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Abstract

The optimal design of layout and cable routing is crucial in maximizing the financial returns of wind farms. Traditionally, the
Wind Farm Layout Optimization (WFLO) and Wind Farm Cable Routing (WFCR) problems are addressed separately or with
extremely simplified wake models. In this paper, we propose a Mixed-Integer Nonlinear Program (MINLP) for the integrated
optimization of layout and cable routing, incorporating a nonlinear wake model, to maximize the Net Present Value (NPV) of
wind farms. Moreover, we reformulate the original non-convex MINLP as a Mixed-Integer Quadratically Constrained Program
(MIQCP) formulation. Compared to solving the MINLP with global MINLP solvers such as BARON, ANTIGONE, or SCIP,
solving the reformulated MIQCP with Gurobi significantly reduces solution time while still guaranteeing optimality. Additionally,
a bilevel decomposition method is proposed and validated for solving the integrated optimization problem of larger-scale wind
farms. Furthermore, computational results demonstrate that the proposed integrated optimization model significantly improves
the NPV compared to existing models that ignore wake effects, adopt a simplified linear wake model, or perform a two-stage
optimization.
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1. Introduction

The global community is shifting from fossil fuels to sustain-
able energy to reduce environmental pollution and greenhouse
gas emissions. According to recent statistics, global CO2 emis-
sions from energy consumption and industrial processes have
increased steadily, rising from 2.0 Gt in 1990 to 37.6 Gt in
2024 (International Energy Agency, 2025). As a result, wind
energy, one of the most abundant renewable energy resources
with its high commercialization and pollution-free nature in the
electrical generation process, has recently attracted significant
attention (Cramer et al., 2022; Kanta et al., 2025; Kim et al.,
2023; Zhang et al., 2022; Zhu et al., 2025).

In the initial design stage of wind farms, two primary chal-
lenges are encountered: (i) the Wind Farm Layout Optimiza-
tion (WFLO) problem, and (ii) the Wind Farm Cable Routing
(WFCR) problem. Traditionally, WFLO and WFCR problems
are solved separately in a sequential manner (Fischetti et al.,
2015b), which leads to suboptimal solutions. WFLO prob-
lems focus on the strategic placement of wind turbines to maxi-
mize energy production while accounting for wake effects. The
wake effect refers to the region of slower wind speed caused
by upstream turbines’ aerodynamic interactions, which reduces
the energy yield of the downwind turbines. Heuristic opti-
mization algorithms such as genetic algorithms (GA) (Huang
et al., 2018), hybrid GA-PSO (Yang et al., 2021), or hybrid
MIP-MPGA (Lu et al., 2025) are commonly employed to solve
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WFLO problems with analytical wake models. Mathematical
programming models are also employed to formulate Mixed-
Integer Linear Programming (MILP) models for WFLO prob-
lems with linearized wake effects (Fischetti et al., 2015a). Be-
sides, it is worth mentioning that the cost of electrical cable ac-
counts for 1%–10% of the total capital expenditure for onshore
wind farms and 15%–30% for offshore wind farms (González
et al., 2014). Existing approaches solving the WFCR problems
can be categorized into three main streams: graph theory-based
algorithms, such as Prim’s algorithm (Hou et al., 2015); heuris-
tic optimization techniques, including GA (Gonzalez-Longatt
et al., 2011); and mathematical programming approaches, such
as MILP (Cerveira et al., 2024). In real-world applications,
physical constraints such as obstacle avoidance and the no-
cable-crossing rule must also be incorporated.

However, the above two-stage optimization of WFLO and
WFCR is inherently suboptimal, as WFLO tends to dis-
perse turbines to minimize aerodynamic interference, result-
ing in longer and more costly cables in the subsequent WFCR
stage. Several works have attempted integrated optimization
of WFLO and WFCR. Fischetti and Fischetti (2023) devel-
oped an MILP formulation with pairwise wake effects approxi-
mated by a Gaussian function. Presser et al. (2023) proposed an
MILP model that considers combined wake effects to simulta-
neously maximize power generation and minimize costs. Kim
et al. (2023) proposed a Mixed-Integer Fractional Programming
(MIFP) formulation that jointly optimizes turbine micro-siting,
substation placement, and cable routing, with global optimal-
ity guaranteed through a parametric algorithm. Although these



MILP and MIFP formulations offer computational tractability,
they rely on linearized wake models or linear superposition of
wake deficits, compromising power generation accuracy. A
study proposes a circle-packing NLP formulation for simulta-
neous turbine placement and cable routing in a continuous spa-
tial domain (Negrete-Romero et al., 2025); however, the cable
routing is geometrically approximated via turbine distances to
a fixed main conductor, without accounting for discrete cable
topology or capacity constraints.

Heuristic methods are thus typically employed for models
incorporating more precise nonlinear wake equations. For in-
stance, a hybrid technique, integrating an improved colony al-
gorithm with the genetic algorithm, the dual simplex method,
and Kruskal’s algorithm, has been developed for the integrated
optimization with obstacle avoidance in challenging terrains
(Wu et al., 2022). A combined framework based on the Non-
dominated Sorting Genetic Algorithm II (NSGA-II) and the
MILP (He et al., 2024) has also been proposed to optimize the
problem. Furthermore, a bilevel non-uniform optimization ap-
proach is proposed (Zhang et al., 2024) to conduct integrated
optimization to minimize the levelized energy cost (LCOE). A
nonlinear mathematical programming model with a 3D Gaus-
sian wake model is proposed (Cao et al., 2025) to optimize the
turbine locations and cable layouts with initial solutions ob-
tained via GA and the Prim algorithm. However, due to the use
of heuristic methods or local solvers, all the above-mentioned
studies cannot guarantee the global optimal solution for the in-
tegrated optimization, nor have they evaluated the gap between
results and the theoretically optimal results.

In this paper, we present a rigorous MINLP formulation for
the integrated optimization of WFLO and WFCR to maximize
the NPV. An algebraic-based wake model is incorporated to ac-
curately calculate the wake effect. To improve computational
efficiency, we reformulate the model as an MIQCP and propose
a bilevel decomposition method. The main contributions of this
work are summarized as follows:

• We formulate a rigorous MINLP model with a nonlin-
ear algebraic wake model for the integrated optimization
of layout and cable routing for wind farms, which can
be solved directly by state-of-the-art global optimization
solvers such as BARON (Sahinidis, 2025), ANTIGONE
(Misener and Floudas, 2014), and SCIP (SCIP Team,
2024).

• The proposed reformulation as an MIQCP model, recently
solvable with Gurobi (Gurobi Optimization LLC, 2024),
greatly enhances the computational efficiency, while guar-
anteeing global optimality.

