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Abstract

Recent shocks such as COVID-19 and the Russia-Ukraine War have shifted the focus

of many countries’ energy policies to energy security goals. Since the East Asian

countries, represented by Japan, are generally well-developed in manufacturing and

short on energy, the use of renewable energy has become the focus of research. As an

important global optimization technique in artificial intelligence, meta-heuristics have

proven to be an effective tool for addressing the engineering optimization problems in

renewable energy systems, such as the position optimization problem of wave energy

converters (WEC) and the wind farm layout optimization problem (WFLOP). The

focus of this study is to investigate and design meta-heuristics in more depth so that

they can be better used in the field of renewable energy optimization and can improve

energy conversion efficiency. The research is divided into two aspects: one is to

develop new meta-heuristics, and the other is to improve existing meta-heuristics into

heuristics according to the characteristics of the problem being optimized. Therefore,

the spatial information sampling algorithm (SIS) and the improved spherical evolution

(ISE) algorithm are proposed successively. The results of SIS and ISE are tested on the

WEC and the WFLOP, respectively. In WEC, the energy conversion efficiency of SIS

is improved by 22.46%, 107.53%, 99.82%, and 2.54% relative to the existing method

for four wave conditions: Tasmania, Adelaide, Perth, and Sydney. The experimental

results on WFLOP show that the average conversion rate of ISE is 93.64%, 89.45%,

and 97.22% for the three wind conditions of single wind direction, four wind directions,

and six wind directions, respectively. The Wilcoxon signed-rank test, Wilcoxon rank-
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sum test, and Friedman test results show that SIS and ISE perform significantly better

than the other state-of-the-art algorithms in terms of global optimality, avoiding local

minima, and solution quality.

Keywords—meta-heuristic algorithms, renewable energy, exploration and exploita-

tion
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Chapter 1

Introduction

Addressing optimization problems is crucial in the study of a wide range of scientific

and engineering issues [1–3]. When it is difficult or impossible to find the optimal

solution to a problem, such as NP-hard problems [4], a heuristic method [5] is one way

of quickly arriving at a viable solution. It is a strategy that provides feasible solutions

in a reasonable amount of time and space but does not guarantee the best solution. A

meta-heuristic [6] is a generalized heuristic method that can be applied to a broader

range of situations than the specific conditions of a particular problem. Obviously,

the quality of the solution of the heuristic is superior to that of the meta-heuristic

with a high probability in the face of a particular problem.

Since the features of NP-hard problems, especially black-box optimization prob-

lems, are difficult to obtain, researchers can only brute force the optimized problem

by designing a large number of meta-heuristics. This situation does not always im-

ply a positive meaning. Authors often propose improvements to existing methods

and compare them with non-improved versions or similar “novel” methods that show

better convergence and properties. The meta-heuristic community already has re-

searchers who argue that applying novel methods or new paradigms proposed for the

first time to known problems is not a promising area of research [7,8]. This situation

can also be referred to as the “alchemical dilemma” [9], where people keep improving

their meta-heuristics without being able to explain why they are so improved. This
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has further led to the selection and improvement of algorithms lacking a theoretical

basis and highly dependent on researcher experience, which ultimately pushes up the

time and economic costs. This issue is particularly prominent in the field of optimiza-

tion studies of renewable energy systems. To address this problem, in this study, we

propose a spatial information sampling algorithm (SIS) and an improved spherical

evolution (ISE) based on exploitation and exploration theory and population inter-

action network theory. The results of the experiments on the position optimization

problem of wave energy converters (WEC) and wind farm layout optimization prob-

lem (WFLOP) show that SIS and ISE perform significantly better than the other

state-of-the-art algorithms. In WEC, the energy conversion efficiency of SIS is im-

proved by 22.46%, 107.53%, 99.82%, and 2.54% relative to the existing method for

four wave conditions: Tasmania, Adelaide, Perth, and Sydney. The experimental re-

sults on WFLOP show that the average conversion rate of ISE is 93.64%, 89.45%, and

97.22% for the three wind conditions of single wind direction, four wind directions,

and six wind directions, respectively.

The rest of the paper is organized as follows: Two important theories of meta-

heuristics are introduced in Chapter 2. The engineering optimization problems of

renewable energy are introduced in Chapter 3. The proposed spatial information

sampling algorithm is introduced in Chapter 4. The spherical evolution and its im-

provement method are introduced in Chapter 5. The experimental results and analysis

are introduced in Chapter 6. The discussions are introduced in Chapter 7. Chapter

8 contains the conclusions and recommendations for future work.
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Chapter 2

Two important theories of
meta-heuristics

2.1 The balance of exploitation and exploration

In fact, the theoretical research related to meta-heuristics is not a desert, and the

balance between exploitation and exploration is one of the most important theories

[10]. In meta-heuristics, there are two extremely important properties: exploitation

and exploration. According to [11], the term “exploitation” refers to the idea of

focusing the search process on a localized but promising area of the solution space,

whereas the ability of an algorithm to discover a diverse array of solutions spread

across different regions of the search space is emphasized by the term “exploration”.

The design of meta-heuristics is divided into three operations and four schemes, as

shown in Fig. 2.1. In the figure, the design process of meta-heuristics is mainly

divided into two steps: 1) The appropriate operations are screened from the three

operations as the meta-heuristics parts. 2) Then the appropriate scheme is selected

to assemble these parts and finally realize the balance of exploitation and exploration.

According to [11], there are three main ways to realize exploitation and explo-

ration operations: selection, attraction, and perturbation operations. The selection

is an operation that emphasizes exploitation and aims to select excellent solutions

from the population, integrate them into the next iteration process, or implement
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some solution update strategies. Differential evolution (DE) [12] and cuckoo search

(CS) [13] are the typical algorithms using such a selection mechanism. Attraction

is an operation that emphasizes exploitation and aims to promote other individuals

in the population to move closer to the position of the seemingly “good” individ-

uals or move them to the position of the current best individuals found so far to

improve the population. Particle swarm optimization (PSO) [14] and grey wolf op-

timizer (GWO) [15] are typical algorithms using attraction operation. In addition,

some algorithms, e.g., the gravitational search algorithm (GSA) [16], also consider the

compound attraction effect among multiple individuals. The dynamic neighborhood

learning-based gravitational search algorithm (DNLGSA) [17] is an improvement of

GSA based on dynamic neighborhood learning technology. In addition, the muta-

tion operation of DE also belongs to this category. The perturbation operation is

usually regarded as an exploration-biased operation to modify existing solutions by

perturbation, which is often combined with a selection or attraction operation. This

perturbation can be implemented on the whole population (e.g., DE and CS) or some

individuals in the population (e.g., chaotic maps incorporated grey wolf optimization

algorithms (CGWO) [18]). In addition, it should be emphasized that the change in

parameters has an important impact on the exploitation and exploration operations.

When the change of parameters biases meta-heuristic towards exploitation, it is an at-

traction operation, and when the change of parameters biases meta-heuristic towards

exploration, it is a perturbation operation.

In essence, the balance of exploitation and exploration of meta-heuristics is realized

by combining selection, attraction, or perturbation operations. According to [19], we

divide the main combination methods into the following three types: deterministic,

adaptive, and hybrid schemes. The deterministic scheme determines when to exploit

and when to explore before the algorithm runs. For example, the parameters in GWO
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and the hierarchical gravitational search algorithm (HGSA) [20] change along with

the increment of iteration times so that exploration and exploitation can be carried

out in the early and late iterations, respectively. In addition, there are also examples

where two mutation operations are performed randomly to perform exploitation and

exploration operations, such as the sine cosine algorithm (SCA) [21]. The adaptive

scheme performs exploitation and exploration adaptively according to the change

in population fitness value or diversity value in the iterative process. For exam-

ple, the multiple chaoses embedded gravitational search algorithm (CGSA-M) [22]

adapts the hyper-parameters according to the change in fitness value, and the mul-

tiple diversity-driven brainstorm optimization (MDBSO) [23] uses both fitness and

diversity as the basis for adjusting the balance. The hybrid scheme not only combines

the selection, attraction, or perturbation operations but also introduces the determin-

istic scheme or adaptive scheme into one algorithm. It should be emphasized that

most meta-heuristics adopt more than one operation at a time, and DE is the most

representative example. The mutation, crossover, and selection operations of DE cor-

respond to attraction, perturbation, and selection operations in this paper, and they

are combined in a deterministic scheme. An outstanding variant of DE, chaotic local

search-based differential evolution (CJADE) [24], adds the adaptive scheme to adjust

the algorithm’s hyper-parameters on the basis of the hybrid scheme and adds chaotic

maps as a perturbation operation, which greatly improves the performance of the

algorithm. Genetic learning particle swarm optimization (GLPSO) [25] is another

example of combining attraction, perturbation, and selection operations. Alterna-

tively, there is a typical hybrid scheme, such as [26]. In this case, two algorithms with

different capabilities are mixed, with the exploitation-biased algorithm performing

selection and attraction operations and the exploration-biased algorithm performing

perturbation operations.
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Although there are already deterministic and adaptive schemes (the hybrid scheme

is a mixture of the above two schemes) to achieve the balance of exploitation and ex-

ploration, it remains difficult to judge when to exploit and when to explore [19]. The

reasons are as follows: 1) The deterministic scheme is relatively simple. This scheme

is highly subjective and directly based on the designer’s experience. It ignores the

information feedback during the operation of the algorithm, which makes it difficult

for the algorithm to adjust the strategy along with the changes in the search stage,

thus limiting the performance of the algorithm. 2) The design of an adaptive scheme

is relatively complex. The adaptive scheme either depends on a threshold or adjusts

according to the historical information of fitness value during the operation of the

algorithm. The determination of the threshold is difficult and requires repeated ex-

periments. Furthermore, the adaptive scheme based on historical information needs

to analyze the change in fitness value in advance and then design an appropriate

adaptive scheme according to the analysis results. The above process not only takes

a lot of time but also requires the rich experience of designers, and the universality

of the algorithm is weakened because the designer obtains information about the op-

timized problem in the analysis process. Based on the above discussion, it can be

concluded that deterministic and adaptive schemes are both prior experience-based

schemes that restrict the acquisition and application of information by the algorithm

itself, causing the algorithm to stray from the path of “intelligence”.

