efficiency of power generation and the longevity of the tur-
bines [1, 2]. In the case of onshore wind farms, the presence of 
hills or nearby urban areas introduces additional complexities. 
These can induce speed-ups, flow separation and higher levels 
of turbulence, all of which significantly affect power output, tur-
bine loads and wake recovery. Hence, appropriately accounting 
for the effects of topography is imperative for designing wind 
farms in complex terrain [3].

Various methods have been devised to model the influence of 
topography on wind turbine wakes. A prevalent method in the 
industry is the superposition technique, which involves super-
imposing the turbine wake's velocity deficit from flat terrain 
onto the flow over the topography without turbines [4–7]. This 
technique is suitable for low to moderately complex terrains, but 
its applicability is challenged in landscapes of higher complexity 
[8, 9] as it can fail in the representation of pressure gradients, 
variable elevation of wake trajectories and flow separation [3]. 
Alternatively, steady Reynolds-Averaged Navier-Stokes (RANS) 
have been employed over complex terrain [8, 10, 11], offering a 
method to consider more complex phenomena such as blockage 
or pressure effects. However, RANS falls short in accurately cap-
turing the (unsteady) wake dynamics, flow features in cases of 
highly complex topography (e.g., recirculation regions) and the 
dynamic interactions with the atmospheric flow. To address this, 
an approach that increasingly gains interest owing to advances 
in numerical methods and computing architectures is the use of 
large Eddy simulations (LES) [12]. In turbulence-resolving sim-
ulations, such as LES, the aforementioned issues are mitigated, 
as the dynamic interactions between ABL, complex terrain and 
turbine wakes are taken into consideration. Several studies have 
demonstrated good agreement between LES and experimental 
data [13–17], confirming its efficacy for modelling wind farm 
flows over complex terrain. However, this improvement in ac-
curacy comes at a higher computational cost. Furthermore, LES 
have been used to study wind turbine wakes in real complex 
terrain sites [18–21] and coupled with the weather research and 
forecasting model (WRF) [22, 23].

Among the best studied examples of complex terrain are the 
Gaussian and cosine squared hills, which are often used as ref-
erence models for real-world topography. Liu and Stevens [15] 
and Zhang et al. [16] validated their LES methods that use an 
IBM for the representation of the topography against the experi-
mental results of Cao and Tamura [24] for the flow of a turbulent 
boundary layer (TBL) over a 2D hill. Their studies provided in-
sights into the benefits and downsides of placing wind turbines 
around the hill. In particular, Liu and Stevens [15] found that 
turbines significantly taller than the hill benefit from the ac-
celerated flow over the terrain, with the benefits depending on 
their placement in relation to the hill. Moreover, they showed 
that turbines on the windward side matched predictions of the 
superimposition method while those on the leeward side did 
not. They also investigated the trade-offs of wind farm power 
when leaving a gap in front or behind the hill and concluded 
that it predominantly affected downstream turbines, with the 

hill's recirculation zone being the overriding flow feature. On 
the other hand, Zhang et al. [16] examined individual wind tur-
bine wakes over 2D hills of varying slopes, with and without 
flow separation. Their findings suggest that in the presence of 
turbine wakes, the streamwise velocity in the wake of hills rises 
due to mass flux conservation. They suggest placing the turbine 
at the hilltop as it was deemed ideal for harvesting more energy 
and reducing the turbine dynamic loading owing to reduced 
levels of turbulence. Conversely, turbines placed in the wake of 
steep hills experienced a decrease in performance due to reverse 
flow and high levels of turbulence intensity.

Wind farms sited in complex terrain suffer from power losses due 
to turbine-wake interactions and terrain-induced flow features. 
Wind farm layout optimisation attempts to mitigate these losses 
and maximise the farm power output. The objective function is 
typically the total power output, with turbine locations as design 
variables. Such optimisations generally employ low-fidelity flow 
solvers owing to the large number of function evaluations re-
quired and the long running times and high computational cost 
of high-fidelity solvers, such as LES. Examples include superpo-
sition methods with wake models [7, 25–27] or medium-fidelity 
tools such as RANS simulations [28, 29]. Recently, Bempedelis 
et al. [30] demonstrated the feasibility of using high-fidelity solv-
ers for wind farm power maximisation, using a method based 
on LES and a Bayesian framework. They pointed out the poten-
tial benefits of using high-fidelity tools in scenarios of increased 
flow complexity, such as in wake steering. Given the prevalence 
of complex flow phenomena found in complex terrain flows, 
there exists an opportunity to explore layout optimisation and 
wake steering using high-fidelity tools. In scenarios where func-
tion evaluations are costly, such as with LES, BO has been iden-
tified as an effective and robust alternative, surpassing various 
other derivative-free optimisation strategies like particle swarm 
optimisation and explorative gradient methods in achieving op-
timal outcomes with fewer function evaluations [31]. Moreover, 
while combinations of LES and adjoint methods have been ex-
plored for wind farm control [32, 33], they often struggle with 
the complexities of turbulent flows. For instance, Talnikar and 
Wang [34] have documented issues where adjoint solutions di-
verge when calculating long-term averages from chaotic flow 
features, leading to significant errors in gradient estimations.

In this study, we aim to maximise the power of wind farms in 
complex terrain by combining high-fidelity LES with Bayesian 
optimisation (BO) to search for optimal configurations for a two-
turbine set-up around a steep 2D hill. Section 2 presents a detailed 
validation of the LES and the methodology used for the two BOs 
performed in this work. In Section  3, the two optimal turbine 
configurations obtained are presented and compared against a 
conventional layout. Finally, conclusions are drawn in Section 4.

2   |   Methodology

This section first outlines the key features of the LES employed 
in this work to evaluate the power output of the different turbine 
configurations. We then demonstrate the new capabilities of our 
wind farm simulator WInc3D in resolving the flow around the 
hill and in predicting power, by making comparisons with pre-
viously published experimental and numerical data. After the 
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validation, we introduce the objective function and design space 
for maximising power in the two BOs, followed by an overview 
of the employed optimisation algorithm. The section concludes 
with a comment on the computational cost of the optimisations.

2.1   |   Large Eddy Simulation

The simulation set-up used in the optimisations has been ad-
opted from the validation of the LES with the wind tunnel 
experiments of Cao and Tamura [24]. The complex terrain in-
vestigated is the constant section hill (in the spanwise direction) 
defined by a cosine-squared function, with a maximum height 
of H = 0.04 m and a half-width of L = 0.1 m. The TBL inflow in 
the experiments is characterised by a TBL height of � = 0.25 m, 
a friction velocity of u

∗
= 0.1926 m/s, and a roughness length of 

y0 = 0.004 mm.

