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摘要 

 
随着能源短缺和环境污染问题的日益严重，以风电、光伏为代表的分布式电源受到广泛

关注。然而分布式电源的接入电网改变了配电网原有的运行方式和系统结构，影响了电力系

统运行的稳定性和经济性。因此，本论文以分布式电源系统为研究对象，利用风电功率预测，

结合网络重构和无功补偿两种优化方法，从模型构建和算法求解等方面对含分布式电源的配

电网运行进行优化研究，以改善含分布式电源系统的运行，实现含分布式电源的配电网运行

优化，提高配电网的经济性、能源效率和电能质量。研究的具体内容和结果如下： 

（1）针对含分布式电源的配电网运行优化模型求解问题，设计了基于混合策略的多目

标萤火虫算法（MOFSA）。首先，在萤火虫算法的基础上，通过引入三阶混沌映射策略和非线

性递减种群比例因子提高种群多样性，利用柯西变分策略和位置扰动策略提高算法跳出局部

最优解的能力，再利用非支配排序机制和外部归档机制实现多目标优化，提出了 MOFSA 算

法。其次，通过测试函数验证了算法的求解性能，结果表明，MOFSA算法相比其他算法具有

更好的收敛精度，且得到的解集分布更均匀。 

（2）针对分布式电源电力系统的经济效益、能源效益和电能质量问题，结合静态重构

和无功补偿两种优化方法，构建了分布式电源电力系统静态综合优化模型。首先，以电力系

统经济成本、节点电压偏差和功率损耗最小化为目标，考虑电力系统运行约束，结合静态重

构和无功补偿，建立了含分布式电源电力系统静态综合优化模型。其次，采用 MOFSA算法对

模型进行求解，基于理想解相似度排序技术选取最优折衷解。结果表明，与其他算法相比，

MOFSA 算法得到的 Pareto 前沿覆盖范围更广、分布更均匀、完备程度更高，静态综合优化

模型在保证系统经济性的同时，能够显著提高系统的能效和电能质量。 

（3）针对考虑时段划分的含分布式电源电力系统动态综合优化问题，提出了一种基于

欧氏距离的时段划分方法，并在静态综合优化模型的基础上构建了含分布式电源电力系统动

态综合优化模型。首先，在静态综合优化模型的基础上，考虑开关动作次数约束和不同时段

间的耦合性，结合动态重构和无功补偿两种优化方法，建立含分布式电源电力系统动态综合

优化模型。其次，提出一种基于欧氏距离的时间段划分方法，对优化时间段进行动态划分。

最后，采用 MOFSA算法对考虑时段划分的动态综合优化模型进行求解，并在测试系统中验证

了所提算法、模型及时段划分方法的有效性与先进性。结果表明：MOFSA算法得到的优化方

案比其他算法更具竞争力；动态综合优化模型能有效提高电力系统经济效率、能源效率和电

能质量；采用所提时间划分方法动态划分优化时段，可显著减少开关操作次数 78.72%。算

例分析验证了该模型的有效性。 

关键词：分布式电源电力系统；网络重构；无功补偿；萤火虫算法；多目标优化 
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ABSTRACT 

 
The increasing severity of energy shortage and environmental pollution issues has 

led to widespread attention being given to distributed power sources, such as wind and 

photovoltaic power. However, the integration of these sources into the grid has resulted 

in changes to the original operation mode and system structure of the distribution 

network, which has impacted the stability and economic efficiency of power system 

operation. This thesis has focused on distributed power systems as the subject of 

research. The wind and photovoltaic power predictions have been utilized as distributed 

power sources. Two optimization methods, network reconfiguration and reactive power 

compensation, have been combined and the operation of the distribution network with 

distributed power has been optimized from the perspectives of model construction and 

algorithm solving, with the aim of enhancing the performance of the distributed power 

system.  

The operation optimization of distribution grids containing distributed power 

sources has been achieved, leading to improvements in the economic efficiency, energy 

efficiency, and power quality of these grids. The specific content and outcomes of the 

research are as follows: 

(1) A multi-objective firefly algorithm (MOFSA) based on a hybrid strategy was 

designed to address the optimization model of the distribution network operation with 

distributed power sources. Initially, the MOFSA was proposed by incorporating a third-

order chaotic mapping strategy and a nonlinear decreasing population proportion factor 

to enhance population diversity. It also utilized a Cauchy variation strategy and a 

positional perturbation strategy to improve the algorithm's ability to escape local optima. 

Subsequently, a non-dominated sorting mechanism and an external archiving 

mechanism were employed to achieve multi-objective optimization. The solution 

performance of the algorithm was then verified using test functions. The results 

demonstrated that the MOFSA algorithm had superior convergence accuracy to other 

tested algorithms, and the resulting solution set was more uniformly distributed. 

（2）In response to the economic, energy, and power quality issues of power systems 

with distributed power supply, a static integrated optimization model for power systems 

with distributed power supply was constructed by combining static reconfiguration and 

reactive power compensation. The model was established with the objective of 

minimizing the economic cost of the power system, node voltage deviation, and power 

loss, while considering the operational constraints of the power system. The MOFSA 

algorithm was then used to solve the model, and the optimal compromise solution was 
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selected based on the similarity ranking technique's ideal solution. The results indicated 

that the Pareto front obtained by the MOFSA algorithm had broader coverage, a more 

uniform distribution, and a higher degree of completeness compared to other algorithms. 

The static integrated optimization model was shown to significantly improve the energy 

efficiency and power quality of the system while ensuring its economic efficiency. 

（3）For the dynamic integrated optimization problem of the power system with 

distributed power supply considering time slot division, a time slot division method 

based on Euclidean distance was proposed. A dynamic integrated optimization model 

of the power system with distributed power supply was constructed on the basis of the 

static integrated optimization model. The dynamic comprehensive optimization model 

was established by considering constraints on the number of switching actions and the 

coupling between different time sections, and by combining dynamic reconfiguration 

and reactive power compensation. A time period division method based on Euclidean 

distance was proposed to dynamically divide the optimization time periods. Finally, the 

MOFSA algorithm was used to solve the dynamic integrated optimization model with 

time slot division, and the effectiveness and advancement of the proposed algorithm on 

the model with the time slot division method were verified in the test system. The results 

confirmed that the optimization scheme obtained by the MOFSA algorithm was more 

competitive than other algorithms. The dynamic integrated optimization model was 

capable of effectively improving the economic efficiency, energy efficiency, and power 

quality of the power system. Additionally, the dynamic division of optimization periods 

using the proposed time division method significantly reduced the number of switching 

operations by 78.72%. Example analyses have verified the effectiveness of the 

proposed algorithm, model, and time slot division method, providing a reasonable 

optimization scheme for the operation optimization of power systems with distributed 

power sources. 

Keywords: power system with distributed power sources; network 

reconfiguration; reactive power compensation; firefly algorithm; multi-objective 

optimisation 
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Chapter 1 Introduction  
 

    1.1 Research background and significance of the study 

Power dispatching and operation optimization, with a focus on distributed power 

sources, is a critical research area aiming to enhance the efficiency, reliability, and 

sustainability of electrical grids. 

1.1.1 Research background 

This field addresses the challenges posed by the integration of diverse energy 

resources, such as renewable energy, storage systems, and distributed generators[1].  

Researchers explore advanced algorithms, control strategies, and decision-making 

tools to optimize the dispatch of power generation, considering factors like load demand, 

network constraints, and environmental impact[2][3][4]. The goal is to achieve economic 

operation while ensuring grid stability and minimizing environmental impact. Key 

aspects include demand response, grid flexibility, and the incorporation of smart grid 

technologies. The integration of distributed energy resources introduces complexities 

that require innovative solutions to balance supply and demand dynamically[5][6]. 

Researchers also leverage optimization techniques, artificial intelligence, and data 

analytics to develop real-time decision support systems for power system operators. 

1.1.2 Research significance  

The integration of renewable energy sources is considered of paramount 

importance by researchers, aiming to enhance the sustainability and efficiency of 

distribution network operations. This initiative seeks to address the environmental 

impact of traditional energy sources and mitigate the challenges associated with their 

intermittency[7]. By incorporating renewable sources such as solar and wind power, the 

energy landscape becomes more diverse and resilient[8]. Advanced technologies, 

including artificial intelligence, play a pivotal role in optimizing the integration of 

renewables, enabling predictive maintenance, efficient energy storage, and smart grid 

management[9]. This paradigm shift not only fosters environmental sustainability but 

also contributes to the economic viability of energy systems by reducing reliance on 

finite resources and promoting a more balanced and stable distribution network[10]. 

Research in economic power distribution network, with a focus on optimization 

and the integration of distributed energy sources, brings about a more efficient, reliable, 

and sustainable energy infrastructure[10]. It encompasses economic, environmental, and 
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technological considerations, paving the way for a smarter and greener future in the 

energy sector. Indeed, power system dispatching optimization enhances the efficiency 

of energy utilization. This is done by strategically managing the distribution of power 

from various sources whereby power system is operated to minimize the energy losses, 

reduce fuel consumption, and overall improves operational efficiency. 

The research study is focusing on seamlessly integrating renewable energy sources, 

such as wind and solar, into the power grid. Dispatch optimization accounts for the 

intermittent nature of these sources, ensuring their effective utilization and contribution 

to the overall grid without compromising the overall reliability of the system[11]. To 

ensure the grid resilience and reliability of the system, both terms are crucial for 

maintaining a stable and secure power supply, especially in the face of challenges such 

as extreme weather events, equipment failures, or other unforeseen circumstances in 

distribution placements[12][13]. Robust planning, efficient operational strategies, and the 

integration of advanced technologies contribute to enhancing both resilience and 

reliability in power systems. 

The research study is also taking consideration economic factors while 

implementing the optimization algorithms. The results consider both short-term and 

long-term economic implications, aiming to minimize operational costs, investment 

costs, and overall expenses associated with power system operation[11]. Research in 

power system optimization not only fosters environmental sustainability through the 

integration of renewable energy sources, reducing greenhouse gas emissions, but also 

propels smart grid development. By leveraging advanced technologies and 

communication systems, smart grids enhance efficiency, adaptability, and overall 

environmental responsibility in the power sector, contributing to a greener and more 

intelligent energy infrastructure. The pursuit of optimized power system dispatching 

drives technological innovation whereby researchers explore and develop advanced 

algorithms, machine learning techniques, and control strategies to address the evolving 

dynamics of power systems, especially with the integration of distributed energy 

resources. This innovation contributes to the ongoing transformation of the energy 

landscape. The energy landscape in a power system refers to the overall structure and 

dynamics of the sources, generation technologies, and distribution networks that 

collectively provide electrical power to consumers. This landscape has been undergoing 

significant transformations driven by technological advancements, environmental 

concerns, and changing of world’s economic factors. 
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1.2 Current trends in distributed power optimization 

Distributed power in power system network reconstruction typically involves the 

integration of decentralized or distributed energy resources (DERs) into the existing 

power grid. The process includes renewable energy sources, energy storage systems, 

and other small-scale power generation units. 

1.2.1 Progress in distributed power for network reconstruction 

The goal is often to enhance the reliability, efficiency, and resilience of the power 

system. Researchers are often focusing on the challenges and opportunities associated 

with integrating DERs, such as solar panels, wind turbines, and energy storage, into the 

power grid to make the smart grid network. To achieve their target, smart grid 

technologies are playing a crucial role in managing the distributed power. To explore 

the efficiency of smart grid operation they use the advanced metering infrastructure 

(AMI), communication systems, and control algorithms. A significant focus lies on 

decentralized control and optimization strategies to coordinate and manage the diverse 

DERs efficiently. Simultaneously, resilience and reliability studies investigate the 

system's ability to withstand disruptions, ensuring continuous operation even in the 

presence of uncertainties and disturbances[14].  

This holistic approach aims to enhance the overall reliability, efficiency, and 

resilience of power systems in the face of evolving energy landscapes. This strategy 

considers the power system in its entirety rather than focusing on individual 

components in isolation. It involves integrating various elements such as energy 

production, distribution, storage, and consumption, alongside considering 

environmental impacts, technological advancements, and socio-economic factors. The 

goal is to ensure that decisions and improvements in one area do not adversely affect 

others and that the system operates optimally on all fronts. 

1.2.2 Research status of power system reactive power compensation 

optimization  

Reactive power compensation is crucial in power systems in terms of maintaining 

voltage stability, improving the power factor of the system, and enhancing the overall 

system efficiency[15]. Optimization of reactive power compensation involves 

determining the optimal locations, sizing, and control strategies for reactive power 

devices such as capacitors and reactors[16]. To pin point to the target, researchers are 

employing various optimization techniques, including mathematical programming, 

artificial intelligence (AI), and heuristic algorithms, to find the optimal settings for 

reactive power compensation devices[17]. 
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AI methods such as genetic algorithms, particle swarm optimization, and machine 

learning are increasingly being applied for their ability to handle complex, nonlinear 

power system models[18].With the increasing integration of renewable energy sources 

like wind and solar, reactive power compensation becomes crucial for maintaining 

voltage stability and addressing the intermittent nature of these sources[19]. 

Research study is also focusing on incorporating smart grid technologies, such as 

advanced sensors, communication systems, and control algorithms, to enhance the 

efficiency and responsiveness of reactive power compensation. In order to meet the 

challenges, researchers study the dynamic nature of power systems and work on the 

possible uncertainties in the load demand, and the evolving nature of grid 

configurations by providing the robust optimization techniques to address these 

challenges for reactive power compensation[20]. 

1.2.3 Research status of wind and photovoltaic power generation and 

power prediction 

The current state of research in wind and photovoltaic power generation reflects a 

multifaceted approach aimed at optimizing efficiency, reliability, and grid integration. 

For wind power, ongoing investigations are directed towards the development of 

advanced materials for turbine blades, improved aerodynamic designs, and innovative 

control strategies[21]. Concurrently, research in photovoltaics emphasizes the 

exploration of novel materials, such as perovskite-based solar cells, and the 

enhancement of PV system architectures to boost overall energy conversion 

efficiency[22]. 

Efforts to tackle the intermittent nature of renewable energy sources have led to 

increased focus on energy storage solutions. This includes the investigation of advanced 

battery technologies and the development of smart grid systems to efficiently manage 

the variable output from wind and solar installations. Grid integration studies are 

exploring ways to seamlessly incorporate large-scale wind and PV systems into existing 

power infrastructures, ensuring stability and reliability. 

Power prediction remains a critical aspect of renewable energy research, 

particularly for wind and solar sources. Researchers are deploying advanced machine 

learning techniques, such as artificial neural networks and data-driven algorithms, to 

improve the accuracy of forecasting models[23]. These models enable better anticipation 

of energy production patterns, aiding grid operators in managing the variability 

associated with renewable sources. 
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1.2.4 Research status on integration of power system network 

reconstruction and economic reactive power compensation. 

The integration of power system network reconstruction and economic reactive 

power compensation is a critical area of research aimed at enhancing the efficiency and 

reliability of electrical grids. Network reconstruction involves the identification and 

modeling of power system components, such as generators, transformers, and 

transmission lines, to accurately represent the system's topology[24]. Reactive power 

compensation optimization focuses on improving voltage stability and minimizing 

power losses by strategically placing reactive power devices like capacitors and reactors. 

Researchers have made significant strides in developing algorithms and 

methodologies for simultaneous network reconstruction and economic reactive power 

optimization. Advanced optimization techniques, including metaheuristic algorithms 

and artificial intelligence approaches, have been applied to address the complexity of 

large-scale power systems. The integration of real-time data, such as synchro-phasor 

measurements and SCADA information, enhances the accuracy of the reconstruction 

and optimization processes[25]. 

Moreover, the research emphasizes the importance of considering uncertainties 

and dynamic conditions in power systems, such as variations in demand and renewable 

energy sources. The goal is to design resilient and adaptive strategies that can respond 

to changing operating conditions. Integration of these approaches aids in maintaining 

optimal voltage levels, reducing power losses, and ensuring the overall stability of the 

power grid[26]. 

Despite progress, challenges remain, including the need for standardized 

frameworks, scalability, and the incorporation of cybersecurity measures to protect the 

integrity of the reconstructed network. Interdisciplinary collaboration between power 

system engineers, computer scientists, and control theorists is crucial for advancing this 

field[25]. 

1.2.5 Research status of wind and solar energy power systems with 

contribution of energy storage  

Research on wind and solar energy power systems, coupled with energy storage, 

has gained significant traction in recent years. The integration of wind and solar into 

the power grid are posing challenges due to their intermittent nature[27]. Both energy 

sources are characterized by their variability, signifying the fluctuations and 

irregularities in their power generation based on changing weather conditions and 

environmental factors[28]. Energy storage systems, such as batteries and pumped hydro 

storage, play a crucial role in addressing these challenges by storing excess energy 
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during periods of high generation and releasing it when demand is high or generation 

is low[2][29][30]. 

Studies focus on enhancing the reliability and efficiency of wind and solar 

power systems through advanced control algorithms, forecasting techniques, and 

optimized energy management strategies[31][32]. Additionally, research explores the 

techno-economic aspects of energy storage integration, evaluating the cost-

effectiveness and environmental impact[30][33]. The synergistic combination of wind and 

solar with energy storage is seen as a key solution for achieving a more sustainable and 

resilient power infrastructure[34]. Researchers are also investigating new materials and 

technologies for energy storage devices to improve their performance, durability, and 

environmental sustainability[16]. Challenges remain, such as the need for 

standardization, policy support, and improved grid management tools. Interdisciplinary 

approaches involving engineering, economics, and policy analysis are essential to 

address these challenges and facilitate the widespread adoption of renewable energy 

systems with energy storage[35]. 

 Thesis structure and research  

In the context of sustainable development, distributed power sources, such as wind 

power and photovoltaic, have been connected to the grid on a large scale. This 

connection has altered the original mode of operation and system structure of the power 

system, posing significant challenges to its stable and economic operation. Network 

reconfiguration and reactive power compensation, as two optimization methods for 

power system operation, have been implemented to improve the system's performance. 

However, the individual impact of each optimization method on enhancing power 

system operation is limited. This thesis integrates the two optimization methods of 

network reconfiguration and reactive power compensation to construct a power system 

operation optimization model and algorithm solution for systems with distributed 

power supply. The main research content is detailed as follows: 

Chapter 1 was written to describe the background and significance of studying 

power system operation optimization with distributed power supply. It discussed the 

current status of power system network reconfiguration and reactive power 

optimization, summarized the current state of research on comprehensive optimization 

combining network reconfiguration and reactive power compensation, and concluded 

with a summary of the main research content of the thesis. 

A mathematical model of distributed power supply was established in Chapter 2, 

with simulation analysis conducted in a test system to analyze the impact of distributed 

power supply grid connection on power system operation. This analysis considered grid 
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connection type and capacity and verified the validity of the forward back generation 

method. The modeling and grid-connected analysis of Chapter 2 laid the research 

foundation for the comprehensive optimization of power systems containing distributed 

power in Chapters 4 and 5. 

Chapter 3 proposed a Multi-Objective Firefly Algorithm based on a hybrid 

strategy (MOFSA). It introduced a non-linear decreasing population proportion factor, 

third-order chaotic mapping strategy, Cauchy variation strategy, and positional 

perturbation strategy into the firefly search algorithm to enhance its optimization 

capability. Additionally, a non-dominated sorting mechanism and external archiving 

mechanism were adopted to achieve multi-objective optimization. The MOFSA 

algorithm was then compared with other optimization algorithms, and its solution 

performance was verified using test functions. Chapter 3 provided a high-performance 

solution algorithm for solving the integrated static and dynamic optimization model of 

power systems containing distributed power sources in Chapters 5 and 6. 

The proposed MOFSVR model in Chapter 4 investigated photovoltaic power (PV) 

and wind power (WT) prediction. The effectiveness of the model's predictions was 

verified using seven comparative prediction models with four evaluation metrics. The 

chapter detailed the sources of data used in the study, the preprocessing methodology, 

and performed PV power prediction under various weather conditions and wind power 

prediction across different seasons. 

A static integrated optimization model for distributed power systems containing 

distributed power sources was established in Chapter 5. This model aimed to minimize 

system economic cost, node voltage deviation, and power loss, combining static 

reconfiguration and reactive power compensation as optimization methods. The 

MOFSA algorithm, introduced in Chapter 3, was utilized to solve the static integrated 

optimization model, with the optimal compromise solution selected using the ideal 

solution and similarity ranking technique. The effectiveness of the MOFSA algorithm 

was verified by comparing it with other multi-objective optimization algorithms, and 

the validity of the constructed model was confirmed in a designed comparison scenario. 

The static integrated optimization model of Chapter 5 served as the basis for 

constructing the dynamic integrated optimization model in Chapter 6. 

Chapter 6 established a dynamic integrated optimization model for distributed 

power systems, taking into account the constraints of the number of switching actions 

and the coupling between different time sections based on the static model from Chapter 

5. It combined dynamic reconfiguration and reactive power compensation as 

optimization modes. The MOFSA algorithm was used to solve the dynamic 

comprehensive optimization model considering time division, and its effectiveness and 

advancement were verified by comparing it with other algorithms. The effectiveness of 
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the proposed time slot division method and the constructed model were verified in the 

test system through a designed comparison model and scenario. 

