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Abstract

In offshore wind farm micro-siting, maximizing annual power generation across all wind
directions often involves a trade-off among different directional conditions, especially when
the primary and secondary wind directions account for most wind energy. To address
this issue, this paper proposes a turbine layout strategy combining horizontal and vertical
staggering. The objective function maximizes the simplified capital efficiency (power
generation per unit capital cost) under the primary and secondary wind directions, for
which a layout optimization model is constructed and solved using the Tian Ji’s Horse
Racing Algorithm (THRO). A case study on an offshore wind farm validates the proposed
approach. Results show that, compared with manual empirical layout and the GA-PSO
algorithm, the proposed strategy significantly improves the simplified capital efficiency
under the primary and secondary wind directions, while also enhancing overall power
generation efficiency across all wind directions. This offers a new technical pathway for
offshore wind farm micro-siting. Additionally, the THRO algorithm converges within
30 iterations, outperforming conventional optimization algorithms and demonstrating its
effectiveness in solving such optimization problems.

Keywords: offshore wind farm; micro-siting; primary and secondary wind directions;
horizontal staggering; vertical staggering; THRO algorithm

1. Introduction
With the continuous growth in electricity demand, the non-renewable nature of tra-

ditional fossil energy and its environmental impacts have made the development and
utilization of renewable energy a major trend in the energy sector. In recent years, wind
power technology in China has become increasingly mature, with a steadily expanding
scale of deployment. Among various renewable energy sources, offshore wind energy has
become one of the primary directions for wind power development due to its abundant
and stable resources, lower wind shear, proximity to load centers, and minimal occupation
of land resources [1]. Recent studies have also investigated the integration of offshore wind
with other systems [2], further highlighting its potential in the energy transition. However,
offshore wind farms are constrained by limited available sea space. In addition, low tur-
bulence intensity and slow wake recovery result in greater wake losses compared with
onshore wind farms, making micro-siting (i.e., the optimal arrangement of wind turbines)
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crucial for improving power generation efficiency and capital efficiency. Therefore, the
question of how to achieve an efficient and scientific turbine layout optimization has be-
come a key issue that urgently needs to be addressed in offshore wind energy development.
Figure 1 shows a typical offshore wind farm.

 

Figure 1. Offshore wind farm.

Wind turbine layout strategies primarily involve two aspects: the staggered arrange-
ment of turbines and the determination of the primary wind direction. Research on
staggered layout strategies has focused on two dimensions, namely, horizontal staggering
and vertical staggering. Since the pioneering work of Reference [3] on offshore wind
farm micro-siting, numerous studies have concentrated on horizontal layout optimization.
Moreover, the influence of wind shear on wake effects has prompted many researchers to
investigate vertical staggering among wind turbines [4]. By assigning different hub heights,
a vertical distance can be imposed between adjacent turbines, providing an alternative
means to more efficiently utilize wind energy resources and limited sea areas. Reference [5]
investigated the feasibility of applying two different hub heights to turbines arranged in a
straight line, and the results indicated that using wind turbines with varying hub heights
may contribute to higher power output. Reference [6] examined the impact of vertical
arrangement on wind farm power output, and the findings showed that when the hub
height of some turbines was reduced from 78 m to 50 m, the overall power output of the
wind farm increased. In staggered layouts, the determination of certain parameters, such
as the staggering spacing, requires the selection of an appropriate wake model to quantify
the influence of upstream turbines on downstream turbines. Therefore, the wake model
constitutes one of the key aspects in the study of wind farm micro-siting layout schemes.
Commonly used wake models include the Jensen model [7], the Gaussian model [8], com-
putational fluid dynamics (CFD) simulations [9], and the FLORIS model [10]. These widely
adopted models cover engineering analytical models, semi-analytical models, and high-
fidelity numerical models. A significant trade-off exists among these models in terms of
computational efficiency and accuracy: high-fidelity numerical models offer the highest
accuracy but at a prohibitive computational cost; semi-analytical models strike a balance
between computational complexity and accuracy; while engineering analytical models,
despite their limited precision in capturing detailed wake characteristics, still demonstrate
significant advantages in offshore wind farm layout optimization. Reference [11] compared
onshore and offshore wind farm performance in the Baltic Sea using the Jensen wake
model, finding that offshore achieves 1.5–1.7 times higher energy density but roughly 25%
higher LCOE.

Optimization of wind farm layout under multi-wind-direction conditions has become
a research consensus in this field. In the pioneering work on wind farm micro-siting [3],
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three wind condition scenarios were already considered, including a single wind direction,
a constant wind speed with varying directions, and variations in both wind speed and direc-
tion. Subsequent studies have largely followed this approach, employing multi-directional
sector partitioning for wind condition modeling and layout testing. Reference [12] particu-
larly emphasized that wind direction discretization plays a critical role in wind farm layout
optimization. Moreover, the influence of wind direction variation on power generation
cannot be overlooked: Reference [13] employed a CFD method to simulate the power
generation performance of a wind farm under all wind directions. The results indicate that
a 20◦ deviation in wind direction can cause the total power output to fluctuate by up to 30%.
To quantify this effect, Reference [14] introduced a wind-direction sensitivity index and
proposed a layout optimization strategy that reduces sensitivity through local adjustments.
Reference [15] took the Lillgrund offshore wind farm as the research object and employed
the large-eddy simulation (LES) method to systematically quantify the sensitivity of wind
farm performance to layout schemes. The results indicate that the power generation of the
wind farm varies significantly under different inflow directions, and the performance of
the layout scheme is closely related to the incoming wind direction.

The aforementioned studies indicate that wind direction variation exerts a significant
influence on wind farm performance; nevertheless, the existing optimization frameworks
still suffer from limitations in objective function formulation. Specifically, these limitations
manifest in the fact that current studies typically adopt a single global objective, such
as maximizing annual energy production (AEP) or minimizing levelized cost of energy
(LCOE), as the optimization target. This practice implicitly presumes that the layout
scheme must make a comprehensive trade-off across all wind directions without explicit
prioritization among them, i.e., pursuing a compromise solution. Such an approach may
constrain power generation in the primary wind direction. Studies have shown that
when wind resources are relatively dispersed without a clearly primary direction, this
type of all-direction comprehensive optimization tends to result in a relatively uniform
dispersion of turbines across various sectors of the wind farm [16]. However, for wind
farms characterized by a pronounced primary wind direction, the wind energy contribution
from the primary direction often far exceeds that from other directions. Sacrificing the
power generation potential of the primary direction for the sake of non-primary directions
with lower energy density is economically questionable. Therefore, in wind farms with a
clear primary wind direction, excessively pursuing an all-direction balanced layout may
undermine the power generation potential in the primary direction and may not ultimately
be conducive to maximizing annual energy production across all wind directions. In
their study on the Lillgrund wind farm, Reference [15] observed that the actual wind rose
exhibited a distinct two-sector characteristic, and therefore specifically adopted a two-sector
wind rose in their optimization. This suggests that the all-direction comprehensive trade-off
layout strategy is not necessarily optimal under all wind conditions.