• The proposed bilevel decomposition method can solve the
optimization problem of larger-scale wind farms and yield
results that are approximate to the optimal solution of the
MIQCP.

• The solution comparisons demonstrate that the proposed
integrated optimization model consistently achieves supe-
rior NPV performance relative to models that ignore wake

effects, adopt a simplified linear wake model, or perform
a two-stage optimization approach.

The remainder of this paper is organized as follows. The
problem statement of the WFLO and WFCR integrated opti-
mization problem is given in Section 2. Section 3 presents the
mathematical formulations of the three proposed methods for
solving this optimization problem. Section 4 includes the com-
putational comparison between different methods and different
models. We conclude this article in Section 5.

2. Problem Statement

In this work, we address the integrated optimization of layout
and cable routing within a predefined geographic area and given
potential positions for turbine installation. The objective is to
maximize the overall economic benefit of the wind farm, while
satisfying a set of engineering and operational constraints.
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Figure 1: Example of a layout and cable routing optimization problem.

As illustrated in Fig. 1, the gray dots represent potential lo-
cations for wind turbine installation, denoted by a discrete set
V . For each candidate site i ∈ V , a binary decision variable zi
is defined to indicate whether a turbine is installed at that loca-
tion (zi = 1) or not (zi = 0). In addition to turbine placement,
the electrical cable connections between turbines and the sub-
station are modeled using two types of binary variables: yii′

indicates whether there is a cable installed between location i
and i′, and xt

i′′′s indicates whether cable type t is used to connect
location i′′′ and s, where s refers to substation location. A set
of cable types t ∈ T are available, each characterized by a spe-
cific unit cost costtcab and a maximum capacity capt denoting
the maximum current capacity it can support.

To reflect the physical constraints of power generation and
transmission, continuous variables are introduced to model the
power output of wind turbines and power flow through cables.
Specifically, pk

i′ represents the power generated by a turbine at
location i′ under wind scenario k ∈ K, while f k

i′i′′ denotes the
power flow between locations i′ and i′′ under scenario k. Each
wind scenario k is defined by a specific combination of wind
direction θW

k and wind speed Uk
∞, derived from historical wind

data.
Furthermore, the optimization model incorporates several

key constraints, including bounds on the number of turbines,
minimum separation distance between turbines, and topology
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requirements, among others. Considering all the above compo-
nents, the optimization model seeks to determine the optimal
number and spatial configuration of wind turbines, as well as
the cable types and routing strategy for electrical connections.

3. Mathematical Formulation

In this section, the wake model used in this study is first in-
troduced. Subsequently, distinct power generation strategies for
wind turbines operating in different wind speed regions are pre-
sented. Building on this foundation, three approaches to the in-
tegrated optimization problem are proposed: an MINLP formu-
lation, its reformulation as MIQCP, and a bilevel decomposition
method.

3.1. Wake Effect Model

The wake effect is a critical factor in evaluating the overall
power generation efficiency of a wind farm, and the Park model
is one of the most widely used wake models, as it achieves a
good balance between fidelity and computational cost (Katic
et al., 1987). In this study, a Park-based multi-variable cou-
pling wake model is employed to predict power generation, and
its accuracy and solution speed have been verified (Hu et al.,
2025). As the paper is focused on the layout and cable design
optimization, the optimization of the control variables is not
considered. Therefore, a greedy control is assumed for every
turbine in a wind farm. This means the yaw angle is designed
to guarantee that the blade disk planes are perpendicular to the
wind direction. Furthermore, the axial induction factor (AIF) is
designed to guarantee the power maximization of each turbine
by adjusting the blade pitch and generator torque. In the fol-
lowing analysis, αi and oi refer to the AIF and the yaw angle of
wind turbine i, respectively.
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Figure 2: Wake behind a single turbine.

When the wind blows through the disk plane of wind turbine
j, the wake effect scale in Fig. 2 is measured by a distance d and
radius r. The wind speed behind wind turbine j is expressed as
follows:

u(d,r,α j) = (1−δu(d,r,α j))U∞, (1)

where U∞ is the ambient wind speed. δu(d,r,α j) is the wake
decay coefficient given by the following expression:

δu(d,r,α j) =

2α j

(
R j

R(d)

)2
, r ≤ R(d),

0, r > R(d),
(2)

where R j is the radius of turbine j, equal to the half value of the
diameter D j in Fig. 2, and R(d) = R j +κd with κ being a wake
expansion parameter.

Next, we introduce the wake decay coefficient of wind tur-
bine i influenced by an upstream turbine j, denoted as δu ji.
The yaw angle of the upstream turbine reduces the area of the
rotor surface perpendicular to the wind flow, so a modification
with the cosine function is considered. δu ji is also related to
the overlapping area between the wake of the upstream wind
turbine and the blade disk planes of the downstream turbine,
which is denoted as Aoverlap

j→i . In this way, the equation is formu-
lated as follows:

δu ji(α j,o j,θ
W ) = 2α j cos(γo j)

(
R j

R j +κdi j(θW )

)2 Aoverlap
j→i

Ai
,

(3)
where γ is the parameter controlling the sensitivity of the yaw
angle, θW is the wind direction, Ai is the area of blade disk
planes of the downstream turbine, and di j(θ

W ) represents the
projection distance of the upstream and downstream turbines
along the ambient wind direction θW .
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Figure 3: Diagram of the effect of upstream turbine on downstream turbine.

Fig. 3 clearly shows the relationship between the overlapping
area and the other parameters. For a wind turbine i influenced
by the wake effect of variable upstream wind turbines, the wake
decay coefficient is expressed as follows:

δui({α j,o j} j∈Ni ,θ
W )

= 2

√√√√
∑

j∈Ni

(
α j cos(γo j)

(
R j

R j +κdi j(θW )

)2 Aoverlap
j→i

Ai

)2

.
(4)

where Ni denotes the set of upstream turbines whose wakes
affect turbine i.

Finally, the wind speed before the downstream wind turbine
is expressed as follows:

Ui = (1−δui({α j,o j} j∈Ni ,θ
W ))U∞. (5)
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3.2. Power Generation Model

According to the standard wind turbine power curve shown in
Fig. 4, there are typically four distinct regions, each represent-
ing a different operational behavior depending on the available
wind speed.

Cut-in 
region

Partial load 
region

full load 
region

Cut-out
region

Figure 4: Example of standard wind turbine power curve.