Chapter 7 summarized the main research work of the dissertation, highlighted the 

important conclusions, and provided an outlook on future research directions. 
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Chapter 2 Impact of distributed power sources on the 

power system network 
 

2.1 Introduction 

A wind turbine is a device that converts the kinetic energy of the wind into 

mechanical energy, which can then be used to generate electricity. Wind turbines are a 

type of renewable energy technology and play a significant role in harnessing wind 

power for electricity generation. The basic overview of the process of wind power 

generation is summarized as follows: The process starts from the wind captivity where 

the turbines consisting of blades attached to a rotor. When the wind blows, the propeller 

blades capture the kinetic energy from the moving air which then causes the rotor to 

spin. This rotational motion is a result of the pressure difference on the windward and 

leeward sides of the blades. The rotating rotor is connected to a generator housed in the 

nacelle. As the rotor turns, it drives the generator, converting mechanical energy into 

electrical energy through electromagnetic induction. The generator produces alternating 

current electricity. This electrical energy is then transmitted through cables down the 

tower. 

2.1.1 Distributed power from the wind output model  

The electricity generated by the wind turbine is typically fed into the power 

grid[3][36]–[42]. It becomes part of the overall electrical supply and can be distributed for 

various uses. To increase the wind power output generation, there are keys factors to 

consider such as wind speed, site selection, turbine size, and proper maintenance. 

The relationship between the output power of a wind turbine and the wind speed 

is typically described by the power curve as shown in Figure 2.1. The power curve 

illustrates how the electrical power output of a wind turbine varies with different wind 

speeds. The output power of wind turbine Pw(t) is given below. 

𝑃𝑤(𝑡) =
𝐶𝑝∗𝜌𝑤∗𝐴∗𝑣𝑤(𝑡)

3

2
           (2.1) 

Where Cp  is the power coefficient, a dimensionless parameter that represents the 

efficiency of the wind turbine in converting the kinetic energy of the wind into electrical 

power. Cp  is determined by the upstream wind velocity vwi(t)  and down stream 

velocity vwf(t) . When  
vwi(t)

vwf(t)
=

1

3
 .This stream-tube expansion shows that Cp  has a 

physical limit called Betz limit such that Cp≤ 16/27 ≈ 0.593 Regardless of its design, a 
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wind turbine can thus extract at most 59.3% of the wind energy[43][44][45]. The blades of 

wind turbine can be adjusted to a proper angle to achieve the maximum power output 

at different wind speeds[46]. ρw  represents the wind air density in the wind turbine 

location; A is the swept area of the wind turbine; vw is the wind turbine speed. 

It noted the large turbines will sweep more area and resulting in more wind energy. 

The high wind speed with the optimal site location will contribute to the increased 

power output. The wind velocity is an important parameter and significantly influences 

the power per unit area available from the wind[3][47][48]–[50]. Short-term variations in 

wind direction and the associated motion affect the fatigue life of components such as 

blades and yaw drives. 

The equation (2.1) reveals the following three points in wind power energy 

generation.  

(i) The wind power density is proportional to the density of the air. For standard 

conditions (At sea level i.e. at 15℃, the density of uniform air is 1.225kg/m3[51]. 

(ii) Power from the wind is proportional to the area swept by the rotor or the rotor 

diameter squared for a conventional horizontal axis wind machine. 

(iii)The wind power density is proportional to the cube of the wind velocity. This 

mean that if the wind speed doubles, the wind energy will increase eight times. 

2.1.2 Derivation of wind power coefficient 

We consider a rotor which does not possess a hub, in a steady and uniform wind 

field and assume the rotor extracts a fraction of the extreme kinetic energy from the 

wind. The downstream wind speed will be smaller than the upstream wind speed 

(vwf<vwi). Thus, according to the conservation of mass
[45], the cross-section area of the 

upstream should be smaller than the downstream ( Ai < Af ). A control surface 

corresponding to a set of streamlines bounds a controlled volume and there is no flow 

crossing the surface. The air is assumed to be non-compressible and the density remains 

constant, and there is no heat transfer. The volumetric flow rate, Q, is given. 

 𝑄 = 𝑣𝑤𝑖𝐴𝑖 = 𝑣𝑤𝑓𝐴𝑓 = 𝑣𝑤𝐴          (2.2) 

Where vwi  is the wind speed in the front of the rotor, vwf  is the wind speed 

downstream of the rotor and vw is the wind speed by the rotor, Ai and Af are the area 

of the wind before and after reaching the rotor while A is the area at the rotor. 

Applying Bernoulli’s equation separately before and after the rotor position, since 

it can be applied exactly on the rotor position due to energy losses, we get the following: 

The incoming wind pressure from Pi to the wind pressure at rotor position Pr are 

the important parameters before the rotor. After the rotor, the wind pressure Prf to Pf 

where Pf = Pi give us the following identity.  
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𝑃𝑖

𝜌
+
1

2
𝑣𝑤𝑖

2 =
𝑃𝑟

𝜌
+
1

2
𝑣𝑤

2           (2.3) 

This is the equation before the rotor position. After the rotor position, it comes the 

following equation, 
𝑃𝑟𝑓

𝜌
+
1

2
𝑣𝑤

2 =
𝑃𝑖

𝜌
+
1

2
𝑣𝑤𝑓

2            (2.4) 

The pressure drop by the rotor can be expressed by: 

𝑃𝑟

𝜌
 - 
𝑃𝑟𝑓

𝜌
 =(

𝑃𝑖

𝜌
+
1

2
𝑣𝑤𝑖

2)-( 
𝑃𝑖

𝜌
+
1

2
𝑣𝑤𝑓

2)       (2.5) 

Where we assume 𝑃𝑖 = 𝑃𝑜; 

𝑃𝑟 − 𝑃𝑟𝑓 = 
1

2
𝜌(𝑣𝑤𝑖

2 - 𝑣𝑤𝑓
2)        (2.6) 

The pressure drop induced by the rotor is directly proportional to the axial thrust 

(Ta) exerted by the flow on the rotor and is equal to the deficit in the momentum flux 

from the upstream to the downstream area. 

𝑇𝑎 =
1

2
𝐴𝜌(𝑣𝑤𝑖

2 - 𝑣𝑤𝑓
2)= 𝜌𝑄(𝑣𝑤𝑖 − 𝑣𝑤𝑓)        (2.7) 

The wind speed by the rotor is the average of the upstream and the downstream 

velocities, given as: 

𝑣𝑤= 
1

2
(𝑣𝑤𝑖 + 𝑣𝑤𝑓)                (2.8) 

Now consider the kinetic power extracted by the turbine. It is the kinetic energy 

difference between the upstream and the downstream. Kinetic power at one location 

can be expressed as, 

𝐸 =  
1

2
𝑄𝜌𝑣𝑤

2 =
1

2
𝜌𝐴𝑣𝑤

3           (2.9) 

Power extracted by the rotor will be given by the following expression 

 ∆𝐸 =
1

2
𝜌𝑄(𝑣𝑤𝑖

2 − 𝑣𝑤𝑓
2) =

1

2
𝜌𝐴𝑣𝑤(𝑣𝑤𝑖

2 − 𝑣𝑤𝑓
2)      (2.10) 

To calculate the turbine efficiency, Betz suggests to divide the power extracted at 

the rotor by a reference power. The power coefficient (Cp) is the ratio of the power 

generated by turbine over the reference power. The reference power is the power of air 

upstream moving at vwi contained in a cylinder with the area of the rotor (A). 

𝐶𝑝 =
∆𝐸

𝐸𝑟𝑒𝑓
=

∆𝐸
1

2
𝜌𝐴(𝑣𝑤𝑖

3)
            (2.11) 

Because Cp  only depends on the upstream (𝑣𝑤𝑖 ) and the downstream (𝑣𝑤𝑓 ) 

velocities, the power coefficient (Cp) can now be written as: 

𝐶𝑝 =
1

2
𝜌𝐴𝑣𝑤(𝑣𝑤𝑖

2−𝑣𝑤𝑓
2)

1

2
𝜌𝐴𝑣𝑤3

            (2.12) 

𝐶𝑝 =
1

2
𝜌𝐴(

1

2
)(𝑣𝑤𝑖+𝑣𝑤𝑓)(𝑣𝑤𝑖

2−𝑣𝑤𝑓
2)

1

2
𝜌𝐴𝑣𝑤𝑖

3
          (2.13) 

      Substituting α = 
𝑣𝑤𝑓

𝑣𝑤𝑖
               (2.14) 
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𝐶𝑝= 
1

2
(1 + 𝛼)(1 − 𝛼2)           (2.15) 

Where 𝛼𝑚𝑎𝑥 =
1

3
 and 𝐶𝑝𝑚𝑎𝑥 =

16

27 
 = 0.5926       (2.16) 

The peak power that could be extracted from a wind stream is given by: 

𝑃𝑝 = ∆𝐸 = 𝐶𝑝
1

2
𝜌𝐴(𝑣𝑤𝑖

3)         (2.17) 

𝑃𝑝 = ∆𝐸 = (
16

27
)(
1

2
)𝜌𝐴(𝑣𝑤𝑖

3)          (2.18) 

Equation (2.16) demonstrates that the power coefficient reaches a maximum value 

of 0.5926 when 𝛼 is equal to one third. This is referred to be as the Betz's Limit. This 

theoretical value means that no turbine can capture more than 
16

27
 of the kinetic energy 

of the upstream wind when the outlet velocity is equal to one-third the wind 

speed[52][53][54]. In practical applications, the power coefficients (Cp) of modern wind 

turbines typically reach peaks ranging from 0.45 to 0.50. This represents approximately 

75% to 85% of the theoretical maximum. However, the overall efficiency of the wind 

turbine system is considerably lower, with only 10% – 30% of wind power effectively 

converted into usable energy. This reduced efficiency is attributed to various 

inefficiencies within the entire wind turbine system, including aspects like the generator, 

blade surface roughness, power transmission, gearbox, bearings and mechanical 

flaws[55]. 

The wind turbine output relationship used in actual wind turbine power generation 

research is different from the above equation. When modeling the wind farm output 

directly with wind speed, a linear relationship is observed between wind power and 

wind speed within a specific range. The specific curve illustrating the wind turbine 

output relationship is presented in Figure 2.1. 

 

图 2.1 风力涡轮机的输出功率 

Figure 2.1 Power output of wind turbine 

The relationship between wind power output and wind velocity in Figure 2.1  as 

were described in[2][56],is given by the following equation : 



河北工业大学博士学位论文 

DOCTORAL DISSERTATION OF HEBEI UNIVERSITY OF TECHNOLOGY 

- 13 - 

𝑃𝑤(𝑡) =

{
 
 

 
 
0                             𝑣𝑤(𝑡) < 𝑣𝑤𝑖  
𝑣𝑤(𝑡)−𝑣𝑤𝑖

𝑣𝑟−𝑣𝑤𝑖
𝑃𝑟   𝑣𝑤𝑖 ≤ 𝑣𝑤(𝑡) < 𝑣𝑟

𝑃𝑟                  𝑣𝑟 ≤ 𝑣𝑤(𝑡) < 𝑣𝑤𝑓
0                            𝑣𝑤(𝑡) > 𝑣𝑤𝑓

      (2.19) 

Where 𝑣𝑤(t)  is the average wind speed at time t; 𝑣𝑤𝑖  is the cut-in wind speed of 

the wind turbine; 𝑣𝑟 is the rated wind speed of the fan; 𝑃𝑟 is the rated output of the 

wind turbine. To ensure the safety of the device, the wind turbine stops producing power 

when the wind speed at time t is either more than the cut-out wind speed or less than 

the cut-in wind speed. The wind turbine will only produce power in accordance with 

the wind turbine output formula when the wind speed is between the wind turbine's cut-

in and cut-out wind speeds. 

2.1.3 Construction of photovoltaic power station output model  

The output of a photovoltaic (PV) power station, which generates electricity from 

sunlight using solar panels, is influenced by various factors. The following are the key 

factors that affect the performance of a PV power generation system in power system 

energy generation. These include solar irradiance level, where the amount of sunlight 

(solar irradiance) reaching the solar panels is a major critical factor affecting the PV 

power generation directly. The severity of solar irradiance on solar panel depends on 

geographic location, time of day, and weather conditions. Cloud cover, shading, and 

atmospheric conditions can also affect the intensity of sunlight. Other important factor 

includes Temperature of the solar panels. It also affects solar panel’s efficiency. Higher 

temperatures can lead to a decrease in the efficiency of solar cells. Most solar panels 

perform best at moderate temperatures. There are none negligeable impacts due to angle 

and orientation of the panels, dust, dirtiness, shading and inverter efficiency. They need 

to be handled properly in order to contribute to the efficacity and performance of the 

photovoltaic power generation system. 

In this instance, to maximize the harnessing of solar energy resources, it is 

essential to forecast the precise rate of photovoltaic power generation. Accurately 

predicting this power value can significantly enhance the efficiency of utilizing 

photovoltaic resources. To address the unpredictable nature of solar radiation, the 

probability density function is employed. Photovoltaic power generation devices are 

composed of many photovoltaic power generation units of the same type. The 

equivalent circuit diagram of a single photovoltaic unit is as follows in Figure 2.2: 
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图 2.2 太阳能电池的等效电路 

Figure 2.2 Equivalent circuit of solar cell 

In Figure 2.2, Iph is the current generated by the PV cell, I and V are the output 

current and voltage of the PV cell. Using Kirchoff’s current law and replacing 𝐼𝐷 and 

𝐼𝑠ℎ   by their respective equivalent equations, it is possible to compute the PV cell 

current (I) as follows: 

𝐼 = 𝐼𝑝ℎ − 𝐼𝐷 − 𝐼𝑠ℎ            (2.20) 

𝐼 = 𝐼𝑝ℎ − 𝐼𝑠 [𝑒 (
𝑞(𝑉+𝐼𝑅𝑆)

𝑛𝑘𝑇𝑐𝑒𝑙𝑙
) − 1] − [

𝑉+𝐼𝑅𝑆

𝑅𝑆ℎ
]        (2.21) 

Where the following equations are summed up concerning whether they are 

entering or leaving a common node in the circuit diagram of Figure 2.1. The 

photocurrent 𝐼𝑝ℎ  is proportional to the incident flux and independent of V (or Rs). 

𝐼𝑝ℎ  is linearly dependent on the solar radiation and is influenced by the outdoor 

temperature as described in equation (2.22). 𝐾𝑖𝑠𝑐 (A/℃) is the temperature 

coefficient of the cell’s short circuit current and is given by solar PV manufacturer and 

the naturally occurring unit of electric charge is q of 1.602 E-19 Coulomb. 

 𝐼𝑝ℎ =
𝐺

𝐺𝑠𝑡𝑐
[𝐼𝑠𝑐(𝑠𝑡𝑐) + 𝐾𝑖𝑠𝑐(𝑇𝑐𝑒𝑙𝑙 − 𝑇𝑠𝑡𝑐)]          (2.22) 

𝐼𝑑 = 𝐼𝑠 𝑒 (
𝑞(𝑉+𝐼𝑅𝑆)

𝑛𝑘𝑇𝑐𝑒𝑙𝑙
) − 1        (2.23) 

𝐼𝑅𝑠ℎ= 
𝑉+𝐼𝑅𝑆

𝑅𝑆ℎ
            (2.24) 

The summary of mathematical equations of solar Photovoltaic cell or PV module 

design is given below[43][57].The open circuit of PV module is herewith derived as 

follows: 

𝑉𝑂𝐶 = 𝑉𝑂𝐶(𝑠𝑡𝑐) + 𝐾𝑣𝑜𝑐 ∗ (𝑇𝑐𝑒𝑙𝑙 − 𝑇𝑠𝑡𝑐)     (2.25) 
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𝐼𝑠 = 𝐼𝑠(𝑠𝑡𝑐) ∗ (
𝑇𝑐𝑒𝑙𝑙

𝑇𝑠𝑡𝑐
)
3

∗ 𝑒
−(

𝑞𝐸𝑔

𝑛𝑘
)(

1

𝑇𝑐𝑒𝑙𝑙
−

1

𝑇𝑠𝑡𝑐
)
    (2.26) 

𝐼𝑠(𝑠𝑡𝑐) =
𝐼𝑠𝑐(𝑠𝑡𝑐)

𝑒
[
𝑞𝑉𝑜𝑐(𝑠𝑡𝑐)
𝑛𝑘𝑇𝑠𝑡𝑐

]
−1

         (2.27) 

Where Eg  is the band gap energy of the semiconductor material  used to make 

photovoltaic module; G is the surface irradiance of the cell under general 

conditions(W/m2); Gstc  is the irradiance under standard test conditions (𝐺𝑠𝑡𝑐  = 

1,000W/m2); 𝐼𝑠(𝑠𝑡𝑐) is the nominal saturation current; 𝐼𝑠𝑐(𝑠𝑡𝑐)is the short circuit current 

per cell at 𝑇𝑠𝑡𝑐; 𝑘 is the Boltzmann’s constant; 𝐾𝑖𝑠𝑐 is the temperature coefficient of 

short circuit current; 𝐾𝑣𝑜𝑐 is the temperature coefficient of open-circuit voltage;n is 

the diode ideality factor ; The standard test conditions(𝑇𝑠𝑡𝑐 = 25℃); Tcell is the cell 

absolute temperature in Kelvin  and it may be given by the following relation when 

considering the nominal operating cell temperature. NOCT is the rate providing 

information about a module's temperature and gives a more precise estimate of PV 

power in the field on sunny days at solar noontime. NOCT refers to the expected 

temperature at which solar cells function under specific weather conditions and thus 

make it possible to accurately do better predictions of solar energy yield. It thus plays 

a crucial role in system sizing, designing and optimization of PV systems while 

maximizing energy production and its return on investment. 

𝑇𝑐𝑒𝑙𝑙 = 𝑇𝑎𝑚𝑏 +
𝐺

800
∗ (𝑁𝑂𝐶𝑇 − 20)     (2.28) 

Where 𝑇𝑎𝑚𝑏 is the air temperature of the location, NOCT is provided by the solar PV 

manufacturer (℃) and is defined as the nominal operating condition of the solar cell at 

800 W/m2 irradiance and 20℃ of air temperature[58]. The equation (2.28) highlights that 

the performance of PV module depends on both the solar irradiance at the site and the 

cell temperature. 

In most PV uses, voltages and currents with higher values are needed at the scaled 

solar cell limited area. This brings us to scale up their magnitude produced by a PV 

generator with respect to the specific application. For this case, Solar cells are 

connected in series to increase the voltage and in parallel to match to load current in 

PV module. To form a PV module with many cells, the following equations holds: 

𝐼𝑚  = 𝑁𝑝𝐼            (2.29) 

𝑉𝑚 = 𝑁𝑠𝑉            (2.30) 

        𝑃𝑚 = 𝑁𝑠𝑁𝑝𝑉𝐼            (2.31) 

Every solar cell technology has a different temperature coefficient specified within 

module datasheet. The temperature coefficient is significant because it directly affects 

the power output of a solar panel. As the temperature of a solar module rises, its power 

output falls. 
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2.1.4 Temperature Coefficient of Solar Cells: Impact and Mitigation 

Strategies. 

The temperature coefficient of solar cells plays a pivotal role in determining the 

efficiency and performance of photovoltaic systems. Due to the significance of 

temperature coefficients in solar cells and their impact on energy conversion process, 

manufacturers are notably indicating their parameters for each solar panel produced for 

both ISC and VOC. The recent research studies and authoritative sources in the field 

have noted that solar cells are widely recognized as a sustainable and renewable energy 

source, contributing significantly to the global shift towards cleaner energy. However, 

the efficiency of solar cells is influenced by various factors, with temperature being a 

critical parameter. The temperature coefficient of solar cells measures how their 

performance is affected by changes in temperature, and understanding this phenomenon 

is a crucial for optimizing photovoltaic energy output[59]. 

The temperature coefficients of solar panels are parameters that describe how the 

performance of a solar panel changes with variations in temperature[39]. These are:                      

(1) Temperature Coefficient of Short Circuit Current (𝐼𝑆𝐶) 

This coefficient represents the percentage change in the short circuit current (𝐼𝑆𝐶) 

for a 1°C change in temperature. If the temperature increases, the short circuit current 

tends to increase, and vice versa. A substantial increase in solar irradiation has much 

influence on 𝐼𝑆𝐶  where a sudden increase has been observed in both laboratory and 

practical environment[60].The equation(2.22) derives the expression of the short-circuit 

current temperature coefficient. 

(2) Temperature Coefficient of Open Circuit Voltage (𝑉𝑂𝐶) 

This coefficient indicates the percentage change in the open circuit voltage (𝑉𝑂𝐶) 

for a 1°C change in temperature. An increase in temperature usually leads to a decrease 

in the open circuit voltage, and vice versa. The equation (2.25) and the reading from [61] 

result in voltage temperature coefficient, Kvoc  equivalent to 
d𝑉𝑂𝐶

d𝑇𝑐𝑒𝑙𝑙
 . This value is 

negative and is depending on the solar cell material. For crystalline silicon cell it is    

-2.3mV/℃[61]. 

(3) Temperature Coefficient of Maximum Power Output (𝑃𝑚𝑎𝑥) 

This coefficient reflects the percentage change in the maximum power output 

(𝑃𝑚𝑎𝑥) for a 1°C change in temperature. It combines the effects of temperature on both 

the short circuit current and the open circuit voltage. It helps to predict how the overall 

power output of the solar panel will change with temperature variations. 