The computational domain has a size of Lx × Ly × Lz =
(5 × 1 × 1)�. The simulations require a total non-dimensional 
time of T̂ = 20 to fully converge the second-order statistics 
after discarding T̂ = 2 of initial transient. The non-dimensional 
time units (T̂) are defined as T̂ =

u
∗
t

�
, where t  is the physical 

time in seconds. The validation results are presented for two 
different discretisation levels, hereafter referred to as low- 
and high-resolution simulations. The low-resolution grid 
(nx × ny × nz = 193 × 97 × 64) has around 1M grid nodes and the 
non-dimensional time step used is T̂ ≈ 7.7 × 10−5. The high-
resolution simulations double the resolution in each direction 
(nx × ny × nz = 385 × 193 × 128), which results in around 9.5M 
grid nodes, and the time step used is T̂ ≈ 3.85 × 10−5. The high-
resolution grid has been employed in the optimisations, due to its 
better agreement with the experimental data (see Section 2.1.2). 
Simulations with wind turbines use an ADM (Section 2.1.3), with 
the turbines characterised by a diameter of D = H and a local 
thrust coefficient of C�

T
= 4∕3, similar to the studies of Liu and 

Stevens [15] and Zhang et  al. [16]. Figure  1 shows a schematic 
view of the computational domain with the hill and a wind tur-
bine at the hilltop, x∕D = 0.0, and the boundary conditions used.

A slip wall boundary condition is enforced on the top boundary, 
while a no-slip wall condition with a wall stress model is used on 
the bottom boundary. Periodic boundary conditions are applied 
in the spanwise planes. An inlet boundary condition is used to 
provide the turbulent inflow, with the inflow planes extracted 

from a precursor simulation of a neutral boundary layer. The 
outlet boundary condition is applied with one-dimensional con-
vection equations. The convective velocity is calculated as the 
time and grid-scaled average of the maximum and minimum 
streamwise velocities at the last interior grid point.

We perform a precursor simulation of the TBL in the experi-
ments of Cao and Tamura [24] to model the effect of the ABL on 
the flow around the hill. We use the shifted periodic boundary 
condition of Munters et al. [35] as it allows shorter streamwise 
domain lengths while avoiding the locking of large-scale turbu-
lent structures that lead to statistical inhomogeneities that can 
persist for long time in the simulations. A separate precursor 
simulation of the TBL was run for each spatial resolution with a 
computational domain size of Lx × Ly × Lz = (3 × 1 × 1)�. The 
statistics were collected for T̂ = 20. As shown in Figure 2a, the 
horizontally and time-averaged streamwise velocity profiles are 
compared against the time-averaged profiles in the experimen-
tal study of Cao and Tamura [24] and the log-law profile 
⟨ux ⟩
u
∗

=
1

�
ln
�

y

y0

�
. � = 0. 4 is the von Kármán constant. The flow is 

driven by a constant pressure gradient u2
∗
∕�, with the total 

stresses in a horizontal stationary TBL following 1 − y

Ly
. Due to 

the no-slip boundary condition at the wall and the use of high-
order schemes, the log-law profile is recovered after the first 3 to 
5 nodes off the wall. It should be noted that it is not possible to 
avoid the log-layer mismatch when using Mason and Thompson 
modelling at the wall. The log-layer mismatch does not have a 
significant impact in the present work as the turbine hub-heights 
are outside the log-layer. Figure 2b shows the horizontally and 
time-averaged resolved stresses -⟨u′xu′y ⟩ obtained in the precur-
sor TBL simulations. Both low- and high-resolution simulations 
are in good agreement with the experimental data of Cao and 
Tamura [24] and follow the total theoretical stress profile almost 
all the way down to the wall. As expected, the high-resolution 
simulation resolves better the turbulence near the wall, but only 
marginally.

2.1.1   |   Numerical Methods

The wind farm simulator WInc3D [36] is an open-source code 
that is part of Xcompact3D, a suite of fluid flow solvers ded-
icated to the study of turbulent flows on supercomputers [37]. 
For the present study, the governing equations are the unsteady, 

FIGURE 1    |    Computational domain representation of the validation set-up, featuring the constant section hill and an actuator disc at the hilltop, 
along with the boundary conditions.
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incompressible, filtered Navier-Stokes (N-S) equations, based on 
an explicit LES formulation: 

where ũi = (ux ,uy,uz) and p̃ are the spatially filtered compo-
nents of velocity and pressure fields, � = 1.2kg∕m3 is the fluid 
density, � ij the subfilter-scale stresses and � = 1.5 × 10−5m2

∕s 
the kinematic viscosity. Fi is the body forcing used to model 
the complex terrain with an IBM and also to model the wind 
turbines. The convective terms are written in the skew-
symmetric form, as it allows for the reduction of aliasing er-
rors while remaining energy-conserving [38]. Subfilter 
stresses are computed using the standard Smagorinsky model 
[39], defined as � ij = − 2

(
CSΔ

)2|S̃|S̃ij, where CS is the so-called 
Smagorinsky constant, Δ =

3
√
ΔxΔyΔz is the geometrically av-

eraged grid size and S̃ij and |S̃| are the strain-rate tensor and its 
magnitude, respectively. The Smagorinsky constant remains 
constant throughout the domain but is reduced near the wall 
to avoid excessive dissipation at the surface [40]. To address 
this, we apply the wall-damping function of Mason and 
Thomson [41], which adjusts the Smagorinsky constant as 

CS =
(
Cn
0
+

{
�

(
y

Δ

+
y0
Δ

)}
−n)−1∕n

. Here, y0 is the boundary lay-

er's roughness height, C0 is the Smagorinsky constant far from 
the wall, with C0 = 0.14, and n is a parameter determining the 
growth from the wall, set at n = 3.