For the cut-in region, the wind speed is below the cut-in
speed, which is too low to generate usable power. For the par-
tial load region (available wind speed is between the cut-in and
rated speed), the following equation is widely used for evalu-
ating the power generation considering the wake effect (Wang
et al., 2024):

Pi =
1
2

ρACp,i(αi,oi)((1−δui({α j,o j} j∈Ni ,θ
W ))U∞)

3, (6)

where ρ and A denote the air density and the rotor area, respec-
tively. Cp,i is the power coefficient:

Cp,i(αi,oi) = 4αi(cos(βoi)−αi)
2, (7)

where β is the coefficient representing the influence of the yaw
angle on power generation. For the greedy control strategy with
oi = 0 and αi =

1
3 , the value of power coefficient can be deter-

mined by Cp,i = 16/27.
The turbine operates at its maximum rated capacity for the

full load region (available wind speed is between the rated and
cut-out speed). The turbine is shut down for the cut-out region
to prevent mechanical damage. To sum up, the power genera-
tion of a turbine is expressed by the following piecewise func-
tion:

Ui =U∞(1−δui({α j,o j} j∈Ni ,θ
W )), (8)

Pi =



0, Ui <Uin,

1
2 ρACpU3

i , Uin ≤Ui <Urate,

1
2 ρACp U3

rate, Urate ≤Ui <Uout,

0, Ui ≥Uout,

(9)

where Uin, Urate, Uout represent the cut-in, rated, and cut-out
speeds of wind turbines, respectively.

3.3. MINLP Formulation
In this section, a Mixed-Integer Nonlinear Program (MINLP)

formulation is proposed for the integrated optimization of lay-
out and cable routing. It determines a feasible allocation of
turbines and cable connections between all wind turbines and
the given substations, maximizing the economic benefit. The
model considers the following constraints:

(a) There is a limit for the number of installed turbines with a
minimum Nmin and a maximum Nmax.

(b) There is a minimum separation distance Dmin between any
pair of installed turbines.

(c) There is a maximum number of incoming arcs in the sub-
station, Cmax,s, which denotes the corresponding limit for
substation s.

(d) There are different maximum current capacities that dif-
ferent cable types can support. capt denotes the maximum
current capacity of cable type t.

(e) The topology of the built cables must be rooted at the sub-
station, with exactly one cable exiting each turbine.

Moreover, the model involves the following parameters:

• V , the set of possible positions for wind turbine construc-
tion.

• K, the set of possible wind scenarios with different combi-
nations of (θW

k ,Uk
∞).

• S, the set of positions for substations; s denotes the substa-
tion, s ∈ S.

• T , the set of different cable types; t denotes the cable type,
t ∈ T .

• H, the total operating hours in one year.

• πk, the probability of wind scenario k, k ∈ K.

• OPEXunit, the wind farm unit annual O&M cost

• disti j, the distance between positions i and j.

• costwt, the unit investment cost for one wind turbine.

• costtcab, the unit cost of cable t per meter.

• pkwh, the unit electricity price.

Furthermore, the binary variables zi, yi j, xt
i j and nonnega-

tive continuous variables f k
i j, Pk

i are defined for the proposed
MINLP model:

• zi: = 1 if a turbine is located at position i, and = 0 other-
wise. By definition, zs = 1, means a substation is located
at position s.

• yi j: = 1 if the directed connection (i, j) is built, and = 0
otherwise.
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• xt
i j: = 1 if the directed connection (i, j) is built with a cable

type t, and = 0 otherwise;

• f k
i j: the electrical current that flows on the directed cable

connection (i, j) for wind scenario k;

• Pk
i : the power generation of position i for the wind sce-

nario k ∈ K.

In order to maximize the economic benefit, the net present
value (NPV) is used to estimate the net profit earned by a wind
farm over its operational life. Based on the above wake effect
model and power generation model, and considering the selec-
tion of wind turbine installation, the effective wind speed Uk

i
and the power generation Pk

i of location i for wind scenario k is
expressed as follows:

Uk
i =U∞

[
1−

√
∑
j∈V

(δuk
ji z j)2

]
, (10)

Pk
i =



0, Uk
i <Uin,

1
2 ρACpUk3

i zi, Uin ≤Uk
i <Urate,

1
2 ρACp U3

rate zi, Urate ≤Uk
i <Uout,

0, Uk
i ≥Uout,

(11)

where δuk
ji refers to the wake decay coefficient of wind turbine

i influenced by turbine j for wind scenario k.
Analysing Equations (10) and (11), it is clear that they in-

volve nonconvexities due to the multiplication of binary vari-
ables times continuous variables. Therefore, the Big-M method
is adopted to avoid the multiplication of binary variables zi with
nonlinear functions. Thus, the expression of Pk

i during the par-
tial load region (Uin ≤ Uk

i < Urate) is transformed into the fol-
lowing two inequalities:

Pk
i ≤ 1

2
ρACpUk3

i +Mi(1− zi), (12)

0 ≤ Pk
i ≤ Mizi, (13)

where Mi is a sufficiently large parameter.
Then, the piecewise function (11) handled with the Big-M

method can be formulated as the disjunction (14) in General-
ized Disjunctive Programming (GDP) (Grossmann and Tres-
palacios, 2013; Raman and Grossmann, 1994). The GDP model
can be used as a high-level framework for formulating dis-
crete/continuous linear/nonlinear problems, and GDP models
can be reformulated as MINLP problems using the Big-M (BM)
or Hull Reformulation (HR) as described in Trespalacios and
Grossmann (2014). Bk

i,1
Uk

i ≤Uin
Pk

i = 0

⊻


Bk
i,2

Uin ≤Uk
i <Urate

Pk
i ≤ 1

2 ρACpUk3
i +Mi(1− zi)

0 ≤ Pk
i ≤ Mizi


⊻

 Bk
i,3

Urate ≤Uk
i <Uout

Pk
i = 1

2 ρACp U3
rate zi

⊻
 Bk

i,4
Uk

i ≥Uout
Pk

i = 0

 ,
i ∈V,k ∈ K, Bk

i, j ∈ {True, False}, j = 1,2,3,4.