In order to address the above problems, an intelligent scheme is proposed in this

study. In the intelligent scheme, the perturbation operation is performed when the

current optimal individual appears in the population’s periphery. Otherwise, the at-

traction operation is carried out. Thus, an SIS algorithm that uses an intelligent

scheme is proposed. In SIS, the characteristics of the solution space are described by

comprehensively comparing and processing the information obtained by individuals
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in different positions in the solution space. Then, the attraction scheme or pertur-

bation scheme in the intelligent scheme is automatically activated according to the

obtained information. Specifically, the perturbation operation is performed when the

current optimal individual appears in the population’s periphery. Otherwise, the at-

traction operation is carried out. The differences between the intelligent scheme of

SIS and other schemes are: 1) Difference with the deterministic scheme: Through

the processing of solution space information by the intelligent scheme, the algorithm

in the running process is adjusted based on the feedback information. Thus, the

performance of the algorithm is effectively improved. 2) Difference with the adaptive

scheme: The implementation of the intelligent scheme does not require a pre-defined

threshold, nor does it require designers to record, analyze, or process any historical

fitness value during the iteration. It only needs the algorithm to be adjusted based

on the information of solution space. Through this scheme, the dependence of the

algorithm on the designer’s experience is reduced, and the autonomy and flexibility

of the algorithm in a variety of environments are improved.

The main highlights and contributions of SIS can be summarized as follows:

1) In SIS, the ergodicity and specificity of the chaotic map [27,28] are fully utilized

to construct a population with a unique internal-external structure, and an

intelligent scheme is proposed accordingly.

2) Through the intelligent scheme, the SIS is able to obtain information about the

location of the population in the solution space and activate exploitation and

exploration operations autonomously by analyzing the obtained information.

3) Through the intelligent scheme, SIS achieves an efficient balance of exploitation

and exploration in a smarter way, thus significantly reducing the complexity of

the algorithm in the design process and enhancing the flexibility of the algorithm

in dealing with various types of complex optimization problems.
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4) To validate the performance of SIS, we test it on 30, 50, and 100 dimensions

of the CEC2017 benchmark functions, the CEC2011 real-world problems, the

artificial neuron training problem, and the position optimization problem of

wave energy converters. Experimental results prove that SIS has higher flexibil-

ity and competitiveness in solving different problems in comparison with other

state-of-the-art algorithms.

SIS is tested on extensive benchmark functions and the position optimization problem

of wave energy converters. The result proves that SIS is competitive with the main-

stream state-of-the-art algorithms in dealing with a variety of optimization problems.

Although the theories of exploitation and exploration have been very well devel-

oped, there are still two drawbacks. One is that the exploitation and exploration

of algorithms are difficult to define, and although there are many algorithms claim-

ing that they achieve a balance between exploitation and exploration, there is rarely

mathematical proof. The second is that the so-called exploitation and exploration is

a tool to describe the nature of the algorithm itself, which is difficult to combine with

the problem being optimized.

2.2 Population interaction network

To compensate for the shortcomings of the exploitation and exploration theory, we

used the population interaction networks (PIN) to analyze the meta-heuristics . The

PIN is proposed based on complex systems. A complex system consists of many

components that may interact with each other [29]. In many cases, it is useful to

represent such a system as a network, with the nodes representing the components

and the links representing their interactions. They can reflect some characteristics

of various networks, such as small-world with Poisson degree distribution [30] and

scale-free networks with power-law degree distribution [31]. These qualities make
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it easier to comprehend complex network laws and provide explanations for specific

real-world phenomena. Thus, as an efficient theoretical tool, complex networks can

analyze the essence of research objectives and improve their robustness [32] in many

scientific researches [33], such as traffic networks [34], Internet-of-things networks [35],

and social networks [36].

By counting and fitting the number of information interactions between popu-

lation individuals during the iteration of the algorithm, algorithms with two kinds

of degree distributions are obtained: algorithms with a Poisson distribution and al-

gorithms with a power-law distribution. According to [30], scale-free networks with

power-law distribution increases the likelihood of finding nodes with a lot of links

compared to small-world networks with Poisson distribution, as shown in Fig. 2.2.

Furthermore, according to our related research on exploitation and exploration [37],

“good” individuals with extensive connections in meta-heuristics are more likely to

be involved in exploitation-biased attraction operations. Consequently, it can be said

that algorithms with the Poisson distribution are more exploration-biased, whereas

those with the power-law distribution are more exploitation-biased.

Subsequently, the NP-hard or black-box problems are optimized using these two

types of algorithms. When the exploitation-biased algorithm achieves a higher quality

solution, it means that this problem is more likely to be a single-peaked problem

and that the exploitation capability of the algorithm should be enhanced. When

the exploration-biased algorithm achieves better quality solutions, it means that this

problem may be more inclined to be a multi-peaked problem and the exploration

capability of the algorithm should be strengthened. Based on the above inference,

we believe that the emergence of different meta-heuristics makes sense overall. Meta-

heuristics with different complex network structures can be used as an effective tool

to analyze the features of the problem being optimized. In other words, based on the
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PIN, we make an attempt to improve the meta-heuristic into a heuristic, thus further

improving the performance of the algorithm on specific problems.

In our previous study of PIN [38], we analyzed the performance of DE and its im-

proved algorithms on the IEEE CEC2017 benchmark function [39]. The conclusion

is that biased exploitation algorithms with power-law distributions are more advan-

tageous in CEC2017. In this study, we further validate the role of PIN in the wind

farm layout optimization problem (WFLOP). Since this problem is an NP-hard opti-

mization problem containing a large number of constraints [40], it is very difficult to

analyze its properties directly. Alternatively, in this study, the PIN is used to analyze

the properties of the WFLOP. Then, the spherical evolution (SE) [41] is filtered out

and further improved. Extensive experiments are conducted based on various wind

scenarios with a single wind direction, four wind directions, and six wind directions

under 13 different constraints. Comparative results show that the proposed improved

spherical evolution (ISE) performs significantly better than other state-of-the-art al-

gorithms.

The main contributions of this study can be summarized as:

1) In this study, we analyze and categorize the properties of some representative

meta-heuristics using complex networks for the first time. This scheme (PIN)

can give more insights into the algorithm design for the WFLOP, aiming to

improve the optimization efficiency and reduce the time and economic cost of

the optimization process.

2) Using PIN, we improve the SE algorithm to address the WFLOP problem. Ex-

perimental results prove that ISE outperforms its competitors by a wide margin.

3) This efficient way of improving the meta-heuristic into a heuristic will bring new

inspiration to the research in field of optimization algorithms.

Note: Fig. 2.3 displays the PIN of meta-heuristics. In Fig. 2.3 (1), X ′′
i is an
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offspring ofX ′
i. The yellow lines represent the network connections ofX ′

i to its parents

Xr1, Xr2, Xr3, and Xi during the update process, and the blue lines represent the

network connections of X ′′
i to its parents X ′

r1, X
′
r2, X

′
r3, and X ′

i during the update

process. As a result, at one iteration, the newly generated individuals X ′
i and X ′

r1,

X ′
r2, X

′
r3, and Xi are related. Subsequently, node X ′

i and the four edges (degree)

associated with it are recorded in the PIN. Two distribution models are then used to

fit the frequency distributions of the recorded data, including Poisson and power-law

models.

The Poisson distribution is applied using the maximum likelihood estimation.

1) The Poisson distribution’s probability density function can be shown as p(xi|λ) =
λxi

xi!
e−λ;

2) The likelihood function is P (X|λ) =
∏N

i=1 p(xi|λ);

3) The log-likelihood function is lnP (X|λ) = lnλ
∑N

i=1 xi − ln
∏N

i=1 xi!− nλ;

4) We set ∂P (X|λ)
∂λ

= 0. Then, λ = 1
N

∑N
i=1 xi.