The framework uses a Cartesian grid and compact finite-
difference schemes for differentiating, filtering and interpo-
lating. The spatial discretisation uses sixth-order schemes. 
Time advancement is performed using an explicit third-order 
Adams-Bashforth scheme. The high-order compact finite dif-
ference schemes employed guarantee a ‘spectral-like’ accu-
racy [42, 43] while allowing the use of non-periodic boundary 
conditions. The use of high-order schemes, with their quasi-
spectral accuracy, significantly enhances the efficient resolu-
tion of small-scale turbulence for a given resolution, offering 
a beneficial trade-off between the computational cost and ac-
curacy [42]. To avoid numerical oscillations, we apply a spa-
tial filter along all directions to the velocity field at every time 

step using a discrete filter following the tridiagonal filtering of 
Motheau and Abraham [44]. The discrete low-pass filter coef-
ficients are set to satisfy the required sixth-order accuracy and 
a user-defined coefficient �filter = 0.49 is used to filter at close 
to the grid scale. The incompressibility of the velocity field is 
ensured by solving the pressure Poisson equation in spectral 
space using three-dimensional fast Fourier transforms (FFTs) 
and the concept of the modified wave number [43]. The pres-
sure grid is half staggered from the velocity grid to avoid spuri-
ous pressure perturbations [42]. The simplicity of the Cartesian 
grid is exploited with a powerful 2D domain decomposi-
tion strategy based on standardised MPI that gives the code 
its excellent strong and weak scaling properties [37, 45]. The 
computational domain is divided into ‘pencils’, each handled 
by an MPI process. The derivatives, interpolations, and one-
dimensional FFTs in the x, y and z directions are performed 
within the X, Y and Z pencils, allowing an efficient computa-
tion. Each operation is performed sequentially in one direction, 
with global transpositions enabling to switch from one pencil 
to another.

2.1.2   |   IBM and Wall Modelling for Complex Terrain

The IBM of Gautier et al. [46] is utilised to enforce a no-slip 
boundary condition on the terrain surface. The IBM first iden-
tifies the nodes that fall within the solid domain, which is 
where the forcing term Fi is added in the N-S equations  (1). 
The method uses Lagrangian polynomials to reconstruct a 
non-zero velocity field inside the solid body, while enforcing 
the no-slip condition at the boundaries. This approach pro-
motes stability, eliminates discontinuities at the boundaries of 
the immersed object, and avoids staircase effects in the repre-
sentation of the terrain surface. This IBM has been used in 
various studies involving both wall-resolved LES and direct 
numerical simulations (DNS) [47, 48], as well as in conjunc-
tion with a wall model in Jané-Ippel et al. [49]. A wall model is 
used due to the high-Reynolds number flow in the TBL and 
the relatively coarse grid near the bottom wall. The Reynolds 
number based on the TBL thickness and free stream velocity is 
Re =

U
∞
�

�
≈ 105. The wall model enforces the desired log-law 

profile. The current simulations use a no-slip condition at the 
bottom wall, and, similar to the methodology of Jaegle et al. 
[50], the wall model is implemented by adjusting the sub-grid 
stresses at the immediate off-wall grid node. The adjusted 
stresses, �w, are computed assuming an instantaneous log-law 

(1)
𝜕ũi
𝜕t

+
1

2

(
ũj
𝜕ũi
𝜕xj

+

𝜕ũiũj

𝜕xj

)
= −

1

𝜌

𝜕p̃

𝜕xi
−

𝜕𝜏 ij

𝜕xj
+ 𝜈

𝜕
2ũi

𝜕xj𝜕xj
+

Fi
𝜌
,

(2)
𝜕ũi
𝜕xi

= 0,

FIGURE 2    |    Horizontally and time-averaged streamwise velocity (a) and resolved stress profiles (b) of the simulated TBL compared against 
analytical profiles for a turbulent boundary layer and experimental data of Cao and Tamura [24].
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profile for a rough wall, given by �w = −

[
�U1

ln(y1∕y0)

]2
. Here, y1 is 

the local height from the wall where the velocity U1 =

√
u2x + u2z  

is sampled within the fluid domain. Good results have been 
obtained by modelling only the dominant stresses (�xy and �yz) 
while neglecting the others (�xx, �xz, �yy, and �zz), which is a 
suitable approximation for smooth shapes such as the hill 
under consideration. Both the IBM and wall modelling are key 
tools for representing the flow over complex terrain. Our 
methodology is validated against the experimental data of Cao 
and Tamura [24] for the same set-up using the previously de-
fined low-resolution (nx × ny × nz = 193 × 97 × 64) and high-
resolution (nx × ny × nz = 385 × 193 × 128) meshes.

Figure 3a shows the time-averaged streamwise velocity ⟨ux ⟩ 
colour map obtained with the high-resolution simulation. 
Additionally, it displays the time-averaged streamwise veloc-
ity profiles from the experimental data and the two simula-
tions with WInc3D, all normalised by the free stream velocity 
U

∞
 at Lz = �∕2. The contour of zero velocity in the streamwise 

direction, highlighting the edge of reverse flow, is demar-
cated by the white line. Both grid resolutions align closely 
with the experimental data across all streamwise locations, 
accurately capturing the speed-up in front of the hill, sepa-
ration post-crest, and reattachment at around x∕H = 5.54. In 
the experimental campaign, the reattachment is reported to 
be around x∕H = 5.4.

Figure  3b shows the time-averaged streamwise turbulence 
intensity �ux colour map, normalised by U

∞
, from the high-

resolution simulation. Profiles from both resolutions, set against 
the experiments and normalised by U

∞
/5, are also shown. Unlike 

the streamwise velocity profiles, differences may be observed 
between the two grid resolutions. The high-resolution simula-
tion generally concurs with the experimental data, whereas the 
low-resolution simulation demonstrates some discrepancies in 
the near wake of the hill. Nonetheless, predictions from both 
simulations realign downstream of x∕H ≈ 5.0.

To provide a quantitative assessment of the validation process 
illustrated in Figure  3, Table  1 lists the maximum percentage 
errors in mean flow predictions compared to experimental data 
for each x∕H location profiled. The errors for the streamwise 
velocity are computed as eux =

|uxexp −uxsim |
U

∞

 and for the streamwise 

turbulence intensity as e
�ux

=

|�uxexp −�uxsim
|

U
∞

. Both resolutions dis-

play maximum errors of the same order of magnitude, approxi-
mately 5%–16% for velocity and 2%–9% for the variance. As also 
observed in Figure 3, there is a better match with the experimen-
tal data for the higher resolution simulations, particularly at 
x∕H = 0 and x∕H = 2.5.

Employing the IBM and a wall model with the high-resolution 
grid has demonstrated a robust capability in accurately predict-
ing the flow around the hill, as evidenced by both velocity and 
turbulence statistics. Given this validation, the high-resolution 
grid is selected for use in the optimisations.