(14)

The AEP can be calculated by multiplying the total operat-
ing hours by the expected total power generation, following the
studies in Zhang et al. (2024); Pérez-Rúa (2024):

AEP = H · ∑
k∈K

π
k · ∑

i∈V
Pk

i , (15)

where H = 8760 h. Consistent with existing studies (Tao and
Feijóo-Lorenzo, 2024), OPEX is defined as proportional to the
wind farm’s installed capacity:

OPEX = OPEXunit ·Pr ∑
i∈V

zi, (16)

where OPEXunit ($/KW/yr) is the wind farm unit annual O&M
cost, and Pr is the rated power. The CAPEX is mainly com-
posed of the investment cost of the wind turbines and the cable
installation:

CAPEX = ∑
i∈V

costwt · zi + ∑
i, j∈V∪S

∑
t∈T

costtcab ·disti j ·xt
i, j. (17)

The NPV is estimated by calculating the annual net income,
which is discounted through the interest rate r, and then sub-
tracting the CAPEX. To maximize the NPV, the objective func-
tion is:

maxZ = NPV =
L

∑
m=1

AEP · pkwh −OPEX
(1+ r)m −CAPEX, (18)

where L and r represent the estimated lifetime of the wind farm
and the interest rate, respectively.

For a wind turbine built in position i ∈ V (zi = 1), the out-
coming current equals the incoming current plus the power gen-
eration of turbine i. The current balance constraint is then for-
mulated as follows:The current balance constraint for a wind
turbine built in position i ∈V is:

∑
j∈V∪S, j,i

f k
i j = ∑

j∈V∪S, j,i
f k

ji +Pk
i , ∀i ∈V,k ∈ K. (19)

The following cable capacity constraint ensures that enough
cable capacity is installed to support the current in each con-
nection:

f k
i j ≤ ∑

t∈T
capt xt

i j, ∀i, j ∈V ∪S,k ∈ K. (20)

Equation (21) enforces single-cable-type selection per con-
nection, while Equation (22)-(23) generate radial topology by
restricting outdegrees. Note that the out-degree of every in-
stalled turbine is set to 1, or 0 otherwise, and the out-degree of
every substation is set to 0.

yi j = ∑
t∈T

xt
i j,∀i, j ∈V ∪S. (21)

∑
j

yi j ≤ zi,∀i ∈V, j ∈V ∪S. (22)

∑
i

ysi = 0,∀s ∈ S, i ∈V ∪S. (23)
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The following Equation introduces Cmax,s as a quantifiable
threshold for substation inflow, integrating grid stability into
topology design.

∑
i∈V

yis ≤Cmax,s,∀s ∈ S. (24)

The limit on the number of installed turbines is imposed to
balance cost and redundancy:

Nmin ≤ ∑
i∈V

zi ≤ Nmax. (25)

The minimum distance between wind turbines i and j is en-
sured by the following constraint:

zi + z j ≤ 1,∀i, j ∈V, i < j,disti j ≤ Dmin. (26)

The following constraint avoids any crossover between two
cables, where the set X stores pairs of crossover cables
{(i, j),(h, l)}. It should be emphasised that the simulation is
designed to dynamically add any crossovers found in the final
result to the set X .

yi j + y ji + yhl + ylh ≤ 1,{(i, j),(h, l)} ∈ X . (27)

The remaining constraints define all the binary and contin-
uous variables, and fix them to the zero value of part of them
when they correspond to infeasible choices.

xt
i j ∈ {0,1},∀i, j ∈V ∪S, t ∈ T. (28)

zi ∈ {0,1},∀i ∈V. (29)

yi j ∈ {0,1},∀i, j ∈V ∪S. (30)

f k
i j ≥ 0,∀i, j ∈V,k ∈ K. (31)

f k
j j = f k

s j,x
t
j j = y j j = xt

s j = ys j = 0,

∀s ∈ S, j ∈ S∪V, t ∈ T,k ∈ K.
(32)

f k
i j,x

t
i j = yi j = 0,

∀i, j ∈V, t ∈ T,k ∈ K : disti j ≤ Dmin.
(33)

In this study, the model is formulated in Python and is based
on the open-source algebraic modeling language Pyomo (Hart
et al., 2017). The disjunction (14) can be transformed by the Py-
omo.GDP extension to mixed-integer linear and nonlinear con-
straints, and we applied the big-M reformulation to the GDP
(Nicholson et al., 2018). To summarize, the mathematical for-
mulation of the layout and cable optimization problem, given
by Equations (10)–(33), is a nonconvex MINLP, which com-
putationally can be expensive to optimize to global optimal-
ity with state-of-the-art solvers like BARON (Sahinidis, 2025),
ANTIGONE (Misener and Floudas, 2014) and SCIP (SCIP
Team, 2024).

3.4. Reformulation as MIQCP

To further enhance the optimisation efficiency, the non-
convex MINLP model is reformulated as an MIQCP, which can
be solved more effectively using commercial solvers such as
CPLEX (IBM, 2022) and Gurobi (Gurobi Optimization LLC,
2024). This transformation aims to formulate an exact optimi-
sation model that leverages its inherent mathematical structure
to enhance computational performance.

In order to derive the quadratic constraints, we first define
a new positive continuous variable Zk

i that replaces all the
square root terms in Equation (12). It is worth noting that
∑ j∈V (δuk

ji)
2z j =∑ j∈V (δuk

ji)
2z2

j . Then, the following constraint
is formulated:

Zk
i

2 ≤ ∑
j∈V

(δuk
ji)

2z j, ∀i ∈V,k ∈ K. (34)

In order to avoid the remaining cubic term in Equation (12),
positive continuous variables Xk

i and Y k
i are introduced:

Xk
i ≤ 1−Zk

i , ∀i ∈V,k ∈ K. (35)

Y k
i ≤ (1−Zk

i )(1−Zk
i ), ∀i ∈V,k ∈ K. (36)

Thus, Equation (14) is transformed as follows:

 Bk
i,1

Uk
i ≤Uin
Pk

i = 0

⊻


Bk
i,2

Uin ≤Uk
i <Urate

Pk
i ≤ 1

2 ρACpU3
∞Xk

i Y k
i +Mi(1− zi)

0 ≤ Pk
i ≤ Mizi


⊻

 Bk
i,3

Urate ≤Uk
i <Uout

Pk
i = 1

2 ρACp U3
rate zi

⊻
 Bk

i,4
Uk

i ≥Uout
Pk

i = 0

 ,
i ∈V,k ∈ K, Bk

i, j ∈ {True, False}, j = 1,2,3,4,
(37)

which is coverted to algebraic constraints via the big-M refor-
mulation with Pyomo.GDP extension before being solved.

To sum up, the MIQCP is defined with the objective func-
tion (18), subject to constraints (10), (15)–(17), (19)–(37). The
significance of this MIQCP reformulation is that it can be
solved much more efficiently with the solver Gurobi (Gurobi
Optimization LLC, 2024), compared to the MINLP solvers
BARON (Sahinidis, 2025), ANTIGONE (Misener and Floudas,
2014) and SCIP (SCIP Team, 2024), as will be shown in the nu-
merical results (see Table 6).