Numerous studies have employed intelligent algorithms for offshore wind farm micro-
siting optimization. The intelligent algorithms adopted include the genetic algorithm
(GA) [17], particle swarm optimization (PSO) [18], and the GA-PSO hybrid algorithm [18],
among others. Reference [19] proposed a genetic algorithm based on a bi-objective in-
telligent optimization model incorporating both profit margin and wind farm layout.
Reference [20] introduced an improved genetic algorithm that combines binary encoding
and real-number encoding, with annual energy production, construction cost, and wind
energy utilization rate as the objective functions, thereby expanding the solution space
of the micro-siting problem. Reference [3] optimized the turbine layout procedure and
proposed a grid-based search algorithm using a genetic algorithm. Reference [21] devel-
oped an adaptive weight-based GA-PSO hybrid algorithm that integrates GA and PSO.
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Reference [22] developed a greedy algorithm to assign different tower heights and posi-
tions to wind turbines. Reference [23] developed an NPV-driven simulation-optimization
framework that sequentially optimizes wind turbine design and farm layout, applied to
two onshore sites in Egypt and Oman.

However, the aforementioned studies suffer from the following limitations: (1) In
terms of layout strategies, only lateral offsets or longitudinal offsets are applied between
adjacent turbines, i.e., wake effects are mitigated solely through either horizontal staggering
or vertical staggering in isolation. (2) With regard to optimization objectives, if other wind
directions contribute only marginally to the total AEP due to low energy density, compro-
mising the performance of the primary direction for their sake may not be economically
justified. (3) Concerning solution algorithms, the genetic algorithm is prone to premature
convergence, while particle swarm optimization tends to suffer from diversity loss in the
population during later stages, leading to search stagnation.

Based on the above analysis, this study proposes an alternative layout strategy: the
optimization objective is set to maximize the simplified capital efficiency under the primary
and secondary wind directions, aiming to perform targeted optimization on the directions
with the highest energy density, thereby avoiding the inherent trade-off among directions
in all-direction optimization. Furthermore, by integrating the identification of primary and
secondary wind directions with a combined horizontal and vertical staggered layout, this
study seeks to explore a novel layout paradigm for wind farms characterized by a wind
rose with pronounced primary directions. The Tian Ji’s Horse Racing Optimization (THRO)
algorithm is employed for solving the optimization problem. Inspired by the ancient
Chinese fable of “Tian Ji’s Horse Racing,” this algorithm enables population individuals
to adaptively select update strategies based on their current fitness levels through dual-
population co-evolution and five dynamic competition strategies, thereby achieving flexible
switching between global exploration and local refinement. Finally, simplified capital
efficiency across all wind directions is adopted as a comprehensive performance evaluation
metric to verify the effectiveness of the proposed strategy.

In this study, we focus on hub-height optimization for a fixed horizontal staggered
layout, rather than optimizing turbine coordinates. This approach is motivated by the
practical need to improve wind farm performance through vertical staggering while main-
taining a regular horizontal arrangement. Finally, an offshore wind farm site is taken as the
case study to conduct micro-siting optimization, with the aim of providing a reference for
practical wind turbine layout.

2. Power Output Calculation of Wind Farms Considering Wake Effect
2.1. Fundamental Assumptions of the Jensen Wake Model

The marine environment is generally characterized by stable wind conditions, a near-
neutral atmospheric boundary layer, low sea surface roughness, and the absence of complex
terrain interference. These features are highly consistent with the assumptions of uniform
steady inflow and neutral atmospheric stratification underlying the Jensen model. More-
over, the wake expansion behavior in such settings is primarily governed by ambient
turbulence, and the linear expansion assumption has been well validated empirically in
open sea areas. More importantly, large-scale offshore wind farms, particularly those in
sea regions, require frequent calls to the wake model within the optimization algorithm
for scheme evaluation during layout optimization. The Jensen model, with a single com-
putation time on the order of microseconds, can significantly enhance design efficiency
when embedded in large-scale optimization loops. Compared with onshore wind farms,
offshore wind farms are characterized by much flatter terrain, and thus the Jensen wake
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model is sufficient for reliable simulation. A schematic diagram of the wake effect is shown
in Figure 2.
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Figure 2. Schematic diagram of wake effects.

The Jensen wake model relies on the following key assumptions:
(1) Uniform radial velocity distribution in the wake: it is assumed that the wind

speed distribution at any cross-section within the wake region is uniform, i.e., a ‘top-hat’
velocity profile is adopted. In the Jensen wake model, the wake velocity distribution at a
downstream distance x is given by:

u(r) =

{︄
uw, r ≤ R(x)
u0, r > R(x)

(1)

where u(r) denotes the wind speed at the wake boundary at the rotor plane; uw represents
the wind speed within the wake cross-section; u0 is the upstream wind turbine wind speed.

(2) Linear wake expansion: the wake influence radius increases linearly with the
downstream distance from the turbine, and the expansion rate is determined by the wake
decay coefficient. The wake influence radius is given by:

r1 = r0 + αx (2)

where r1 denotes the wake influence radius at a downstream distance x; r0 is the rotor
blade radius; and α is the wake decay coefficient, which is calculated as follows:

α =
0.5

ln( h
z0
)

(3)

where h denotes the hub height of the wind turbine; z0 is the ground surface roughness,
which is set to 0.04 in this study.

(3) Momentum conservation: pressure gradient effects are neglected during wake
development, and the momentum deficit is assumed to be conserved as it propagates
downstream. Under this assumption, the wind speed within the wake cross-section uw is
derived as:

uw = u0[1 − (1 −
√︁

1 − CT(
r0

r0 + αx
)

2
] (4)

where CT denotes the thrust coefficient, which is typically obtained from the thrust coeffi-
cient curve provided by the turbine manufacturer.

These assumptions simplify the complex flow physics, making the model suitable for
engineering applications. We acknowledge that this study adopts the neutral atmospheric
stratification assumption inherent to the Jensen model, and does not explicitly account
for the effects of atmospheric stability or turbulence intensity on wake recovery. This
simplification is commonly accepted in engineering-level offshore wind farm layout opti-
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mization, though more refined models incorporating stability effects could be considered
in future work.