2.1.3   |   Actuator Disc Model (ADM) for Yawed 
and Tilted Turbines

The ADM portrays the wind turbine as a non-rotating porous 
disc exerting a drag force within its swept area. The thrust force 

FIGURE 3    |    Comparison between simulation results from WInc3D and experimental data from Cao and Tamura [24] for the normalised time-
averaged streamwise velocity (a) and the normalised time-averaged streamwise turbulence intensity (b). The white line in (a) shows the edge of 
reverse flow.
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Fwt imposed on the flow is computed based on the local velocity 
[40, 51] and is given by 

where � denotes the fluid density, AD the rotor swept area, and 
C′

T
 the local thrust coefficient as defined in Calaf et  al. [40]. 

The disc velocity ud is the spatially averaged velocity through 
the rotor, time-filtered using a one-sided exponential filter. We 
employ a relaxation time of T̂relax = 0.27, following the approach 
described by Calaf et al. [40]. The power is subsequently evalu-
ated as Pwt = − Fwtud.

The thrust force is distributed across the rotor-swept area 
using super-Gaussian functions, similar to the approach of 
King et al. [52]. This allows modelling yawed and tilted tur-
bines (i.e., where the rotors are not aligned with the vertical 
grid planes) while simultaneously ensuring a sharp represen-
tation of the disc and avoiding instabilities and singularities in 
the vicinity of the rotor. The super-Gaussian kernel, denoted 
by Γ, is expressed as 

where �n and �r represent the distances from the turbine cen-
tre in the normal and radial direction of the disc plane, respec-
tively, �n and �r are the exponents that control the sharpness of 
the Gaussian profiles across the normal and radial directions, 
tD is the disc thickness and D is the rotor diameter. The distrib-
uted thrust force is normalised with the volumetric integral of 
Γ(�n, �r). The exponents used are �n = 2 and �r = 8, validated 
against the experimental data of Chamorro et al. [53]. The ex-
ponent �n ensures a smooth distribution of forces along the disc 
thickness, while �r ensures a sharp distribution across the disc 
edge (see also King et al. [52]).

The proposed ADM is validated against the LES of Heck et al. 
[54], where the power of a single turbine in uniform flow at 
different yaw angles was computed by rotating the inflow 
angle and fixing the disc to the Cartesian grid. The currently 
proposed method is tested by keeping the inflow angle fixed 
and yawing the turbine. Various grid resolutions have been 
assessed to determine the minimum grid requirements to 
represent a grid-misaligned disc. These are characterised by 
the number of grid nodes across the diameter nD = D∕Δy and 

the cell aspect ratio in the streamwise direction AR = Δx∕Δy. 
Figure 4a shows the computed power for a yawed wind tur-
bine with C�

T
= 4∕3 normalised by the power production of a 

turbine at zero yaw (� = 0°), denoted by Ṗ, for various reso-
lutions and the reference of Heck et  al. [54]. It can be seen 
that WInc3D accurately predicts the power as the yaw angle 
is increased for all tested resolutions except when using few 
points across the diameter (nD = 6.4) and a high aspect ratio 
(AR = 2.5) together. The predictions of two low-order mod-
els are also plotted for reference. The resolution used in the 
optimisations (see Section  2.1) corresponds to nD = 30 and 
AR = 2.5, which is sufficient for predicting the power of 
yawed/titled turbines.

The power prediction capabilities of the proposed ADM are also 
examined using the complex terrain simulation set-up and add-
ing a single wind turbine at different streamwise locations with 
a hub height of h = D. Figure 4b shows the normalised power 
of this single wind turbine when placed at different streamwise 
positions, using the low and high-resolution grids, together with 
the corresponding 99% confidence intervals (CI). The data is in 
good agreement with results from the literature [15, 16]. The 
two levels of grid resolution give very similar results in terms 
of power output. Only minor discrepancies of around 3.3% and 
8.4% are observed at x∕D = 1.25 and 5, respectively.

The validation of the LES approach against experimental and 
numerical data, encompassing flow dynamics around the hill, 
power output of turbines in this complex terrain, and perfor-
mance of yawed and tilted discs, sets a solid foundation for un-
dertaking the BOs.

2.2   |   Optimisation

2.2.1   |   Design Variables and Objective Function

The two optimisations performed, henceforth referred to as 
BO1 and BO2, have four design variables each. The design vari-
ables for BO1 include the wind turbines' streamwise locations, 
denoted as x1 and x2, and their hub heights, represented by h1 
and h2. These variables are normalised by the turbines' diam-
eter. Specifically, the streamwise location x1 spans the top of 
the hill (x1 ∈ [ − 1.25, 1.25]), while x2 spans the leeward side of 
the hill (x2 ∈ [0.75, 5.00]). These choices allow for a thorough 
exploration of the hill's influence on turbine placement and its 
corresponding performance. Additionally, they aim to exploit 

(3)Fwt = −
1

2
�ADC

�

Tu
2
d
,

(4)Γ(�n, �r) = exp

(
−

(
�n

tD∕2

)�n

−

(
�r

D∕2

)�r
)
,

TABLE 1    |    Maximum error of mean flow profiles shown in Figure 3.

Resolution / x∕H location −2.5 −1.25 0 1.25 2.5 3.75 5 6.25 7.5

eux (%)

Low-resolution 10.07 4.62 10.60 11.02 14.01 16.67 8.36 8.98 6.62

High-resolution 10.47 5.34 7.75 11.51 8.25 14.32 6.16 9.80 6.49

e
�ux

 (%)

Low-resolution 5.41 3.05 2.45 8.80 9.00 3.25 4.20 3.35 3.26

High-resolution 5.75 1.77 1.75 6.23 5.72 4.50 5.63 3.67 3.02
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the leeward region of the hill, which is not usually explored. 
Regarding the hub heights, ranges of h1, h2 ∈ [0.70, 1.50] are 
selected to ensure a diverse set of turbine configurations. To 
ensure the turbines operate safely, a constraint is imposed 
in both optimisations to always maintain a minimum dis-
tance of around one turbine diameter between their cen-
tres (x2 − x1 ≥ 1.05).