The fill factor (FF) is a measure of the squareness of the I –V characteristic and is 

always less than one. It is the ratio of the areas of the two rectangles, one obtained from 

the maximum point values of current and voltage of solar cell/module and other from 
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the values ISC and VOC. 

𝐹𝐹 =
𝑃𝑚𝑎𝑥

𝑉𝑜𝑐𝐼𝑆𝐶
 = 

 𝑉𝑚𝑝I𝑚𝑝

𝑉𝑜𝑐ISC
         (2.32) 

An empirical expression of fill factor as it was given by [61] is an important figure 

of merit for solar cell efficiency. 

𝐹𝐹 =
𝑉𝑜𝑐 − 

𝑘𝑇𝑐𝑒𝑙𝑙
𝑞

 𝑙𝑛[
𝑞𝑉𝑜𝑐
𝑘𝑇𝑐𝑒𝑙𝑙

+0.72]

𝑉𝑜𝑐+𝑘𝑇𝑐𝑒𝑙𝑙/𝑞
          (2.33) 

The efficiency of solar cell is thus obtained from[61] by the following expression. 

    𝜂𝑐𝑒𝑙𝑙 =
𝑃𝑚𝑝

𝑃𝑖𝑛
=

𝑉𝑜𝑐𝐼𝑆𝐶𝐹𝐹

𝑃𝑖𝑛
           (2.34) 

2.2 Risk coefficient analysis 

The real output of wind turbines differs from the ideal dispatch output, or the 

dispatch output of wind power, because wind power output is unpredictable, volatile, 

and uncontrollable, making it difficult to obtain accurate wind power generation in 

advance of the actual dispatch process. 

2.2.1 Risk analysis of wind turbine output  

There is some degree of both overestimation and underestimating. 

When the wind turbine's actual generated power exceeds the ideal dispatch output, 

extra generated power enters the power network. To keep the system frequency from 

growing, the power system must discard some of the wind output that exceeds the 

power load demand. As a result, it is required to assess the system operation time.  

The effects of underestimating wind power output on grid operations.  

Wind power’s underestimated production can be expressed by the penalty cost 

𝐶𝑤
𝑙  and the underestimation power deviation 𝑃𝑤

𝑙  of wind power. 

𝐶𝑤
𝑙 = ∑ 𝑘𝑤

𝑙𝑛𝑤
𝑖=1 (𝑃𝑤

𝑎 − 𝑃𝑤) = ∑ 𝑘𝑤
𝑙𝑛𝑤

𝑖=1 ∫ (P − 𝑃𝑤)
𝑃𝑟
𝑃𝑤

𝑓𝑤(𝑃)𝑑𝑃    (2.35) 

𝑃𝑤
𝑙 = ∑ (𝑃𝑤

𝑎 − 𝑃𝑤)
𝑛𝑤
𝑖=1 = ∑ ∫ (P − 𝑃𝑤)

𝑃𝑟
𝑃𝑤

𝑓𝑤(𝑃)𝑑𝑃
𝑛𝑤
𝑖=1      (2.36) 

2.2.2 Risk analysis of photovoltaic power station output  

Wind power generation exhibits high randomness and instability. Photovoltaic 

power plants, which are also renewable energy technologies, exhibit clear randomness 

and uncertainty when generating electricity. Access to large-scale photovoltaic power 

stations has posed issues to the functioning of the electricity grid. This unpredictable 

output power produces a difference between the solar power station's actual output 

power and the ideal dispatched output. As a result, the risk coefficient of the 

photovoltaic power station output can be turned into an analysis of overestimation and 

underestimating of the photovoltaic power station output. When a photovoltaic power 
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station's real power generation surpasses the ideal photovoltaic dispatch output, excess 

power is generated in the power network, forcing the power system to reject some of 

the photovoltaic power that surpasses the power load need. 

Underestimating a solar power station’s output can be indicated by the 

photovoltaic underestimation output penalty cost 𝐶𝑝𝑣
𝑙   and the photovoltaic 

underestimation power deviation 𝑃𝑝𝑣
𝑙 : 

  𝐶𝑝𝑣
𝑙 = ∑ 𝑘𝑝𝑣

𝑙𝑛𝑝𝑣
𝑖=1

(𝑃𝑝𝑣
𝑎 − 𝑃𝑝𝑣) = ∑ 𝑘𝑝𝑣

𝑙𝑛𝑝𝑣
𝑖=1 ∫ (P − Ppv)

𝑃𝑝𝑣
𝑟

𝑃𝑝𝑣
𝑓𝑝𝑣(𝑃)d𝑃   (2.37) 

𝑃𝑝𝑣
𝑙 = ∑ (𝑃𝑝𝑣

𝑎 − 𝑃𝑝𝑣)
𝑛𝑝𝑣
𝑖=1

= ∑ ∫ (P − 𝑃𝑝𝑣)
𝑃𝑝𝑣
𝑟

𝑃𝑝𝑣
𝑓𝑝𝑣(𝑃)d𝑃

𝑛𝑝𝑣
𝑖=1

     (2.38) 

Where 𝑘𝑝𝑣
𝑙  is the penalty coefficient for underestimating the output of the photovoltaic 

power station; 𝑛𝑝𝑣   is the number of photovoltaic units; 𝑃𝑝𝑣
𝑎   is the actual power 

generation of the photovoltaic power station; 𝑃𝑝𝑣  is the planned output of the 

photovoltaic power station; 𝑃𝑝𝑣
𝑟   is the rated power of the photovoltaic power plant. 

When the actual power generation of the photovoltaic power station does not reach 

the ideal wind turbine dispatching output, there will be a shortage of available power in 

the power network. At this time, it is necessary to generate electricity through the 

spinning reserve of the heat power unit to make up for the lack of photovoltaic power. 

The indicator of photovoltaic power station overestimation output can be 

represented by the penalty cost of its output and the deviation of photovoltaic 

overestimation power. 

𝐶𝑝𝑣
ℎ = ∑ 𝑘𝑝𝑣

ℎ𝑛𝑝𝑣
𝑖=1

(𝑃𝑝𝑣−𝑃𝑝𝑣
𝑎 ) = ∑ 𝑘𝑝𝑣

ℎ𝑛𝑝𝑣
𝑖=1 ∫ (𝑃𝑝𝑣 − 𝑃)

𝑃𝑝𝑣
0

𝑓𝑝𝑣(𝑃)𝑑𝑃       (2.39) 

𝑃𝑝𝑣
ℎ = ∑ (𝑃𝑝𝑣 − 𝑃𝑝𝑣

𝑎 )
𝑛𝑝𝑣
𝑖=1

= ∑ ∫ (𝑃𝑝𝑣 − P)
𝑃𝑝𝑣
𝑟

𝑃𝑝𝑣
𝑓𝑝𝑣(𝑃)𝑑𝑃

𝑛𝑝𝑣
𝑖=1

     (2.40) 

Where 𝑘𝑝𝑣
ℎ    is the penalty coefficient for overestimating the output of PV power 

plants. 

2.3 Case analysis of the impact of distributed power on power 

system 

The IEEE 33-node system is connected to various distributed generation (DG) 

types independently. The effects of these DG connections on the distribution network's 

functionality are compared and evaluated. 

2.3.1 Case analysis of the impact of distributed power supply on the 

power system 

Different types of DGs are connected to the 14th,22nd, and 30th nodes, and the 

convergence accuracy of power flow calculation is set to 10−4 . The parameters of 
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different types of distributed power sources are shown in Table 2.1 

表 2.1 不同类型分布式电源的参数 

Table 2.1 Parameters of different types of distributed power sources 

Distributed power supply  Equivalent node type Parameter 

Fuel cells PI P = 300kW& I=50A 

Microgas turbine PV P = 300kW, 𝑄𝑚𝑎𝑥=500kVar &V=0.98 p.u. 

Wind power  PQ P = 300kW& cos θ = 0.9 

Solar PV power PQ(V) P = 300kW 

Table 2.1shows that the various DG types' active outputs are all set to 300 kW. A 

PV node's corresponding node's DG reactive output has a 500 kVar maximum limit. In 

the event that the distributed power source's reactive power output above the upper limit, 

it will be transformed into a PQ node for computation purposes, with the reactive output 

taking the maximum value. 

The forward-backward substitution approach is used to compute the power flow, 

which yields the active power loss, number of iterations, and distribution of each type 

of DG linked to the grid. Table 2.2 displays the distributed power supply's active and 

reactive power outputs, as well as the voltage at the grid-connected nodes. 

表 2.2 四种分布式电源并网的计算结果 

Table 2.2 Calculation results of four types of distributed power grid connection 

Index/target Equivalent node type 

           PI          PV PQ PV No DG 

Active power loss (kW) 141.49 141.44 151.43 147.44 202.65 

Number of iterations (times) 4 4 4 4 4 

Active power output DG (kW) 300 300 300 300 0 

Reactive power output DG (kVar) 534 500 145 225 0 

Grid-connected V node (p.u.) 0.9671 0.9652 0.9447 0.9495 0.9133 

Table 2.2 demonstrates that the forward-backward substitution method converges 

in the power flow calculation of four types of DG grid connection, and the number of 

iterations is 4, indicating that the number of iterations of the algorithm does not change 

with different DG types, and it has better stability. After the DG whose equivalent node 

is a PV node is connected to the grid, its grid-connected node voltage does not achieve 

the preset 0.98 p.u. because its reactive power output approaches the top limit and 

cannot meet the node's reactive power requirement. The grid-connected node voltage 

of each DG has increased as compared to the system without DG access, with the DG 

with equivalent nodes of PI and PV type showing the biggest improvement. At the same 

time, the power loss indicators of the distribution network have improved after each 

DG is connected to the grid, indicating that connecting different types of DG to the 

distribution network can reduce the system's active power loss while also improving its 

energy efficiency. The system node voltage distribution after different types of DG is 
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connected to the grid is shown in Figure 2.3. 

 

图 2.3 连接到配电网的不同类型分布式电源的系统电压分布图 

Figure 2.3 System voltage distribution of different types of distributed power sources on the 

distribution network 

Figure 2.3 shows that, when different forms of DG are connected to the 

distribution network, the system's performance improves in comparison to the system 

without DG access shown as base case in Figure 2.3 

Although node voltage variations have been reduced, the majority of node voltages 

remain lower than 0.96 p.u., indicating that the voltage is below the lower limit. It 

demonstrates that, while connecting dispersed power sources to the grid helps reduce 

system voltage fluctuations, it does not meet the system's power quality criteria. The 

three DGs are connected to the grid at the 14th, 22nd, and 30th nodes. The voltage rise is 

greatest at the grid-connected node, and the voltage rise decreases as distance from the 

node increases.  

2.3.2 Case analysis of the impact of distributed power supply capacity on 

the power system  

In the IEEE 33-node system, a distributed power supply whose equivalent node is 

a PQ node is connected to the 14th node. Next, the DG capacity connected to the 

distribution network is changed, so that DG with different capacities can be analyzed 

for their effects on the distribution network's operation. Based on the system load, the 

active output amounts to 0%, 20%, 40%, 60%, and 80%, in that order. The power flow 

calculation convergence accuracy of the DG, whose equivalent node is a PQ-type node, 

is 10-4. It uses constant power factor management with a power factor of 0.9. Table 2.3 

displays the distribution network's active power loss, number of iterations, active power 

output, and reactive power output after the power flow is calculated using the forward-
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backward substitution method. 

表 2.3 不同容量的分布式电源并网计算结果 

Table 2.3 Calculation results of grid connection of distributed power sources with different 

capacities 

Index/target Distributed power generation active output to total load 

         0% 20% 40% 60% 80% 

Active power loss (kW) 202.65 119.52 136.57 219.09 350.67 

Active power output DG (kW) 0 743 1486 2229 2972 

Reactive power output DG (kVar) 0 359.85 719.70 1079.55 1439.41 

Number of iterations(times) 4 4 4 5 6 

Table 2.3 illustrates that the system with DG active output accounting for 20% of 

the total load has an 83.13 kW reduction in active power loss when compared to the 

system with DG active output of 0. When the DG output makes up more than 40%, the 

distribution network's active power loss rises as the DG active output does as well. It 

demonstrates that when the DG grid-connected capacity surpasses the grid-connected 

node's absorption capacity, the node will not be able to completely absorb its output, 

leading to a reversal in the power flow where power moves from the DG grid-connected 

node to the balance node, increasing the distribution network's power loss.  

 
图 2.4 配电网连接不同容量分布式发电的系统电压分布图 

Figure 2.4 System voltage distribution of different capacity of distributed generation connected to 

distribution network 

Figure 2.4 shows that when the DG output is zero, the voltages of several nodes in 

the system are less than 0.95 p.u., indicating that the voltages exceed the lower limit. 

When the DG output accounts for 20% of the total load, the system node voltage rises, 

suggesting that system power quality can be enhanced even when the grid-connected 

DG output is minimal. When the DG output represents 40%, 60%, or 80% of the total 

load, the node voltage appears to be greater than 1.05 p.u., indicating that when the DG 
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output exceeds the node's absorption capacity, a reverse power flow occurs, and the 

voltage of some nodes in the system exceeds the voltage upper limit which affect the 

distribution network's safety and stability[42],[62]–[65]. 

2.4  Summary  

This chapter constructs two typical distributed power generation (DG) 

mathematical models, introduces the forward-backward substitution method to 

calculate the power flow of the distribution network containing DG, and then simulates 

and analyzes the impact of DG grid connection on the operation of the distribution 

network in the test system, and verified the effectiveness of the forward-backward 

substitution method. The specific summary is as follows: 

First, based on the operating principles of photovoltaic power generation systems 

and wind power generation systems, mathematical models of photovoltaic power 

generation and wind power generation are constructed.  

Secondly, in the power flow calculation of distribution network containing DG, 

the processing methods of different types of DG equivalent nodes are explained, and 

the forward and backward generation power flow algorithm is introduced.  

Finally, the impact of different types and capacities of DG connected to the grid 

on the operation of the distribution network was simulated and analyzed in the test 

system, and the effectiveness of the forward-backward substitution method was verified. 

The results show that different types of DG grid connection can reduce system active 

power loss and increase node voltage. However, when the DG grid connection capacity 

exceeds the node absorption capacity, it will lead to an increase in power loss and a 

decrease in power quality in the distribution network; the forward-backward 

substitution method is the number of iterations in the power flow calculation of different 

types of DG grid connection is 4, and all can converge reliably, verifying its 

effectiveness.  

The distributed power generation modeling and grid connection analysis in 

Chapter 2, as well as the forward-backward power flow algorithm introduced, lay the 

research foundation for the operation optimization of the distribution network 

containing DG in subsequent chapters. 
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Chapter 3 Optimizing Power System Operations with 

Distributed Supplies 
 

The optimization of distributed power supply, inclusive of distribution network 

operation, represents a multifaceted nonlinear optimization challenge characterized by 

numerous objectives, variables, and constraints. Addressing such complexity 

necessitates a multi-objective optimization approach endowed with robust optimization 

capabilities. Traditional mathematical techniques often fall short in efficiently resolving 

these intricate optimization issues. In contrast, artificial intelligence (AI) algorithms 

confront difficulties in addressing the nonlinearity and diversity of these challenges. 

Consequently, there is a pressing need for the development of high-performance, 

realistic solutions tailored to optimizing power systems operation processes. The 

utilization of AI algorithms for multi-objective optimization presents a promising 

avenue for addressing multi-objective, multi-constraint, multivariate, and nonlinear 

aspects with notable efficiency. Specifically, the application of the Firefly Algorithm 

(FA) for the optimization of hybrid solar and wind energy systems at the power 

distribution level, as demonstrated through a case study on the IEEE 33-bus system, 

emerges as an innovative strategy to enhance the integration and operation of renewable 

energy within electrical networks. This discussion elucidates the potential advantages, 

challenges, and considerations inherent in employing FA for such purposes. 

Potential Benefits: 

(1) Optimal Sizing and Placement: FA's capability to ascertain the optimal size 

and placement of solar and wind energy resources within the distribution network is 

instrumental in maximizing efficiency, minimizing losses, and enhancing voltage 

profiles. 

(2) Handling Nonlinear Objectives and Constraints: The algorithm's adeptness at 

navigating nonlinear optimization challenges aligns well with the complex dynamics of 

power systems, encompassing nonlinear load flows, fluctuating renewable outputs, and 

technical constraints (e.g., voltage limits, line capacities). 

(3) Adaptability to Variable Conditions: FA's flexibility in dynamically optimizing 

hybrid system operations in response to changing weather conditions and load demands 

caters to the variability of solar and wind energy. 

(4) Multi-objective Optimization: When tailored for multi-objective optimization, 

FA can concurrently optimize multiple objectives, reducing energy losses, costs, and 

environmental impacts while enhancing reliability and renewable energy integration. 

 

Challenges and Considerations: 
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(1) Computational Complexity: The computational demands of optimizing hybrid 

solar and wind systems within an IEEE 33-bus distribution network, given its high-

dimensional problem space and multiple load flow analyses requirements, necessitate 

consideration of FA's computational efficiency. 

(2) Integration with Power Flow Models: Effective optimization mandates FA's 

integration with precise power flow models (e.g., AC load flow) to assess different 

configurations' impacts on network performance, adding complexity to the 

optimization endeavor. 

(3) Dynamic and Stochastic Nature of Renewables: The algorithm must 

accommodate the unpredictable nature of solar and wind generation, potentially 

through probabilistic models or scenarios, to ensure robust solutions. 

(4) Scalability: The adaptability of FA to larger or more intricate networks with 

greater renewable penetration merits evaluation. 

(5) Practical Implementation Issues: Real-time data availability, control 

capabilities, and integration with existing distribution management systems are crucial 

for the practical deployment of FA-derived optimization solutions. 

In summary, the Firefly Algorithm offers a promising tool for optimizing the 

integration and operation of hybrid solar and wind energy systems at the distribution 

level. It adeptly addresses the complex, nonlinear, and multi-constraint nature of such 

challenges. However, its successful application hinges on careful consideration of 

computational efficiency, integration with power system models, and the management 

of variability and uncertainty in renewable energy sources. Future investigations and 

pilot implementations of FA in real-world contexts, such as the IEEE 33-bus system, 

will yield valuable insights into its efficacy and practical challenges in optimizing 

hybrid renewable energy systems. 

3.1 Analysis and Improvement of Multi-objective Firefly 

Algorithm 

The Firefly Algorithm (), conceived by Dr. Xin-She Yang in 2008, is a 

metaheuristic optimization technique inspired by the luminescent signals of fireflies[66]. 

3.1.1 Principle of Firefly Algorithm 

Its operational foundation rests on three primary principles reflecting firefly 

behavior: 

(1) Attractiveness: A firefly's appeal is directly linked to its luminosity, 

diminishing with increasing distance. In optimization, this luminosity corresponds to 

the value of the objective function, guiding fireflies (solutions) toward those with 
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superior outcomes. 

(2) Distance: The algorithm employs the concept of distance to modulate the 

attractiveness between fireflies, promoting movement towards more luminous peers, 

with proximity enhancing this attractive force. 

(3) Randomness: Integrating a stochastic component, the algorithm facilitates 

exploration beyond immediate attractions, aiding in the evasion of local optima and the 

discovery of superior solutions across the broader search landscape. 

The operation of the Firefly Algorithm can be summarized in the following four 

steps: 

(i) Initialization: Generate an initial population of fireflies (solutions) randomly 

distributed throughout the search space. 

(ii) Evaluation: Calculate the brightness (objective function value) of each firefly. 

(iii) Movement: Update the position of fireflies based on their attractiveness and 

distance to other fireflies, moving less bright fireflies towards brighter ones, with an 

element of randomness to avoid local optima. 

(iv) Iteration: Repeat the evaluation and movement steps until a termination 

criterion is met (such as a maximum number of iterations or a satisfactory objective 

function value). 

The movement of a firefly i towards a more attractive (brighter) firefly j is 

typically modeled using the following equation. 

𝑥𝑖
(𝑘+1) = 𝑥𝑖

𝑘 + 𝛽0𝑒
−𝛾𝑟𝑖𝑗

2

(𝑥𝑗
(𝑘) − 𝑥𝑖

(𝑘)) + 𝛼𝜖𝑖              (3.1) 

Where 𝑥𝑖
𝑘 and 𝑥𝑗

𝑘  are the positions of fireflies i and j at iteration k, 𝛽0  is the 

attractiveness at distance 0, 𝛾 is the light absorption coefficient, 𝑟𝑖𝑗  is the distance 

between fireflies i and j, 𝛼  is a randomness factor, and 𝜖𝑖  is a vector of random 

numbers drawn from a Gaussian distribution or other distributions. 

The Firefly Algorithm's simplicity, coupled with its effective exploration and 

exploitation capabilities, makes it suitable for a wide range of optimization problems, 

including those with complex, multimodal landscapes. Research studies have found the 

global optima of various test functions and suggest that particle swarm often 

outperforms traditional algorithms such as genetic algorithms, while the new firefly 

algorithm is superior to both PSO and GA in terms of both efficiency and success rate[66]. 

3.1.2 Firefly Algorithm Improvement Strategy 

The Firefly Algorithm (FA), since its inception, has been subject to various 

improvement strategies aimed at enhancing its efficiency, convergence speed, and 

ability to navigate complex optimization landscapes. Improvement strategies typically 

focus on modifying the algorithm's core components, such as attractiveness, distance 

measurement, and the randomness factor, to optimize performance across diverse 



河北工业大学博士学位论文 

DOCTORAL DISSERTATION OF HEBEI UNIVERSITY OF TECHNOLOGY 

- 26 - 

problem sets. Here, we outline key strategies and incorporate equations that are central 

to these enhancements. 