3.5. Bilevel Decomposition Method

To make larger-scale wind farms tractable, a bilevel decom-
position method is proposed as shown in Fig. 5. The upper-level
optimization problem is formulated based on the integrated op-
timization framework, wherein both the power generation and
cable cost terms are simultaneously replaced by linear approxi-
mations to provide an upper bound. The lower-level optimiza-
tion problem constitutes a WFCR problem with the turbine lay-
out fixed from the upper-level solution, yielding a lower bound.
Furthermore, integer cuts are incorporated into the algorithm to
facilitate effective exploration of the solution space. Parameter
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Layout result

Upper-level Optimization
Solve approximate MINLP for wind turbine 

site selection and cable connection

Obtain Upper Bound (UB)

Lower-level Optimization

Obtain Lower Bound (LB)

 Solve MILP for cable design optimization

rth > Nite_max or
LB does not improve over ∆Nite or

UB-LB ≤ ɛ

yesno

Integer Cut
Parameter adjustment Feasible?

Stop
Solution=LB

Stop
Solution=LB

yes

no

Figure 5: Bilevel decomposition method.

adjustments are applied to guide the upper-level optimization
toward solutions that more closely approximate the original in-
tegrated formulation, ensuring a monotonically non-increasing
upper bound. The procedure terminates upon satisfaction of the
prescribed termination criterion.

Upper-level Optimization. Fig. 6 shows a linear approxi-
mation used to approximate the power curve in the partial load
region. Thus, Equation (14) is transformed as follows:

 Bk
i,1

Uk
i ≤Uin
Pk

i = 0

⊻


Bk
i,2

Uin ≤Uk
i <Urate

Pk
i ≤ ap ·Uk

i +bp − padj +Mi(1− zi)
0 ≤ Pk

i ≤ Mizi


⊻

 Bk
i,3

Urate ≤Uk
i <Uout

Pk
i = 1

2 ρACp U3
rate zi

⊻
 Bk

i,4
Uk

i ≥Uout
Pk

i = 0

 ,
ap =

Prate

Urate −Uin
, bp =− Prate ·Uin

Urate −Uin
,

i ∈V,k ∈ K, Bk
i, j ∈ {True, False}, j = 1,2,3,4,

(38)
where ap, bp are the parameters of the linear function. The lin-
ear approximation overestimates the wind turbine’s power gen-
eration. To ensure a monotonic decrease of the upper bound,
we introduce a parameter padj and increase its value during the
bilevel iteration process. In theory, it steers the optimization to-
wards better layout result with more accurate power generation
estimation.

Fig. 7 shows the linearization approximation of the unit cable
cost:

costcab,i j = ac · f̄i j +bc + cableadj,

ac =
cost2cab − cost1cab

cap2 − cap1 ,

bc = cost1cab −
(cost2cab − cost1cab) · cap1

cap2 − cap1 ,

(39)

where ac, bc are the parameters of the linear function, costtcab
and capt represent the unit price and capacity limitation of cable

Cut-in 
region

Partial load 
region

full load 
region

Cut-out
region

Original Power curve 
Linearized Power curve

Figure 6: Linear approximation of power curve.

type t, respectively. A parameter cableadj is added and increased
during iterations. f̄i j represents the average electrical current
between nodes i and j:

∑
j∈V∪S, j,i

f̄i j = ∑
j∈V∪S, j,i

f̄ ji + P̄i, ∀i ∈V, (40)

P̄i =
1
|K| ∑k

Pk
i . (41)

Thus, the CAPEX is transformed from Equation (17) as fol-
lows:

CAPEX = ∑
i∈V

costwt · zi + ∑
i, j∈V∪S

costcab,i j ·disti j ·yi j. (42)

The upper-level optimization problem is defined with objec-
tive function (18), subject to constraints (10), (15)–(16), (22)–
(33), (38)–(42).

Original unit price
Linearized unit price

Figure 7: Linear approximation of unit cable cost.

Lower-level Optimization. The lower-level optimization is
performed based on the fixed layout results obtained from the
upper-level optimization. Once the binary variable zi is deter-
mined, the variables Pk

i and Uk
i are uniquely determined, which

avoids nonlinear computations. Accordingly, the lower-level
optimization is formulated as a Mixed Integer Linear Program
(MILP), which can yield optimal solutions efficiently.

Integer cut. To enforce the exploration of distinct solutions,
the following integer cut is imposed on the layout variables and
added to the upper-level optimization problem at each iteration:

∑
i∈V0

zi − ∑
i∈V\V0

zi ≤ |V0|−1, (43)
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where V0 denotes the set of positions selected in a previous it-
eration. This constraint excludes the specific layout defined by
from V0 being reconsidered, thereby ensuring progressive di-
versification of solutions across iterations.

Parameter adjustment. Since the linear approximation
overestimates the wind power generation and underestimates
the cable costs, a core part of the iterative process is to progres-
sively mitigate these deviations, which theoretically guides the
upper-level optimization toward solutions that more closely ap-
proximate the original integrated optimization. Thus, padj and
cableadj are updated during the r-th iteration based on the fol-
lowing equations:

pr
adj = pr−1

adj +∆p, (44)

cabler
adj = cabler−1

adj +∆costcab, (45)

where ∆p and ∆costcab are positive correction parameters.
Termination condition. Although integer cuts help explore

diverse solutions and parameter adjustments guide the upper-
level problem toward better solutions, they do not guarantee im-
provement in the lower-level objective at every iteration. There-
fore, the lower bound is updated only when an improvement is
observed. The iteration stops when any of the following condi-
tions holds: (a) The lower bound shows no improvement over
∆Nite consecutive iterations. (b) The number of iterations ex-
ceeds the maximum iteration limit rth > Nite_max. (c) The gap
between the upper bound UB and the lower bound LB falls
within a prescribed tolerance ε , i.e., UB−LB ≤ ε .

4. Computational Results

This section first presents the wind farm parameter set-
tings, then compares the computational performance of differ-
ent solvers across problem instances of varying scales, and fi-
nally validates the superiority of the proposed integrated op-
timization model against three alternative modeling strategies.
All models are implemented in Python using the open-source
algebraic modeling language Pyomo (Hart et al., 2017). The
wake model is implemented in PyTorch, enabling efficient com-
putation of wake decay coefficients via tensor-based model-
ing. All experiments are conducted on a Linux server running
Ubuntu, equipped with 125 GB of RAM and an Intel® Xeon®

Silver 4410Y processor with 24 physical cores and 48 logical
processors, utilizing up to 8 threads.