The calculation of velocity deficit is the core component of the Jensen wake model,
reflecting Assumption (3). This process can be specifically categorized into wake analysis
for a single wind turbine and cumulative wake analysis for multiple turbines.

Depending on the relative positioning of upstream and downstream wind turbines,
the impact of upstream wake effects on downstream turbines can be categorized into three
scenarios: no wake overlap, partial wake overlap, and full wake overlap. For the latter
two cases, it is necessary to calculate both the shadow area Acover and the wake region area
Awake to determine the wake effect factor Aratio. The calculation formula is as follows:

Aratio =
Acover

Awake
(5)

Taking the partial overlap case as an example, the corresponding schematic diagram
is shown in Figure 3.

wakeA

coverA
turbineA

1r

0r

 

Figure 3. Schematic diagram of partial wake overlap.

As the partial wake overlap area gradually increases to complete overlap, the following
condition is obtained: Acover = Aturbine.

Accordingly, the wind speed at the downstream turbine affected by the upstream
wake u can be expressed as:

u = u0[1 − (1 −
√︁

1 − CT(
r0

r0 + αx
)

2
]Aratio (6)

However, downstream turbines in a wind farm are often affected by wakes from
multiple upstream turbines, leading to wake superposition effects. The combined wake
velocity is typically evaluated using the square root of the sum of squares of velocity deficits.
The resulting wind speed at the downstream turbine location u is given by:

u = u0[1 −

⌜⃓⃓⎷ N

∑
i=1

Aratio,i(1 −
ui
u0

)
2
] (7)

where ui denotes the wind speed at the downstream turbine after being affected by the
wake of the i-th upstream turbine; the wake influence factor Aratio,i also corresponds to the
i-th upstream turbine. It should be noted that in the implementation, the velocity deficit for
each upstream turbine is first computed using Equation (6), which already incorporates the
overlap ratio Aratio for that specific upstream–downstream pair. The squared deficits are
then summed directly in Equation (7) without any additional multiplication by Aratio. This
ensures that the overlap effect is applied only once per upstream–downstream turbine pair
and is not double-counted.
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2.2. Annual Energy Production (AEP) of Wind Farms

The output power of a wind turbine is determined by the actual wind speed and its
power characteristic curve. The actual wind speed depends on both turbine hub height
and inter-turbine wake effects. Wind speeds at different heights are commonly estimated
using the power law wind shear model, which can be expressed as:

u(h) = ure f (
h

hre f
)

β

(8)

where u(h) denotes the effective wind speed at the turbine hub height h; ure f is the wind
speed at the reference height hre f ; and β is the wind shear exponent, which is set to 0.14 in
this study.

The effect of hub height on power output is twofold. First, variations in hub height
directly affect wind speed and thus power output. Second, increasing hub height reduces
the wake decay coefficient, thereby indirectly affecting power output through wake effects,
which is further analyzed based on the Jensen wake model established in Section 2.1.

After considering the effects of hub height and wake interactions, the actual wind
speed can be obtained and then substituted into the power characteristic curve to calculate
the output power of the corresponding wind turbine. The power curve is characterized by
three key wind speed parameters: cut-in wind speed, rated wind speed, and cut-out wind
speed, and its operating behaviors are typically expressed by a cubic function model:

P =

⎧⎪⎪⎨⎪⎪⎩
0, uij < uin or uij > uout

Prate

(︂ urate−uij
urate−uin

)︂3
, uin < uij < urate

Prate, urate < uij < uout

(9)

where uij denotes the actual wind speed of the i-th turbine under the j-th wind resource
dataset; uin is the cut-in wind speed; urate is the rated wind speed; uout is the cut-out wind
speed; and Prate is the rated power of the wind turbine. The operating characteristics of the
wind turbine power curve can be described as follows: when the wind speed is below the
cut-in wind speed, the turbine does not operate and the output power is zero. When the
wind speed reaches or exceeds the cut-in wind speed but remains below the rated wind
speed, the output power increases with wind speed. At the rated wind speed, the turbine
produces its rated power. When the wind speed lies between the rated and cut-out wind
speeds, the output power is regulated to remain constant at the rated level through power
control strategies. When the wind speed exceeds the cut-out wind speed, the turbine is
shut down for safety reasons, resulting in zero power output.

Finally, the theoretical annual energy production of the wind farm can be obtained by
summing the annual energy production of all wind turbines, which can be expressed as:

AEP =
M

∑
j=1

N

∑
i=1

P(uij) · ∆Tj (10)

where N denotes the total number of wind turbines in the wind farm; M is the number
of annual wind resource data samples; and P(uij) represents the power output of the
i-th wind turbine under the j-th wind resource dataset; ∆Tj denotes the number of hours
corresponding to the j-th group of wind resource data.

The above procedure is shown in Figure 4.
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Figure 4. Flowchart of AEP calculation for a wind farm.

3. Formulation of the Optimization Model
To address the trade-off among wind directions in wind farm micro-siting when the

optimization objective is the annual energy production across all wind directions, this paper
proposes a wind farm layout strategy that combines horizontal and vertical staggering,
with the objective of maximizing the simplified capital efficiency under the primary and
secondary wind directions.

3.1. Selection of Primary and Secondary Wind Directions

To determine the primary and secondary wind directions at a given site, both wind
energy and occurrence hours of each directional sector are evaluated based on the wind
rose. The wind energy is calculated as follows:

W =
1
2

ρAu3 (11)

where W denotes the wind energy; A is the cross-sectional area of the airflow; and ρ is the
air density.

Wind energy is proportional to the cube of wind speed, and in wind farm micro-
siting, the direction with the highest wind energy is typically defined as the primary wind
direction. Therefore, the sum of the cube of wind speed for each directional sector is
calculated, and the primary wind direction is determined by identifying the sector with the
maximum value. Take a 16-sector wind direction division as an example:

max

{︄
m1

∑
i=1

u3
1ih1i, · · · ,

m16

∑
i=1

u3
16ih16i

}︄
(12)
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where m1, · · · , m16 denotes the number of wind speed bins in each directional sec-
tor; u1i, · · · , u16i represents the wind speed values corresponding to each sector; and
h1i, · · · , h16i is the total number of hours associated with each wind speed within the sector.
The secondary wind direction is determined in the same manner.