(1) Adaptive Attractiveness Modification 

To address the standard FA's limitation in balancing exploration and exploitation, 

the attractiveness function can be adapted to change dynamically with iterations. This 

ensures that the algorithm can maintain diversity in early stages (exploration) and 

intensify focus on promising regions as it converges (exploitation)[67]. The modified 

attractiveness function can be represented as: 

 𝛽(r) = 𝛽0𝑒
−𝛾𝑟2         (3.2) 

Where 𝛽(r) is the attractiveness at a distance r, 𝛽0 is the attractiveness at zero distance, 

and 𝛾 is a light absorption coefficient that can be adjusted adaptively based on the 

iteration count or the diversity of solutions.  

(2) Enhanced Distance Measurement 

Improvements in calculating the distance between fireflies can significantly 

influence the FA's ability to explore the search space effectively. A generalized form of 

an enhanced distance metric could be represented as follows: 

         𝑑𝑖𝑗 = √∑ 𝜔𝑘
𝑛
𝑘=1 ∗ (𝑥𝑖,𝑘 − 𝑥𝑗,𝑘)

2
       (3.3) 

Where 𝑑𝑖𝑗 represents the distance between firefly i and firefly j, 𝑥𝑖,𝑘 and 𝑥𝑗,𝑘 denote 

the 𝑘𝑡ℎ dimensional component of the position vectors of fireflies I and j respectively; 

n is the number of the dimension in the search space, and 𝑤𝑘 is an adjustable weight 

factor that shows the importance or scale of the 𝑘𝑡ℎ  dimension in the distance 

measurement. 

(3) Controlled Randomness 

The strategy in the Firefly Algorithm enhances its search efficiency by 

dynamically tuning the randomness factor (α). The approach varies α or introduces 

additional stochastic elements according to the optimization stage, facilitating broader 

exploration early on and concentrating on exploitation as the search progresses. The 

formula governing a firefly “i” movement toward a more luminous firefly j incorporates 

this controlled randomness, described as follows: 

𝑥𝑖
(𝑘+1) = 𝑥𝑖

𝑘 + 𝛽(𝑟) ∗ (𝑥𝑗
𝑘 − 𝑥𝑖

𝑘) + 𝛼 ∗ (𝑟𝑎𝑛𝑑 − 0.5)    (3.4) 

Where 𝑥𝑖
(𝑘+1)  denotes the new position of firefly i; 𝑥𝑖

𝑘 𝑎𝑛𝑑   𝑥𝑗
𝑘  are the current 

positions of fireflies i and j, respectively. 𝛽(𝑟)  signifies attractiveness function 

dependent on their distance r, and Rand is a random number between 0 and 1. The term 

𝛼 ∗ (𝑟𝑎𝑛𝑑 − 0.5)  introduces a controlled random step, allowing the algorithm to 

escape local optima and thoroughly explore the search space. 
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3.1.3 FA in Power Systems: Scheduling, Dispatch, and Renewables 

The integration of renewable energy sources, alongside traditional power 

generation methods, necessitates advanced optimization techniques to manage the 

complexity and variability inherent in power systems. The Firefly Algorithm (FA), 

inspired by the natural behavior of fireflies, offers a promising approach to multi-

objective optimization challenges in power systems, including generation scheduling, 

economic dispatch, and renewable energy integration[68][69]. This thesis explores the 

application of FA to these critical areas, emphasizing the algorithm's adaptability, 

efficiency, and effectiveness in balancing conflicting objectives such as cost 

minimization, emission reduction, and system reliability[70].This thesis will focus on 

power loss minimization, maximizing the voltage stability margin or minimize the 

voltage deviation while ensuring high renewable distribution integration in the power 

system[69]. FA with its core mechanisms such as attraction based on brightness (solution 

quality) and movement towards brighter fireflies (better solutions)—are particularly 

suited to multi-objective optimization, where the goal is to find a set of optimal 

solutions that represent the best trade-offs among competing objectives[71].The 

fundamental concepts in the operation of electric power systems while focusing on the 

optimizations of generation and distribution of electricity in order to meet demand 

efficiently are known as economic dispatch and generation scheduling[72]. 

(1) Economic load Dispatch 

Economic load dispatch (ELD) concerns the allocation of generation resources i.e. 

optimal placement to meet the power demand at the lowest possible cost, subject to 

operational and system constraints. Incorporating renewable energy sources into the 

ELD problem introduces variability and uncertainty, making the optimization problem 

more complex. MOFA is employed to obtain optimum solution for both the generation 

cost and the deviation from planned renewable energy usage, ensuring a cost-effective 

and reliable power supply[71]. The MOFSA-based ELD model considers multiple 

objectives, such as cost minimization and maximization of renewable energy 

utilization, and applies the algorithm's movement and attractiveness mechanisms to find 

the optimal generation mix across different sources. Since the purpose of ELD is to 

minimize the total generation cost while fulfilling the demand and operating within the 

technical limits of the generators, its objective function is defined as follows[73]: 

𝑀𝑖𝑛∑ 𝐶𝑖
𝑁
𝑖=1 (𝑃𝑖)              (3.5) 

Where N is the number of generating units, 𝐶𝑖(𝑃𝑖) is the cost function of generating 

unit i, typically expressed as quadratic function: 

𝐶𝑖(𝑃𝑖) = 𝐶𝑖𝑃𝑖
2 + 𝑏𝑖𝑃𝑖 + 𝑎𝑖             (3.6) 
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Where 𝑃𝑖 is the power output of generating unit i that is subjected to the following 

constraints: 

    ∑ 𝑃𝑖 = 𝐷𝑘 + 𝑃𝑙𝑜𝑠𝑠
𝑁
𝑖=1             (3.7) 

Where “𝐷𝑘 ” is the total system demand at time k, also known as 𝑃𝑙𝑜𝑎𝑑  and 𝑃𝑙𝑜𝑠𝑠 

represents the total transmission losses, which can be calculated using various methods, 

such as the bi-coefficient methods. Another constraint is given such that, 

 𝑃𝑖,𝑚𝑖𝑛 ≤ 𝑃𝑖 ≤𝑃𝑖,𝑚𝑎𝑥             (3.8) 

Where 𝑃𝑖,𝑚𝑖𝑛 and 𝑃𝑖,𝑚𝑎𝑥 are the minimum and maximum output levels for generating 

unit i. 

(2) Generation Scheduling 

Generation scheduling involves determining the optimal start-up and shut-down 

times of power generation units to meet demand while minimizing costs and emissions. 

The multi-objective firefly search algorithm (MOFSA) can be adapted to address this 

problem by defining the objectives as minimizing fuel costs and emissions 

simultaneously. MOFSA's ability to explore the solution space efficiently helps in 

identifying the Pareto optimal schedule that balances generation and demand with 

minimum unavoidable losses. MOFSA can dynamically adjust its parameters to 

enhance the exploration and exploitation capabilities throughout the optimization 

process, leading to improved scheduling strategies that accommodate the inherent 

uncertainties in power demand and generation capabilities. The formation of generating 

scheduling objective equation includes an additional term for start-up and shut-down 

costs and extends over multiple time periods. 

𝑀𝑖𝑛∑ ∑ (𝐶𝑖(𝑃𝑖,𝑘)
𝑁
𝑖=1

𝑇
𝑘=1 + 𝑆𝑖,𝑘 + 𝑈𝑖,𝑘)          (3.9) 

Where T is the number of times periods in the scheduling horizon, 𝑃𝑖,𝑘 is the power 

output of generating unit i at time k. 𝑆𝑖,𝑘 and 𝑈𝑖,𝑘 are the start-up and shut-down costs 

for generating unit i at time k. 

The generation scheduling is subject to the following constraints: 

(i) Power balance for each time period: 

∑ 𝑃𝑖,𝑘
𝑁
𝑖=1 = 𝐷𝑘 + 𝑃𝑙𝑜𝑠𝑠,𝑘 for all values of times, k.    (3.10) 

(ii) Generation capacity and ramp rate constraints for each unit ‘i’ and time 

period k. 

𝑃𝑖,𝑚𝑖𝑛 ≤ 𝑃𝑖,𝑘 ≤ 𝑃𝑖,𝑚𝑎𝑥        ( ∀𝑖, 𝑘)            (3.11) 

𝑅𝑖,↓ ≤ 𝑃𝑖,𝑘 − 𝑃𝑖,𝑘−1 ≤ 𝑅𝑖,↑   (∀𝑖, 𝑘)            (3.12) 

   Where 𝑅𝑖,↓ and𝑅𝑖,↑ are the ramp-up and ramp-down rates for generating unit ‘i’. 
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(iii) Unit minimum up and down time constraints, ensuring that once a unit is 

started, it remains ON for a minimum period and vice versa. 

(iv) The other operational constraints such as reserve requirements, transmission 

constraints, and environmental regulations may also be included. 

the economic dispatch and generation scheduling are complex optimization 

problems in power systems that are typically solved using various mathematical 

programming techniques, including linear programming (LP), mixed-integer linear 

programming (MILP), dynamic programming (DP), and heuristic or metaheuristic 

algorithms. The specific formulation and solution approach depend on the system 

characteristics, available generation resources, and the particular objectives and 

constraints of the utility or system operator. 

(3) Renewable Energy Integration 

The integration of renewable energy sources into the power grid presents 

challenges related to variability, uncertainty, and grid stability. MOFSA is utilized to 

optimize the integration process, focusing on objectives like maximizing the 

penetration of renewable energy, minimizing balancing costs, and ensuring grid 

stability, and efficiency. The complete computational derivation covering all aspects of 

renewable integration may be extensive and complex.  

However, a summary of critical points and key notations often involved in the 

process is herewith given: 

 

(i) Power flow equations. 

At the center of grid integration, the power flow equations that ensure the balance 

between generation and load while accounting for the physical constraints of the 

network are given by: 

𝑃𝑖 = 𝑉𝑖 ∑ 𝑉𝑗
𝑁
𝑗=1 (𝐺𝑖𝑗𝑐𝑜𝑠𝜃𝑖𝑗 + 𝐵𝑖𝑗𝑠𝑖𝑛𝜃𝑖𝑗)     (3.13) 

𝑄𝑖 = 𝑉𝑖 ∑ 𝑉𝑗
𝑁
𝑗=1 (𝐺𝑖𝑗𝑠𝑖𝑛𝜃𝑖𝑗 − 𝐵𝑖𝑗𝑐𝑜𝑠𝜃𝑖𝑗)     (3.14)

       

Where 𝑃𝑖 and 𝑄𝑖 define the active and reactive power injection at bus i. 𝑉𝑖 and 𝑉𝑗 

are the voltage magnitude at bus i and j respectively. 𝜃𝑖𝑗 is the phase angle distance 

between buses i & j. 𝐺𝑖𝑗  & 𝐵𝑖𝑗  are the conductance & susceptance of the line 

connecting buses i and j. N is the total number of buses in the system. 

(ii) Generation and Load Balancing  

Renewable energy sources, such as wind and solar, are variable and somewhat 

unpredictable. The generation from these sources must be balanced with the load and 

other forms of generation, often requiring advanced forecasting techniques and 

flexibility in the operation of conventional generators. The balance equation is given 

by: 
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∑ 𝑃𝐺𝑖𝑖 𝜖 𝑅𝐸𝑆 +∑ 𝑃𝐺𝑖𝑖 𝜖 𝑐𝑜𝑛𝑣 = 𝑃𝑙𝑜𝑎𝑑 + 𝑃𝑙𝑜𝑠𝑠     (3.15) 

Where 𝑃𝐺𝑖  is the power generation from source i, 𝑃𝑙𝑜𝑎𝑑 is the total load demand and 

𝑃𝑙𝑜𝑠𝑠 represents the system losses. 

(iii) Voltage Stability and Control 

Integrating RES impacts the voltage profile across the network bus. Voltage 

stability can be analyzed using the Jacobian matrix derived from the power flow 

equations, and control requires appropriate reactive power support, which can be 

mathematically represented as: 

∆Q= -[𝐽𝑄𝑄]
−1𝑄𝑚𝑖𝑠      (3.16) 

Where ∆Q is the vector of reactive power adjustments, 𝐽𝑄𝑄 is the reactive power 

Jacobian matrix, and 𝑄𝑚𝑖𝑠 is the vector of reactive power mismatches. 

3.2 Pseudocode representation of the standard firefly Algorithm 

The firefly algorithm is a nature-inspired optimization technique that simulates the 

flashing behavior of fireflies, seeking the brightest (optimal) solution in a search space. 

It begins by initializing parameters such as gamma for light absorption, beta0 for initial 

attractiveness, alpha for step size, and MaxGen for the maximum iterations. A 

population of fireflies is then initialized with random positions, and their fitness is 

evaluated. The algorithm enters a loop where each firefly moves toward brighter ones, 

with attractiveness diminishing with distance. This is calculated using an exponential 

decay function. Fireflies update their positions based on the attractiveness and a random 

step. Fitness is re-evaluated after each movement.  

This pseudocode has been meticulously crafted to serve as an exhaustive roadmap 

of the firefly algorithm's architecture. It elucidates the sequence of operations and 

decision points in a coherent and logical sequence. The subsequent depiction, presented 

in the form of Table 3.1, is not merely an outline; it is a testament to the structured 

approach that is required to grasp the intricacies of the firefly algorithm's execution. 

Table 3.1 not only enumerates the algorithm's steps but also elucidates the 

underlying rationale that governs each phase of the process. From the initialization of 

parameters that establish the context for the algorithm's operation to the iterative 

refinement of potential solutions, the table encapsulates the essence of the firefly 

algorithm's traversal of the search space. This pseudocode and the accompanying table 

are designed to serve as an educational tool, rather than a mere guide, for those seeking 

to understand or apply the firefly algorithm. The pseudocode and table aim to demystify 

the algorithm's process, offering clarity and depth to those who may be unfamiliar with 

it. 
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表 3.1 萤火虫算法工作原理代码 

Table 3.1 Pseudocode explaining the working principle of firefly algorithm 

Algorithm: Firefly Algorithm 

Input: Objective function f(x), number of fireflies N, light absorption coefficient gamma, 

attractiveness beta0, step size alpha, maximum generations MaxGen 

Output: Best solution found 

Initialize algorithm parameters: 

    - gamma (light absorption coefficient) 

    - beta0 (attractiveness at distance = 0) 

    - alpha (step size for random movement) 

    - MaxGen (maximum number of generations) 

Initialize firefly population: 

    For i = 1 to N do: 

        Initialize position xi randomly within the search space 

        Evaluate fitness: fi = f(xi) 

Define the best solution found so far as the one with the highest fitness 

For gen = 1 to MaxGen do: 

    For i = 1 to N do: 

        For j = 1 to N do: 

            If f(xi) < f(xj) then: 

                Calculate distance rij = ||xi - xj|| 

                Calculate attractiveness beta = beta0 * exp (-gamma * rij2) 

                Move firefly i towards j: 

                    xi = xi + beta * (xj - xi) + alpha * (rand - 0.5) * epsilon 

                Evaluate new solution fi = f(xi) 

                If fi is better than the best solution found so far, update the best solution 

Optionally, update alpha (step size) if necessary, depending on the algorithm variant 

Display the best solution and its fitness value found in this generation 

Output the best solution and its fitness value found after MaxGen generations 

The working principle of firefly algorithm is hereby explained as follow: 

Step1: Initialize algorithm parameters. 

gamma: The light absorption coefficient, affecting how the attractiveness of firefly 

decreases with distance. 

beta0: The attractiveness of a firefly at zero distance, indicating how appealing a firefly 

is before distance effects are considered. 

alpha: the step size for random movements, controlling the extend of exploration in the 

search space. 

MaxGen: The maximum number of generations, or iteration, the algorithm will run to 

search for the best solution. 

Step 2: Initialize firefly population. 
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For each firefly ‘i’ (where “i=1 to ‘N’): 

Randomly initialize position x𝑖 within the search space. 

Evaluate fitness f(x𝑖) using the objective function f, where x𝑖 is the position of 

firefly ‘i’. 

Step3: Define the best solution. 

Identify the firefly with the highest fitness value as the best solution found so far. 

Step4: Algorithm’s main loop. 

For each generation ‘Gen’ i.e. (from 1 to ’MaxGen’): 

For each firefly ‘i’ in the population: 

For each other firefly ‘j’: 

If 𝑓(𝑥𝑖) < 𝑓(𝑥𝑗):This means firefly ‘i’ is less bright than firefly ‘j’, and thus, it 

should move towards ‘j’. 

Calculate distance 𝑟𝑖𝑗=‖𝑥𝑖 − 𝑥𝑗‖,using Euclidean distance formula. 

Calculate attractiveness 𝛽= 𝛽0.exp (-𝛾. 𝑟𝑖𝑗
2). This formula demonstrates how the 

attractiveness decreases exponentially with the square of the distance between fireflies, 

modulated by 𝛾. 

Move firefly ‘i’ towards ‘j’ using the movement formula: 

𝑥𝑖 = 𝑥𝑖 + β. (𝑥𝑗 − 𝑥𝑖) + α. (rand − 0.5). 𝜖 

Where rand is random number between 0 and 1, and 𝜖  is a small constant to 

ensure movement. 

Re-evaluate fitness 𝑓(𝑥𝑖) for the new position of firefly ‘i’. 

Update the best solution if the new fitness 𝑓(𝑥𝑖) is better than the current best 

solution. 

Optionally, adjust the step size ‘𝛼’ based on the algorithm variant. 

Step5: Display and output the best solution. 

At the end of the ‘MaxGen’ generations, display and output the best solution found 

along with its fitness value. 

By following the prescribed methodology, the Firefly Algorithm effectively 

emulates the natural phenomenon of fireflies, where each individual firefly represents 

a potential solution traversing the multidimensional search space. This bio-inspired 

metaheuristic leverages the inherent principle of fireflies being attracted to one another 

based on their relative brightness, which, in the context of the algorithm, corresponds 

to the quality of the solution they represent. 

The algorithm's core mechanism is the dynamic interaction between fireflies, 

where their attractiveness is governed by the inverse square law. This implies that the 

allure diminishes as the distance between them increases.  
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start

Initialize parameters:

Gamma,beta0,alpha, and choose the fireflies population

Evaluate fireflies with objective function

Check:

Is Gen <= MaxGen ?

Identify the best solution

Stop

For each firefly i  compare with 

every other firefly j to decide on 

mouvement

Move firefly i  towards brighter 

firefly j  (if it is applicable)

Update positions& Evaluate 

brightness of all fireflies

Yes

               No

 

图 3.1 标准萤火虫算法流程图 

 Figure 3.1 Standard flowchart of the firefly algorithm  

As can be seen from Figure 3.1, the specific steps of the Firefly Algorithm (FA) 

algorithm to solve the static comprehensive optimization model of distribution 

networks containing distributed power sources are: 

 Step 1: Problem Definition 

(a) Objective Function Definition: Clearly define the objective function that needs 

to be optimized. This could involve minimizing the network's total energy losses, 

improving voltage stability, or optimizing the cost-efficiency of operating distributed 

power sources within the distribution network. 

(b) Constraint Identification: Enumerate all relevant constraints for the distribution 

network, including power flow constraints, voltage limits at different nodes, maximum 

and minimum power output levels of distributed sources, and any regulatory or 

operational constraints. 

Step 2: Parameters Initialization of Firefly algorithm 

(a) Initialization of Population: Determine the size of the firefly population 

(number of solutions) and generate initial positions for each firefly randomly. Each 

position corresponds to a possible solution for the distribution network optimization, 
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encoding variables like distributed generator outputs, reactive power device settings, 

and network configuration changes. 

(b) Light Intensity and Attractiveness: Define the relationship between a firefly's 

light intensity (objective function value) and its attractiveness to other fireflies, 

ensuring that better solutions have higher attractiveness. 

(c) Absorption Coefficient: Set the value that dictates how the attractiveness 

decreases with distance, affecting the movement of fireflies towards each other. 

(d) Randomness Factor: Establish the degree of randomness in firefly movement 

to ensure exploration of the solution space. 

(e) Maximum Iterations: Specify the maximum number of iterations or other 

convergence criteria to terminate the algorithm. 

Step 3: Evaluate Initial Population 

For each firefly in the initial population, evaluate the objective function based on 

the encoded solution. This involves performing a simulation or calculation that 

determines how well the solution meets the optimization goals under the given 

constraints. 

Step 4: Attraction-based Movement 

(a) Movement Towards More Attractive Solutions: Compare the light intensity 

(objective function value) of each pair of fireflies and move the less attractive firefly 

towards the more attractive one, according to the FA's rules, which incorporate both the 

attractiveness (dependent on the objective function and absorption coefficient) and a 

randomness factor. 

(b) Constraint Handling: Ensure that the movement respects the defined 

constraints, adjusting firefly positions if they move outside feasible solution space. 

Step 5: Update Fireflies and Objective Function 

After moving the fireflies, re-evaluate the objective function for each firefly in 

their new positions. Adjustments might be made to keep the solutions within the 

feasible region. 

Step 6: Iterative Optimization 

(a) Repeat Steps 4 and 5: Continue the process of comparing, moving, and 

updating fireflies based on their attractiveness and re-evaluating their objective function 

values. 