4.1. Wind Farm Parameters

4.1.1. Wind Farm Set-up
All turbines in the wind farm are of the same type, the Ves-

tas V80 2-MW turbines, each with a diameter of 80 m and a
hub height of 70 m. The minimum separation distance Dmin
between turbines is set to three rotor diameters (Fischetti and
Fischetti, 2023). The cut-in, rated, and cut-out wind speeds of
the Vestas V80 2-MW turbines are 4 m/s, 16 m/s, and 24 m/s,
respectively. The greedy control strategy is adopted for all tur-
bines, with control variables set to o = 0 and α = 1/3. The air
density ρ is set to 1.225 kg/m3.

4.1.2. Wind Resource Information
The statistical parameters of wind direction and wind speed

at the target site are shown in Table 1 (Park and Law, 2015).
The probability mass function Pr(θW

k ) represents the relative
occurrence of the discretized wind directions θW

k . The corre-
sponding conditional wind speed probability density function
PDF(U |θW

k ) is modeled using the Weibull distribution (Hal-
linan Jr, 1993). The wind speed is divided into six inter-
vals, yielding 72 wind scenarios with probabilities πk (k ∈ K,
|K|= 72). The resulting wind rose is shown in Fig. 8.

Table 1: Statistical wind data at the target site.

k θW
k (°) Pr(θW

k ) PDF (U |θW
k )

Scale factor
λk

Shape
factor Γk

1 0 0.066 9.98 2.55
2 30 0.044 8.15 2.35
3 60 0.043 8.86 2.05
4 90 0.051 8.65 2.11
5 120 0.096 10.55 2.28
6 150 0.114 11.27 2.29
7 180 0.111 10.94 2.28
8 210 0.121 11.08 2.23
9 240 0.115 11.50 2.40

10 270 0.087 11.28 2.63
11 300 0.065 10.96 2.74
12 330 0.089 11.35 2.81
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12-16 m/s
16-24 m/s
24-  m/s

Figure 8: Wind rose map for wind distribution.

4.1.3. Other Parameters
The remaining model parameters are primarily drawn from

the literature and appropriately adjusted to ensure realistic sim-
ulation conditions (Presser et al., 2023; Cerveira et al., 2024;
Cao et al., 2025). The main economic parameters are listed
in Table 2. To demonstrate the generalizability of the proposed
model, two cable types and two substations are considered in all
case studies; their parameters are given in Tables 3 and 4, re-
spectively. The two substations are located at the one-third and
two-thirds points along the diagonal of the square wind farm
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area, where L f denotes the side length of the square wind farm.
This configuration demonstrates that the model can readily ac-
commodate a wider variety of cable types and substations by
simply adjusting its parameters.

Table 2: Parameters related to cost.

Total operation
hours in one year

H (h)

Unit annual O&M
cost OPEXunit

($/KW/yr)

Turbine
investment costwt

(M$/each)

8760 40 2

Electrical price
pkwh ($/KWh)

Project length L
(year)

Interest rate r (%)

0.07 25 6

Table 3: Parameters related to cables.

Cable type Capacity (KW) Price ($/m)

1 2000 135
2 8000 250

Table 4: Parameters related to substations.

Substation index Cmax,s Location (m)

1 4 ( 1
3 L f , 1

3 L f )

2 3 ( 2
3 L f , 2

3 L f )

4.2. Comparison of Different Methods

To systematically evaluate the computational performance
of the proposed models across different problem scales, four
benchmark cases are designed. The cases differ along three di-
mensions: (1) the number of candidate turbine positions (30,
40, 50, and 70, respectively); (2) the maximum number of in-
stallable turbines (5, 10, 15, and 25, respectively), with a min-
imum installation of 5 turbines in all cases; and (3) the wind
farm domain dimensions (2500 m×2500 m, 3000 m×3000 m,
3500 m×3500 m, and 5000 m×5000 m, respectively). The
complete problem dimensions are summarized in Table 5.
Since the MIQCP reformulation introduces additional contin-
uous variables, the numbers of continuous variables and con-
straints are reported separately for the MINLP and MIQCP for-
mulations.

The MINLP model is solved using global optimization
solvers BARON, ANTIGONE, and SCIP. The MIQCP model,
along with the upper-level and lower-level subproblems in the
bilevel decomposition method, are solved via Gurobi. The rel-
ative optimality gap (MIP Gap) is set to 0.01 for the MINLP;
0.01 and 0.001 for the MIQCP; and 0.01 and 0.0001 for the
upper-level and lower-level optimizations, respectively. The
time limit is set to 48 hours for all methods. The bilevel de-
composition parameters are: Nite_max = 40, ∆Nite = 10.

The comparative results are summarized in Table 6. Fig. 9
illustrates the convergence behavior of the bilevel decomposi-
tion method: the upper bound decreases monotonically while
the lower bound increases, and the method terminates when
∆Nite = 10 is satisfied.

Figure 9: Variation of upper and lower bounds during bilevel decomposition
iterations (Case 4).

Case 1 (small-scale). All solvers obtain feasible solutions
within the time limit. Gurobi solves the MIQCP in 14 seconds
(gap 0.01) or 19 seconds (gap 0.001), outperforming BARON
(15 min), ANTIGONE (1.2 h), and SCIP (39 s) by at least one
order of magnitude, demonstrating the computational advan-
tage of the MIQCP reformulation. The bilevel decomposition
method obtains an NPV of 7.8236 MUSD within 4.4 minutes,
matching the MIQCP solution at gap 0.001, which shows that
even on small-scale instances the bilevel method achieves so-
lution quality comparable to exact solving, albeit at a slightly
higher computation time than direct Gurobi solve.

Case 2 (medium-scale). BARON (38.9 min), ANTIGONE
(35.9 min), and SCIP (1.9 h) all produce feasible solutions,
while Gurobi achieves comparable or better NPV in less time
(14.0–19.7 min). The bilevel decomposition method finds an
NPV of 15.3206 MUSD in 10.4 minutes, only 0.14% below the
best Gurobi result (15.3417 MUSD) obtained over 19.7 hours.
It is also worth noting that the three MINLP solvers do not
exhibit a consistent performance ordering across cases; cross-
validation with multiple solvers is therefore recommended in
practice.