3.2. Combination of Horizontal and Vertical Staggering

Horizontal staggering refers to introducing a lateral offset between upstream and
downstream turbines in the direction perpendicular to the primary wind direction. Its
physical basis lies in exploiting the lateral expansion of the wake, allowing downstream tur-
bines to avoid the wake core region of upstream turbines. In contrast, vertical staggering is
achieved by adjusting turbine hub heights to create a vertical separation between upstream
and downstream turbines. The advantages of vertical staggering are twofold. First, by
utilizing the vertical wind speed profile, downstream turbines can operate in regions with
higher wind speeds, partially compensating for wake-induced velocity deficits. Second,
the height difference enables downstream turbines to avoid the core deficit region of the
upstream wake, yielding an effect similar to horizontal staggering. Therefore, combining
horizontal and vertical staggering is expected to achieve greater overall benefits.

In Section 3.1, the primary and secondary wind directions were identified based
on statistical data of local wind speed and wind direction. In terms of layout strategy,
turbines are first arranged using horizontal staggering along the secondary wind direction,
following conventional empirical layout approaches. According to common engineering
practice, the spacing between turbines in the primary wind direction is typically no less
than three rotor diameters, while the spacing in the direction perpendicular to the primary
wind direction is no less than five rotor diameters. While this configuration effectively
reduces wake effects and enhances power generation efficiency, the conservative spacing
leads to a dispersed layout and limited site utilization.

To address this limitation, the turbine spacing in the horizontal staggering layout
is reduced to three and two rotor diameters along the secondary wind direction and
its perpendicular direction, respectively. Let (Xi, Yi) denote the coordinates of the wind
turbines, then the following constraints must be satisfied:{︄

0 ≤ Xi ≤ l1
0 ≤ Yi ≤ l2

, i = 1, 2, · · · , N (13)

where l1 and l2 denote the length and width of the wind farm respectively. This constraint
ensures that all turbines are located within the wind farm boundary. Based on this initial
layout, THRO algorithm is further introduced to optimize the hub heights of individual
turbines. The horizontal coordinates of all turbines are predetermined by the staggered
layout described in this section. THRO is subsequently applied to optimize the hub-height
assignment for each turbine position. By appropriately selecting hub heights with respect
to the primary and secondary wind directions in the vertical dimension, the proposed
approach enhances spatial compactness and capital efficiency while maintaining power
generation efficiency.

3.3. Objective Function and Constraints

This study considers both turbine construction cost and annual energy production, and
defines the objective function as the maximization of simplified capital efficiency (power
generation per unit capital cost) under primary and secondary wind direction conditions.
The cost term in this objective function includes only turbine base cost and tower cost,
which are the cost components directly affected by hub-height selection. This simplified
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capital efficiency, this simplified metric serves as a capital-efficiency indicator rather than a
full economic performance measure, as expressed below:

maxF =
AEPmain + AEPsecond

Ctotal
(14)

where AEPmain denotes the total annual energy production of the wind farm under the
primary wind direction; AEPsecond denotes the total annual energy production under the
secondary wind direction; and Ctotal represents the total construction cost of the wind farm,
which consists of two components: the turbine foundation cost and the tower cost per
unit height:

Ctotal = Ctower,base · N + Cper,metre ·
N

∑
i=1

hi (15)

where Ctower,base denotes the base construction cost of a single wind turbine; and Cper,metre

represents the tower cost per unit height; hi denote the hub height corresponding to the
i-th wind turbine, this simplified cost metric excludes foundation costs, installation, array
cables, substations, operation and maintenance, and other life-cycle costs.

Since the horizontal turbine coordinates are fixed by the initial staggered layout and
are not modified during the THRO optimization process, the minimum spacing constraint
is guaranteed at the layout generation stage. Specifically, during the construction of the
initial staggered layout described in Section 3.2, the spacing between any two adjacent
turbines is set to no less than 2D in the along-wind direction and no less than 3D in
the cross-wind direction, where D is the rotor diameter. This ensures that all candidate
layouts evaluated during the optimization process inherently satisfy the minimum spacing
requirement without the need for additional constraint enforcement.

4. Tian Ji’s Horse Racing Optimization Algorithm
4.1. Algorithm Inspiration and Basic Principles

The Tian Ji’s Horse Racing Optimization (THRO) algorithm is a novel metaheuristic
algorithm proposed by Wang et al. in 2025 [24], inspired by the ancient Chinese game
strategy of “Tian Ji’s Horse Racing.” The story of Tian Ji’s horse racing dates back to the
Spring and Autumn and Warring States periods. Tian Ji and the King of Qi each possessed
three classes of horses: upper, middle, and lower. In each class, the King’s horse was
slightly faster than Tian Ji’s corresponding horse. Under the conventional pairing (upper
versus upper, middle versus middle, lower versus lower), Tian Ji lost all three races. Tian
Ji’s military adviser then proposed the following strategy: in the first race, match the
lower-class horse against the King’s upper-class horse (a deliberate loss to exhaust the
opponent’s strongest horse); in the second race, match the upper-class horse against the
King’s middle-class horse (securing a win); and in the third race, match the middle-class
horse against the King’s lower-class horse (securing another win). Ultimately, Tian Ji won
with a score of 2:1.

This story reveals a core idea in game theory: “use the weak to counter the strong,
use the strong to counter the medium, and use the medium to counter the weak”—by
dynamically matching with appropriate opponents, the overall payoff is maximized rather
than pursuing a local victory in each individual round. The THRO generalizes this idea
into a dual-population co-evolutionary optimization algorithm. The algorithm maintains
two populations:

Tian Ji population: XT = [xT1, xT2, · · · ,xTn]
T .

Qi Wang population: XK = [xK1, xK2, · · · ,xKn]
T .
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Each population consists of n individuals (corresponding to n horses), and each
individual x represents a candidate solution, i.e., an encoding scheme for the wind turbine
types within the wind farm, where the encoding takes a value of 0 or 1. 0 denotes a low-hub
wind turbine and 1 denotes a high-hub wind turbine. In a minimization problem, a smaller
fitness value of an individual indicates a faster running speed. Through competition and
synergy between the two populations, the algorithm drives the individuals to approach the
global optimal solution.

4.2. Competition Phase Based on Dynamic Individual Matching Strategy

The core innovation of the THRO lies in its “dynamic matching–competition” mech-
anism. At the beginning of each iteration, the two populations are separately sorted in
ascending order of fitness values (the individual with the smallest fitness is the fastest and
is ranked first). Subsequently, n rounds of “races” are conducted. In each round, one of five
strategies is selected and executed based on the relative speed relationship between the
slowest and the fastest individuals among the remaining horses.