(b) Check for Convergence: At each iteration, check if the algorithm has met the 

convergence criteria, such as a satisfactory improvement in the objective function or 

reaching the maximum number of iterations. 

Step 7: Optimal Solution Extraction 

Once the algorithm converges, identify the firefly (solution) with the best objective 

function value as the optimal solution for the distribution network's static 
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comprehensive optimization problem. 

Step 8: Validation and Analysis 

(a) Validate the obtained optimal solution through additional simulations or 

analytical methods to ensure its feasibility and effectiveness in the real-world operation 

of the distribution network with distributed power sources. 

(b) Analyze the solution to understand its impact on the network's performance, 

including energy savings, reliability improvements, and operational cost reductions. 

By methodically following these steps, the Firefly Algorithm can effectively solve 

complex optimization problems in distribution networks, providing significant benefits 

in terms of operational efficiency, stability, and cost-effectiveness. 

3.3 Multi-objective Firefly Algorithm Performance Test Analysis 

3.3.1 Classical Multi-Objective Test Functions and Evaluation Metrics 

Selection 

In order to verify the solution performance of the multi-objective firefly algorithm 

based on the hybrid strategy, six classical multi-objective test functions are selected in 

this section to test the performance of the multi-objective firefly search algorithm 

(MOFSA), and four evaluation metrics are chosen to assess the performance of the 

algorithm. 

(i) Standardized test function selection 

In order to provide a comprehensive evaluation of the efficacy and quality of the 

Multi-Objective Firefly Algorithm (MOFSA), this section presents a series of 

experiments utilizing benchmark test functions that encapsulate varying complexities 

and objectives. The evaluation process is conducted in two distinct phases, each 

designed to assess the algorithm's performance under different multi-objective 

scenarios.  

Initially, a suite of test functions designed with two objectives is employed to 

examine the MOFSA's ability to navigate and optimize bi-objective optimization 

landscapes. These functions are selected for their diverse characteristics, including 

convex, non-convex, and mixed-Pareto frontiers, in order to provide a rigorous 

examination of the algorithm's convergence behavior and its capability to identify and 

trace the Pareto-optimal solutions effectively. 

Subsequently, the complexity is increased by incorporating test functions that 

embody three objectives, with the objective of scrutinizing the MOFSA's proficiency 

in higher-dimensional solution spaces. The trivariate functions are designed to 

encompass a broader spectrum of challenges, including disconnected Pareto sets, 

irregularly shaped Pareto fronts, and complex interdependencies among objectives. 
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This phase is of paramount importance in evaluating the MOFSA's adaptability and 

robustness in the context of three-dimensional optimization problems. 

Each test function possesses Pareto frontiers with different shapes, and the 

expressions, variable dimensions and search ranges of the test function containing two 

objectives are shown in Table 3.2 

表 3.2 含两个目标的测试函数具体参数 

Table 3.2 Specific parameters of the test function with two objectives 

function  displayed formula Search Scope 
dimensionality 

of a variable 

F1 

{
 
 

 
 
𝑚𝑖𝑛 𝑓1 (𝑥) = 𝑥1

ℎ(𝑥) = 1 + 9 × (∑𝑥𝑖

30

𝑖=2

)/29

𝑚𝑖𝑛 𝑓2 (𝑥) = ℎ(𝑥) × [1 − √𝑥1/ℎ(𝑥)]

      x [0,1]  30 

F2 

{
 
 

 
 
𝑚𝑖𝑛𝑓1 (𝑥) = 𝑥1

ℎ(𝑥) = 1 + 9 × (∑𝑥𝑖

30

𝑖=2

)/29

𝑚𝑖𝑛 𝑓2 (𝑥) = ℎ(𝑥) × [1 − (𝑥1/ℎ(𝑥))
2]

 x [0,1] 30 

F3 

{
 
 

 
 
𝑚𝑖𝑛𝑓1 (𝑥) = 𝑥1

ℎ(𝑥) = 1 + 9 × (∑𝑥𝑖

30

𝑖=2

)/29

𝑚𝑖𝑛 𝑓2 (𝑥) = ℎ(𝑥) × [1 − √𝑥1/ℎ(𝑥) − 𝑥1/ℎ(𝑥) × 𝑠𝑖𝑛( 10𝜋𝑥1)]

 x [0,1] 30 

F4 

{
 
 

 
 
𝑚𝑖𝑛 𝑓1 (𝑥) = 1 − 𝑒𝑥𝑝( − 4𝑥1) × 𝑠𝑖𝑛

6( 6𝜋𝑥1)

ℎ(𝑥) = 1 + 9 × (∑𝑥𝑖

30

𝑖=2

/9)0.25

𝑚𝑖𝑛𝑓2 (𝑥) = ℎ(𝑥) × [1 − (𝑥1/ℎ(𝑥))
2]

 x [0,1] 10 

Table 3.2 shows the specific parameters of the test function with two objectives, 

where: F1 and F2 have relatively low complexity, and the Pareto front of F1 is a 

continuous convex set, and the Pareto front of F2 is a continuous nonconvex set. F3 is 

a relatively high complexity test function with a discontinuous convex Pareto front, and 

F4 has the highest complexity, with a nonconvex Pareto front and an uneven 

distribution of densities and distribution is not uniform. 

In order to test the solving ability of the MOFSA in the test function containing 

three objectives, the test function containing three objectives was used to test the 

algorithm's solving performance, and Table 3.2 demonstrates the expressions, variable 

dimensions, and search ranges of the test function containing three objectives. 
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表 3.3 含三个目标的测试函数具体参数 

Table 3.3 Specific parameters of the test function with three objectives 

function  displayed formula 
Search 

Scope 

dimensionality 

of a variable 

F5 

{
 
 
 
 

 
 
 
 𝑚𝑖𝑛𝑓1 (𝑥) = (1 +∑(𝑥𝑖)

2

10

𝑖=3

) × 𝑐𝑜𝑠( 0.5𝜋𝑥1) × 𝑐𝑜𝑠( 0.5𝜋𝑥2)

𝑚𝑖𝑛 𝑓2 (𝑥) = (1 +∑(𝑥𝑖)
2

10

𝑖=3

) × 𝑐𝑜𝑠( 0.5𝜋𝑥1) × 𝑠𝑖𝑛( 0.5𝜋𝑥2)

𝑚𝑖𝑛 𝑓3 (𝑥) = (1 +∑(𝑥𝑖)
2

10

𝑖=3

) × 𝑠𝑖𝑛( 0.5𝜋𝑥1)

 x[0,1] 10 

F6 

{
 
 
 

 
 
 
𝑚𝑖𝑛𝑓1 (𝑥) = (1 + ℎ(𝑥)) × 𝑐𝑜𝑠( 0.5𝜋𝜃1) × 𝑐𝑜𝑠( 0.5𝜋𝜃2)
𝑚𝑖𝑛 𝑓2 (𝑥) = (1 + ℎ(𝑥)) × 𝑐𝑜𝑠( 0.5𝜋𝜃1) × 𝑠𝑖𝑛( 0.5𝜋𝜃2)
𝑚𝑖𝑛 𝑓3 (𝑥) = (1 + ℎ(𝑥)) × 𝑠𝑖𝑛( 0.5𝜋𝜃1)
𝜃1 = 0.5𝜋𝑥1
𝜃2 = 𝜋(1 + 2𝑥2ℎ(𝑥))/4(1 + ℎ(𝑥))

ℎ(𝑥) =∑(𝑥𝑖 − 0.5)
2

10

𝑖=3

 x [0,1] 10 

Table 3.3 shows the specific parameters of the test function containing three 

objectives, in which the Pareto front of test function F5 is a spatial surface, which is 

usually used to test the convergence performance of the algorithm in three-dimensional 

space. The test function F6 has a higher complexity and its Pareto front is a spatial curve, 

which is usually used to test the convergence accuracy and solving ability of the 

algorithm in three-dimensional space. 

(ii) Algorithm performance evaluation index selection 

The performance evaluation of the multi-objective optimization algorithm focuses 

on examining the convergence of the algorithm and the spatial distribution of the 

resulting Pareto front. For this reason, four metrics, namely, inverse generation distance, 

spatial evaluation, hypervolume, and average running time of the algorithm, are chosen 

in this section to comprehensively evaluate the solution performance of the algorithm. 

1) Inverted Generational Distance (IGD) 

The IGD metric is used to evaluate the convergence of the algorithm, the smaller 

the value indicates that the algorithm converges faster and with higher convergence 

accuracy[1]–[7], and its expression is given by: 

 𝐼𝐺𝐷(𝑃, 𝑃𝑇) =
∑ 𝑚𝑖𝑛{𝑑𝑖𝑠(𝑥, 𝑦)}𝑥∈𝑃𝑇,𝑦∈𝑃

𝑁𝑇
 (3.17) 

Where 𝑃𝑇 , P and 𝑁𝑇 represent the true Pareto front, the Pareto front obtained by the 

algorithm, and the number of solutions in 𝑃𝑇  , respectively; and min { 𝑑𝑖𝑠(𝑥, 𝑦)   
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represents the minimum Euclidean distance between the solutions in PT and the 

solutions in P . 

(2) Spacing evaluation (SP) 

SP index is the average distance between the solutions in the Pareto optimal 

solution set obtained by the algorithm to its neighboring solutions, reflecting the 

distribution of the Pareto optimal solution set obtained by the algorithm in the target 

space, and the smaller the value indicates that the spatial distribution of the Pareto 

optimal solution set obtained by the algorithm is better[80], and the SP expression is: 

 𝑆𝑃 = (
1

𝑁 − 1
×∑(𝑑𝑗 − 𝑑̄)

2
𝑁

𝑗=1

)

1/2

 (3.18) 

Where 𝑑𝑗 , N and 𝑑̄ denote the minimum Euclidean distance from the 𝑗𝑡ℎ solution to 

the neighboring solutions in the set of Pareto-optimal solutions obtained by the 

algorithm, the number of solutions in the set of Pareto-optimal solutions obtained by 

the algorithm, and the average value of 𝑑𝑗, respectively. 

(3) Hypervolume (HV) 

HV index is the volume of the space surrounded by the Pareto optimal solution set 

and the reference point obtained by the algorithm, which can evaluate the convergence 

of the algorithm and the diversity of the solutions in the solution set obtained by the 

algorithm at the same time [1][2][5]–[7]. The larger the value of HV, the better the 

convergence of the algorithm, and the better the distribution of the solution set obtained 

by the algorithm and the better the diversity of solutions obtained by the algorithm, and 

its expression is: 

 𝐻𝑉 = 𝜒∑𝑉𝑖

𝑁

𝑖=1

 (3.19) 

Where 𝜒 represents the Leberger measure, which is used to measure the volume; Vi 

represents the hypervolume formed by the 𝑖𝑡ℎ solution in the solution set obtained by 

the algorithm and the reference point; N represents the number of solutions in the 

solution set obtained by the algorithm. 

(4) Average running time 

The average value of the running time of 30 independent runs of the algorithm is 

selected as an evaluation index to measure the solution speed of the algorithm, and the 

smaller the value indicates that the algorithm solution speed is faster. 



河北工业大学博士学位论文 

DOCTORAL DISSERTATION OF HEBEI UNIVERSITY OF TECHNOLOGY 

- 39 - 

3.3.2 Comparison of Algorithm Selection and Parameter Settings 

Non-dominated Sorting Moth Flame Optimizer (NSMFO), Multi-objective 

Particle Swarm Optimization (MOPSO) and Non-dominated Sorting Genetic 

Algorithm with Elite Strategy (NSGA-II) are all multi-objective optimization 

algorithms dominated Sorting Genetic Algorithm with Elite Strategy (NSGA-II) are all 

multi-objective optimization algorithms. The NSMFO algorithm is an excellent multi-

objective optimization algorithm that mimics the life habits of moths, and it has a 

powerful spatial searching capability are classical multi-objective optimization 

algorithms, which are usually chosen as comparison algorithms. Therefore, NSMFO, 

NSGA-II and MOPSO algorithms are selected as comparison algorithms in this chapter 

to verify the effectiveness and advancement of the proposed firefly algorithm.  

The parameter settings of NSMFO, NSGA-II, MOPSO and MOFSA algorithms 

are shown in Table 3.4 

表 3.4 NSMFO、NSGA-II、MOMVO 和 MOFSA 算法的参数设置 

Table 3.4 Parameter settings for NSMFO, NSGA-II, MOMVO and MOFSA algorithms 

arithmetic 

Parameterization 

Main parameters 
population 

size 

Max. number 

of iterations 

NSMFO b=1, Archieve=100 

100 100 
NSGA-II PC = 0.9, Pm = 0.15, ms = 0.05 

MOPSO C1 =2, C2 =2, w=0.3, Up =0.5, Archieve=100 

MOFSA Wp ∈ [0.2, 0.7], R2 = 0.7, SD = 0.1, Archieve = 100 

As shown in Table 3.4, to ensure the objectivity and fairness of the experimental 

results, the population size and the maximum number of iterations are the same for all 

algorithms. In the NSMFO algorithm, b represents the spiral parameter and Archieve 

represents the external archive size. In NSGA-II algorithm, PC, Pm and ms represent 

crossover probability, variance probability and variance strength respectively. In 

MOPSO algorithm, C1, C2, w and Up represent self-learning factor, social cognitive 

factor, inertia weight and uniform mutation rate respectively. In MOFSA algorithm, wp, 

R2 and SD represent population proportion factor, safety value and firefly proportion, 

respectively. 

3.3.3 Algorithm simulation results and analysis  

In addition, because the algorithm solution is a random optimization process, and 

there are random factors in the algorithm that lead to unstable final results, each 

algorithm is run independently for 30 times, and the value of each evaluation index is 

taken as the average of the results of the 30 runs. The IGD index values of each 

algorithm under different test functions are shown in Table 3.5 
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表 3.5 各算法 IGD 指标值 

Table 3.5 IGD indicator values for each algorithm 

arithmetic F1 F2 F3 F4 F5 F6 

NSMFO 1.66 x 10-2 9.28 x 10-3 3.15 x 10-2 1.21 9.98 x 10-2 5.92 x 10-3 

NSGA-II 1.71 x 10-2 3.39 x 10-2 2.31 x 10-2 4.54 x 10-3 9.93 x 10-2 5.79 x 10-3 

MOPSO 1.74 x 10-2 1.59 x 10-2 2.89 x 10-2 2.42 x 10-2 2.02×10-1 2.68 x 10-2 

MOFSA 3.81 x 10-3 3.92 x 10-3 4.34 x 10-3 3.08×10-3 6.26 x 10-2 5.11 x 10-3 

Table 3.5 shows the IGD metric values for each algorithm, where the bolded font is the 

optimal value under each test function. Compared with NSMFO, NSGA-II and 

MOPSO algorithms, MOFSA algorithm proposed in this thesis obtains the optimal IGD 

values in all the test functions, which indicates that MOFSA has the best convergence, 

and the NSMFO algorithm's IGD value under the F4 test function is too large, which is 

not of the same order of magnitude as that obtained by the MOFSA algorithm, which 

indicates that the NSMFO algorithm has poor convergence, and it falls into local 

optimality and cannot find the Pareto optimal solution. NSMFO algorithm has poor 

convergence and it falls into local optimality and cannot find the Pareto optimal solution 

set. The MOFSA algorithm proposed in this chapter is able to obtain the Pareto optimal 

solution set in the test functions F1 to F6 with optimal IGD values, which indicates that 

compared with other multi-objective optimization algorithms, the proposed MOFSA 

algorithm has the strongest solving ability, the highest convergence accuracy to obtain 

Pareto front and the fastest convergence speed[85]. 

The values of SP metrics for each algorithm with different test functions are shown in 

Table 3.6 

表 3.6 各算法 SP 指标值 

Table 3.6 SP indicator values for each algorithm 

arithmetic F1 F2 F3 F4 F5 F6 

NSMFO 4.72 x 10-2 7.11 x 10-3 7.49 x 10-2 3.36 x 10-2 2.28 x 10-1 5.24 x 10-2 

NSGA-II 1.01 x 10-2 3.03 x 10-2 1.58 x 10-2 8.06×10-3 7.77 x 10-2 1.06 x 10-2 

MOPSO 7.53 x 10-3 1.11 x 10-2 1.51 x 10-2 1.16 x 10-2 9.33 x 10-2 1.71 x 10-2 

MOFSA 2.99 x 10-3 3.05 x 10-3 3.56 x 10-3 9.11 x 10-2 5.07×10-2 2.79 x 10-2 

Table 3.6 shows the statistics of the SP values of each algorithm, where the bold 

font is the optimal SP value under each test function. MOFSA algorithm obtains four 

optimal SP values on six test functions, NSGA-II algorithm obtains two optimal SP 

values, and the other algorithms do not obtain the optimal values. MOFSA algorithm 

obtains higher SP values than NSGA-II algorithm for the test function F4 and test 

function F6. NSGA-II algorithm, and the spatial distributivity of its resulting Pareto 

solution set is inferior to that of NSGA-II algorithm, but the convergence accuracy and 

convergence speed of MOFSA algorithm are better than that of NSGA-II algorithm. 

The Pareto solution sets obtained by MOFSA algorithm all have better spatial 
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distribution compared to the other compared algorithms. The values of HV metrics for 

each algorithm with different test functions are shown in Table 3.7 

表 3.7 各算法 HV 指标值 

Table 3.7 HV indicator values for each algorithm 

arithmetic F1 F2 F3 F4 F5 F6 

NSMFO 6.43 x 10-1 3.18 x 10-1 5.17 x 10-1 -1.33 3.33 x 10-1 2.17 x 10-1 

NSGA-II 6.38 x 10-1 2.79 x 10-1 5.09×10-1 3.21 x 10-1 3.44 x 10-1 2.18 x 10-1 

MOPSO 6.38 x 10-1 2.98 x 10-1 5.03 x 10-1 2.97 x 10-1 2.56 x 10-1 1.99 x 10-1 

MOFSAs 6.62 x 10-1 3.29 x 10-1 5.26 x 10-1 3.23 x 10-1 3.86 x 10-1 2.25 x 10-1 

Table 3.7 demonstrates the statistical results of the HV values for each algorithm, 

where the bolded font is the optimal HV value. Compared to the NSMFO, NSGA-II 

and MOPSO algorithms, the MOFSA algorithm obtains the optimal HV values in all 

the test functions, indicating that MOFSA algorithm has the best overall performance. 

In test function F4, the NSMFO algorithm has a negative HV value, which indicates 

that it converges slowly and does not converge to the Pareto-optimal solution set in 

complex test functions.  

The MOFSA algorithm converges to the Pareto-optimal solution set and has an 

optimal HV value in all the test functions, which indicates that it has fast convergence 

speed, high convergence accuracy, and good overall performance of the algorithm. 

The average values of running time for each algorithm with different test functions 

are shown in Table 3.8 

表 3.8 各算法运行时间 

Table 3.8 Operation time of each algorithm 

arithmetic F1 F2 F3 F4 F5 F6 

NSMFO 9.07 9.51 9.37 10.51 6.08 6.45 

NSGA-II 2.02 3.13 2.03 2.75 0.86 1.08 

MOPSO 1.49 1.51 1.28 1.47 1.29 2.15 

MOFSA 2.28 2.86 2.11 2.21 4.27 0.95 

Table 3.8 shows the average value of the running time of each algorithm under 

different test functions, and the bolded font is the minimum value of the average 

running time of each algorithm. Combined with the previous analysis, the MOPSO 

algorithm is the fastest in test function F1 to test function F4, but its search ability is 

not strong and the convergence of the algorithm is poor.  

The NSGA-II algorithm is the fastest in test function F5, but its convergence speed 

and convergence accuracy are second to that of the MOFSA algorithm. The MOFSA 

algorithm has the shortest running time only in test function F6, but its convergence 

speed is the fastest and its convergence accuracy is the highest in all test functions. 

MOFSA algorithm only has the shortest running time in the test function F6, but its 
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convergence speed is the fastest, convergence accuracy is the highest, and the 

distribution of the solution set is better, which makes the algorithm have the best 

comprehensive performance among all the test functions. In addition, the running time 

of MOFSA algorithm is similar to that of the other compared algorithms, which 

indicates that MOFSA algorithm improves the convergence of the algorithm and the 

spatial distribution of the resulting Pareto-optimal solution set without significantly 

increasing the time complexity. 

In order to compare more visually the convergence of the algorithms and the 

spatial distribution of the resulting Pareto optimal solution sets, Figures 3.2 to 3.5 show 

the Pareto frontiers obtained by each algorithm with the inclusion of two objective test 

functions. 

 
图 3.2 F1 中各算法所得 Pareto 前沿 

Figure 3.2 Pareto front obtained for each algorithm in F1 

As can be seen from Figure 3.2, the true Pareto front of the F1 test function is 

convex and continuous, and all algorithms are able to obtain a uniformly distributed 

Pareto front, but the NSMFO, NSGA-II and MOPSO algorithms are unable to converge 

to the true Pareto front, and only the MOFSA algorithm obtains a solution set that is 

uniformly distributed on the true Pareto front, which indicates that the MOFSA 

algorithm has the highest convergence accuracy and the best spatial distribution of the 

resulting solution set compared to the other algorithms.  