Case 3 (large-scale). When the problem scales to 50 can-
didate positions and up to 15 turbines, BARON, ANTIGONE,
and SCIP all fail to find any feasible solution within 48 hours,
exposing the computational bottleneck of directly solving the
non-convex MINLP at this scale. Gurobi obtains a near-
optimal MIQCP solution with NPV 22.2926 MUSD (gap
0.01) in 22.3 hours, and further tightens the gap to 0.006
(NPV 22.3244 MUSD) over the full 48-hour budget, val-
idating that the MIQCP reformulation substantially extends
the tractable problem scale while preserving global optimality
guarantees. The bilevel decomposition method obtains NPV
22.3194 MUSD in 6.7 minutes — 0.12% above the 22.3-hour
Gurobi result and only 0.022% below the 48-hour Gurobi result
— compressing computation time by approximately 200-fold
without meaningful degradation in solution quality.
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Table 5: Problem dimensions of the four cases.

Parameters Case 1 Case 2 Case 3 Case 4

L f (m) 2500 3000 3500 5000
Candidate positions 30 40 50 70
Max turbines 5 10 15 25
Cont. vars∗ 15,889/21,288 25,969/33,168 38,449/47,448 70,609/83,208
Disc. vars 10,302 14,932 20,162 32,422
Constraints∗ 43,959/43,940 63,783/63,768 86,226/86,172 138,902/138,812
∗ Size of MINLP/MIQCP.

Table 6: Performance comparison of global optimization solvers.

Solver Case 1 Case 2

Time NPV (MUSD) Gap Time NPV (MUSD) Gap

BARON1 15.0 min 7.7664 0.01 38.9 min 15.1553 0.01
ANTIGONE1 1.2 h 7.7984 0.01 35.9 min 15.3123 0.01
SCIP1 39 s 6.8223 0.01 1.9 h 15.3428 0.01
Gurobi2 14 s 7.7928 0.01 14.0 min 15.2982 0.01
Gurobi2 19 s 7.8236 0.001 19.7 min 15.3417 0.01
Bilevel Decomp.2 4.4 min 7.8236 0.01 10.4 min 15.3206 0.01

Solver Case 3 Case 4

Time NPV (MUSD) Gap Time NPV (MUSD) Gap

BARON1 48 h — — 48 h — —
ANTIGONE1 48 h — — 48 h — —
SCIP1 48 h — — 48 h — —
Gurobi2 22.3 h 22.2926 0.01 48 h 35.5338 0.042
Gurobi2 48 h 22.3244 0.006 48 h 35.5338 0.042
Bilevel Decomp.2 6.7 min 22.3194 0.01 34.4 min 36.1540 0.01

1 Big-M MINLP; 2 MIQCP. “—” indicates no feasible solution found within the time limit.

Case 4 (larger-scale). With 70 candidate positions and
up to 25 turbines, all MINLP solvers remain infeasible
within 48 hours. Gurobi solves the MIQCP to an NPV of
35.5338 MUSD but with a gap of 0.042 after 48 hours, indicat-
ing that the problem complexity has exceeded what the MIQCP
alone can handle within a practical budget. The bilevel decom-
position method obtains NPV 36.1540 MUSD in just 34.4 min-
utes — 1.74% higher than the Gurobi result at a fraction (less
than 1.2%) of the computation time — demonstrating its most
pronounced advantage at this scale.

Based on the above results, we recommend the following so-
lution strategy: for small-scale problems (up to 40 candidate
positions), both MINLP and MIQCP formulations are applica-
ble and multiple solvers should be tested; for medium- to large-
scale problems (40–70 positions), the MIQCP with Gurobi pro-
vides reliable global optimality, while the bilevel decomposi-
tion method serves as an efficient alternative under tight time
budgets; for larger-scale problems (more than 70 positions),
the bilevel decomposition method is recommended as the pri-
mary strategy to obtain high-quality near-optimal solutions in
reasonable time. Overall, the relative advantage of the bilevel
decomposition method in balancing solution quality and com-
putational efficiency grows more pronounced as the problem

scale increases.

4.3. Comparison of Different Models
Integrated optimization enables a balanced trade-off between

initial capital investment and long-term power generation rev-
enue, thereby maximizing the overall economic performance
of the wind farm. To further demonstrate the significance and
practical value of this study, we compare the following four
modeling strategies using Cases 3 and 4 as benchmarks. For
the results of Model 4, Case 3 results are obtained by Gurobi
solving the MIQCP model, and Case 4 results are obtained by
the bilevel decomposition method.

• Model 1: Integrated optimization without wake effect.
Wake effects are neglected; all turbines are assumed to
fully utilize the ambient wind speed U∞, and power gener-
ation is calculated as:

Pk
i =



0, Uk
∞ <Uin,

1
2

ρACp(Uk
∞)

3zi, Uin ≤Uk
∞ <Urate,

1
2

ρACpU3
ratezi, Urate ≤Uk

∞ <Uout,

0, Uk
∞ ≥Uout.

(46)
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Table 7: Optimization results for Case 3 under different models.

Model AEP (kWh) OPEX (MUSD) CAPEX (MUSD) NPV (MUSD)

1 Integrated opt. without wake effect 73,366,485 1.1658 31.1760 19.5721
2 Integrated opt. with linear wake model 74,490,341 1.1658 31.2987 20.4550
3 Two-stage opt. with nonlinear wake model 77,194,308 1.1658 32.2258 21.9475
4 Integrated opt. with nonlinear wake model (Proposed) 77,079,311 1.1658 31.7460 22.3244
∗ Model 4 results are obtained by Gurobi solving the MIQCP model

（a）Model 1 Integrated optimization 
without wake effect

（b）Model 2 Integrated optimization 
with simplified linear wake effect

（c）Model 3 Two-stage optimization 
with nonlinear wake model

（d）Model 4 Integrated optimization 
with nonlinear wake model

Figure 10: Optimal layout and cable routing designs for Case 3 under different models.

• Model 2: Integrated optimization with simplified lin-
ear wake model. Following Fischetti et al. (2015b) and
Fischetti and Fischetti (2023), the wake effect is linearized
with superposition assumed. The AEP is reformulated as:

AEP = H · ∑
k∈K

π
k ·

(
∑
i∈V

Pk
i − ∑

i∈V
∑
j∈V

Ik
i jyi j

)
, (47)

where Pk
i is given by Eq. (46), and Ik

i j denotes the wake
interference experienced by turbine j due to turbine i under

scenario k:

Ik
i j =


0, U∞ <Uin,

1
2

ρACp(U∞δui j)
3, Uin ≤U∞ <Urate,

0, U∞ ≥Urate.

(48)

• Model 3: Two-stage optimization with nonlinear wake
model. The problem is solved sequentially: the first
stage determines the optimal turbine layout by maximiz-
ing power generation under the nonlinear wake model; the
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second stage optimizes the cable routing given the fixed
layout.