In BO2, the design space is modified upon the learnings from 
BO1 and to explore the possible benefits of wake steering. To 
this end, the upstream turbine's hub height is fixed to h1 = 1.0, 
removing it from the design variables. We incorporate new de-
sign variables which can substitute the hub height optimisa-
tion with a wake steering strategy. Given the current problem 
setup using periodic boundary conditions in the spanwise di-
rection, the tilt angle is considered as a means of wake steer-
ing instead of the more commonly used yaw. This approach 
allows us to directly influence the mid-span plane as in BO1. 
The tilt angle, denoted as �1, is optimised, allowing it to vary 
between −20°  and +20°  (�1 ∈ [ − 20 ◦, + 20.0◦]). This range 
choice is similar to that used by previous optimisation studies 
[55, 56], which have explored tilt angles at the wind farm 
level on flat terrain. A negative tilt angle implies potentially  
aligning the turbine more closely with the inclined mean flow 
typically observed at the flow in the hilltop, thereby enhancing 
the power production of the upstream turbine. High values of 
negative tilt, such as −20°, are more suitable for downwind tur-
bines, as they avoid the risk of tower strikes often associated 
with such configurations in conventional turbines [57]. The 
turbine wake is expected to steer downwards for the negative 
tilt. Conversely, a positive tilt angle steers the wake upwards, 
which may be strategically used to mitigate adverse effects on 
downstream turbines while optimising the airflow capture by 
the upstream turbine. This dual approach allows the optimis-
ation to evaluate whether steering the wake away from down-
stream turbines (positive tilt) or improving alignment with the 
local inflow at the hilltop (negative tilt) results in better overall 
system performance.

A schematic of the hill and the design variables used in BO1 
and BO2 is illustrated in Figure 5a,b, respectively, showcasing 
wind turbines at positions x1 = 0.0, h1 = 1.0, �1 = 0◦, x2 = 3.75, 
and h2 = 1.0.

The objective function for both BO1 and BO2 optimisations 
is the aggregate power output of the turbine ensemble, de-
fined as the time-averaged power produced by the pair of tur-
bines. The power estimates come from the LES following the 
methodology presented in Section  2.1. The power output of 
the turbines, represented as P̂, is normalised by the average 
power produced by a single turbine under similar inflow con-
ditions on a flat terrain (i.e., without the hill, in isolation). To 
ascertain a short but reliable time window for statistical aver-
aging of the power, an additional investigation is performed 
utilising two reference simulations: one consisting of a wind 
turbine on top of the hill (x∕D = 0) and the other placing the 
wind turbine in the hill-wake (x∕D = 5.0). The chosen cut-off 
for the simulation time is dictated by achieving a variability 
of less than 1% in the time-averaged power for a minimum of 
6 non-dimensional time units and convergence in the CI of 
the averaged power signal. This threshold aims to ensure sta-
tistical convergence in the context of the turbulence-induced 
chaotic flow behaviour.

Figure  6 presents the power signals for the two indicative 
scenarios, including the cumulative and total averages and 
99% CI. The confidence intervals are computed following the 
methodology detailed in Bergmann et  al. [58]. This involves 
utilising a correlation function to establish confidence inter-
vals that account for the inherent temporal correlation of the 
Navier-Stokes equations from the LES. The plots confirm that 
from T̂ = 10 onward, the cumulative power adheres to the es-
tablished variability criterion, and that from T̂ = 16 onward, 
the confidence intervals converge, showing only minimal 
reductions.

2.2.2   |   BO

To search for the global maximum of power production for the 
two-turbine setup, we use a gradient-free BO strategy which 
makes use of surrogate models, in particular, Gaussian pro-
cess (GP) models. This approach is particularly well suited for 
optimisation tasks with expensive objective function evalua-
tions [30, 59, 60], providing a balance between exploration and 
exploitation of the design space. Our implementation of BO is 
based on Python's GPyOpt library [61].

FIGURE 4    |    (a) Power output of a yawed wind turbine normalised by the power output of a turbine at zero yaw angle. Comparison between 
different resolutions with WInc3D and the LES of Heck et al. [54]. The predictions of the low-order cos(�)2 and cos(�)3 models are also shown for 
reference. (b) Normalised power output of a wind turbine placed at various positions around the hill as computed by WInc3D, Liu and Stevens [15], 
and Zhang et al. [16].

Wind Energy, 20241418
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The goal of BO is to determine the optimal set of design vari-
ables, denoted x∗, that yields the maximum value of an objective 
function f (x) within a specified design space . Mathematically, 
this is expressed as 

where x is a vector representing a specific point in the design 
space. For both optimisations, the objective function is de-
fined as f (x) = P̂Up(x) + P̂Down(x), representing the aggregated 
normalised power of the upstream and downstream turbine. 
In BO1, the design space BO1 comprises {x1, h1, x2, h2} and for 
BO2, BO2 consists of {x1, �1, x2, h2}, with the bounds specified in 
Section 2.2.1. For both optimisations, the spacing constraint is 
expressed as x2 − x1 ≥ 1.05.

BO begins with a design of experiments (DOE), which, in this 
work, consists of a set of initial design points near randomly 
generated through Latin hypercube sampling (LHS) to ensure 
a diverse and representative coverage of the design space. For 
both BO1 and BO2, it consists of 5 samples per design variable, 
resulting in 20 samples in total. These initial sample points are 
evaluated with LES, based on which the first instance of the GP 
surrogate model is constructed. The size of the initial sampling 
used has proven to be enough for convergence within 36 (BO1) 
or 20 (BO2) additional samples (see Section 2.2.3).

A GP model is a non-parametric model defined by its mean func-
tion �(x) and its covariance function or kernel k(x, x′). The ker-
nel measures the similarity or covariance between two points x 
and x′ in the input space. Given the precision and control over the 
simulations to evaluate the objective function, and neglecting 

the uncertainty introduced by some modelling approximations 
(e.g., ADM, tower/nacelle), we consider an observation noise-
free GP formulation. Given training data  = {X, y}, where X 
represents the input vectors and y the corresponding observed 
values, the mean (�) and variance (�2) of the GP posterior at a 
new point x

∗
 are given by 

where k
∗
 is the estimated covariance vector between the train-

ing points and the unseen point x
∗
, and K is the covariance ma-

trix of the training data, with elements Kij = k(xi, xj). For this 
work, the GP surrogate model uses the Matérn 5/2 kernel, which 
has proven to be effective for similar physical problems [59]. The 
Matérn 5/2 kernel is given by 

where 

n is the number of dimensions of the input space, and �i are the 
characteristic length scales associated with each dimension. The 
kernel's hyperparameters, i.e., the variance and lengthscales, 
are determined by maximising the marginal likelihood using 

(5)x∗ = arg max
x∈

f (x),

(6)�(x
∗
) = kT

∗
K−1y

(7)�
2(x

∗
) = k(x

∗
, x

∗
) − kT

∗
K−1k

∗

(8)k(x, x�) = �
2

�
1 +

√
5r +

5r2

3

�
exp

�
−

√
5r
�
,

(9)r =

√√√√
n∑

i=1

(
xi−x

�

i

�i

)2

.