According to [42], the power-law model can be constructed. It is written as P (i) ∝

i−α. where P (i) represents the probability distribution of variable i and i falls within

the interval (1, n]. α represents the power index, which is described as follows:

α =
lnP (i1)− lnP (i2)

lni2 − lni1
(2.1)

where i1 and i2 are two integers from the interval (1, n]. In SE and DE, i1 = 25 and

i2 = 5. The reason is that nodes with less than 5 edges or greater than 25 edges

are almost unrepresentative. Thus, we exclude them to calculate the power index

α. It is important to note that the PIN only includes individuals who interact with

one another. Although their edges and nodes are recorded, no operation’s precise
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form is ever recorded. The PIN can therefore be used to study a wide range of

meta-heuristics.
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Chapter 3

Engineering optimization problems
of renewable energy

3.1 The position optimization problem of wave energy con-

verters

Renewable energy will be critical in meeting global energy demand in the future. Be-

cause of the high energy density of waves, wave energy is one of the most promising

forms of renewable energy currently available [43]. Wave farms consist of multiple

buoys in order to be commercially viable. Our research looks into the design of a

wave farm made up of an array of fully submerged tri-series buoys [44] that mimic

the hydrodynamic behavior of fully submerged three-tether wave energy converters

(WECs) in irregular directional waves. In a wave farm, the position of the buoys

largely determines the output. However, due to the complicated hydrodynamic inter-

actions between converters, optimizing buoy placement becomes more difficult as the

number of converters grows, and evaluating each layout is time-consuming. These

problems necessitate the use of search MHAs that can accurately optimize buoy con-

figurations with a small number of evaluations. Fig. 3.1 depicts the WECs. The

inclined taut tethers connect a fully submerged spherical buoy to three independent

power take-off units in this converter. The power take-off system’s tripod configu-
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ration allows power to be absorbed from all three translational degrees of freedom:

surge, sway, and heave [45].

The optimization problem can be viewed as optimizing a set of N WECs positions

to achieve the maximum total output value P ∗ in a bounded wave field Ω.

P ∗ = argmaxx,yP (xi, yi) (3.1)

where P (x, y) is the sum of the mean power output by buoys placed at x and y

coordinates in a given area. The number of buoys is N = 4. Each buoy i’s po-

sition is expressed as the coordinate: [xi, yi], so a 4-buoy array is represented as

[(x1, y1), (x2, y2), ..., (x4, y4)] and the decision variable size is 2×N .

3.2 Wind farm layout optimization

The effective use of wind power is an important means to ensure energy security

as it is an important part of renewable energy [46]. Due to a single wind turbine’s

limited energy output, wind power generation typically takes the form of a wind farm,

where many wind turbines are installed on a large scale to maximize the wind power

at a specific site. However, clustered wind turbines introduce the issue of a wake

effect [47] from upstream turbines to downstream turbines, reducing downstream

turbine power output. In order to attenuate the wake effect and enhance the power

output of wind farms, the wind farm layout optimization problem (WFLOP) [48] has

become a current research hot spot. WFLOP is to maximize conversion efficiency

in a wind farm by minimizing the power loss due to the wake effect between wind

turbines. It is realized by optimizing the positioning of the wind turbines. Usually,

the conversion efficiency is not the only factor to be considered and its maximization

should be combined with the minimization of costs [48] since wind turbine planning
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is an economical project. When dealing with the WFLOP, two major types of wind

farm layout models are typically used: the grid-based model and the unrestricted

coordinate model [49]. The former only allows wind turbines to be placed in a limited

number of locations, while the latter allows wind turbines to be positioned anywhere

in the wind farm, subject to some constraints. Although the unconstrained coordinate

model can be optimized with a slightly improved fitness and leads to a slight increase

in the optimal number of turbines, the grid-based model is more widely used since it

is computationally efficient [49].

In recent decades, meta-heuristics have proven to be an effective tool for address-

ing WFLOP problems [50]. Among meta-heuristics, genetic algorithms (GAs) [51,52]

and their improved versions [53, 54] are the most dominant and typical ones. Ac-

cording to [40], GAs are used in more than 75% of WFLOP studies. In addition,

there are also many other algorithms that are widely used, such as particle swarm

optimization [55, 56], ant colony optimization [57], lazy greedy algorithm [58], and

multi-objective evolutionary algorithms [59]. However, the rift between the research

fields of WFLOP and meta-heuristics has continued to expand [60]. On the one hand,

with the continuous research on meta-heuristics, a large number of new algorithms

have emerged [18, 61–65]. On the other hand, each WFLOP has different features

due to their differences in wind speed, type of wind turbines, wind directions, and

constraints in different regions, and this has led to a large number of wind farm layout

problem models [40, 66–71]. According to the “No-Free-Lunch Theorem” [72], it is

unrealistic to expect to find the most suitable algorithm for all the WFLOPs. The

issue of how to filter and improve the existing algorithms so that they can better

address WFLOP has become a major challenge for research.
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3.2.1 The wind condition model

Within wind farm layout problem models, there are usually five sub-models: the

wind condition model, the wake effect model, the wind turbine model, the wind

farm land model, and the wind farm cost model. In this study, we use the wind farm

layout problem model with consideration of participation among landowners proposed

in [71]. This model takes into account land use constraints well and thus has good

implications for the optimization of wind farms in different regions. Table 3.1 lists

the nomenclatures used in Chapter 3.2.

3.2.2 The wind condition model

In the model of [71], we chose three different wind profiles, including a single direction,

four, and six different directions with a speed of 13m/s. They are denoted as P1, P2,

and P3 respectively. Wind distribution P1 have a single wind direction with θ = 0, as

summarized in Fig. 3.2 (1). Wind profile P2 has 4 wind directions,
{
0, π

2
, π, 3π

2

}
, each

with a probability of occurrence of 25%, as given in Fig. 3.2 (2). Wind distribution P3

has 6 wind directions,
{
0, π

3
, 2π

3
, π, 4π

3
, 5π

3

}
, with the corresponding probability being

20%, 30%, 20%, 10%, 10% and 10% respectively, as prescribed in Fig. 3.2 (3).

3.2.3 The wind farm land model

The study in [71] takes into account the possibility that some areas of the wind farm

land are inaccessible to wind turbines, as shown by the shaded region in Fig. 3.3. It

should be noted that Fig. 3.3 is only one of 13 types of wind farm land. Each farmland

is divided into I (I = 144) square cells, where the light green cells are the cells where

wind turbines may be placed, the blue cells are the cells where wind turbines are

actually placed, and the shaded cells are the unavailable cells. The numbers in Fig.

3.3 are index labels i to indicate the index of each cell. The index label is converted
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into a 2-dimensional (2D) coordinate system and used to label the location of each

cell in the wind farm. The 2D coordinate system is created in three steps. Step

1: Create standard 2D coordinate system (Xi, Yi). In 2D coordinate system, Xi is

created as column index (0, 1, · · ·, Sc − 1), Yi is created as row index (0, 1, · · ·, Sr − 1),

where Sc = 12 is the number of cells in a column and Sr = 12 is the number of cells

in a row. All cells in a standard 2D coordinate system can be represented as a matrix

Ms. Ms is denoted as:

Ms =

X1 X2 · · · Xi · · · XI

Y1 Y2 · · · Yi · · · YI

 (3.2)

(Xi, Yi) can be calculated using the index labels i as:

Xi = i− Sc

⌊
i− 1

Sc

⌋
− 1, Yi =

⌊
i− 1

Sc

⌋
(3.3)

Step 2: Based on the standard 2D coordinate system, the actual location coordi-

nate system is created, and the unit is m. All cells in the actual location coordinate

system can be represented as a matrix Ma. Ma is denoted as:

Ma =

x1 x2 · · · xi · · · xI

y1 y2 · · · yi · · · yI

 (3.4)

(xi, yi) can be calculated using the index labels i as:

xi =

(
i− Sc

⌊
i− 1

Sc

⌋
− 0.5

)
C, yi =

(⌊
i− 1

Sc

⌋
+ 0.5

)
C (3.5)

where C is the cell width.

Step 3: The rotation of the actual location coordinates system, also referred to as

the rotated actual location coordinates system, is based on the various wind directions
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θ. All cells in the rotated actual location coordinate system can be represented as a

matrix M θ
a . M

θ
a is denoted as:

M θ
a =

xθ
1 xθ

2 · · · xθ
i · · · xθ

I

yθ1 yθ2 · · · yθi · · · yθI

 (3.6)

(
xθ
i , y

θ
i

)
can be calculated using (xi, yi) as:

xθ
i

yθi

 =

cosθ −sinθ

sinθ cosθ


xi

yi

 (3.7)

3.2.4 The wake effect model

In the model of [71], the classical wake effect model is used. It is assumed that the

momentum is conserved [73]. According to the law of conservation of momentum,

the radius of the wake behind the turbine should increase linearly with downwind

distance [74]. Fig. 3.4 displays the wake effect behind a wind turbine facing an

ambient wind speed of v0, where v1 is the wake wind speed behind the wind turbine,

which can be approximated as 1
3
v0 [75]. r0 is the rotor radius of the wind turbine, r1

and v2 represent the wake effect radius and wake velocity respectively at downwind

distance d. d has different values for different wind directions θ. The decay constant,

α determines how quickly the wake expands with distance. Eq. 3.8 is the expression

for the law of conservation of momentum for wind turbines.