• Model 4: Integrated optimization with nonlinear wake
model (proposed). The proposed model jointly optimizes
turbine layout and cable routing while accounting for the
accurate nonlinear wake model.

To ensure a fair comparison, the final performance metrics
of all four models are evaluated under the same nonlinear wake
model with identical parameter settings.

4.3.1. Results for Case 3
The results for Case 3 are shown in Table 7, and the cor-

responding layout and cable routing designs are illustrated in
Fig. 10. The OPEX values are identical across all four mod-
els (1.1658 MUSD), since each model ultimately installs the
maximum allowed number of turbines (15 units), and OPEX is
proportional to installed capacity.

Model 1 neglects wake effects entirely, providing no in-
centive for the optimizer to disperse turbines. The resulting
dense layout (Fig. 10(a)) minimizes CAPEX (31.1760 MUSD)
but yields the lowest AEP (73,366,485 kWh) and NPV
(19.5721 MUSD) when evaluated under the nonlinear wake
model. Model 2 incorporates a linearized wake model that
systematically underestimates actual wake losses, leading to a
similarly dense layout (Fig. 10(b)) with only marginal improve-
ments in AEP (74,490,341 kWh) and NPV (20.4550 MUSD).
These results confirm that neglecting or oversimplifying wake
effects causes the integrated optimizer to converge to subopti-
mal layouts that severely undervalue the benefit of turbine spac-
ing.

Driven purely by power maximization in its first stage, Model
3 produces a highly dispersed layout (Fig. 10(c)) that achieves
the highest AEP (77,194,308 kWh) among all models. How-
ever, the wide turbine spacing substantially increases cable
lengths, resulting in the highest CAPEX (32.2258 MUSD). Al-
though the second-stage WFCR optimization yields the opti-
mal cable design for the fixed layout, the inherent objective
misalignment between the two stages prevents Model 3 from
matching the NPV achieved by the proposed integrated ap-
proach (21.9475 vs. 22.3244 MUSD).

The proposed Model 4 jointly optimizes turbine placement
and cable routing under the nonlinear wake model (Fig. 10(d)),
achieving a global balance between power generation revenue
and cable investment cost. Compared to Model 3, Model 4
adopts a moderately more compact layout that reduces CAPEX
to 31.7460 MUSD (a saving of 0.4798 MUSD) at the cost
of a small reduction in AEP (77,079,311 kWh, approximately
115,000 kWh less than Model 3). The resulting NPV of
22.3244 MUSD is 14.06%, 9.14%, and 1.72% higher than
Models 1, 2, and 3, respectively, confirming the economic value
of the integrated optimization framework.

4.3.2. Results for Case 4
Case 4 extends to 70 candidate positions and up to 25 tur-

bines in a 5000 m×5000 m wind farm, representing the largest

instance in this study. The results are presented in Table 8 and
Fig. 11. The OPEX is uniformly 1.943 MUSD across all mod-
els, consistent with all models converging to the maximum al-
lowed turbine count of 25 units. The patterns observed in Case
3 are replicated at this larger scale and the performance differ-
ences between models are further amplified.

Model 1 again produces a dense layout (Fig. 11(a)) in the
larger 5000 m×5000 m domain, yielding an AEP of only
122,507,172 kWh (approximately 5% below Model 4) and the
lowest NPV (31.8828 MUSD). Model 2’s linear wake approxi-
mation, while better than ignoring wake effects entirely, still re-
sults in a denser-than-optimal layout (Fig. 11(b)) with notably
lower AEP (123,819,382 kWh) and NPV (33.0375 MUSD). As
wind farm area increases, inaccurate wake modeling exerts a
greater influence on layout decisions and the NPV gap versus
Models 3 and 4 widens.

Model 3 produces a highly dispersed layout of 25 turbines
(Fig. 11(c)) that achieves the highest AEP (128,665,431 kWh).
However, the extensive spacing significantly increases total ca-
ble length, raising CAPEX to 54.6974 MUSD — the highest
among all models. Compared to Case 3, the excess CAPEX at-
tributable to Model 3 is more pronounced in Case 4, illustrating
that the cost penalty of ignoring cable economics in the layout
stage grows with wind farm scale, ultimately limiting the NPV
to 35.5988 MUSD.

Model 4 globally coordinates layout and cable routing, ac-
cepting a modest AEP reduction of 361,000 kWh (0.28% below
Model 3) in exchange for a CAPEX saving of 0.8787 MUSD
(1.61%), yielding the highest NPV of 36.1540 MUSD —
13.40%, 9.43%, and 1.56% above Models 1, 2, and 3, respec-
tively.

The proposed integrated optimization framework, which in-
corporates an accurate nonlinear wake model, consistently
achieves the highest NPV across both problem scales by pre-
cisely coordinating the trade-off between power generation rev-
enue and cable investment, validating the effectiveness and gen-
eralizability of the proposed methodology.

5. Conclusion

In this paper, we have addressed the integrated optimiza-
tion of the Wind Farm Layout Optimization (WFLO) and Wind
Farm Cable Routing (WFCR) problems in the wind farm design
stage. An MINLP model incorporating a high-fidelity nonlinear
wake model is first developed, which can be solved directly by
state-of-the-art global optimization solvers, including BARON,
ANTIGONE, and SCIP. To enhance computational efficiency
and extend tractability to larger-scale problem instances, a re-
formulation as a Mixed-Integer Quadratically Constrained Pro-
gram (MIQCP) and a bilevel decomposition method are further
proposed, with both solution strategies implemented in Gurobi.
Computational results demonstrate that the integrated optimiza-
tion framework under the nonlinear wake model yields substan-
tial improvements in the economic performance of wind farm
design, and can be solved effectively with the proposed meth-
ods.
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Table 8: Optimization results for Case 4 under different models.

Model AEP (kWh) OPEX (MUSD) CAPEX (MUSD) NPV (MUSD)

1 Integrated opt. without wake effect 122,507,172 1.943 51.9028 31.8828
2 Integrated opt. with linear wake model 123,819,382 1.943 52.9224 33.0375
3 Two-stage opt. with nonlinear wake model 128,665,431 1.943 54.6974 35.5988
4 Integrated opt. with nonlinear wake model (Proposed) 128,303,816 1.943 53.8187 36.1540
∗ Model 4 results are obtained by the bilevel decomposition method

（a）Model 1 Integrated optimization 
without wake effect

（b）Model 2 Integrated optimization 
with simplified linear wake effect

（c）Model 3 Two-stage optimization 
with nonlinear wake model

（d）Model 4 Integrated optimization 
with nonlinear wake model

Figure 11: Optimal layout and cable routing designs for Case 4 under different models.
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