Let xslow
T and xslow

K denote the current slowest individuals of the Tian Ji population and

the Qi Wang population, respectively; x f ast
T and x f ast

K denote the current fastest individuals
of the Tian Ji population and the Qi Wang population, respectively; f (x) is the fitness
function; The specific strategies are as follows:

Strategy 1: The slowest Tian Ji horse is faster than the slowest Qi Wang horse.
When f

(︂
xslow

T

)︂
< f

(︂
xslow

K

)︂
, the slowest Tian Ji horse is still faster than the slowest Qi

Wang horse. In this case, Tian Ji uses a strong horse against a weak opponent, securing a
win in this round.

Strategy 2: The slowest Tian Ji horse is slower than the slowest Qi Wang horse.
When f

(︂
xslow

T

)︂
> f

(︂
xslow

K

)︂
, the slowest Tian Ji horse is slower than the slowest Qi

Wang horse. In this case, Tian Ji uses the weakest horse to consume the strongest horse of
the Qi Wang population, conceding defeat in this round.

Strategy 3: The slowest horses are equal, and the fastest Tian Ji horse is faster than the
fastest Qi Wang horse.

When f
(︂

xslow
T

)︂
= f

(︂
xslow

K

)︂
and f

(︂
x f ast

T

)︂
< f

(︂
x f ast

K

)︂
hold, Tian Ji adopted a “strong

against strong” strategy, using his fastest horse to race against King Qi’s fastest horse
and won.

Strategy 4: The slowest horses are equal, and the fastest Tian Ji horse is slower than
the fastest Qi Wang horse.

When f
(︂

xslow
T

)︂
= f

(︂
xslow

K

)︂
and f

(︂
x f ast

T

)︂
> f

(︂
x f ast

K

)︂
hold, Tian Ji is unable to se-

cure a win in the fastest-horse matchup; therefore, it adopts the “weak versus strong”
approach from Strategy 2, using the slowest horse to consume the fastest horse of the Qi
Wang population.

Strategy 5: The slowest horses are equal, and the fastest horses are also equal.
When f

(︂
xslow

T

)︂
= f

(︂
xslow

K

)︂
and f

(︂
x f ast

T

)︂
= f

(︂
x f ast

K

)︂
hold, the strengths of both sides

are completely matched. Tian Ji still adopts the “weak versus strong” strategy.
The detailed update equations for all five strategies, including the Lévy flight step

generation, are provided in Appendix A.

4.3. Training Phase with Differential Mutation and Elite Guidance

After completing the n rounds of competition, the algorithm proceeds to the training
phase, in which each individual in both populations undergoes auxiliary updates to further
exploit local information around high-quality solutions. The training phase comprises two
modes, selected by a random threshold rand ∈ [0, 1]:
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Mode 1: Differential mutation strategy. When rand > 0.5 is satisfied, differential
mutation is employed to generate candidate individuals.

Mode 2: Elite guidance strategy. When rand ≤ 0.5 is satisfied, candidate individuals
move towards the current optimal individual of the population.

After the training phase is completed, the fitness of the newly generated candidate
individuals is evaluated, and they replace the original individuals if they are superior.
This phase further enhances the local exploitation capability of the algorithm based on
the competition phase, while the differential mutation mode preserves the possibility of
escaping from local optima.

The complete training phase formulations are provided in Appendix A.

4.4. THRO Algorithm Procedure

In the implementation of offshore wind farm micro-siting, the specific steps of applying
the THRO algorithm are as follows:

Step 1: Initialize the parameters, including the population size n (representing different
layout schemes), the maximum number of iterations T, the variable dimension D, and the
upper and lower bounds U and L of the variables.

Step 2: Randomly initialize the Tian Ji population XT and the Qi Wang population XK:

xi,j = Lj + rand · (Uj − Lj), i = 1, 2, . . . , n; j = 1, 2, . . . , D (16)

Since the THRO algorithm operates in the continuous domain while the actual tur-
bine hub-height assignment requires binary decisions (0 for low hub, 1 for high hub), a
discretization mechanism is applied after each update:

(1) Boundary clamping: All continuous values xi,j are first clipped to the feasible range
[0,1]. If xi,j < 0 it is set to 0; If xi,j > 1, it is set to 0.

(2) Stochastic thresholding: Before fitness evaluation, each clamped continuous value
xi,j is converted into a binary decision bi ∈ {0, 1} using a random threshold: bi = 1 if
xi > rand(0, 1), otherwise bi = 0. This stochastic mapping preserves the exploration
capability of the algorithm while ensuring that all evaluated layouts are physically feasible
binary configurations.

Step 3: Sort the two populations separately in ascending order of fitness values (a
smaller fitness value indicates a better individual).

Step 4: For each individual in both populations, repeat the following process:
(1) Identify the current slowest individual xslow

T and the fastest individual x f ast
T in the

Tian Ji population;
(2) Identify the current slowest individual xslow

K and the fastest individual x f ast
K in the

Qi Wang population;
(3) According to the five strategy conditions described in Section 3.2, select the corre-

sponding strategy to update the individual;
(4) Update the index pointers of the slowest and fastest individuals (matched individ-

uals are removed from subsequent races);
(5) Evaluate the fitness of the new individuals, also subjecting them to constraint

checking and penalization according to Equation (16), and replace the original individuals
if the new ones are superior.

Step 5: For each individual in both populations, generate a candidate new individual
according to one of the two modes described in Section 3.3. The fitness of the candidate
individual is then evaluated, and it replaces the original individual if it is superior.

Step 6: Identify the individual xbest with the minimum fitness value from the two
populations, and update the global optimal solution and the corresponding global optimal
fitness value fbest.
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Step 7: If the current number of iterations t < T, set t = t + 1 and proceed to Step 3;
otherwise, output the global optimal solution xbest.

The complete flowchart of the algorithm is shown in Figure 5.

Yes

Evaluate fitness of both populations, verify the 
minimum spacing constraint, and impose a penal ty 

for any violation.

Start

End

Max iterations 
reached?
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Is the search probabil ity 

P>0.5?

Yes

Elite guidance

No

No
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Update the 
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both 
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Scenario4: 
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Training phase: apply to each 
individual

Update global optimal  
solut ion.
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Figure 5. Flowchart of the Tian Ji’s Horse Racing Optimization (THRO) algorithm.

5. Case Study
5.1. Description of Offshore Wind Farms

This study considers an offshore site located in Shanghai. The wind farm is assumed
to have a rectangular shape with a length of 4 km and a width of 3 km. A total of
71 wind turbines, each rated at 6 MW, are considered in this case study. The relevant
basic parameters of the wind turbine are listed in Table 1.

Table 1. Basic parameters of the wind turbine.