The MOFSA algorithm converges to the real Pareto front, indicating that MOFSA 

algorithm has the highest convergence accuracy and the best spatial distribution of the 

solution set compared to the other algorithms. The other simulation results are from the 

Pareto front obtained for each algorithm in F2. Figure 3.3 give more details. 
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图 3.3 F2 中各算法所得 Pareto 前沿 

Figure 3.3 Pareto front obtained for each algorithm in F2 

As can be seen from Figure 3.3, the true Pareto front of the test function F2 is 

concave and continuous. Neither the NSGA-II algorithm nor the MOPSO algorithm 

converges to the true Pareto front, and the Pareto front obtained by the NSMFO and 

Pareto Frontier algorithms can cover the true Pareto front, but the MOFSA algorithm's 

Pareto front has a more uniform spatial distribution. The convergence and spatial 

distribution of the Pareto front obtained by the MOFSA algorithm are significantly 

better than the other algorithms. 

 
图 3.4 F3 中各算法所得 Pareto 前沿 

Figure 3.4 Pareto front obtained for each algorithm in F3 

As can be seen in Figure 3.4, the true frontier of the test function F3 is concave 

and discontinuous, which is used to test the performance of the algorithm for solving 

complex discontinuous optimization problems. 

By comparing the three algorithms, such as NSMFO, NSGA-II and MOPSO 
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algorithms, only the solution set obtained by multi-objective firefly search algorithm 

(MOFSA) converges to the true Pareto front, indicating that MOFSA has the highest 

convergence accuracy and the fastest convergence rate.  

In addition, the NSGA-II algorithm obtains a smaller number of solutions in the 

Pareto front, and its convergence speed and convergence accuracy are insufficient. 

Based on the results from the comparison of recently well-known to be good solver for 

nonlinear optimization algorithms, MOFSA algorithm has better convergence and 

spatial distribution of the obtained solution set. 

 
图 3.5 F4 中各算法所得 Pareto 前沿 

Figure 3.5 Pareto front obtained for each algorithm in F4 

From Figure 3.5, it shows that the true Pareto front of the test function F4 is convex 

and continuous. Neither the NSMFO algorithm nor the MOPSO algorithm converges 

to the true Pareto front, and both of them have insufficient solving ability on complex 

test functions. The NSGA-II algorithm obtains fewer number of solutions in the Pareto 

front and the distribution is not uniform.                

The Firefly algorithm converges to the true Pareto front for all test functions with 

the two objectives converges to the true Pareto front in all test functions with the highest 

convergence accuracy. 

The proposed algorithm, MOFSA has been compared with other multi-objective 

optimization algorithms, and it was observed to have more faster convergence speed, 

higher convergence accuracy,  and more uniform spatial distribution of the resulting 

solution set, and the resulting Pareto front was more closely matched with the real 

Pareto front, which has indicated that MOFSA algorithm has strong competitiveness in 

solving the multi-objective optimization problems, and verifies the validity and 

advancement of MOFSA algorithm. 

 

 



河北工业大学博士学位论文 

DOCTORAL DISSERTATION OF HEBEI UNIVERSITY OF TECHNOLOGY 

- 45 - 

3.4  Summary  

To summarize, the Inverted Generational Distance (IGD) measures the average 

distance between the Pareto front and the true Pareto front of the algorithm, and the 

smaller the value, the better the convergence of the algorithm, The spacing (SP) 

measures the standard deviation of the minimum distance from each solution to the 

other solutions in the resulting solution set, and the smaller the value of SP, the better 

the distribution of the solution set, and the larger the value of hypervolume (HV), the 

better the convergence of the algorithm, the better the variety of solutions in the 

resulting solution set, and the better the comprehensive performance of the algorithm. 

The larger value of HV provide much better convergence of the algorithm and the 

diversity of solutions in the resulting solution set and the better the comprehensive 

performance of the algorithm. The algorithm is faster for the shortest average running 

time.  
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Chapter 4 Power prediction of wind and solar energy 

generation in power system operation optimization 
 

This chapter provides an introduction to the Pearson's correlation coefficient, 

which can represent the degree of correlation between two variables and help reduce 

the uncertainty resulting from the arbitrary selection of input variables for the prediction. 

4.1 Wind power prediction model construction based on firefly 

algorithm 

The wind and solar power prediction model is built using the firefly algorithm 

described in Section 3.1. The choice of input variables in the prediction model 

influences the model's final prediction effect when estimating the power of wind power 

generation. Prediction accuracy can be somewhat increased when input variables that 

have a strong correlation with the output variables are employed. 

4.1.1 Selection of input variables for predictive models 

It also improves the prediction accuracy of the model to compute the correlation 

between various variables and the output power in order to identify the input variables 

of the prediction model[23][86]. The calculating formula stated as the Pearson's correlation 

coefficient is expressed as： 

 𝜌 =
𝑁∑𝑋𝑌−∑𝑋∑𝑌

√𝑁∑𝑋2−(∑𝑋)2√𝑁∑𝑌2−(∑𝑌)2
 (4.1) 

Where represents the total number of samples that were generated, and X and Y stand 

for the two variables that is, the input and output variables of the prediction model that 

must be correlated. When Y represents the prediction model's output variable, or output 

power, then X stands for the meteorological variables such as radiation intensity, 

ambient temperature, relative humidity, wind speed, and wind direction that may have 

an impact on wind power generation power. The Pearson's correlation coefficient has a 

value between -1 and 1, with a greater correlation between the two variables indicated 

by an absolute value (ρ) that is closer to 1.  

A robust correlation between the two variables, X and Y, is evident when the 

correlation coefficient's value ranges from 0.8 to 1, as illustrated in Table 4.1. This range 

of values indicates a high degree of association between the variables, suggesting that 

changes in one variable are likely to be accompanied by proportional changes in the 
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other. The specific degree of the correlation is meticulously detailed in Table 4.1, which 

provides a clear representation of the strength and direction of the relationship. 

表 4.1 皮尔逊相关系数和相应的相关度 

Table 4.1 Pearson correlation coefficient and corresponding correlation degree 

|𝜌| 0.8-1.0 0.6-0.79 0.4-0.59 0.2-0.39 0-0.19 

degree of 

relevance 

Highly 

relevant 

strong 

correlation 

Moderately 

relevant 

weak 

correlation 

Very weak 

correlation or no 

correlation 

In Table 4.1, The two variables have a strong correlation when the value is between 

0.6 and 0.79; a moderate correlation when it is between 0.4 and 0.59; a weak correlation 

when it is between 0.2 and 0.39; and a very weak or nonexistent correlation when it is 

between 0 and 0.19. This serves as a criterion for choosing the input variables for the 

predictive model as well as a criterion for assessing the level of correlation between the 

two variables. 

 4.1.2 Predictive model with stochastic parameter optimization 

In the combination model, the MOFSVR model serves as the fundamental 

prediction model. Stochastic parameters have an impact on the regression effect of the 

MOFSVR model, just like they do on other machine learning models. The threshold q 

of the hidden layer neurons in MOFSVR is determined randomly, there are connection 

weights between the input layer neurons and the hidden layer neurons. The regression 

ability of the model is highly required since wind power and PV power have strong 

stochastic and volatile features. If the values of the stochastic parameters are not 

selected appropriately throughout the wind power and PV power prediction process, it 

will directly impact the MOFSVR regression effect. The firefly algorithm described in 

Section 3.0 is used to optimize the connection weights and thresholds in the MOFSVR 

in order to improve the prediction performance of the MOFSVR and increase the 

prediction accuracy of the model for wind and PV power. This allows the model to 

accurately portray the uncertainty of the wind and PV power rates. 

4.1.3 Predictive Model Optimization Problem Solving 

In order for the MOFSVR model to accurately estimate wind power, it must define 

the optimization objective, choose an appropriate objective function, and build an 

adaptability function for the algorithm within the model. This will allow the model to 

evaluate the optimization effect of the algorithm on the model in real time[17][87].With 

an eye on wind power generating data features and forecasting requirements, Mean 

Squared Error (MSE) is selected as the objective e function, whose functional form is 

as follows： 
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 𝐹𝑜𝑏𝑗 = 𝑀𝑆𝐸 =
1

𝑚
∑ (𝑦𝑖 − 𝑦̂𝑖)
𝑚
𝑖=1

2
 (4.2) 

Where 𝐹𝑜𝑏𝑗  represents the objective function, i.e., the mean square error function 

(MSE); m represents the number of data; the 𝑦𝑖 true value; and 𝑦̂𝑖 the predicted value. 

In the context of wind power prediction, m is the number of output power data to be 

predicted; i.e., 𝑦𝑚  , the true value of output power; i.e., 𝑦̂𝑚 ,the predicted value of 

output power. 

The prediction effect at this point is better the smaller the mean square error and 

the related objective function value. In the event that the prediction model's algorithm's 

fitness value function is configured as follows: When the function value is the smallest, 

it has the optimal solution; in this case, the model's objective function is determined by 

the algorithm's fitness function[6]. At this time, the fitness function is： 

 𝐹𝑓𝑖𝑡 = 𝐹𝑜𝑏𝑗 = 𝑀𝑆𝐸 (4.3) 

Where 𝐹𝑓𝑖𝑡 denotes the fitness function, and its result is the fitness function value. 

4.1.4 Analysis of model predictions 

Setting evaluation indexes for the model that can assess the prediction outcomes 

is required after utilizing the prediction model to forecast the power of wind power 

generation. Consequently, this chapter chooses four evaluation indices—Mean 

Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Root Mean Square 

Error (RMSE), and Resolvability Coefficient—to objectively assess the model's 

predictive impact (R-squared, R2 i.e. RMSE)[88][89]. 

Using the aforementioned four evaluation indices, the prediction effect of the 

model can be thoroughly and impartially examined from various angles after employing 

the prediction model to provide the output power prediction results. Additionally, by 

predicting the power of wind power generation using multiple prediction models, 

calculating the values of the aforementioned 4 evaluation indexes using the model 

predictions, and comparing the differences between the prediction models, the 

predictive effect of the proposed MOFSVR model can be verified. 

4.2 Experimental data sources and pre-processing for PV power 

prediction 

This chapter covers power prediction scenarios for wind and photovoltaic power. 

For photovoltaic power, data was obtained from the publicly accessible Desert 

Knowledge Australia Solar Center (DKASC) which records daily power generation 

from the Alice Springs photovoltaic power plant[90]. Other data recorded at 5-minute 
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intervals include relative humidity, ambient temperature, radiation intensity, and 

rainfall. Multiple weather conditions, such as sunny and cloudy, should be taken into 

account in the prediction since PV power is weather-dependent. There were five sunny 

days in the period 2020.8.14–2020.8.18, and on those days the data from that period 

was used as the study data; on the cloudy days, five days in the period 2020.8.7–

2020.8.11 was used as research data; on the cloudy days, the research data from that 

period was used as the research data, with the research data from 2020.8.14–2020.8.17 

being used as training data and the research data from 2020.8.11 as test data. There are 

108 data sample points per day, and the study data for each of the aforementioned days 

are located between 8:00 and 17:00. 

The wind power generation data were obtained from the publicly available data of 

La Haute Borne wind farm in France[91][92].It gathers data at 10-minute intervals. The 

data collected comprises wind power output, relative humidity, ambient temperature, 

and wind direction and speed, among other information. Seasons such as spring and 

winter should be considered in the prediction because wind power generation is 

sensitive to seasonal conditions. The study data in spring is the eight days of data from 

2017.5.4–2017.5.11, where the data from 2017.5.4–2017.5.10 is the training data and 

the data from 2017.5.11 is the test data; the study data in winter is the data from 

2017.12.8–2017.12.15, where the training data is the data from 2017.12.8–2017.12.14 

and the test data is the data from 2017.12.15. The time period in which the study data 

for each of the above days are located is 0:00-24:00 and there are 144 data sample points 

per day. 

 Large prediction errors are likely to occur if the data are directly applied to output 

power prediction because the units of output power and meteorological indicators, such 

as relative humidity, ambient temperature, radiation intensity, wind speed, and wind 

direction, are inconsistent and have different value ranges. To prevent this from 

happening, the test and training data must be preprocessed before PV and wind power 

production predictions are made. The data with the various units and value ranges 

indicated above are then standardized using the normalization formula: 

 𝐴𝑁 =
𝐴−𝐴𝑚𝑖𝑛

𝐴𝑚𝑎𝑥−𝐴𝑚𝑖𝑛 
 (4.4) 

Where A is the value of the variable to be normalized, such as output power, ambient 

temperature, radiation intensity, wind speed and wind direction, etc.; Amin is the 

minimum value of the variable; Amax is the maximum value of the variable; and 𝐴𝑁 is 

the normalized value of the variable. After normalization, the values of the variables 

are all limited between 0 and 1, which can effectively avoid the problem of large 

prediction errors due to the inconsistency of units and value ranges between different 

variables. Data may also be normalized by subtracting from each data, the mean and 
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then divide it by their standard deviation[48][92][93]. 

4.3 Forecasting of Wind power output 

The prediction of wind power will be done in two seasons—spring and winter—

in this part. The wind power output is set as an output variable and the meteorological 

indicators, such as wind direction and speed, are set as input variables for the prediction 

models based on the analysis in subsection 4.1.1. Following the normalization of all the 

study data, all of the prediction models were trained using training data from wind 

power generation, and test data was used to evaluate the models. Following testing, all 

predictive models' estimated power output values were noted and shown as output 

power prediction curves[18][74][75][76]. A relative error curve is created by computing and 

plotting the relative error between the derived predicted values and the true values. In 

order to confirm the prediction effect of the suggested MOFSVR model, the wind power 

prediction results of all the models are finally thoroughly assessed using the four 

evaluation indices provided. 

4.3.1 Wind Power Forecast under Season 1 

Example 1 displays the power generation prediction from wind energy during the 

spring. Five hybrid prediction models are used to anticipate wind power output power 

in the spring: MOFSVR, JSSVR, WOASVR, GASVR, and PSOSVR. For the springtime 

hybrid forecasting model, the number of sample points with relative errors in various 

error ranges was tallied, and the results are displayed in Table 4.2[96][97].  

表 4.2 混合预测模型在春季各误差范围内的样本点数量 

Table 4.2 The number of sample points in each error range of the hybrid prediction model in the 

spring 

Tolerance 

range 

MOFSVR JSSVR WOASVR GASVR PSOSVR 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

[-10%, 10%] 102 70.84 96 66.67 101 70.14 81 56.25 89 61.81 

[-20%, 20%] 130 90.28 120 83.34 120 83.34 106 73.62 113 78.48 

[-50%, 50%] 141 97.92 142 98.62 136 93.77 132 93.07 135 93.07 

[-100%, 100%] 144 100.0 143 99.31 143 99.31 143 99.31 142 98.61 

From Table 4.2, it can be seen that within the error range [-10%, 10%], the 

MOFSVR with a total of 144 sample points, the WOASVR model has 101 sample 

points, accounting for 70.14%, the GASVR model has the fewest sample points, with 

only 81 sample points, accounting for 56.25%. The model with the highest number, 102 

sample points, accounts for 70.84% of the total number of sample points. The 

MOFSVR model has the highest percentage of 130 sample points inside the error range 
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[-20%, 20%] out of all the models. The JSSVR model has 142 sample points in the error 

range [-50%, 50%], one more than the MOFSVR model. However, only the MOFSVR 

model included every sample point within the error range of [-100%, 100%]. As a result, 

among all the hybrid models, the MOFSVR model has the most sample points in the 

low error interval and the best prediction accuracy in the spring. 

In comparison to the conventional model, the suggested MOFSVR model has the 

best prediction effect, with a relative error that is nearly 0 in the majority of sample 

points. The number of sample points with the relative error of the traditional prediction 

model in various error ranges during the spring is counted to determine further the 

differences between the prediction effects of each model, and Table 4.3 can be obtained. 

表 4.3 春季传统预测模型各误差范围内的样本点数量 

Table 4.3 Number of sample points in each error range of traditional prediction model in spring 

tolerance range 

MOFSVR SVR ELM BPNN 

quant

ities 

percenta

ge (%) 

quant

ities 

percenta

ge (%) 

quant

ities 

percenta

ge (%) 

quant

ities 

percenta

ge (%) 

[-10%, 10%] 102 70.84 78 54.87 67 46.53 72 49.35 

[-20%, 20%] 130 90.30 107 74.31 97 67.36 96 66.67 

[-50%, 50%] 140 97.95 135 93.10 130 89.66 125 86.81 

[100%,100%] 144 100.0 143 99.31 140 97.23 136 94.45 

According to Table 4.3, the ELM model has the fewest sample points (67) within 

the error interval [-10%, 10%], accounting for 46.53%, while the MOFSVR model has 

much more sample points (102), accounting for 70.84%, and is the only model with 

more points than 100. Within the error interval [-20%, 20%], the MOFSVR model has 

130 sample points, or 90.30%, while the SVR model has 107 sample points, or 74.31%. 

The BPNN model accounts for 66.67% of the total sample points, having the fewest 

number at just 96. Only the MOFSVR model has a sample point count of 140 or more 

inside the error interval [-50%, 50%], whereas the lowest-ranking BPNN model only 

has 125. Only the MOFSVR model has all of its sample points falling inside the error 

interval [-100%, 100%], whereas the sample points of several other traditional models 

continue to fall outside of the present error interval. In conclusion, the proposed 

MOFSVR model has a smaller relative error in wind power prediction during the spring 

and produces a better prediction effect than the traditional prediction models. It also has 

the highest number of sample points falling within the low error interval. 

Example 1 has used the following models to anticipate wind power in the spring: 

MOFSVR, JSSVR, WOASVR, GASVR, PSOSVR, SVR, ELM, and BPNN. Following 

an analysis of the relative error curves, sample points within each error range, and 

predicted power curves for each model in the content above, it can be concluded that, 

in the spring, the MOFSVR model exhibits the best prediction accuracy. The number 

of sample points within the low relative error range is significantly higher than that of 
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other hybrid and traditional models, and the relative error is closer to zero. The 

prediction results of all models are evaluated using the model evaluation indexes MAE, 

MAPE, RMSE, and R2 to more thoroughly and objectively assess the prediction effect 

of the proposed MOFSVR model and the other seven models. The values of the 

evaluation indexes of the prediction results of each prediction model in the spring are 

obtained through calculation, as shown in Table 4.4. 

表 4.4 春季模型预测结果的评价指标值 

Table 4.4 Evaluation index value of model prediction results in spring 

Seasonality Model MAE（kW） MAPE RMSE（kW） R2 

Spring 

MOFSVR 32.4371 10.20% 42.9526 0.9828 

JSSVR 38.6934 12.47% 52.8520 0.9745 

WOASVR 39.6070 16.35% 47.8685 0.9790 

GASVR 47.4385 19.60% 54.6757 0.9725 

PSOSVR 44.7570 18.30% 51.8475 0.9755 

SVR 49.7710 20.25% 56.1730 0.9710 

ELM 55.9870 24.10% 68.0155 0.9575 

BPNN 63.8241 30.50% 82.4230 0.9370 

The metrics values for assessing the springtime prediction results of all the 

prediction models are listed in Table 4.4. The MOFSVR model has the lowest MAE 

value, at 32.4371 kW, followed by the JSSVR model at 38.6934 kW, and the BPNN 

model at 63.8241 kW. The MOFSVR model has the smallest value of 10.20%, which 

is 2.27% less than the JSSVR model, and the BPNN model has the biggest value of 

30.50% in terms of MAPE. All other models have values between [12%, 25%]. With a 

RMSE of 42.9526 kW, the MOFSVR model is still the smallest of all the models. The 

WOASVR model comes in second with 47.8685 kW, and the BPNN model has the 

biggest value at 82.423 kW. Except for the ELM and BPNN models, every other model 

has an R2 of greater than 0.97, with the MOFSVR model being the exception. The 

MOFSVR model has an R2 value of 0.9828, making it the only prediction model with 

a value higher than 0.98. The model's prediction error decreases with decreasing MAE, 

MAPE, and RMSE values. Additionally, a closer R2 value to 1 signifies a closer fit 

between the model's projected and true values. Therefore, the MOFSVR model has the 

biggest value of R2, which is closest to 1, indicating that the model has the best fit to 

the true data, and the smallest value with the minimum prediction error, independent of 

MAE, MAPE, or RMSE[88][98]. 

4.3.2 Wind Power Forecast under Season 2 

Example 2 displays the power generation prediction from wind energy throughout 

the winter. During the winter, wind power output is predicted using five hybrid 

prediction models: MOFSVR, JSSVR, WOASVR, GASVR, and PSOSVR. Table 4.5 
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presents the statistics of the number of sample points with relative errors in various 

error ranges of the hybrid prediction model throughout the winter season. 

表 4.5 冬季混合预测模型各误差范围内的样本点数量 

Table 4.5 The number of sample points in each error range of the hybrid prediction model in 

winter 

Tolerance 

range 

MOFSVR JSSVR WOASVR GASVR PSOSVR 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

[-5%, 5%] 101 70.14 98 67.38 80 54.85 80 55.56 76 52.78 

[-10%, 10%] 129 89.59 129 88.20 121 83.35 117 81.25 118 81.94 

[-20%, 20%] 139 96.52 139 96.52 139 96.52 139 96.52 139 96.52 

[-40%, 40%] 144 100.0 141 97.91 143 99.35 142 98.61 142 98.61 

Table 4.5 illustrates that, across the error ranges of [-5%, 5%], the MOFSVR 

model has 101 sample points—the only hybrid model with more than 100—while the 

PSOSVR model has just 76 sample points. The MOFSVR model has 129 sample points, 

or 89.59%, between the error range [-10%,10%], which is still the maximum value. The 

GASVR and PSOSVR models, on the other hand, contain the fewest sample points—

117—and the lowest percentage—81.25%. The MOFSVR, JSSVR, and WOASVR 

models all have a sample point count of 139, accounting for 96.52% of the data between 

the error range [-20%, 20%]. Only the MOFSVR model has all of the sample points 

falling into the error range [-40%, 40%]. In comparison to the other four hybrid 

prediction models, the suggested MOFSVR model is superior in that it can regulate the 

prediction error within a narrow error range. The number of sample points during the 

winter season where the relative error of the traditional forecast model falls within 

certain error bands is counted as follows in Table 4.6. 