FIGURE 6    |    Power signals with total and cumulative averages and 99% CI for (a) wind turbine placed at the hilltop (x∕D = 0) and (b) wind turbine 
immersed in the hill's wake (x∕D = 5. 0). The grey region indicates the initial transient discarded.

FIGURE 5    |    Schematic of the constant section hill with two wind turbines placed around it showing the design variables for optimisations BO1 
(a) and BO2 (b).
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a gradient-based method to iteratively refine these parameters. 
Each design variable in our model is associated with a unique 
lengthscale, allowing the GP to capture the influence of each 
variable on the output.

Once the GP model is built, the acquisition function guides the 
choice of subsequent evaluation points. Our acquisition function 
of choice is the lower confidence bound (LCB) function, which 
is defined as 

where �(x) and �(x) represent the GP's posterior mean and stan-
dard deviation at x, respectively. The parameter w controls the 
trade-off between exploration and exploitation by weighting the 
emphasis placed on uncertainty, and � is the jitter term. In our 
optimisation, these parameters are set to w = 2 and � = 0.01. A 
batch Bt of design points for simultaneous evaluation is subse-
quently computed as 

where Dt encompasses all data up to iteration t . Given the con-
siderable computational demands of the evaluations, our chosen 
batch size is four. We employ the local penalisation method of 
González et al. [62] to ensure non-overlapping and systematic 
exploration of the design space. The optimisation progresses it-
eratively, assimilating the new data in the training data set , 
updating the surrogate model and the acquisition function and 
selecting new points to be evaluated.

2.2.3   |   Convergence and Cost

We considered a budget of 100 evaluations for each optimisation. 
Convergence is assessed by determining the cumulative number 
of simulations at which the improvement of the maximum value 
of power found falls below a certain threshold, in this case set 
to 1%, similar to the criterion selected for the end of the time-
averaging period, as discussed in Section 2.2.1.

Figure 7 illustrates the progression of BO1 and BO2, showing 
the power deficit ΔP with respect to the global optimum found 
for all the simulations of the optimisation (in blue) and the opti-
mal values found up to that point as the optimisation progressed 
(in black). A horizontal red line has been added marking the 

-1% deficit. For BO1, the optimal power converged after 56 sim-
ulations. Similarly, BO2 reached this convergence threshold 
after 40 simulations. Beyond this point, the lower performance 
points along the blue line, explore and refine the model's un-
derstanding of less optimal regions. This exploration enhances 
the robustness of the GP model, particularly by confirming the 
boundaries of lower performance and better defining the gra-
dient towards the optimum. Moreover, the clustering of points 
near the optimum shown in the blue line, increases confidence 
in the region around the optimum.

Each evaluation based on one LES leveraged 2048 cores from the 
ARCHER2 UK National Supercomputing Service, each with dual 
AMD EPYC 7742 64-core processors at 2.25 GHz. The wall clock 
time per LES is approximately 3.6 h. Across 100 evaluations, the 
cumulative computational cost is around 737,280 CPUh. Each 
optimisation requires approximately 5 days of wall clock time to 
complete, accounting for parallel initial sampling and the use of 
batches of four evaluations at each surrogate model update. Note 
that the computational demands and time associated with the 
BO algorithm are marginal compared to the LES evaluations.

3   |   Results

This section presents the findings from BOs 1 and 2 (BO1 and 
BO2). The results compare the best designs from both optimi-
sations with a reference scenario, henceforth referred to as the 
Reference case, where a wind turbine is positioned on top of 
the hill, with a second turbine placed at a distance of 5D down-
stream of the first turbine. An overview of the optimum design 
variables, highlighted in bold, and the corresponding values of 
the objective function for both BO1 and BO2, alongside those of 
the Reference case, are provided in Table 2.

Figure 8 illustrates the turbine placement in a flow visualisation 
of the two optimal scenarios, BO1 and BO2. The visualisation 
captures the instantaneous normalised velocity magnitude �
‖u‖∕U

∞
=

�
u2x + u2y + u2z∕U∞

�
 across the planes and a vor-

ticity contour (� = 500s−1) in white, along with the hill and the 
turbine pair. This snapshot shows the interaction between the 
TBL and the hill, as well as the strategic positioning of the tur-
bines and their interrelated dynamics.

In BO1, there is a significant increase in power, approximately 73% 
more than in the Reference case. The upstream wind turbine is 

(10)LCB(x) = �(x) − w(�(x) + �),

(11)Bt = arg max
x∈

LCB(x |Dt),

FIGURE 7    |    Deficit from the optimum power as a function of the cumulative simulation number for (a) BO1 and (b) BO2. The red dashed line 
indicates the −1% power deficit.

Wind Energy, 20241420
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located near the hill's centre, slightly shifted to its leeward side, 
and at an elevated hub height. The second turbine, placed at a dis-
tance of 1.05D satisfying the predefined constraint, benefits from 
the undisturbed wind left by the upstream turbine, as depicted 
in Figure 8a. BO2 was conceived in an attempt to reproduce the 
same behaviour through changes in the tilt angle of the upstream 
wind turbine instead of its hub height, thereby exploring the mer-
its of wake steering. The best case of BO2 shows a 34% power im-
provement compared to the Reference case. The upstream turbine 
is positioned near the hill's centre, slightly towards the front, at 
the fixed hub height of 1D, as seen in Figure 8b, with a tilt angle 
of 8.72°. This indicates that the upstream turbine is sacrificing its 
power generation for an overall improvement. The second turbine 
in BO2 is placed further from the upstream turbine compared to 
BO1, at a distance of 1.51D, potentially leaving more space for the 
wake steering to deflect vertically the wake and have a greater ef-
fect on the downstream turbine. The difference in total power be-
tween BO1 and BO2 indicates that the limitation in tower height 
for the upstream wind turbine potentially limits the achievable 
maximum power output of BO2.

To comprehend the improved performance of the optimised 
configurations, we analyse the power series predicted by the 
ADM of the turbine pairs, as well as the mean velocity and tur-
bulence intensity fields.

3.1   |   Power Production

Figure  9 illustrates the time history of power production for 
each turbine, along with their cumulative averages and 99% CI 
for the Reference (P̂Ref), BO1 optimum (P̂BO1), and BO2 optimum 
(P̂BO2) cases.