πr0
2v1 + π

(
r1

2 − r0
2
)
v0 = πr1

2v2 (3.8)

v2 can be derived as:

v2 = v0

[
1− 2

3

(
r0
r1

)2
]

(3.9)
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The wake effect radius is r1 = r0 + αd, and the dimensionless scalar α is given as:

α =
0.5

ln
(
h
s

) (3.10)

where h is the wind turbine’s hub height and, s represents the surface roughness of

the wind farm area. When the ground is sand, s is set at 0.25mm [71].

When a wind turbine i is effected by the wake effects of multiple upwind turbines

[51]. Let A represent the collection of wind turbine indices upwind of turbine i and

the following can be derived:

(
1− vi

v0

)2

=
A∑

j=1

(
1− vi,j

v0

)2

(3.11)

where vi indicates the actual wind speed at wind turbine i, vi,j is the wind speed of

turbine i only taking consideration of the wind turbine j’s wake effect using Eq. 3.9.

The actual wind speed vi is:

vi = v0

1−
√√√√ A∑

j=1

(
1− vi,j

v0

)2
 (3.12)

3.2.5 The wind turbine model

In this section, the type of wind turbines are GE1.5sle. The diameter of the wind

turbine is 77m, the hub height h is 88m. The output power of GE1.5sle is calculated

according to Eq. 3.13:

W (vi) =



0, if vi < 2

0.3v2i , if 2 ≤ vi < 12.8

629.1, if 12.8 ≤ vi < 18

0, if 18 ≤ vi

(3.13)
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Fig. 3.5 is the power curve of GE1.5sle.

3.2.6 The wind farm layout optimization problem’s objective function

To maximize power production, WFLOP seeks to determine the best location for

each wind turbine. In order to provide the wind turbines in the downwind direction

with a better wind input speed, an ideal layout should minimize the wake effect to

the lowest possible level. In [71], the objective function of Mosetti et al. [51] is used

as:

Objective = min
n,X

T (n)

E (n,X)
(3.14)

whereX is a feasible layout for a wind farm and n is the total number of wind turbines.

In meta-heuristics, X is the individual of the algorithm. E (n,X) denotes the sum

of the power generated by the n wind turbines that are arranged in accordance with

X’s layout. T (n) is the total cost of n wind turbines on the wind farm. E (n,X) and

T (n) can be calculated as:

E (n,X) =
n∑
1

∑
θ,v

p (θ, v) oi (θ, v,X) , T (n) = n

(
2

3
+

1

3
e−0.00174n2

)
(3.15)

where θ is the wind direction with the wind speed v. p (θ, v) is the probability

distribution of θ and v. oi (θ, v,X) is the power output of wind turbine i under layout

X with θ and v. Since the cost is constant for any given n, when dealing with issues

involving a specific number of wind turbines, the objective function is equivalent to

maximizing the anticipated overall power output of the wind farm, denoted by:

Objective = max
X

E (X) , E (X) =
n∑
1

∑
θ,v

p (θ, v) oi (θ, v,X) (3.16)
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Each layout’s performance is measured using the conversion efficiency η for simple

quantification.

η =
E (n,X)

n
∑

θ,v p (θ, v) r (v)
(3.17)

where r (v) is a wind turbine’s rate power output at wind speed v, without accounting

for the wake effect. To compare two layouts, conversion efficiency η is used as the

criterion. The layout with a higher η is regarded as superior.
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Chapter 4

Spatial information sampling
algorithm

4.1 Basic idea of spatial information sampling algorithm

Table 4.1 lists the nomenclatures used in Section 2. In this study, we regard the

problem to be optimized as a space in which the SIS population swims to find the

global best. The entire SIS population is referred to as X, and it is divided into two

sub-populations, L and R, with individuals in L distributed along the population’s

periphery and R distributed evenly.

Remark 1: In order to distinguish individuals at different positions in the pop-

ulation, we standardize the spatial shape of the population and make it hypercube

distributed in the solution space. The specific distribution method is introduced in

section 2.2.

When the current optimal individual is observed in L, it indicates that the search

space covered by the population is not large enough, and the better individual may

still be outside the current range. Then the perturbation operation of the intelligent

scheme is activated: when the next generation of X is generated, the current optimal

individual is regarded as the center, and the distance between individuals is expanded.

As a result, SIS’s exploration ability is enhanced. The mechanism of perturbation

operation is shown in Fig. 4.1, where the contour line is represented by the circle in



32

T
ab

le
4.
1:

N
om

en
cl
at
u
re

u
se
d
in

ch
ap

te
r
4

S
y
m
b
ol

d
es
cr
ip
ti
on

N
T
h
e
n
u
m
b
er

of
in
d
iv
id
u
al
s
in

th
e
p
op

u
la
ti
on

D
T
h
e
n
u
m
b
er

of
d
im

en
si
on

s
of

th
e
op

ti
m
iz
at
io
n
p
ro
b
le
m

t
T
h
e
n
u
m
b
er

of
it
er
at
io
n
s

i
T
h
e
in
d
ex

of
in
d
iv
id
u
al
s

d
T
h
e
in
d
ex

of
d
im

en
si
on

s
x
t i

T
h
e
i-
th

in
d
iv
id
u
al

in
p
op

u
la
ti
on

in
th
e
t-
th

it
er
at
io
n

f
(·)

T
h
e
fi
tn
es
s
fu
n
ct
io
n

ot
T
h
e
o
p
ti
m
al

in
d
iv
id
u
al

in
th
e
t-
th

it
er
at
io
n

N
0

T
h
e
n
u
m
b
er

of
n
o
d
es

in
ea
ch

d
im

en
si
on

δx
t

T
h
e
d
is
ta
n
ce

b
et
w
ee
n
ea
ch

in
d
iv
id
u
al

in
th
e
sa
m
e
d
im

en
si
on

in
th
e
t-
th

it
er
at
io
n

U
d

T
h
e
u
p
p
er

li
m
it
s
of

th
e
so
lu
ti
on

sp
ac
e
in

th
e
d
-d
im

en
si
on

F
d

T
h
e
lo
w
er

li
m
it
s
of

th
e
so
lu
ti
on

sp
ac
e
in

th
e
d
-d
im

en
si
on

X
T
h
e
n
a
m
e
of

p
op

u
la
ti
on

R
T
h
e
n
a
m
e
of

su
b
-p
op

u
la
ti
on

ge
n
er
at
ed

b
y
th
e
ra
n
d
om

se
q
u
en

ce
L

T
h
e
n
a
m
e
of

su
b
-p
op

u
la
ti
on

ge
n
er
at
ed

b
y
th
e
lo
gi
st
ic

m
ap

r i
,d

T
h
e
it
h
d
at
a
ge
n
er
at
ed

b
y
th
e
ra
n
d
om

se
q
u
en

ce
in

th
e
d
-d
im

en
si
on

l i
,d

T
h
e
it
h
d
at
a
ge
n
er
at
ed

b
y
th
e
L
og

is
ti
c
m
ap

in
th
e
d
-d
im

en
si
on

b
T
h
e
p
a
ra
m
et
er

fo
r
ad

ju
st
in
g
th
e
d
is
ta
n
ce

b
et
w
ee
n
in
d
iv
id
u
al
s

R
m

T
h
e
in
d
iv
id
u
al

w
it
h
th
e
b
es
t
fi
tn
es
s
va
lu
e
in

R
L
m

T
h
e
in
d
iv
id
u
al

w
it
h
th
e
b
es
t
fi
tn
es
s
va
lu
e
in

L



33

(1
) 

P
o
p

u
la

ti
o
n

 (
t-

th
X

)
(3

) 
P

o
p

u
la

ti
o
n
 (

(t
+

1
)-

th
X

)
(2

)
In

te
ll

ig
en

t
sc

h
em

e

t-
th
X

O
u

tp
u
t 

d
ec

is
io

n
: 

ex
p

an
d
 t

h
e 

se
ar

ch
 r

an
g

e

(t
+

1
)-

th
X

E
q
. 
(4

)

F
ig
u
re

4.
1:

P
er
tu
rb
at
io
n
op

er
at
io
n
of

S
IS
.



34

(1
) 

P
o
p

u
la

ti
o
n

 (
t-

th
X

)
(3

) 
P

o
p

u
la

ti
o

n
 (

(t
+

1
)-

th
X

)

t-
th
X

O
u
tp

u
t 

d
ec

is
io

n
: 

n
ar

ro
w

 t
h
e 

se
ar

ch
 r

an
g

e

(t
+

1
)-

th
X

(2
) 

In
te

ll
ig

en
t 

sc
h

em
e

E
q
. 
(4

)

F
ig
u
re

4.
2:

A
tt
ra
ct
io
n
op

er
at
io
n
of

S
IS
.



35

the figure, and the smaller the circle, the better the fitness value. The square is in

the range of X, the yellow part is L and the blue part is R. The red dot represents

the current optimal individual.

When the current optimal individual is observed in R, it indicates that the pop-

ulation may have covered a promising search area. Then the attraction operation of

the intelligent scheme is activated: when the next generation of X is generated, the

current optimal individual is regarded as the center, and the distance between indi-

viduals is reduced. As a result, SIS’s exploitation ability is enhanced. The mechanism

of attraction operation is shown in Fig. 4.2. Through the above operations of the

intelligent scheme, the perception of the solution space is realized, and the flexibility

and autonomy of SIS are enhanced.