Parameters Value

Rated Power/kW 6000
Rotor Radius/m 77
Hub Height/m 103.5/163.5

Cut-in Wind Speed/(m/s) 3
Rated Wind Speed/(m/s) 12

Cut-out Wind Speed/(m/s) 25
Note: Vertical staggering is represented solely by differences in turbine hub height.

The cost parameters of the wind turbine are listed in Table 2.
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Table 2. Cost parameters of the wind turbine.

Cost Category Value

Base Cost/104 CNY 481
Tower Cost/(104 CNY/m) 3.64

The 8760 h of wind speed and direction data used in this study were collected at
10 m height from a measurement station located in the nearshore waters of Shanghai. The
dataset contains over 8300 valid records, covering more than 95% of the annual period. Data
preprocessing included the following steps: (1) outlier removal—records with negative
wind speeds or values outside the physically reasonable range (0–40 m/s) were discarded;
(2) missing data treatment—gaps of no more than 3 consecutive hours were filled using
linear interpolation, while longer gaps were excluded without imputation; and (3) calm
wind treatment—records with zero wind speed and zero wind direction were retained
as calm conditions. The air density was assumed to be 1.225 kg/m3, corresponding to
standard atmospheric pressure and 15 ◦C at sea level.

The 8760 h of measured wind speed and wind direction data at 10 m height are used
to compute the wind energy share of each directional sector according to Equation (12), and
a wind energy rose diagram is obtained, as shown in Figure 6. As shown in Figure 6, the
site exhibits a primary wind direction and a secondary wind direction (22.5◦, 337.5◦) with
a small angular difference, corresponding to wind energy shares of 31.79% and 23.22%,
respectively, and the combined proportion of the primary and secondary wind directions
exceeds 50%.

Figure 6. Wind rose diagram.

5.2. Optimization Results

To ensure that the minimum fitness value is achieved, the negative reciprocal of the
simplified capital efficiency in the primary and secondary wind direction is adopted as the
fitness function. The initial population size is set to 80, and the maximum number of itera-
tions is set to 100. The Tian Ji’s Horse Racing Optimization (THRO) algorithm is employed
for iterative computation. To verify that this objective function does not compromise the
simplified capital efficiency across all wind directions, the iteration curves record both the
simplified capital efficiency under the primary and secondary wind directions and that
under all wind directions. Comparisons are also made with the GA and PSO algorithms.
The comparative iteration curves and the layout distribution based on the THRO algorithm
are shown in Figure 7 and Figure 8, respectively. To quantitatively evaluate the statistical
performance, all three algorithms were independently run 30 times under identical con-
ditions. Table 3a,b summarize the statistical results over the 30 runs, including the best,
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worst, mean, and standard deviation of the simplified capital efficiency (Table 3a), as well
as the average convergence iterations and average computational time (Table 3b).

Figure 7. Convergence curves of simplified capital efficiency for THRO, GA, and PSO over 30 inde-
pendent runs (solid lines: mean values; shaded bands: variation range across 30 runs). (a) Under
primary and secondary wind directions; (b) under all wind directions.

Figure 8. Offshore wind farm layout optimized by the THRO algorithm.

To statistically evaluate the optimization performance, all algorithms were indepen-
dently run 30 times under identical stopping criteria and computational budgets. Figure 7
presents the convergence trajectories of THRO, GA, and PSO for the subproblem of hub-
height optimization with a fixed horizontal layout, where solid lines denote the mean
simplified capital efficiency and shaded bands represent the range of variation across the
30 runs. As shown in Figure 7, THRO converges on average within 39 iterations, substan-
tially faster than GA (approx. 85 iterations) and PSO (approx. 65 iterations). The mean
simplified capital efficiency achieved by THRO is 3.365 × 10−7 MWh/Yuan under the
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primary and secondary wind directions and 6.746 × 10−7 MWh/Yuan under all-direction
evaluation. This indicates that in scenarios where the wind energy share of the primary
and secondary wind directions is relatively large, the improvement in the simplified capital
efficiency under the primary and secondary wind directions simultaneously enhances the
simplified capital efficiency under the full wind direction scenario. The shaded bands
further reveal that THRO exhibits the narrowest convergence variability among the three
algorithms, confirming its stable search performance.

Table 3. (a). Statistical comparison of THRO, GA, and PSO over 30 independent runs—AEP and
power generation performance. (b). Statistical comparison of THRO, GA, and PSO over 30 indepen-
dent runs—convergence and computational cost.

(a)

Algorithm Best (MWh/¥) × 10−7 Worst (MWh/¥) × 10−7 Mean (MWh/¥) × 10−7 Std. Dev. × 10−10

THRO 3.365 3.359 3.363 1.931
GA 3.354 3.322 3.339 7.397
PSO 3.357 3.323 3.340 10.066

(b)

Algorithm Avg. Converg. Iter. Avg. Time (s)

THRO 39 285.53
GA 85 878.67
PSO 65 468.60

The statistical results over the 30 independent runs are further summarized in
Table 3a,b. Table 3a reports the best, worst, mean, and standard deviation of the sim-
plified capital efficiency, while Table 3b presents the average convergence iterations and
average computational time for each algorithm. As shown in Table 3a, THRO achieves
the highest mean simplified capital efficiency (3.359 × 10−7 MWh/¥) with the smallest
standard deviation (1.931 × 10−10), confirming its superior optimization accuracy and ro-
bustness. Table 3b further shows that THRO converges on average within 39 iterations with
a computational time of 118 s per run, which is substantially faster than GA (85 iterations,
878 s) and PSO (65 iterations, 468 s). These statistical results demonstrate that THRO con-
sistently outperforms GA and PSO across multiple runs, verifying its statistical superiority
and reliable convergence behavior.

To provide a direct comparison with conventional all-direction optimization, we per-
formed an additional optimization run using the full-direction efficiency as the objective
function, under identical conditions (same site, same turbine count, same algorithm param-
eters). The results show that the full-direction efficiency obtained by our proposed primary
+ secondary optimization is 6.746 × 10−7 MWh/¥, while the full-direction optimization
yields 6.664 × 10−7 MWh/¥, representing an improvement of approximately 1.23%. This
confirms that prioritizing the primary and secondary wind directions does not compromise
the full-direction performance; rather, it enhances it by more effectively capturing wind
energy in the dominant sectors.

Further analysis of Figure 8 allows the following layout patterns to be summarized:
(1) When both the primary and secondary wind directions are considered, the optimal

layout tends to place high-hub wind turbines in the windward direction of the wind farm,
i.e., in the front rows on the inflow side of the primary and secondary wind directions,
in order to reduce the impact of the wake effect on downstream turbines. According to
the wind shear calculation formula, higher hub heights experience higher wind speeds,
allowing high-hub turbines to more fully utilize the wind resource and improve the power
generation efficiency per unit cost.
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(2) Behind the front-row turbines, a large number of low-hub wind turbines are
deployed. This serves two purposes: first, the low-hub turbines and the high-hub turbines
in the front rows form a vertically staggered layout, complementing the pattern described
in (1).