In the Reference configuration, the resultant total normalised 
power stands at P̂Ref = 2.7. The upstream turbine generates a  
significant portion, P̂RefUp = 2.33, primarily due to the speed-up 
effect caused by the hill's presence. Conversely, the downstream 
turbine's contribution is only P̂RefDown = 0.37. Its reduced output is 
attributed to its immersion in the wake of both the hill and the 
upstream turbine, which adversely affects its power generation. 

TABLE 2    |    Summary of optimum design variables and objective functions obtained from BO1 and BO2, alongside the Reference case.

Case x1 h1 �1 (°) x2 h2 Total power

Reference case 0.00 1.00 0.0 5.00 1.00 2.70

BO1 0.12 1.50 0.0 1.17 1.02 4.66

BO2 −0.12 1.00 8.72 1.39 0.98 3.61

FIGURE 8    |    Normalised velocity magnitude flow visualisation and contour of vorticity in white of the optimum cases in BO1 (a) and BO2 (b).

FIGURE 9    |    Power series with cumulative averages and 99% CI of (a) the Reference case and the optimum cases of (b) BO1 and (c) BO2.
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This power distribution is consistent with observations made 
when positioning the turbines individually around the hill, as 
illustrated in Figure 4b. Furthermore, there are notable differ-
ences in the power series of the two turbines, primarily influ-
enced by their distinct operating environments. The upstream 
turbine, directly impacted by the TBL, exhibits significant 
variability in its power output. The TBL's dynamic and spatially 
inhomogeneous nature, though statistically homogeneous in the 
spanwise direction, is reflected in the power evolution of the up-
stream turbine, characterised by larger amplitude fluctuations 
and larger time-scale dominance. In contrast, the downstream 
turbine, positioned within the wake of the hill and the upstream 
turbine, demonstrates a signal characterised by higher fre-
quency and lower amplitude fluctuations.

The BO1 optimal scenario achieves a total power of P̂BO1 = 4.66, 
with the upstream and downstream turbines generating 
P̂BO1Up = 2.31 and P̂BO1Down = 2.35, respectively. Elevating the hub 
height of the upstream turbine and optimising the downstream 
turbine's placement results in a marked power surge in the lat-
ter, as evidenced by �PBO1Down ≫ �PRefDown. Remarkably, the power 
yield from the downstream turbine in BO1 is slightly above the 
upstream turbine power and presents similar signal characteris-
tics to the upstream turbine. Furthermore, it is noteworthy that 
the power of the upstream turbine does not increase as it might 
be expected with the elevation of its hub height. This suggests 
that by elevating the upstream turbine, it potentially misses out 
on the benefits of the speed-up effect caused by the hill's 

presence and as seen in Figure  3, the vertical gradient in the 
streamwise velocity is limited.

The BO2 configuration garners a total power of P̂BO2 = 3.61, 
divided between the upstream and downstream turbines as 
P̂BO2Up = 2.14 and P̂BO2Down = 1.47, respectively. The reduction in 
the upstream turbine of BO2 can be explained by the use of the 
tilt angle of the disc. The downstream turbine continues to ex-
hibit a substantial boost in its power generation, although lower 
compared to BO1 (�PBO1Down > �PBO2Down) due to the limitations in 
the upstream turbine's hub height. The time history of P̂BO2Down 
displays similar behaviour to that of P̂RefDown but with higher 
magnitude and amplitude. This could be the imprint of the up-
stream turbine since both are affected by it, as seen in the 
following section.

3.2   |   Velocity and Turbulence Intensity Fields

The difference in power generated by the downstream wind 
turbine across the three scenarios can be better understood 
by examining the time-averaged velocity fields. Figure 10a,c,e 
depicts the normalised time-averaged streamwise velocity field 
in the mid-plane for each scenario, with streamlines represented 
by black lines. The contour of zero streamwise velocity, high-
lighting the edge of reverse flow, is demarcated by the white 
line. For clarity, Figure  10 includes the tower of the turbines; 
however, these are not modelled in the simulations.

FIGURE 10    |    Normalised time-averaged streamwise velocity fields (left column) and streamwise turbulence intensity fields (right column) at 
the symmetry plane for the Reference case (top row) and both optimised scenarios, BO1 (middle row) and BO2 (bottom row). The black lines are 
streamlines of the velocity field, while the white lines indicate the contours of zero streamwise velocity.

Wind Energy, 20241422
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In the Reference scenario, the downstream turbine is ad-
versely influenced by the low velocity imparted by the wake 
of both the hill and the upstream turbine, explaining its di-
minished power output. Conversely, the BO1 optimum con-
figuration positions the downstream turbine to circumvent 
both the hill and turbine wake, attempting to exploit the local 
flow acceleration between the hill and the upstream wind tur-
bine. In the BO2 optimum case, due to the limitations in hub 
height, the downstream turbine cannot avoid the upstream 
wakes, and therefore, it overlaps with the upstream turbine 
wake. The wake steering performed by the upstream turbine 
allows an increase in the kinetic energy available downstream 
by deflecting the wake vertically at the cost of producing less 
power upstream. As shown in the next section, this trade-off 
is not trivial. In both optimum cases, power increases are due 
to the second turbine placed very close to the first one. This is 
owed to the blockage of the upstream turbine (see Section 3.3). 
Although this turbine acts as a sink of momentum overall, it 
diverts some of the flow momentum to the region below it, 
which can be harvested by the second turbine, but only if 
placed close enough. Also, it is clear that in all cases the pres-
ence of the turbines influences the recirculation region of the 
hill. Both effects cannot be fully captured by the superposi-
tion technique, showcasing the merits of using a LES-based 
optimisation.

Further insights can be obtained from the second-order sta-
tistics. Figure  10b,d,f displays the normalised time-averaged 
streamwise turbulence intensity in the mid-plane for each sce-
nario. In the Reference case, the downstream turbine experi-
ences a highly turbulent flow, triggered by the flow separation 
at the hill, combined with the turbulence generated by the up-
stream turbine. In contrast, the BO1 optimum operates under 
relatively clean conditions. The BO2 optimum case is affected 
marginally by the wakes of the hill and the upstream turbine, 
albeit less compared to the Reference case. High levels of turbu-
lence intensity appear when the upstream and downstream tur-
bine wakes merge in BO2. In both the Reference case and BO2, 
the downstream turbine would be negatively impacted in terms 
of dynamic loadings due to turbulence. Overall, the optimally 

configured turbines reduce the turbulent kinetic energy of the 
hill wake when compared to the Reference case.

3.3   |   Influence of the Upstream Wind Turbine

The optimisation results indicate that the wind turbines should 
be placed close to each other, prompting a closer look at the in-
fluence of the upstream turbine in terms of blockage and wake 
steering.