Remark 2: InX, the individuals in L are responsible for searching for the current

optimal individuals in the periphery of the population, while the individuals in R are

responsible for searching for the current optimal individuals within the population.

The two sub-populations have a clear division of labor and are indispensable.

4.2 Basic components of spatial information sampling algo-

rithm

SIS is mainly composed of two parts: algorithm initialization and population con-

struction, and their specific definitions are as follows:

Part 1: Algorithm initialization in SIS is the process of generating initial indi-

viduals in the solution space and also includes the assignment of initial parameters.

First, N individuals are randomly initialized. Individuals in a D-dimensional solution

space are represented by xt
i = [xi,1, xi,2, ..., xi,D], where t is the iteration number and

i = [1, 2, ..., N ], and the population X is formed by xi. All individuals in the popula-

tion are evaluated by the fitness function f(·), and the optimal one is represented as o.
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In each dimension, the number of nodes is set as N0 =
D
√
N . δxt = [δx1, δx2, ..., δxD]

denotes a discrete step, representing the distance between each individual in each

dimension. When initialized, δxt is defined as:

δxt =
Ud − Fd

N0

, t = 1, d = [1, 2, ..., D] (4.1)

where Ud and Fd are the upper and lower limits of the solution space in the d-

dimension, respectively.

Part 2: The purpose of population construction is to construct a population

to make SIS mark the position of the current optimal individual in the population.

The population X is divided into two sub-populations, each with N/2 individuals.

The sub-population generated by the random sequence is called R. The other one

generated by the Logistic map [76] (a kind of chaotic map) is referred to as L. The

generation process of individuals xi in R and L is written as:

xt+1
i,d = (2 · ri,d − 1) · δxt

d + ot xi ∈ R

xt+1
i,d = (2 · li,d − 1) · δxt

d + ot xi ∈ L
(4.2)

where i = [1, 2, ..., N/2]. ri,d is generated by the random sequence and li,d is generated

by the Logistic map, shown as:

li+1,d = r · li,d · (1− li,d) , i = [1, 2, ..., N/2] (4.3)

where li,d denotes the ith data generated by Logistic map in the d-dimension, lt ∈

(0, 1), l0 ∈ (0, 1) and l0 /∈ {0, 0.25, 0.5, 0.75, 1.0}, and we set r=4 according to [76].

Remark 3: The reason we use the chaotic map is that certain rules can be

derived from a comprehensive and long-term analysis of the chaotic map, including

ergodicity [27] and pseudo-randomness [28]. The distribution characteristic of the one-
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begin
/*Algorithm initialization */
Initialize parameter b and randomly initialize N individuals
Calculate δx1 by Eq. (4.1)
f(X) = evaluate(X)
Find out the optimal individual o in the population
while Terminal Condition do

/*Population construction*/
for i = 1 : N/2 do

for d = 1 : D do
Eq. (4.2)

end

end
Boundary detection
/*Intelligent scheme */
f(X) = evaluate(X)
Looking for the individual Rm and Lm with the best fitness value in R and L
Through Eq. (4.4), update δx and o

end

end
Algorithm 1: Pseudocode of SIS

dimensional sequence produced by the Logistic map is that the points are more likely

to be distributed near the boundaries of 0 and 1. Based on the above characteristics,

we construct a hypercube point set with a dense peripheral distribution and a sparse

inner distribution in high-dimensional space to generate the sub-population L.

4.3 The realization of intelligent scheme

Without loss of generality, the optimization of a minimization problem is considered.

After generating X, the fitness values of all individuals are calculated, and thereafter

those with the best value in R and L are denoted by Rm and Lm, respectively. Since

individuals in L are more likely to be distributed at the periphery of population, when

f(Lm) < f(Rm), the current range of search space is not big enough, and individuals

with better fitness values may be found outside the current range. Therefore, the

perturbation operation of the intelligent scheme is activated and δxt+1 is increased.
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When f(Lm) > f(Rm), the optimal individual may have been covered by the current

search range, and the search range needs to be reduced for exploitation. Therefore,

the attraction operation of the intelligent scheme is activated and δxt+1 is reduced.

δxt+1 and ot+1 can be calculated as:

(c)



(a)


δxt+1 = (1 + b) · δxt

ot+1 = Lm

if f(Rm) > f(Lm)

(b)


δxt+1 = (1− b) · δxt

ot+1 = Rm

if f(Rm) < f(Lm)

(4.4)

where b is the parameter for adjusting the distance between individuals. Repeat the

operation from Eq. (4.2) to Eq. (4.4) until the iteration termination condition is met.

The pseudo-code of SIS is given in Algorithm 1.

Remark 4: The two-dimensional schematic diagram of SIS in the iterative pro-

cess is shown in Fig. 4.3. Figs. (a), (b) and (c) in Fig. 4.3 are consistent with the

operations represented by Eqs. (a), (b) and (c) in Eq. (4.4). The contour line is the

same as Fig. 4.1. The square is the range of the population X, and the red dot repre-

sents the current optimal individual. The numbers in the figure represent the number

of iterations t. The perturbation operation is represented in Fig. 4.3 (a). When the

global optimal area is not found, the population will move towards a better fitness

value. Simultaneously, according to Eq. (4.4) (a), the search range of the population

is continuously expanded. The attraction operation is represented in Fig. 4.3 (b).

When the search range of the population encompasses the global optimal area, the

search range begins to converge due to Eq. (4.4) (b). The whole optimization process

of SIS is represented in Fig. 4.3 (c). Through Figs. 4.1, 4.2 and 4.3, we can find
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that in the intelligent scheme, the solution space is observed and described by SIS

according to the information obtained from individuals in different locations, and the

exploitation or exploration operation can be chosen by SIS autonomously.
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Chapter 5

Spherical evolution and its
improvement method

5.1 Spherical evolution

According to Tang [41], the search operation of meta-heuristics has some common

characteristics or patterns, which can be represented as:

X ′
i,j = Xr1,j +

n∑
k=1

S (Xr2,j, Xr3,j, · · ·, XN,j) (5.1)

whereX ′ is the offspring individual, X represents individuals of the parent generation.

n denotes the number of updating units. (r1, r2, · · ·, N) represents the index of the in-

dividual, and they are determined by the specific algorithm. S (Xr2,j, Xr3,j, · · ·, XN,j)

represents the updating units in the search operator and decides the search style.

SE contains an initialization operation, a search operation, an evaluation oper-

ation, and a selection operation. Table 5.1 lists the nomenclatures used in Section

5. The initialization operation is the process of generating initial individuals in the

solution space and also includes the assignment of initial parameters. First, N indi-

viduals are randomly initialized. Individuals in a D-dimensional solution space are

represented by Xi = [Xi,1, Xi,2, ..., Xi,j, ..., Xi,D]. D is the total number n of wind tur-

bines in this paper. i represents the index of the individual and j represents the index
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of the dimension, and i = [1, 2, ..., N ], j = [1, 2, ..., D]. All individuals in the popu-

lation are evaluated by the evaluation operation function f(·). f(·) is the conversion

efficiency calculated by Eq. (3.17).

In high dimensions, the updating units of SE can be represented as:

Ui,j = Xr1,j +


F · ∥Xr2,∗ −Xr3,∗∥2 ·

∏Dc−1
k=j sin (θj) , if j = 1

F · ∥Xr2,∗ −Xr3,∗∥2 · cos (θj−1) ·
∏Dc−1

k=j sin (θj) , if 1 < j ≤ Dc − 1

F · ∥Xr2,∗ −Xr3,∗∥2 · cos (θj−1) , if j = Dc

(5.2)

In two dimensions, the updating units of SE can be represented as:

Ui,j = Xr1,j +


F · ∥Xr2,∗ −Xr3,∗∥2 · sin (θj) , if j = 1

F · ∥Xr2,∗ −Xr3,∗∥2 · cos (θj) , if j = 2

(5.3)

In a single dimension, the updating units of SE can be represented as:

Ui,j = Xr1,j + F · ∥Xr2,∗ −Xr3,∗∥2 · cos (θj) (5.4)

where Ui is a temporary offspring individual. (r1, r2, r3) represents the index of

the individual, and they are random integers between 1 and N . F denotes a scale

factor that can appropriately adjust the search radius length. In SE, the worse the

individual’s solution, the greater the value of F . ∥Xr2,∗ −Xr3,∗∥2 denotes the radius

of sphere computed by Euclidean norm in high dimensions. Dc is the dimension of

the original D after the dimensionality reduction operation. ∗ = {1, 2, ...Dc} is the set

of all dimensions after dimensionality reduction. θ is generated by a random number

of uniform distribution between [0, 2π].

Once the search operation is executed, the fitness values of the total individuals

in U are evaluated. Ui is compared with the original population Xi with a greedy se-



44

lection strategy, and individuals who outperformed remaining in the next generation.

The selection operation is formulated as:

X ′
i =


Ui, if f(Ui) > f(Xi)

Xi, if otherwise

(5.5)

The maximum value optimization case is used here. After performing the selection

operation, the algorithm proceeds to the next iteration of the search operation.