(3) The remaining turbines in the wind farm, being located downstream of the inflow
direction, are severely affected by the cumulative wake effect from multiple front-row
turbines. Although using high-hub turbines in this zone could increase power generation,
the resulting benefits cannot compensate for the increased investment cost; therefore,
low-hub turbines should be adopted.

5.3. Comparative Analysis with Other Approaches

In this section, the proposed THRO-based layout strategy is compared with two alter-
native horizontal layouts: a GA-PSO-optimized horizontal layout and a manual empirical
layout. For these two reference layouts, all turbines are fixed at the low hub height (103.5 m)
to isolate and evaluate the effectiveness of the horizontal staggering strategy. In contrast,
the proposed THRO-based layout integrates both horizontal staggering (guided by the
primary and secondary wind directions) and hub-height optimization. This comparison
serves to demonstrate the combined benefits of the horizontal and vertical optimization
approach. It should be noted that this comparison is distinct from that presented in Figure 7,
where the focus is on algorithm-level performance for hub-height optimization with a fixed
horizontal layout.

5.3.1. Manual Layout Method

The manual layout method is used to arrange the wind turbines in the same offshore
wind farm area. The specific rules are as follows: the turbines are placed in rows along
the primary wind direction, with no horizontal offset between adjacent rows. The spacing
between turbines is set to 2 times and 3 times the rotor diameter along the primary wind
direction and the direction perpendicular to the primary wind direction, respectively. The
resulting layout is shown in Figure 9.

Figure 9. Layout of the offshore wind farm using the manual layout method.

Under this layout method, the annual power generation of the offshore wind farm is
426.82 GWh, while that in Section 4.2 is 449.14 GWh, representing an increase in power
generation efficiency of approximately 5.23%.
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5.3.2. GA-PSO Algorithm

The wind farm is divided into squares with a side length of 250 m, each square
representing a possible placement location. The initial population size is set to 80, and the
maximum number of iterations is set to 100. The GA-PSO hybrid algorithm is employed
for iterative computation, and the iteration curves and layout distribution are shown in
Figures 10 and 11, respectively.

Figure 10. Iteration curve of annual power generation using the GA-PSO algorithm.

Figure 11. Layout of the offshore wind farm using the GA-PSO algorithm.

Under this algorithm, the annual power generation of the offshore wind farm is
432.89 GWh, while that in Section 4.2 is 449.14 GWh, representing an increase in power
generation efficiency of approximately 3.75%.

The comparison of the results obtained by the three methods is shown in Table 4.
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Table 4. Comparison of the results of the three algorithms.

Method All-Dir
AEP/GWh

Primary
AEP/GWh

Secondary
AEP/GWh

Convergence
Iterations High-Hub Low-Hub

THRO algorithm 449.14 121.55 105.93 39 19 52
Manual layout Method 426.82 119.44 104.33 - 0 71

GA-PSO Algorithm 432.89 120.83 104.46 73 0 71

Note: “-” indicates that no intelligent algorithm is used.

The comparison in Table 4 focuses on energy production metrics to evaluate the
effectiveness of the horizontal staggering strategy. In terms of turbine configuration, the
THRO-based layout uses 19 high-hub turbines and 52 low-hub turbines, whereas the GA-
PSO and manual layouts use only low-hub turbines (71 in total). Consequently, the total
construction cost of THRO (650.49 M¥) is higher than that of GA-PSO and the manual
layout (608.99 M¥ for both), as the use of high-hub turbines increases tower costs. However,
this additional investment yields a notable increase in annual energy production: THRO
achieves 449.14 GWh, outperforming GA-PSO by 3.75% and the manual layout by 5.23%.
The primary-direction AEP also shows consistent improvement. This confirms that the
proposed horizontal staggering strategy, combined with appropriate hub-height allocation,
effectively enhances energy production and justifies the additional cost.

6. Conclusions
This paper proposes a wind turbine layout strategy that combines horizontal and ver-

tical staggering, and introduces the THRO algorithm to iteratively optimize the simplified
capital efficiency under the primary and secondary wind directions, ultimately obtaining
the optimal layout. The case study analysis shows that:

(1) Compared with the manual layout method that only considers the primary wind
direction, the proposed method, which simultaneously considers both the primary and
secondary wind directions, can more comprehensively account for the impact of wind
direction variations on the power generation efficiency of the wind farm and make fuller
use of the wind resource.

(2) On the basis of determining the primary and secondary wind directions, combining
vertical staggering with horizontal staggering can effectively mitigate the impact of the
wake effect and increase the power generation per unit cost.

(3) The THRO algorithm is capable of escaping the local minimum. Compared with
other algorithms, it converges more quickly, and the obtained optimal solution outperforms
the comparative algorithms in terms of both convergence speed and solution quality. We
acknowledge that the current study is based on a single offshore site, and the generalizabil-
ity of the findings to other sites remains to be investigated. In addition, the optimization is
limited to two discrete hub heights, while continuous or multi-height optimization may
yield further improvements. Our cost model is also simplified, excluding foundation costs,
installation, array cables, substations, operation and maintenance, availability, electrical
losses, and financing.

In future research, the wake model can be further refined to incorporate atmospheric
stability and turbulence intensity effects, which may influence wake recovery rates in
offshore environments. Additionally, multiple wind turbines with different power ratings
can be compared to screen out the optimal combination scheme, and different hub heights
can be assigned to the same type of turbine to examine the impact of height variation
on the simplified capital efficiency. A full life-cycle cost model (LCOE) incorporating the
above-mentioned cost components will also be developed to provide a more comprehen-

https://doi.org/10.3390/en19173955

https://doi.org/10.3390/en19173955


Energies 2026, 19, 3955 20 of 23

sive economic assessment, while future work may also incorporate reliability, as well as
economic and environmental factors.
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Appendix A. Detailed Formulation of the THRO Algorithm
Appendix A.1. Update Equations for the Competition Phase (Section 4.2)

XT and XK are the mean vectors of the two populations; t is the current iteration
number, and T is the maximum iteration number; p = 1 − t/T is a time-varying weight
that decreases from 1 to 0 with iterations, controlling the transition from global exploration
to local exploitation. The specific strategies are as follows:

Strategy 1: The slowest Tian Ji horse is faster than the slowest Qi Wang horse.
When f