In BO1 we compare the flow fields from simulations with and 
without the upstream turbine to analyse this influence. The 
presence of the upstream turbine leads to a 5% increase in the 
power of the downstream turbine, a result of the flow being re-
directed by the upstream turbine's blockage. Figure  11a illus-
trates the velocity deficit evaluated in a streamwise plane 0.25D 
upstream of the downstream turbine (x∕D = 0.92). The veloc-
ity deficit in BO1 is defined as ⟨uD−BO1 ⟩ = ⟨unt ⟩ − ⟨ut ⟩, where 
⟨unt ⟩ is the time-averaged streamwise velocity field in the ab-
sence of the upstream turbine and ⟨ut ⟩ is the mean streamwise 
velocity with the presence of the upstream turbine, both nor-
malised by U

∞
. The horizontal line at y∕D = 0.7 marks the hill's 

edge at this longitudinal location, and the dashed lines show the 
contours of velocity deficit at −0.02 and −0.04. These contours 
indicate regions where the flow speed is increased by 2% and 4% 
of U

∞
, respectively. The turbines' centres and the extent of their 

rotor discs are projected onto the plane for scale. The influence 
of the upstream turbine is visible as a positive velocity deficit, 
slightly covering the downstream turbine's projected area. The 
contours reveal areas of faster flow close to the upstream turbine 
and along the hill edge. This flow acceleration spreads across a 
large area impacting the downstream turbine, which explains 
the observed performance boost. The acceleration is particularly 
strong near the hill, indicating that the upstream turbine's pres-
ence has altered the hill's recirculation zone across the span of 
the hill.

In BO2, the upstream turbine has a positive tilt angle, which, 
despite reducing its power output by 6% if compared to the 

FIGURE 11    |    Velocity deficit caused by the upstream turbine in (a) BO1 and (b) BO2 evaluated 0.25D upstream of the downstream turbine. 
Contours are shown with dashed lines and the grey area indicates the hill's section.
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no-tilt case, leads to a substantial increase of 23.5% for the 
downstream turbine's power. Figure 11b illustrates the alter-
ations in the flow pattern due to the upstream turbine's tilt, 
applying the velocity deficit concept as defined previously. The 
velocity deficit in BO2 ⟨uD−BO2 ⟩ is computed by contrasting the 
flow with and without the upstream turbine's tilt at a plane 
0.25D upstream of the downstream turbine (x∕D = 1.139). The 
horizontal line at y∕D = 0.57 designates the hill's edge, and the 
dashed lines delineate the contours of velocity deficit at −0.12, 
−0.02, 0.02, and 0.12. Tilting diverts the wake upwards, cre-
ating the kidney-shaped accelerated flow in the lower region 
of the wake's trajectory, which benefits the downstream tur-
bine over a considerable area. Concurrently, as also seen in 
Figure  11a, the tilt induces modifications in the hill's recir-
culation, notably a horizontal deceleration over the hill edge, 
which has a marginal adverse effect on the downstream tur-
bine's performance.

To further understand the impact of the tilt angle in BO2 on the 
total power, we turned to the insights provided by the GP sur-
rogate model constructed at the end of BO2. The 4-dimensional 
surrogate model can be sliced and analysed in a simplified man-
ner by fixing three of its design variables at the BO2 optimum, 
x1, x2 and h2, and observing variations solely due to the tilt angle, 
�1. The result is a 1-dimensional function, which presents both 
the mean value predicted by the surrogate model and the accom-
panying standard deviation, which captures the associated un-
certainty. For the purpose of this section, an additional training 
point has been considered in the surrogate model, correspond-
ing to the BO2 optimum with zero tilt. As depicted in Figure 12, 
introducing a tilt angle of approximately �1 ≈ 9◦ yields a 4.3% 
increase in total power in comparison to configurations without 
tilt. This result is especially noteworthy given that the two tur-
bines are positioned in close proximity to each other, underscor-
ing the tilt angle's significant potential to enhance total power 
generation for this case. As indicated by the surrogate model, 
using negative tilt angles reduces the performance of the turbine 
pair. This indicates the importance of allowing the downstream 
turbine to improve its conditions rather than harvesting more 
power upstream with an alignment to the inclined flow in front 
of the hill.

4   |   Conclusions

This numerical study focused on the optimisation of wind tur-
bine layouts in complex terrains to maximise power output. As 
a proof-of-concept, the focus is on a simplified set-up with two 
wind turbines around a 2D hill with a limited number of 4 pa-
rameters to optimise. High-fidelity simulations (LES) were used 
to model the complex flow dynamics around the 2D hill and the 
wake interactions between two wind turbines. A BO framework 
was employed to systematically and efficiently find the optimal 
turbine layout for a given set of parameters. The two optimis-
ations presented in this work considered parameters such as 
turbine locations, hub heights, and tilt angle of the upstream 
turbines. The first one focused on the streamwise locations and 
hub heights of the turbines. The second incorporated tilt angle 
for the upstream turbine to explore wake steering effects.

The wind farm simulator WInc3D, modified for this study, was 
validated against reference data to demonstrate the suitability 
of the IBM and wall modelling to handle complex terrains. The 
ADM implemented in WInc3D was extended to model yawed 
and tilted discs, also showing excellent agreement with results 
from the literature.

It was found that for the first optimisation, the best configura-
tion positioned the upstream turbine near the hill's centre with 
an elevated hub height, significantly boosting the downstream 
turbine's power due to flow acceleration in front of the hill. For 
the second optimisation, the design space was modified based 
on the findings of the first optimisation, replacing the hub 
height with tilt angle for the upstream turbine as a parameter 
to optimise. Introducing a positive tilt angle for the upstream 
turbine resulted in a considerable power gain while maintaining 
a modest hub height.

This study demonstrated that optimising wind turbine layouts 
using high-fidelity LES combined with BO can lead to substantial 
power output improvements in complex terrains, by exploiting 
terrain-induced flow features and strategic turbine placement 
to enhance overall wind farm efficiency. The findings of this 
work are in line with the conclusions of our previous study [30] 
focusing on offshore wind farms without terrain-induced flow 
features, where we found that it is possible to mitigate power 
losses caused by wake effects through two distinct strategies: 
layout optimisation (micro-siting) and wake steering through 
yaw angle optimisation.

Future work will aim to study more complex terrains and 
larger wind farms with more parameters to optimise, while also 
improving the quality of the optimisation by adding unsteady 
loading and fatigue constraints into the optimisation process.
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