5.2 improved spherical evolution

Subsequently, we make more exploration-oriented improvements to the SE in two

main ways. In the original SE, the update formula for F is:

Fio =
io
N

+ 0.1ra (5.6)

where io is the index of individuals in the population ranked from best to worst

according to their fitness value. The smaller the value of io, the better the f(Xio)

of Xio , ra is the normally distributed random number. When F is greater than 1 or

less than 0, F will be remade. The value of F does not exceed 1, which indicates

that the search range of the algorithm is shrinking, which weakens the SE exploration

ability. To enhance the exploration of SE, we increase the value of F so that F = 10.

In addition, we reduce the number of individuals N in the population of SE from

100 to 5. The reason for this operation is that when the population size declines,

the amount of information contained in the individuals in the population decreases,

thus reducing the information interaction and further enhancing SE exploration. The

final experimental results confirm that the ISE performs far better than the original

algorithm on the WFLOP. The pseudo-code of ISE to solve the WFLOP is given in
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Algorithm 2.

Note : SE is improved from a meta-heuristic to a heuristic even if there is only a

slight change in two parameters F and N . This is because the ISE makes use of the

information extracted by the PIN from the WFLOP.
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begin
for P = P1 : P3 do

/*Constructing wind condition models*/
Calling wind speed v0, wind direction θ and its frequency.
for n = [15, 20, 25] do

/*Determining the number of wind turbines*/
for L = L0 : L12 do

/*Determining the wind farm land model*/
/*Calling the wake effect model*/
Calculation of actual wind speed vi according to Eqs. (3.8)-(3.12).
/*Constructing the objective function */
Construct the objective function η using Eqs. (3.13)-(3.17).
/*Execute ISE*/
Randomly initialize N = 5 individuals.
Initialize the scaling factor F = 10.
for i = 1 : N do

Transform the individual Xi into a 2-dimensional matrix using
Eqs. (3.2)-(3.7).

Based on Eq. (3.17), calculate f(Xi) = η(Xi).

end
while Terminal Condition do

/*Execute the updating units*/
for i = 1 : N do

for j = 1 : D do
Execute Eq. (5.2).

end

end
Boundary detection.
for i = 1 : N do

Transform the temporary Individual Ui into a 2-dimensional
matrix using Eqs. (3.2)-(3.7).

Based on Eq. (3.17), calculate f(Ui) = η(Ui).

end
/*Execute the selection operation*/
for i = 1 : N do

Execute Eq. (5.5).
end

end

end

end

end

end
Algorithm 2: Pseudocode of ISE
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Chapter 6

Experimental results and analysis

6.1 Performance evaluation criteria

The following assessment tools were used to gauge how well MHAs performed:

1) “+”, “=”, and “−”: When ISE performs better than other MHAs, it is denoted

as “+”. When there is no significant difference between them, it is noted as

“=”. When ISE performs worse than others, it is denoted as “−”. The basis

for this assessment comes from the Wilcoxon rank-sum test.

2) Wilcoxon rank-sum test: The Wilcoxon rank-sum test is a non-parametric evalu-

ation of the null hypothesis that two samples originate from the same population

in comparison to a competing hypothesis. The Wilcoxon rank-sum test was used

to compare the data obtained after 51 times of function optimization in order to

determine the differences between ISE on each function and other MHAs, and

W/T/L is used to represent these differences.

3) Wilcoxon signed-rank test: In the Wilcoxon signed-rank test, p-value is the

probability of observing a test statistic as more extreme than the observed value

under the null hypothesis. In this study, when the p-value is less than 0.05, it

means that ISE is significantly better than other MHAs, and when the p-value

is greater than 0.95, it means that ISE is significantly worse than others.
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4) W/T/L: W is the number of functions for which ISE is significantly better than

other algorithms, T is the number of functions for which ISE is not significantly

different from other algorithms, and L is the number of functions for which ISE

is significantly worse than other algorithms.

5) Friedman test: Non-parametric tests like the Friedman test are used. The alter-

native hypothesis in this test is that the medians of two or more algorithms are

different, while the null hypothesis is that the medians of the various algorithms

are equal. In this study, the larger the value of Fr, the better the algorithm

performs on WFLOP.

6) Box-and-whisker diagrams: The line above the box denotes the maximum value,

and the line below the box denotes the minimum value. The top and bottom

edges of the box, respectively, stand in for the first and third quartiles. The

red line represents the median, and the red “+” symbol denotes extreme values.

Additionally, the performance of the algorithm is more unstable the greater the

difference between the maximum and minimum values.

7) Convergence curve: This graph records the history of the current optimal at

each iteration. The function evaluation numbers are represented by the x-axis

and y-axis shows the average error value.

6.2 Performance evaluation of spatial information sampling

algorithms

In this section, to verify the effectiveness of SIS, we conducted experiments on bench-

mark functions taken from IEEE CEC2017 [39], real-world problems taken from IEEE

CEC2011 [77], and a position optimization problem of wave energy converters.
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6.2.1 Experimental data and comparison results of spatial information

sampling algorithms on CEC2017 and CEC2011

To analyze SIS’s performance, we made a comparison of CEC2017 and CEC2011, and

they are shown in Table 6.1. It should be mentioned that the F2 function in CEC2017

was omitted due to its unstable performance, particularly at high dimensions [39].

In this section, we compared the following algorithms with SIS: DE, CS, GWO,

PSO, GSA, DNLGSA, CGWO, HGSA, SCA, CGSA-M, MDBSO, and GLPSO. The

common parameters were set as follows: The function’s evaluation number E is set to

104 ∗D, where D is the number of the dimension. In order to obtain statistical data,

each algorithm was executed 51 times for each function. The unique parameters of

each algorithm are shown in Table 6.2. It should be noted that we have dynamically

adjusted the parameters of SIS, and its formula is b = 0.1 · (Ec/E), where Ec is the

current number of evaluation times. And when Ec equals E/2, δxt = δx1.

For all compared algorithms, Tables 6.3, 6.4, 6.5 and 6.6 summarized the classi-

fication results in terms of the mean test error and its standard deviation (std). At

CEC2017, we tested and compared various algorithms when the dimensions were 30,

50, and 100, respectively, to analyze the performance change of SIS from medium

dimension to large dimension. According to W/T/L, the winning number of SIS in

Table 6.3 is 10, 19, 19, 29, 24, 25, 18, 17, 29, 24, 17, and 22 in comparison to DE, CS,

GWO, PSO, GSA, DNLGSA, CGWO, HGSA, SCA, CGSA-M, MDBSO, and GLPSO.

Meanwhile, the Friedman test in Table 6.7 shows that among the thirteen algorithms,

SIS ranks second, which is stronger than its peers except DE. It demonstrates SIS’s

ability to perform well on functions with medium dimensions. The results of W/T/L

in Table 6.4 show that SIS is remarkably superior to twelve algorithms 12, 22, 21, 29,

22, 26, 23, 18, 29, 22, 20 and 23 functions, respectively. Meanwhile, the Friedman

test shows that among the thirteen algorithms, SIS ranks first. The result shows that
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on functions with high dimensions, SIS keeps predominant performance. In Table

6.5, the results of W/T/L indicates that SIS significantly outperforms the others on

11, 22, 24, 29, 23, 26, 25, 14, 29, 23, 16 and 13 functions, respectively. Meanwhile,

the Friedman test also shows that among the thirteen algorithms, SIS ranks first. It

should be emphasized that in the Friedman test data of 30, 50, and 100 dimensions,

the ranking of SIS not only changes from the second in 30 dimensions to the first in

50 dimensions, but also widens the score gap between SIS and the second ranking

algorithm in 50 and 100 dimensions, which shows the excellent performance of SIS in

large dimensions.

Fig. 6.1 shows box-and-whisker diagrams of optimal solutions obtained by thir-

teen algorithms on F5, F16, and F22 with 30 dimensions, F3, F10, and F24 with 50

dimensions, and F8, F17, and F20 with 100 dimensions. From Fig. 6.1, in comparison

to other twelve algorithms with different dimensions, SIS has almost the smallest dis-

tribution and the least error of optimal solutions, indicating its superior performance

and stability. Fig. 6.2 shows the convergence graphs of average optimal solutions

obtained by thirteen algorithms on F5, F16, and F22 with 30 dimensions, F3, F10,

and F24 with 50 dimensions, and F8, F17, and F20 with 100 dimensions. The conver-

gence curve of SIS is quite different from that of other algorithms. Other algorithms

basically converge rapidly in the early stages of iteration, while SIS converges steadily

in the middle stages of iteration, which fully proves that SIS has strong solution space

adaptability. As shown in Fig. 6.2, SIS is able to continually find better solutions

and alleviate premature convergence.

In Table 6.3, according to W/T/L, the winning number of SIS in comparison with

the other twelve algorithms is 8, 10, 9, 20, 11, 17, 8, 9, 19, 11, 15, and 11, respectively.

Meanwhile, the Friedman test in Table 6.7 shows that among the thirteen algorithms,

SIS ranks sixth, which shows that SIS is capable of optimizing functions in real-world
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problems of CEC2011.

Through the above comparison, it can be seen that SIS is on par with DE in

CEC2017 and 2011. It should be emphasized that DE can be said to be one of the

most powerful random real parameter optimization algorithms [78]. When compared

with DE, some studies choose parameters that weaken DE. However, in this paper,

we choose the optimal parameter scheme of DE in CEC2017 and 2011. In section

6.2.2, we compare SIS with the improved algorithms based on DE to further verify

the performance of SIS.