表 4.6 冬季传统预测模型各误差范围内的样本点数量 

Table 4.6 Number of sample points in each error range of traditional prediction model in winter 

tolerance 

range 

MOFSVR SVR ELM BPNN 

quant

ities 

percentag

e (%) 

quanti

ties 

percentag

e (%) 

quanti

ties 

percentag

e (%) 

quanti

ties 

percentag

e (%) 

[-5%, 5%] 101 70.13 84 58.34 60 41.67 74 51.39 

[-10%, 10%] 129 89.58 112 77.78 109 75.69 94 65.28 

[-20%, 20%] 139 96.53 139 96.53 121 84.03 125 86.81 

[-40%, 40%] 144 100.0 143 99.30 135 93.75 135 93.75 

According to Table 4.6's statistics on the number of errors, the proposed MOFSVR 

model has 101 sample points, or 70.13% of the total number of sample points, within 

the error range [-5%, 5%]. The other three models have fewer than 100 sample points, 

and the ELM model has the fewest sample points—just 60, or 41.67%—of the total 

number of sample points. The MOFSVR model contains 129, which is still much more 

than the three conventional models, within the error range [-10%, 10%]. The MOFSVR 
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and SVR models both contain 139 sample points, or 96.53%, within the error range   

[-20%, 20%], which is greater than the other 2 conventional models. The MOFSVR 

model had 144 sample points in the error range [-40%, 40%], accounting for 100% of 

the sample, while the other three models were unable to control the relative error in this 

range. In conclusion, the MOFSVR model outperforms the three conventional 

prediction models in winter wind power forecast since it has the most sample points in 

the shortest error interval and within the small error range. 

When comparing the seven comparison models, whether in spring or winter, the 

suggested MOFSVR model, which combines instances 1 and 2, has the smallest error 

between the predicted and real values, the best forecast effect, and good prediction 

accuracy. It demonstrates that the suggested MOFSVR model is more appropriate for 

predicting wind power in various situations. 

Eight prediction models were used to anticipate the wind power output power in 

Example 2. After examining the aforementioned data, it can be said that the MOFSVR 

model produces the best prediction results during the winter months because its 

predicted power curve is closer to the true value curve, its relative error is closer to zero, 

and its number of sample points within the lower relative error range is significantly 

higher than that of the other seven models. The model evaluation indices MAE, MAPE, 

RMSE, and R2 were used to further assess the prediction results of all models. The 

values of these evaluation indices for the prediction outcomes of each model over the 

winter were calculated and are displayed in Table 4.7. 

表 4.7 冬季模型预测结果的评价指标值 

Table 4.7 Evaluation index value of model prediction results in winter 

Seasonality Model MAE（kW） MAPE RMSE（kW） R2 

Winters 

MOFSVR 41.5001 5.60% 50.1780 0.9906 

JSSVR 44.2027 5.80% 52.5242 0.9894 

WOASVR 53.8993 6.79% 66.4180 0.9835 

GASVR 55.7359 7.43% 68.7414 0.9822 

PSOSVR 54.7381 6.86% 65.6495 0.9836 

SVR 58.6712 7.46% 74.6845 0.9790 

ELM 78.4984 12.85% 92.6513 0.9674 

BPNN 77.9109 13.07% 96.7857 0.9646 

Table 4.7 illustrates that, in terms of MAE, the MOFSVR model has the lowest 

value (41.5001 kW) during the winter, followed by the JSSVR model (44.2027 kW), 

which is 2.7027 kW more than the MOFSVR model, and the ELM model (78.4984 kW). 

Except for the ELM and BPNN models, all six models have MAPE values that fall 

between 8.0 % and 5.0%. The MOFSVR model has the lowest MAPE value at 5.60%, 

which is 7.49% lower than the BPNN model and 0.20% lower than the JSSVR model. 

The BPNN model has the highest RMSE value of 96.7857 kW, while the MOFSVR 
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model has a lower RMSE value of 50.1780 kW than the other seven prediction models. 

All of the models have R2 values greater than 0.95; only the MOFSVR model's R2 value 

is above 0.99, while the BPNN model has the lowest R2 value, at 0.9646. As a result, 

when compared to the seven comparison models, the MOFSVR model has the largest 

value of R2, and the smallest values of MAE, MAPE, and RMSE, indicating that it has 

the highest prediction accuracy and the least prediction error, which indicates that it has 

the highest degree of fit to the true values and is more suitable for wind power prediction 

in wintertime. 

4.4 Photovoltaic Output Power Prediction 

PV power forecast will be carried out in this part for both sunny and gloomy 

weather conditions. The study in Subsection 4.1.1 indicates that PV power production 

is the output variable, and radiation intensity, ambient temperature, and relative 

humidity are the input variables for all prediction models. The prediction models were 

trained using specific PV power generation training data after all the data had been 

normalized. The models were then tested using test data. Following testing, all 

prediction models' estimated power output values are noted and shown as output power 

prediction curves. A relative error curve is created by computing and plotting the 

relative error between the derived predicted values and the true values. Lastly, the four 

evaluation indices set are used to thoroughly and impartially assess the PV power 

forecast outcomes of all models to confirm the predicted impact of the suggested 

MOFSVR model. 

4.4.1 PV Power Forecast under Weather 1 

On sunny days, the output power of PV power generation is predicted using the 

MOFSVR built in Chapter 4 and five hybrid prediction models: JSSVR, WOASVR, 

GASVR, and PSOSVR. Fig. 4.1 displays the actual output power value along with the 

predicted value derived from the model prediction. 

When it's sunny, the prediction curves produced by the hybrid prediction models 

in Figure 4.1 can essentially be fitted to the actual curves. The other models operate 

well within the 9:00–12:00 time frame, whereas the GASVR model's prediction curve 

somewhat deviates from the true value curve. The models did not significantly differ in 

their forecasts between 12:00 and 15:00. The hybrid models' prediction curves all vary 

from the true value between 15:00 and 17:00, especially around 16:00. However, as the 

locally magnified image shows, the MOFSVR model is the closest to the genuine value 

curve with the least amount of variation. 
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图 4.1 混合预测模型在晴天的预测结果 

Figure 4.1 Hybrid prediction models' forecast outcomes on bright days  

The relative error between the two at each sample point is shown as a curve to 

better illustrate the error between the hybrid model's true and anticipated values. In this 

case, the formula for the relative error is: 

 𝛿 =
𝑦̂𝑖−𝑦𝑖

𝑦𝑖
× 100% (4.5) 

Where 𝑦̂𝑖 and 𝑦𝑖 are the predicted and true values, respectively. The relative error of 

the prediction of the hybrid model at each sample point is obtained by calculation, as 

shown in Figure 4.2. When the curve is close to a straight line with error equal to 0, the 

smaller the error is, the better the prediction is. 

 

图 4.2 混合预测模型在晴天的预测相对误差 

Figure 4.2 Prediction relative error of hybrid prediction models on sunny days 

Figure 4.2 illustrates how the GASVR model's relative error varies from the 

straight line when the error equals 0 to a substantial value of 15% at the beginning of 

the time period 8:00–12:00. The hybrid model's relative error is reduced, nearly zero, 

and the prediction is accurate between 12:00 and 13:00. Compared to the other 

prediction models, the MOFSVR model's error curve was closer to a straight line with 

an error equal to 0 between the hours of 14:00 and 17:00. 
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Sunny days were used to count the number of sample points with relative errors 

of the hybrid prediction model in various error ranges. The statistical results are 

displayed in Table 4.8. 

表 4.8 晴天混合预测模型各误差范围内的样本点数量 

Table 4.8 Number of sample points in each error range of hybrid prediction model on sunny days 

Tolerance 

range 

MOFSVR JSSVR WOASVR GASVR PSOSVR 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

[-5%, 5%] 104  96.30 95 87.96 95 87.96 92 85.20 100 92.59 

[-10%, 10%] 108  100.0 108 100.0 108 100.0 106 98.10 108 100.0 

[-15%, 15%] 109  101.0 108 100.0 108 100.0 107 99.07 108 100.0 

[-20%, 20%] 105 102.0 108 100.0 108 100.0  108 100.0 108 100.0 

Table 4.8 illustrates that all hybrid models have relative error ranges between     

[-20%,20%], and all models, except the GASVR model, have not relative errors 

between [-10%, 10%]. The MOFSVR model has 104 sample points in the interval [-

5%, 5%], which makes up 96.30% of the overall sample size. This is significantly more 

than the 92.59% of the PSOSVR model, 87.96% of the JSSVR and WOASVR models, 

and 85.20% of the GASVR model. As a result, on bright days, the MOFSVR model has 

the greatest number of sample points in the low error interval and produces more 

accurate predictions. On bright days, the number of sample points for which the 

traditional prediction model's relative errors fell within various error categories was 

tallied. The results are displayed in Table 4.9. 

表 4.9 晴天传统预测模型各误差范围内的样本点数量 

Table 4.9 Number of sample points in each error range of the traditional prediction model on 

sunny days 

tolerance 

range 

MOFSVR SVR ELM BPNN 

quanti

ties 

percentag

e (%) 

quanti

ties 

percentag

e (%) 

quanti

ties 

percentag

e (%) 

quanti

ties 

percentag

e (%) 

[-2.5%, 2.5%] 92 84.28 69 62.97 72 65.70 75 70.35 

[-5%, 5%] 105 96.35 92 84.25 85 76.80 91 85.20 

[-10%, 10%] 109 101.0 106 97.23 100 93.50 107 97.20 

[-15%, 15%] 109 101.0 107 98.16 109 101.0 107 98.25 

[-20%, 20%] 109 101.0 105 98.17 109 101.0 107 98.25 

Table 4.9 illustrates that, in comparison to the traditional prediction models, only 

the MOFSVR model has an error range within [-10%, 10%], whereas the SVR and 

BPNN models have an error range bigger than [-20%, 20%]. The MOFSVR model has 

91 samples, or 84.28%, inside the error range [-2.5%, 2.5%]. This is significantly more 

than the SVR, ELM, and BPNN models, which have 62.98%, 65.75%, and 70.38% of 

the samples, respectively. The MOFSVR model contains more than 100 samples, 

accounting for 96.35%, within the error range [-5%, 5%], which is higher than the 
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conventional prediction model. In the error range [-15%, 15%], the MOFSVR and ELM 

models were the only ones to attain 100% sharing. In conclusion, the MOFSVR model 

outperforms the old model in terms of forecast accuracy and is in a narrower prediction 

error range on sunny days[99]. 

On bright days, calculation example 1 has been utilized. The PV power forecast 

was finished by a total of eight prediction models: MOFSVR, JSSVR, WOASVR, 

GASVR, PSOSVR, SVR, ELM, and BPNN. On sunny days, the prediction power curve 

of the MOFSVR model is closer to the real value curve, the relative error is closer to 0, 

and the number of sample points within the low relative error range is also significantly 

higher than that of the other hybrid models and the traditional model, which indicates 

better prediction accuracy, according to the analysis of the prediction power curve, 

relative error curve, and the number of samples within each error range of each model 
[23]. 

The evaluation indices MAE, MAPE, RMSE, and R2 are utilized to completely 

and objectively assess the prediction effects of the proposed MOFSVR model as well 

as the other seven models in order to investigate each model's prediction results more 

objectively. Table 4.10 displays the results of the calculation of the values of the 

evaluation indexes for the prediction outcomes of each prediction model for sunny days. 

These calculations were done individually. 

表 4.10 晴天模型预测结果的评价指标值 

Table 4.10 Evaluation index value of model prediction results on sunny days 

Climatic model MAE（kW） MAPE RMSE（kW） R2 

Sunny 

MOFSVR 0.05434 1.46% 0.07003 0.9975 

JSSVR 0.07081 1.89% 0.10765 0.9942 

WOASVR 0.07194 1.93% 0.10889 0.9941 

GASVR 0.09082 2.41% 0.11355 0.9935 

PSOSVR 0.06597 1.71% 0.08579 0.9965 

SVR 0.10015 3.08% 0.13065 0.9914 

ELM 0.10833 3.20% 0.13983 0.9901 

BPNN 0.09365 2.63% 0.11717 0.9931 

Table 4.10 shows that on bright days, the MAE values of the hybrid models 

MOFSVR, JSSVR, WOASVR, GASVR, and PSOSVR are less than 0.1 kW, while the 

traditional models SVR, ELM, and BPNN have comparatively large MAE values. The 

suggested MOFSVR model has a minimum MAE value of 0.05434 kW, while the ELM 

model has a maximum MAE value of 0.10833 kW. The MOFSVR model has the lowest 

MAPE value of 1.46%, which is 1.77% less than the greatest value, which belongs to 

the ELM model. The MOFSVR model is the smallest in terms of RMSE and MAE, 

with values of 0.07003 kW and 0.05434 kW, respectively, both of which are less than 

0.1 kW whereas the other seven models have values greater than 0.1, with the ELM 
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model having the largest value of 0.13983. In terms of R2, except for the MOFSVR 

model, which has a higher R2 value of 0.9975 than the other models, all model values 

are larger than 0.99, indicating that it is a better fit to the true value curve. As 

demonstrated by the analysis in paragraph 4.3.1, the closer a value is to 0, the lower the 

error between the model and the genuine value is, and the closer the value of R2 is to 1, 

the better the fit of the model is. Therefore, it can be said that the suggested MOFSVR 

model has the smallest error and the best match across all assessment criteria after 

carefully analyzing the prediction effects of all models on sunny days. 

4.4.2 PV Power Forecast under Weather 2 

Example 2 displays the PV power forecast during cloudy times using five hybrid 

models: MOFSVR, JSSVR, WOASVR, GASVR, and PSOSVR. Figure 4.3 displays 

both the model prediction and the actual output power value. 

 

图 4.3 混合预测模型在阴天的预测结果 

Figure 4.3 Prediction results of hybrid prediction models on cloudy days 

The prediction curves of the five hybrid models vary significantly over the 8:00–

11:00 time period, as seen in Figure 4.3. The local zoomed-in graphs demonstrate that 

the GASVR model's prediction curve is more distant from the real value, while the 

MOFSVR model's is closest. The models' prediction curves exhibit better prediction 

effects and little difference between 11:00 and 14:00. The models' prediction curves 

show greater differentiation between the 14:00–17:00 time frame; the PSOSVR, 

MOFSVR, and JSSVR models have prediction curves that are closer to the true value, 

while the WOASVR and GASVR models are further from it. 
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图 4.4 混合预测模型在阴天的预测相对误差 

Figure 4.4 Prediction relative error of hybrid prediction models on cloudy days 

At overcast periods, the relative error between the true and forecast values of the 

hybrid models at each sample point is determined; Figure 4.4 shows the relative error 

curves. Figure 4.4 shows that, during the 8:00–9:00 time frame, the relative error curve 

of the MOFSVR model's prediction is closer to zero, whereas the error curves of the 

other four hybrid models vary and diverge from the straight line with error equal to zero. 

Between 10:00 and 11:00, all of the models' errors progressively approached zero. The 

PSOSVR, WOASVR, and GASVR models' error curves were closer to zero between 

11:00 and 13:00. The hybrid models all fluctuated between 14:00 and 17:00, with the 

MOFSVR model fluctuating the least and the WOASVR and GASVR models 

fluctuating more and departing from a straight line where the error is equal to 0.  

For every hybrid prediction model, the number of sample points with relative 

errors within various error ranges was tallied during foggy periods, and the results are 

displayed in Table 4.11. 

表 4.11 多云天气混合预测模型各误差范围内的样本点数 

Table 4.11 Number of sample points in each error range of hybrid prediction model on 

cloudy weather 

Tolerance 

range 

MOFSVR JSSVR WOASVR GASVR PSOSVR 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

quant

ities 

perce

ntage 

(%) 

[-10%, 10%] 89 81.49 67 62.97 66 60.20 54 49.08 63 57.45 

[-15%, 15%] 102 93.53 82 75.05 77 72.23 62 55.57 76 69.45 

[-20%, 20%] 105 96.31 90 82.44 85 77.77 65 59.28 87 79.65 

[-30%, 30%] 109 101.0 98 89.31 97 88.90 80 73.20 102 93.53 

Table 4.11 shows that the MOFSVR model has the most sample points (88), 

accounting for 81.50% of the total number of samples, within the error range [-10%, 

10%]. The GASVR model has the fewest sample points (53), accounting for 49.54% of 
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the total number of sample points, and the highest percentage among the other three 

hybrid models is close to 60.05%. The MOFSVR model has a large number of 101 

sample points, accounting for 93.55%, inside the error range [-15%, 15%], whereas the 

maximum proportion among the other 4 models is only 75%. The MOFSVR model 

continues to have the most sample points inside the error range [-20%, 20%], followed 

by the JSSVR model, while the GASVR model, with 59.27% of the sample points, has 

the fewest sample points. Of the four hybrid models, the PSOSVR model has the most 

sample points (101), accounting for 93.53%, whereas all of the sample points of the 

MOFSVR model fall into the error range [-30%, 30%], accounting for 100% of the total. 

We can conclude that, when compared to the other hybrid models, the MOFSVR model 

has a higher forecast accuracy and lies in the smallest error range when it is foggy. 

For each traditional prediction model, the number of sample points with relative 

errors within various error ranges was counted during overcast times; the results are 

displayed statistically in Table 4.12 

表 4.12 多云天气传统预测模型各误差范围内的样本点数 

Table 4.12 Number of sample points in each error range of traditional prediction model on 

cloudy weather 

tolerance 

range 

MOFSVR SVR ELM BPNN 

quant

ities 

percenta

ge (%) 

quant

ities 

percenta

ge (%) 

quant

ities 

percenta

ge (%) 

quant

ities 

percenta

ge (%) 

[-10%, 10%] 88 81.48 65 60.19 50 46.30 56 51.85 

[-15%, 15%] 101 93.52 71 65.74 69 63.89 72 66.67 

[-20%, 20%] 104 96.30 74 68.52 76 70.37 76 70.37 

[-30%, 30%] 108 100.0 81 75.00 79 73.15 80 74.07 

According to Table 4.12, the MOFSVR model has 88 sample points, or 81.49% of 

the total number of sample points, within the error range of [-10%, 10%]. The SVR 

model has the highest number of sample points among the three traditional models, 

reaching 65, or 60.20%, and the ELM model has the lowest number, only 50, or 46.3%. 

The MOFSVR model, which is the only model with a number more than 100 with 

93.53%, has the most sample points at 101 with 93.53% inside the error range [-15%, 

15%], whereas the ELM model has the fewest sample points at 69 with 63.89%. The 

MOFSVR model has 104 sample points, or 96.31% of the total, inside the error range 

[-20%, 20%], while the SVR model only has 74. The MOFSVR model is the only one 

with all the sample points falling inside the error range [-30%, 30%], but the SVR model 

has the most sample points of all the traditional models, with 81 sample points, or 75% 

of the total. When compared to the traditional prediction model, it is evident that when 

it is cloudy, the MOFSVR model's relative error has more points falling within the low 

error interval and its prediction error is smaller, demonstrating a better prediction effect. 

Furthermore, when comparing the evaluation metrics on sunny and cloudy days, 



河北工业大学博士学位论文 

DOCTORAL DISSERTATION OF HEBEI UNIVERSITY OF TECHNOLOGY 

- 62 - 

it is discovered that practically all of the models predict more accurately on sunny days 

than on cloudy ones. This is because cloudy days have a lot of output power fluctuation, 

which makes it harder for the models to predict. Nonetheless, the MOFSVR models' 

MAE, MAPE, and RMSE values are minimized regardless of the weather, showing that 

the error is minimized; also, the R2 value is greater than 0.99, indicating a high degree 

of goodness of fit. In conclusion, the suggested MOFSVR model outperforms the other 

seven comparison models in terms of prediction accuracy and may be used to forecast 

PV power in a range of situations[23][102].  

Example 2 uses three standard models and five hybrid models to predict PV power 

during cloudy conditions. Analysis reveals that the MOFSVR model has the best 

prediction accuracy out of the seven comparison models; its predicted power curve is 

closer to the true value, its relative error is smaller, and its number of sample points 

within the low relative error range is significantly higher than that of the other hybrid 

and traditional models. Four evaluation indices were computed using each model's true 

and predicted values in order to more objectively assess the prediction effect of each 

model, and the calculation results are shown in Table 4.13. 