(︂
xslow

T

)︂
< f

(︂
xslow

K

)︂
, the slowest Tian Ji horse is still faster than the slowest Qi

Wang horse. In this case, Tian Ji uses a strong horse against a weak opponent, securing a
win in this round. The update formula is as follows:

(1) The slowest horse of the Tian Ji population learns from the optimal individual of
the Tian Ji population:

xslow
T (t + 1) = pxslow

T (t) + (1 − p)xbest
T (t)+

R(xbest
T (t)− xslow

T (t) + p(XT − XK))α + β
(A1)

(2) The slowest horse of the Qi Wang population pursues the slowest horse of the Tian
Ji population:

xslow
K (t + 1) = pxslow

K (t) + (1 − p)xslow
T (t)+

R(xslow
T (t)− xslow

T (t) + p(XT − XK))α + β
(A2)

where the calculation formulas for α and β are as follows, respectively:

α = 1 + round(0.5(0.5 + rand))n1 (A3)

β = round(0.5(0.5 + rand))n2 (A4)

where both n1 and n2 follow the standard normal distribution. In Equations (A1) and (A2),
R is the step vector generated by Levy flight, and the specific generation process is
as follows:
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First, the basic step vector is calculated as follows:

L =
u · σ

|v|1/b (A5)

where both u and v follow the standard normal distribution; the parameter σ is calculated
by the following equation:

σ =

(︃
Γ(1 + b) · sin(πb/2)

Γ((1 + b)/2) · b · 2(b−1)/2

)︃ 1
b

(A6)

Then, generate a binary mask B = [b1, b2, · · · , bD] as follows:⎧⎪⎪⎪⎨⎪⎪⎪⎩
b(k) =

{︄
1 if k == g(l)
0 else

,

g = randperm(D),
l = 1, 2, . . . ,

⌈︁
sin

(︁πr1
2
)︁
· D

⌉︁ (A7)

where r1 ∈ [0, 1] is a uniformly distributed random number; D is the dimension of the
problem. The final Lévy flight step size is obtained as follows:

R = L · B (A8)

Strategy 2: The slowest Tian Ji horse is slower than the slowest Qi Wang horse.
When f

(︂
xslow

T

)︂
> f

(︂
xslow

K

)︂
, the slowest Tian Ji horse is slower than the slowest Qi

Wang horse. In this case, Tian Ji uses the weakest horse to consume the strongest horse
of the Qi Wang population, conceding defeat in this round. The update strategies are
as follows:

(1) The slowest horse of the Tian Ji population learns from a randomly selected
individual within its own population (conceding this round):

xslow
T (t + 1) = pxslow

T (t) + (1 − p)xrand
T (t)

+R(xrand
T (t)− xslow

T (t) + p(XT − XK))α + β
(A9)

(2) The fastest horse of the Qi Wang population reinforces its advantage by learning
from the optimal individual within its own population:

x f ast
K (t + 1) = px f ast

K (t) + (1 − p)xbest
K (t)+

R(xbest
K (t)− x f ast

K (t) + p(XT − XK))α + β
(A10)

Strategy 3: The slowest horses are equal, and the fastest Tian Ji horse is faster than the
fastest Qi Wang horse.

When f
(︂

xslow
T

)︂
= f

(︂
xslow

K

)︂
and f

(︂
x f ast

T

)︂
< f

(︂
x f ast

K

)︂
hold, Tian Ji adopted a “strong

against strong” strategy, using his fastest horse to race against King Qi’s fastest horse and
won. The update formulas are as follows:

(1) The fastest horse of the Tian Ji population learns from the optimal individual of the
Tian Ji population:

x f ast
T (t + 1) = px f ast

T (t) + (1 − p)xbest
T (t)+

R(xbest
T (t)− x f ast

T (t) + p(XT − XK))α + β
(A11)
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(2) The fastest horse of the Qi Wang population pursues the fastest horse of the Tian
Ji population:

x f ast
K (t + 1) = px f ast

K (t) + (1 − p)x f ast
T (t)+

R(x f ast
T (t)− x f ast

K (t) + p(XT − XK))α + β
(A12)

Strategy 4: The slowest horses are equal, and the fastest Tian Ji horse is slower than
the fastest Qi Wang horse.

When f
(︂

xslow
T

)︂
= f

(︂
xslow

K

)︂
and f

(︂
x f ast

T

)︂
> f

(︂
x f ast

K

)︂
hold, Tian Ji is unable to secure

a win in the fastest-horse matchup; therefore, it adopts the “weak versus strong” approach
from Strategy 2, using the slowest horse to consume the fastest horse of the Qi Wang
population. The update rules follow the same formulas as in Strategies (A9) and (A10).

Strategy 5: The slowest horses are equal, and the fastest horses are also equal.
When f

(︂
xslow

T

)︂
= f

(︂
xslow

K

)︂
and f

(︂
x f ast

T

)︂
= f

(︂
x f ast

K

)︂
hold, the strengths of both sides

are completely matched. Tian Ji still adopts the “weak versus strong” strategy, and the
update rules are the same as those in Strategy 4.

Appendix A.2. Update Equations for the Training Phase (Section 4.3)

Taking the Tian Ji population as an example, for each individual xi
T in the Tian Ji

population, the candidate new individual is generated as follows:

xi,j
T (t + 1) =

⎧⎨⎩xi,j
T (t) + LT ·

(︂
xr4,j

T − xr5,j
T

)︂
, if rand > 0.5

xbest,j
T (t) + MT ·

(︂
xbest,j

T (t)− xi,j
T (t)

)︂
, otherwise

(A13)

where r4 and r5 are indices of two distinct individuals randomly selected from the Tian Ji
population; LT = 0.2L is the differential mutation scaling factor; and MT is the time-varying
training factor:

MT =
1
2

[︄
1 +

1
1000

(︃
1 − t

T

)︃2
sin(π · rand)

]︄
(A14)

For each individual xi
K of the Qi Wang population, the same training mechanism

is adopted:

xi
K(t + 1) =

⎧⎨⎩xi
K(t) + LK ·

(︁
xr6

K (t)− xr7
K (t)

)︁
, if rand > 0.5

xbest
K (t) + MK ·

(︂
xbest

K (t)− xi
K(t)

)︂
, otherwise

(A15)

where r6 and r7 are indices of two distinct individuals randomly selected from the Qi
Wang population; LK = 0.2L is the differential mutation scaling factor; and MK is the
time-varying training factor:

MK =
1
2

[︄
1 +

1
1000

(︃
1 − t

T

)︃2
sin(π · rand)

]︄
(A16)
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