6.2.2 Position optimization of wave energy converters

In this section, we attempt to use SIS to optimize the placement of oscillating buoy-

type WECs, and we compare SIS with an improved differential evolution algorithm

(IDE) [79] modified specifically for this problem under four real wave regimes (Perth,

Adelaide, Tasmania, and Sydney). To ensure the fairness of comparison, in this paper,

the calculation formula and related parameters of energy obtained through WECs are

consistent with IDE.

In the experiment, both SIS and IDE were run 10 times, with 300 iterations each.

b is set to a random number between 0 and 0.1 in SIS. The results of the 4-buoy

layout problem in the four real wave scenarios are summarized in Table 6.8. In each

wave scenario, the output with the best performance is highlighted in bold. It can be

found that the maximum value of SIS in the four wave scenarios is significantly higher

than that of IDE, and the mean and minimum values are also obviously dominant,

except for the Sydney scenario. This shows that even in the face of the IDE, which

has been specially modified for specific optimization problems, SIS still occupies an

absolute advantage.
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6.3 Performance evaluation of the improved spherical evolu-

tionary algorithm

In this section, ISE, SE, DE, CJADE, SCJADE [80], SUGGA [71], and LSHADE [81]

are tested. Among them, SE creatively adopts a hypersphere search model, which

opened a new path for the design of meta-heuristics, and its improved version has an

excellent performance in photovoltaic optimization research [82]. DE is proven to be

one of the best algorithms in the field of meta-heuristics [78]. CJADE and SCJADE

are two well-known improved algorithms based on DE, and SCJADE is an improved

version of CJADE. LSHADE ranked first in the IEEE CEC 2014 competition. In

addition, the genetic algorithm is the origin of almost all algorithms and has a high

visibility [83]. SUGGA is the latest improved version of the genetic algorithm for

wind farm layout optimization. The parameters of each algorithm are set as shown

in Table 6.9.

Seven algorithms are tested on 13 designed wind farms with various numbers of

wind turbines using the wind distributions P1, P2, and P3. Fig. 6.3 shows the 12

different wind farm lands with constraints from landowners. There are 120 available

cells in Group 1’s wind farms L1–L6, and 132 cells available cells in Group 2’s wind

farms L7–L12, while L0, the baseline when all farm owners participate unanimously,

has 144 cells available. Each land has a total area of 3415104m2 and a cell width of

154m. Each algorithm needs to be run 51 times on different wind farm lands in each

wind direction and had the same number of evaluation times (20,000).

6.3.1 Biased exploitation algorithms vs. biased exploration algorithms

In this section, we first tested ISE, SE, DE, CJADE, and SCJADE. These five algo-

rithms are highly representative. The degree distribution of the PINs of SE and DE

has the characteristics of Poisson distribution, which makes the algorithm more explo-
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Table 6.13: Friedman test of five algorithms on WFLOP.

ISE SE DE SCJADE CJADE
Score 5 4 2.3419 2.1197 1.5385
Rank 1 2 3 4 5

ration oriented. In contrast, the degree distribution of PINs of CJADE and SCJADE

has the characteristics of a power-law distribution, which makes the algorithm more

biased towards exploitation [38]. The results of the wind farm efficiency tests on wind

distribution P1, P2, and P3 are compiled in Tables 6.10, 6.11, and 6.12. As can be

seen from the table, the ISE far outperforms the other algorithms for all conditions

for wind farms L1-L12 and for the three wind turbine numbers (15, 20, 25). The

values of W/T/L are all 13/0/0, indicating that the ISE significantly outperforms the

other algorithms in either condition, and there is not even a single tie, which is quite

rare in the field of optimization algorithms.

Fig. 6.14 shows the box-and-whisker diagrams of the conversion efficiency of each

algorithm in Group 1 and Group 2. As can be seen from Fig. 6.14, the performance

of each algorithm in the cases of P1 and P3 of the wind distribution perfectly validates

the conclusion that the exploration-biased algorithm is superior to the exploitation-

biased algorithm on WFLOP. The ISE has the strongest exploration and therefore

the best performance. SE belongs to the exploration-biased Poisson distribution, and

its mechanism is more exploration-biased compared to DE, so it performs better than

DE, which is also a Poisson distribution. Also, since CJADE and SCJADE belong

to the power-law distribution of biased exploitation, their performance on WFLOP

is weaker than that of DE. SCJADE is an improvement of CJADE, whose main

operation is to improve the local search of CJADE on the optimal individual from a

random search to a difference between two individuals.

In P2 of Fig. 6.14, a different situation emerges from that of P1 and P3, with DE

being the worst-performing algorithm. There may be three unrelated reasons:
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1) Reason 1 : The different mechanisms of the different algorithms lead to unex-

pected results. For example, in CJADE and SCJADE, chaotic maps are intro-

duced to control the search radius of the local search. Due to the ergodicity [27]

and pseudo-randomness [28] of chaotic maps, the local search range of CJADE

and SCJADE may suddenly increase, thus allowing the algorithms to enhance

exploration while maintaining a power-law distribution.

2) Reason 2 : Since P2 is an equal incoming wind in all four directions, the result

is a large search space in each direction, and there may be some local optimal

region in the solution space in each direction, thus leaving the algorithm some

room for improvement in both biased exploitation and biased exploration. In

other words, both the biased exploitation algorithm and the biased exploration

algorithm will outperform the DE in this wind condition.

3) Reason 3 : This can be verified by the fact that the optimization results of

the algorithms in P2 are less robust than those of P1 and P3 in Fig. 6.14. It

is also possible to combine the performance of SE and DE as well as CJADE

and SCJADE for analysis. It can be seen that while CJADE outperforms DE,

SCJADE is far inferior to SE, suggesting that the exploration-biased algorithm

has a higher potential for improvement on P2.

We will also conduct an in-depth analysis of the two speculations mentioned above

in our next work.

Table 6.13 shows the Friedman test results obtained by subjecting the data ob-

tained after optimizing P1, P2, and P3 by the five algorithms. The test results show

that ISE with the strongest exploration has the best performance, SE ranks second,

DE with Poisson distribution ranks third, and CJADE and SCJADE have the worst

performance due to biased exploitation. The above results show that the exploration-

biased algorithm outperforms the exploitation-biased algorithm on this WFLOP. It
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also proves that our improvement to enhance the SE exploration capability is correct.

6.3.2 ISE vs. SUGGA and LSHADE

In this section, we compare the ISE with the SUGGA and LSHADE. In the SUGGA

algorithm, a new step called “support vector regression guided relocation of the worst

turbine” is used in the GA. This gives SUGGA powerful optimization capabilities.

LSHADE is a successful history-based adaptive DE variant with linear population size

reduction that has been considered among the most efficient evolutionary algorithms.

Since techniques beyond meta-heuristics are used in SUGGA and population adaptive

methods are used in LSHADE, it is difficult to precisely define the exploitation or

exploration of the two algorithms.

Since these two algorithms are highly comparable as state-of-the-art algorithms,

we compare ISE with them in this section. As can be seen in Tables 6.15, 6.16, and

6.17, the ISE outperforms the SUGGA and LSHADE on all wind distributions P1,

P2, and P3. In addition, we perform the Wilcoxon signed-rank test, and the p-values

obtained were recorded in the table. The results based on p-values show that the ISE

has a value of 6/3/0 and 9/0/0 for W/T/L compared to SUGGA and LSHADE. This

shows that ISE has significant advantages and no significant disadvantages compared

to SUGGA. When compared to LSHADE, ISE has a definite advantage.
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Chapter 7

Discussions

7.1 Discussions on spatial information sampling algorithm

To further analyze the characteristics of SIS and prove the effectiveness of the intel-

ligent scheme, we discussed the parameters, individual search trajectory, population

diversity, and time complexity of SIS.

7.1.1 Discussion of parameters and mechanisms

To further validate the effectiveness of the intelligent scheme, we captured two parts

of the SIS for discussion. First, the most important thing to verify is whether the

intelligent scheme works as expected, so we designed a set of controlled trials. We

proposed the SIS algorithm with a randomized deflation mechanism, whose data are

detailed in column “Random” in Table 7.1. The difference between the randomized
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deflation mechanism and the intelligent scheme is shown in equation Eq. (7.1).

(c)



(a)


δxt+1 = (1 + b) · δxt

ot+1 = Lm

if R > 0.5

(b)


δxt+1 = (1− b) · δxt

ot+1 = Rm

if R < 0.5

(7.1)

where R is a random number with a value range between 0 and 1. A comparison of the

data in the table shows that the intelligent scheme crushes the randomized deflation

mechanism in terms of performance. Moreover, in the Wilcoxon rank-sum test, the

W/T/L obtained by SIS compared with Random is 29/0/0. The above results fully

demonstrate that SIS with an intelligent scheme has a significant advantage over SIS

with a random deflation mechanism. Thus, the effectiveness of the intelligent scheme

used by SIS is proven.

The second part is a discussion of the hyper-parameter b. Since b directly controls

the expansion and contraction magnitude of the SIS population, the adjustment of b

directly leads to changes in the performance of the algorithm. Therefore, we discuss β

in b in order to demonstrate that the intelligent scheme plays a role in the operation of

the algorithm on the one hand and to find the optimal β value on the other hand. From

Table 7.1, it can be found that the mean value of SIS at β=0.1 has a great advantage

relative to other values. In addition, the results of the Wilcoxon rank-sum test showed

that the W/T/L at β=0.1 is 12/13/4, 11/17/1, 13/13/3, and 13/13/3 compared

to β=0.05, β=0.075, β=0.125, and β=0.15, respectively. The discussion for the β

demonstrated the effect of the magnitude of population expansion and contraction on

the performance of the algorithm. This is further proof of the important role played
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by the intelligent scheme.

7.1.2 Search trajectory

Fig. 7.1 depicts SIS’s landscape search trajectory in two dimensions in CEC2017 on

F3, F4, and F10. The lines in the figure are contour lines of fitness value, and the

redder the line color, the greater the fitness value. In F3, we recorded images at 2,

100, and 200 iterations, respectively. It can be found that the population keeps the

trend of narrowing the search scope on F3, and the population eventually converges

to a minimum range. The search trajectory on F3 highlights the exploitation ability

of SIS. In F4, we recorded images at 102, 105, and 200 iterations, respectively. It

can be found that the search range of the population is expanding from the 102th

iteration to the 105th iteration, but after 200 iterations, the population is still reduced

to a minimum range. F4 shows that exploration ability is emphasized in the middle

of iteration and exploitation ability is emphasized in the latter stage of iteration. In

F10, we recorded images at 99, 102, and 200 iterations, respectively. It can be found

that the search range of the SIS population is expanded from the 99th iteration to

the 102th iteration, and even to the 200th iteration, its population still maintains a

certain search range. The above results show that exploration ability is emphasized

in F10. The search trajectories of SIS on F3, F4, and F10 fully show that SIS

can switch exploitation and exploration independently according to different solution

space environments, which proves the effectiveness of the intelligent scheme.

7.1.3 Population diversity of spatial information sampling algorithm

Population diversity is one of the important ways to judge the exploitation and ex-

ploration of algorithms. Generally speaking, the greater the diversity value, the more

the algorithm is inclined to exploration, otherwise, the algorithm is inclined to ex-
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ploitation. The formula for population diversity based on distance is as follows:

u =
1

N

√√√√ N∑
i=1

(∥xi − xmean∥)2 (7.2)

where u is the population diversity. N is population size, and xi is the ith individual.

xmean, which is calculated as xmean = 1
N

∑N
i=1 xi is the average of the population.

Fig. 7.2 depicts the diversity of SIS, DE, and HGSA in 30 dimensions in CEC2017

on F3, F16, and F24. The above three algorithms are all outstanding algorithms, and

their diversity is representative. It can be seen that although the diversity of DE and

HGSA is different, there is a trend of decreasing diversity more or less. However,

the diversity of SIS remains unchanged because of its special population construction

mechanism. This characteristic makes SIS maintain the balance of exploitation and

exploration at the later stages of iteration. In other words, due to the intelligent

scheme, SIS can maintain a good balance between exploitation and exploration at

any time of iteration.

7.1.4 Computational complexity of spatial information sampling algo-

rithm

The preceding experiments demonstrated that SIS is effective. The following is an

examination of the time complexity of SIS:

(1) Population initialization needs O(N), where N is the population size;

(2) Evaluating fitness of each individual’s needs O(N);

(3) Sorting points require O(N);

(4) New individual generated needs O(N);

(5) Boundary detection needs O(N).
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The total time complexity of SIS after T iterations is:

O(N) + T · [O(N) +O(N) +O(N) +O(N)]

= O(N) + 4 · T ·O(N)

= (4T + 1) ·O(N)

(7.3)

As a result, SIS’s time complexity is O(N).

7.2 Discussions on improved spherical evolution

This section demonstrates that SE has a strong exploration capability from both PIN

and diversity perspectives. All statistics were performed at IEEE CEC2017 [39], a

set of standard functions widely used to test algorithm performance.

7.2.1 Validation of population interaction network for spherical evolution

Table 7.2: Fitting results of SE.

Poisson Power law
SSE R2 SSE R2

mean 7.085E-02 9.835E-01 8.323E-02 8.386E-01
std 1.856E-02 3.431E-03 3.639E-02 9.818E-02

The fitting results of SE on the IEEE CEC2017 F3 function are shown in Fig. 7.3.

The degrees of the nodes are shown on the horizontal axis. The degree is the sum

of the connected edges of each individual with other individuals. The statistics and

fitting of the degree distribution are consistent with the literature [38]. The vertical

axis displays the nodes’ cumulative distribution function. From Fig. 7.3, we can see

that the cumulative distribution function of the PIN fits the Poisson model relatively

well compared to the power-law model. To more accurately assess which model best

fits the cumulative distribution function, we compute the difference in fitting between

the original data and various models using SSE and R2. To obtain the original data,
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SE is independently repeated 30 times on IEEE CEC2017 with 3000 iterations per

run and a population size N = 100. SSE is the sum of squared errors between the

original data and the fitted data. A smaller SSE indicates that the fitted data is more

consistent with the original data. SSE works with the following formula:

SSE =
n∑

i=1

(yi − ŷi)
2 (7.4)

where n indicates the maximum degrees of nodes.yi and ŷi are the original data and

fitted data, respectively.

R2 is used to determine whether the fitted data accurately represents the original

data. The fitted data can more accurately describe the original data when the value

of R2 is close to 1. R2 works with the following formula:

R2 = 1−
∑n

i=1(ŷi − yi)
2∑n

i=1(yi − ȳ)2
(7.5)

where ȳ is the mean of original data.

We compute the means of the SE results obtained for each function using these

two statistical techniques, and we list the means of each algorithm in Table 7.2. From

Table 7.2, we can find that the cumulative distribution function of PIN in SE fits the

Poisson model more better.

7.2.2 Diversity in SE and DE

One of the crucial metrics for evaluating algorithmic exploitation and exploration is

population diversity. Generally speaking, the algorithm is more inclined to explore the

higher the diversity value is; otherwise, the algorithm is more inclined to exploitation.
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The formula for population diversity based on distance is as follows:

u =
1

N

√√√√ N∑
i=1

(∥Xi −Xmean∥)2 (7.6)

where u is the population diversity. N is population size, and Xi is the ith individual.

Xmean, which is calculated as Xmean = 1
N

∑N
i=1Xi is the average of the population.

Fig. 7.4 depicts the diversity of SE and DE in 30 dimensions in IEEE CEC2017

on F1, F4, F18, and F27. IEEE CEC2017 contains unimodal functions (F1-F3),

simple multimodal functions (F4-F10), hybrid functions (F11-F20), and composition

functions (F21-F30). It can be found that the population diversity of SE is much

higher than that of DE from the beginning to the end of the iteration in the four

categories of functions. This suggests that the SE is more oriented towards exploration

than the DE.

7.2.3 Computational complexity of improved spherical evolution

The preceding experiments demonstrated that ISE is effective. The following is an

examination of the time complexity of ISE:

(1) Population initialization needs O(N), where N is the population size;

(2) Evaluating fitness of each individual’s needs O(N);

(3) Sorting points require O(N);

(4) New individual generated needs O(N);

(5) Boundary detection needs O(N).

(6) Population update operation needs O(N). The total time complexity of ISE

after T iterations is:
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O(N) + T · [O(N) +O(N) +O(N) +O(N) +O(N)]

= O(N) + 5 · T ·O(N)

= (5T + 1) ·O(N)

(7.7)

As a result, ISE’s time complexity is O(N).
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Chapter 8

Conclusion

In this paper, to enhance the efficiency of renewable energy conversion, we propose

a spatial information sampling algorithm and an improved spherical evolution based

on exploitation and exploration theory and population interaction network theory,

respectively. By using the special law of the chaotic map in space, we construct the

population of SIS, which is divided into two parts to respond to peripheral stimuli

and internal stimuli, respectively. Through the above mechanism, the information in

the solution space is obtained and analyzed, which gives SIS the ability to explore the

solution space independently. The research described in this paper not only simpli-

fies the construction of the algorithm but also promotes its further intelligence. The

experimental results on the position optimization problem of wave energy converters

prove the preeminent performance of SIS. Based on the population interaction net-

work, we provide a new perspective on the design of heuristic algorithms for the wind

farm layout optimization problems. Under three wind directions, three numbers of

wind turbines, and 13 land constraints, the SE filtered and improved by the above

scheme proved to be superior to the state-of-the-art algorithms.

Some research worthy of noting for future work includes: 1) Further improvement

of SIS. 2) The intelligent scheme will be applied to more meta-heuristics to improve

their performance. 3) The theoretical analysis or proof for intelligent schemes needs

to be studied. 4) Other applications such as protein structure prediction [84] and
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neural architecture design [85] will be attempted by SIS. 5) More meta-heuristics will

be analyzed and categorized based on PIN theory. 6) Further improvement of the

PIN scheme. 7) Population interaction network will be applied to more engineer-

ing optimization issues to guide the selection and improvement of meta-heuristics,

such as neural architecture design [86], feature selection [87], constrained engineering

problems [88], and protein structure prediction [84] will be attempted.
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