表 4.13 阴天时模型预测结果的评价指标值 

Table 4.13 Evaluation index value of model prediction results on cloudy days 

Climatic model MAE（kW） MAPE RMSE（kW） R2 

Cloudy 

MOFSVR 0.12565 6.05% 0.15920 0.9921 

JSSVR 0.15868 11.60% 0.17998 0.9899 

WOASVR 0.20546 12.10% 0.26876 0.9773 

GASVR 0.26567 24.08% 0.31265 0.9693 

PSOSVR 0.15673 11.25% 0.17692 0.9902 

SVR 0.27267 27.79% 0.32748 0.9663 

ELM 0.38611 36.86% 0.46795 0.9311 

BPNN 0.33048 38.15% 0.41740 0.9455  

The MOFSVR model has the smallest result for MAE in cloudy conditions in 

Table 4.13, at 0.12563 kW, followed by the PSOSVR model at 0.15672 kW. Only the 

MOFSVR model, with the biggest value for the ELM model at 36.87%, has a value of 

less than 10% for MAPE, at 6.03%, which is 5.56% less than that of the JSSVR model. 

The MOFSVR model has the smallest RMSE value, at 0.15919 kW, which is 0.30877 

kW less than the greatest value, which belongs to the ELM model. Only the MOFSVR 

and PSOSVR models, with respective values of 0.992 and 0.9901, had values of R2 of 

0.99 or higher than the other six models, with the ELM model having the lowest value 

of 0.931. The suggested MOFSVR model continues to have the best prediction effect 

out of all the models in cloudy weather, according to a thorough evaluation of the 

prediction effects of all the prediction models in cloudy weather[100][101]. 
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4.5 Summary  

This chapter looks at the MOFSVR model's predictions for wind and PV power. It 

also uses seven comparison prediction models with four assessment indices to confirm 

the predicted power of the suggested MOFSVR model. The results are outlined below: 

(1) This chapter does PV power prediction under two weather conditions: sunny 

and cloudy, and wind power prediction under two seasons: spring and winter. It also 

provides a detailed description of the sources of data utilized in the study and the 

preprocessing techniques[30][101]. 

(2) According to the prediction results of PV power prediction examples 1 and 2, 

the proposed MOFSVR model has an average absolute error (MAE) of 0.05434 kW in 

sunny weather, an average absolute percentage error (MAPE) of 1.45%, which is 1.76% 

lower than that of the ELM model with the maximum value, and a root-mean-square 

error (RMSE) of 0.07003 kW in cloudy weather; in cloudy weather, the proposed MAE, 

MAPE, and RMSE of the MOFSVR model are 0.12563 kW, 6.03%, and 0.15919 kW, 

respectively, where the MAPE value of the MOFSVR model is 5.56% lower than that 

of the JSSVR model; The MOFSVR model's three error evaluation indices mentioned 

above are lower than those of the other seven models under comparison. Furthermore, 

the MOFSVR model fits the data better than the seven comparison models, with an R2 

value of 0.9975 for sunny days and 0.9920 for overcast days for the decidability 

coefficient. It demonstrates that the MOFSVR model is more suited for predicting PV 

power on bright and overcast days due to its higher forecast accuracy and fitting 

degree[93]. 

(3) Based on the wind power prediction results for Example 1 and Example 2, it 

can be observed that during the spring, the MOFSVR model's evaluation index values 

for MAE, MAPE, and RMSE are 32.4371 kW, 10.17%, and 42.9526 kW, respectively. 

The MOFSVR model's MAPE value is 2.25% lower than the JSSVR model's; the 

evaluation index R2 value is 0.9828, making it the only prediction model with a value 

greater than 0.98. It has been demonstrated that the suggested MOFSVR prediction 

model is more appropriate for wind power prediction in the spring since it has a smaller 

prediction error and a greater goodness of fit than the other seven models.          

The suggested MOFSVR model's wintertime MAE, MAPE, and RMSE are 41.5001 

kW, 5.59%, and 50.1780 kW, respectively; its R2 value is 0.9905; compared to the seven 

models that were examined, the MOFSVR model has a smaller prediction error and a 

greater degree of fit. It demonstrates that wind power forecast in the spring and winter 

can be done using the suggested MOFSVR model. 
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(4) With a broader range of applications, the suggested MOFSVR prediction 

model can be used to estimate wind power in various scenarios. When it comes to 

forecasting PV power under sunny and cloudy conditions, as well as wind power in the 

spring and winter, the proposed MOFSVR model outperforms the four hybrid models 

and the three traditional models in terms of prediction performance. This can effectively 

increase the accuracy of wind power prediction[94]. 
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Chapter 5 Optimal Analysis of Reactive Power 

Compensation with distributed generations 
 

 The large-scale grid connection of distributed generation represented by wind 

power and photovoltaics has changed the original operation mode and system structure 

of distribution networks, posing challenges to the stability and economy of distribution 

network operation. Therefore, research on optimization of distribution network 

operation with distributed generation is particularly important. The optimization 

methods for distribution network operation include static restructuring and reactive 

power compensation. Among them, static restructuring, at a fixed time section, adjusts 

the network topology by changing the switching status to reduce power losses, balance 

loads, and improve power quality in the distribution network. However, static 

restructuring only improves the operation of the distribution network by optimizing the 

network topology without providing on-site compensation for reactive power in the 

system. Reactive power compensation is an optimization method in reactive power 

optimization of distribution networks, which compensates the reactive power of the 

distribution network by controlling reactive power compensation devices, reducing the 

reactive power flowing in the distribution network, thereby improving power quality, 

increasing energy efficiency, and reducing active power losses[103]. However, 

distribution network reactive power compensation does not change the system topology 

and cannot effectively handle power loss problems caused by line overloads. In 

conclusion, both static restructuring and reactive power compensation can improve the 

operation of distribution networks with some limitations. Therefore, this chapter 

combines static restructuring and reactive power compensation, taking into account the 

grid connection of distributed generation, to conduct comprehensive static optimization 

research on distribution networks with distributed generation[85][86]. 

Static comprehensive optimization of distribution networks with distributed 

generation based on static restructuring and reactive power compensation is an 

important optimization approach. It combines static restructuring and reactive power 

compensation to optimize the network topology and reactive power output of 

compensation devices at a fixed time section, aiming to obtain the optimal network 

topology and the optimal compensation scheme for reactive power devices in the 

distribution network[1][4][5]. This optimization approach aims to improve the power 

quality, economic efficiency, and energy efficiency of distribution networks.           

In the context of promoting the grid connection of renewable energy generation, 

exploring static comprehensive optimization of distribution networks with distributed 

generation is of significant practical importance. 
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This chapter aims to improve the economic efficiency, energy efficiency, and 

power quality of distribution networks with distributed generation. It combines the 

Firefly Optimization Algorithm (FA) proposed in Chapter 3 to develop and solve a static 

comprehensive optimization model for distribution networks with distributed 

generation. The objective is to achieve safe, economical, and stable operation of 

distribution networks with distributed generation. 

5.1 Integrated Static Optimization Model for power distribution 

network 

This chapter combines reactive power compensation and static restructuring as 

optimization methods to construct a static comprehensive optimization model for 

distribution networks with distributed generation. It comprehensively considers the 

economic cost, power losses, and voltage fluctuation of the distribution network, 

aiming to explore the static comprehensive optimization solution that maximizes the 

overall benefits of the distribution network. 

5.1.1 Objective Function and Constraints for Static Optimization Model 

  (1) Construction of the optimization variables for the static optimization model 

The optimization variables for the static comprehensive optimization model 

include the switching status of the distribution network with distributed generation, the 

reactive power output of the static VAR compensator, and the number of parallel-

connected capacitor banks. These variables are used to obtain the optimal network 

topology and the best reactive power compensation scheme for the distribution network 

with distributed generation, aiming to maximize its overall benefits[36],[106],[108]–[110]. The 

expression for the optimization variables in the static comprehensive optimization 

model is as follows: 

 𝑍 = [𝑍1
𝑆, . . . , 𝑍𝑎

𝑆, 𝑍1
𝑆𝑉𝐶 , . . . , 𝑍𝑏

𝑆𝑉𝐶 , 𝑍1
𝑆𝐶 , . . . , 𝑍𝑐

𝑆𝐶] (5.1) 

The fundamental role played by the components in Z. 

(a) Switches(S), responsible for open/close circuits within the distribution network. 

They are used for reconfiguring the network topology, isolating faults, and managing 

load distribution. 

(b) Static VAR compensators (SVC): they are used for fast-acting reactive power 

compensation. They can dynamically adjust the reactive power flow, thereby 

controlling and stabilizing voltage levels within the network. 

(c) Parallel connected capacitor banks (SC): These are used to inject reactive 

power into the system while improving the power factor and thus reducing reactive 
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power losses. They are favorable for steady state reactive power compensation 

compared to dynamically compensation provided by SVCs. 

In the equation (5.1), Z represents the set of optimization variables; S, SVC, and SC 

represent the switches, static VAR compensators, and parallel-connected capacitor 

banks in the distribution network respectively; 𝑍1
𝑆 and 𝑍𝑎

𝑆 represent the first and ath 

switches to be either opened or closed. The state of these switches affects how power 

is distributed and how the network is configured; 𝑍1
𝑆𝑉𝐶   and 𝑍𝑏

𝑆𝑉𝐶   represent the 

reactive power output of the first and bth static VAR compensators. By adjusting these 

outputs permits for control over the voltage and reactive power levels within the 

network; 𝑍1
𝑆𝐶  and 𝑍𝑐

𝑆𝐶  represent the number of groups for the first and cth parallel-

connected capacitor banks. Due to these SCs, the reactive power compensation 

provided by each capacitor bank is determined. 

  (2) Construction of the objective function for the static optimization model. 

To enhance the economic efficiency, energy efficiency, and power quality of 

distribution networks with distributed generation, the objective function of the static 

comprehensive optimization model aims to minimize the economic costs, active power 

losses, and node voltage deviations of distribution networks with distributed generation. 

（a）Objective function for economic cost. 

The economic cost of distribution networks with distributed generation includes 

energy loss cost, switch operation cost, and operation cost of the distribution network[70], 

[110]–[114]. Its expression is: 

 𝑓𝑐𝑜𝑠𝑡 = 𝑐𝑎 ∑ 𝑝𝑙𝑜𝑠𝑠
𝑘𝑛𝑏

𝑘=1 + 𝑐𝑏𝑛𝑆 + 𝑐𝑟 (5.2) 

Where 𝑓𝑐𝑜𝑠𝑡  represents the objective function for economic cost; 𝑐𝑎 , 𝑛𝑏  

and 𝑝𝑙𝑜𝑠𝑠
𝑘 represent the energy loss coefficient, the number of branches, and the active 

power loss on the kth branch respectively; 𝑛𝑆  and 𝑐𝑏 represent the number of switch 

operations and the cost per operation; 𝑐𝑟   represents the operation cost of the 

distribution network with distributed generation, including the cost of purchasing 

electricity and the investment cost of reactive power compensation equipment. Its 

expression is: 

 𝑐𝑟 = 𝑐𝑒(𝑝𝑙𝑜𝑎𝑑 − 𝑝𝐷𝐺) + 𝑐𝑠 × ∑ 𝑛𝑗
𝑛𝑆
𝑗=1 + 𝑝 × ∑ 𝑞𝑗 × 𝑐𝑗

𝑛𝐶
𝑗=1  (5.3) 

Where 𝑝𝐷𝐺  and 𝑝𝑙𝑜𝑎𝑑 represent the active power output of the distributed power 

source and the total load of the distribution network; 𝑞𝑗 represents the reactive power 

output of the j-th reactive power compensation device; 𝑐𝑒, 𝑐𝑠, and 𝑐𝑗 represent the 

electricity price, the cost of a single group of parallel-connected capacitor banks, and 

the unit capacity investment cost of the static VAR compensator; 𝑛𝑐 and 𝑛𝑆 represent 

the number of groups of parallel-connected capacitor banks and the number of static 
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VAR compensators; p is the investment cost recovery factor, expressed as: 

 𝑝 =
(1+𝑎)𝑦×𝑎

(1+𝑎)𝑦−1
 (5.4) 

Where y and a represent the equipment's service life and interest rate, typically with   

a = 0.06. 

（b）Objective function for active power loss 

Active power loss quantifies the energy efficiency of distribution networks with 

distributed generation, and its expression is: 

 𝑓𝑙𝑜𝑠𝑠 = ∑ 𝑟𝑘
𝑝𝑘
2+𝑞𝑘

2

𝑢𝑘
2

𝑛𝑏
𝑘=1  (5.5) 

Where floss represents the objective function for active power loss; k, 𝑟𝑘 and 𝑛𝑏 

represent the branch number, impedance of the kth branch, and the total number of 

system branches; 𝑝𝑘 and 𝑞𝑘 represent the active power and reactive power flowing 

into the first node of the kth branch; 𝑢𝑘 represents the node voltage at the first node of 

the kth branch. 

（c）Objective function for node voltage deviation 

Node voltage deviation can measure the level of power quality in distribution 

networks with distributed generation. A larger value indicates lower power quality in 

the system. The mathematical expression is: 

 𝑓𝑑𝑒𝑣 =
1

𝑛𝑛
∑ |𝑢𝑖

2 − 𝑢𝑟
2|

𝑛𝑛
𝑖=1  (5.6) 

Where 𝑓𝑑𝑒𝑣  represents the objective function for node voltage deviation; 𝑛𝑛, 𝑢𝑟, and 

𝑢𝑖  represent the total number of system nodes, reference voltage, and voltage 

magnitude at the i-th node respectively. 

(a) Construction of constraints for the static optimization model 

(1) Power balance constraint 

The sum of the output powers of various distributed energy sources in the 

distribution network and the system injection power should be equal to the sum of the 

load demand and the system power loss. The mathematical expression is: 

 {
𝑝𝑍 + 𝑝𝐷𝐺 = 𝑝𝑙𝑜𝑎𝑑 + 𝑝𝑙𝑜𝑠𝑠
𝑞𝑍 + 𝑞𝐷𝐺 = 𝑞𝑙𝑜𝑎𝑑 + 𝑞𝑙𝑜𝑠𝑠  

 (5.7) 

Where 𝑝𝑍  and 𝑞𝑍  represent the active power and reactive power flowing into the 

distribution network from the balancing node; 𝑝𝐷𝐺  and 𝑞𝐷𝐺  represent the active 

output power and reactive output power of the distributed energy sources; 𝑝𝑙𝑜𝑎𝑑 and 

𝑞𝑙𝑜𝑎𝑑 represent the active power demand and reactive power demand of the load; 𝑝𝑙𝑜𝑠𝑠 

and 𝑞𝑙𝑜𝑠𝑠 represent the active power loss in the distribution network and the reactive 



河北工业大学博士学位论文 

DOCTORAL DISSERTATION OF HEBEI UNIVERSITY OF TECHNOLOGY 

- 69 - 

power absorbed by the line impedance. 

（2）Inequality constraints 

The inequality constraints of the static comprehensive optimization model include 

constraints on the reactive power output of static VAR compensators, node voltage 

constraints, and constraints on the number of groups of parallel-connected capacitor 

banks[107]. It can be formulated as follows: 

 {

𝑢𝑖,𝑚𝑖𝑛 ≤ 𝑢𝑖 ≤ 𝑢𝑖,𝑚𝑎𝑥
𝑞𝑆𝑉𝐶,𝑚𝑖𝑛 ≤ 𝑞𝑆𝑉𝐶 ≤ 𝑞𝑆𝑉𝐶,𝑚𝑎𝑥
𝑛𝑆𝐶,𝑚𝑖𝑛 ≤ 𝑛𝑆𝐶 ≤ 𝑛𝑆𝐶,𝑚𝑎𝑥

 (5.8) 

Where 𝑢𝑖, 𝑢𝑖,𝑚𝑎𝑥, and 𝑢𝑖,𝑚𝑖𝑛 represent the node voltage, upper limit, and lower limit 

of the node voltage at the ith node respectively; 𝑞𝑆𝑉𝐶,𝑚𝑖𝑛 , 𝑞𝑆𝑉𝐶 , and 

𝑞𝑆𝑉𝐶,𝑚𝑎𝑥  represent the lower limit, actual value, and upper limit of the reactive power 

output of the static VAR compensator; 𝑛𝑆𝐶  , 𝑛𝑆𝐶,𝑚𝑖𝑛 , and 𝑛𝑆𝐶,𝑚𝑎𝑥  represent the 

number of groups of parallel-connected capacitor banks, lower limit, and upper limit of 

the number of groups of parallel-connected capacitor banks. 

（3）Topological structure constraints 

 ℎ ∈ 𝐻 (5.9) 

Where h and H represent the reconstructed distribution network's topological structure 

and the set of topological structures that satisfy the radial network configuration of the 

distribution network. 

5.1.2 Construction of the static optimization model 
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𝑝𝑍+𝑝𝐷𝐺 = 𝑝𝑙𝑜𝑎𝑑+𝑝𝑙𝑜𝑠𝑠

qZ+qDG=qload+qloss
h∈H

ui,min≤ui≤ui,max
qSVC,min≤qSVC≤qSVC,max
nSC,min≤nSC≤nSC,max

  

(5.10) 

The mathematical model of the static comprehensive optimization model for 

distribution networks with distributed energy sources can be obtained by combining the 

objective function and constraints[89][95][98][99][100].  
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The parameters for the economic cost objective function 𝑓𝑐𝑜𝑠𝑡, active power loss 

objective function 𝑓𝑙𝑜𝑠𝑠, and node voltage deviation objective function 𝑓𝑑𝑒𝑣 are given 

in equations (5.2) to (5.6). The specific parameters for the constraints are given in 

equations (5.7), (5.8), and (5.9). 

5.2 Objective Function and Constraints Formulation for Static 

Optimization model 

5.2.1 Process design for solving the model based on Firefly algorithm 

The static comprehensive optimization model takes into account the economic 

benefits, energy benefits and power quality of the distribution network at the same time, 

and takes minimizing the economic cost, voltage deviation and power loss of the 

distribution network as the objective function, so it needs to be solved through a multi-

objective optimization algorithm. 

5.3 Analyzing Solution to Static Optimization in Distribution 

network 

5.3.1 Designing Static Optimization Systems with Wind and Solar power  

In this section, a static comprehensive optimization test system is established 

based on the IEEE 33-bus system. The system includes photovoltaic (PV) units, wind 

turbines (WT), static var compensators (SVC), and shunt capacitor banks (SC). The 

total load of the system is 3715+j2350 kVA, with a base capacity of 10 MVA and a base 

voltage of 12.66 kV. The system has 32 feeder branches and 5 tie branches. As the 

distribution network operates in an open-loop state, the system forms a radial 

distribution network consisting of 32 branches under normal operation. The topology 

structure of the static comprehensive optimization test system is shown in Figure 5.1. 

The load flow calculation precision is set to 10-6. The system's base voltage is 

12.66 kV, and it demands the strictest standards for power quality. The upper and lower 

voltage limits for system nodes are set at 1.05 p.u and 0.95 p.u, respectively[2][10][14]–

[19][122]. 

The installation locations, power factors, control methods, and installed capacities 

of different types of distributed energy resources in the system are shown in Table 5.1. 
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图 5.1 静态综合优化测试系统拓扑图 

Figure 5.1 Topology diagram of static integrated optimization test system 

From Figure 5.1, it can be seen that the first node of the test system is the balanced 

node. The fifth node has a photovoltaic power station (PV1) connected, the sixteenth 

node has another photovoltaic power station (PV2) connected, and the twelfth node has 

a wind turbine (WT) connected. Additionally, a static var compensator (SVC) is 

installed at the seventh node with an upper limit of 0.5 MVAr for reactive power output 

and a regulation accuracy of 0.01 MVar. A shunt capacitor bank (SC1) is installed at the 

twenty-first node, and another shunt capacitor bank (SC2) is installed at the thirtieth 

node. Each group of shunt capacitors has a rated capacity of 0.02 MVAr, with a 

maximum number of 50 groups that can be activated.  

表 5.1 IEEE 33 节点系统中各分布式发电的安装位置和容量 

Table 5.1 Installation location and capacity of each distributed generation in IEEE 33 node 

system 

Type Location Capacity (MW) Power Factor Control Method 

WT Node 12 0.5 0.9（Lagging） Constant Power 

Factor Control 

PV1 Node 5 0.5 0.85（Lagging） Constant Power 

Factor Control 

PV2 Node 16 0.5 0.85（Lagging） Constant Power 

Factor Control 



河北工业大学博士学位论文 

DOCTORAL DISSERTATION OF HEBEI UNIVERSITY OF TECHNOLOGY 

- 72 - 

5.3.2 Analyzing Static Optimization Model Impact 

To verify the effectiveness of the static comprehensive optimization model for 

distribution networks with distributed generation, this section designs five comparative 

scenarios with specific settings as follows: 

Scenario 1:  

Without considering the integration of distributed generation and without 

optimization, the distribution network operates normally. 

Scenario 2:  

Based on Scenario 1, distributed generation is integrated, but without optimization, 

and the distribution network operates normally. 

Scenario 3:  

On the basis of Scenario 2, only static reconfiguration is used for optimization. 

Scenario 4:  

Based on Scenario 2, only reactive power compensation is employed for 

optimization. 

Scenario 5:  

Building upon Scenario 2, a combination of static reconfiguration and reactive 

power compensation is applied to perform comprehensive optimization using the static 

comprehensive optimization model established in this chapter. 

As mentioned earlier, the FA algorithm has been verified to be effective in solving 

the static comprehensive optimization model for distribution networks with distributed 

generation. Therefore, this section adopts the FA algorithm for solving in each scenario. 

The economic cost (𝑓𝑐𝑜𝑠𝑡), active power loss (𝑓𝑙𝑜𝑠𝑠), and node voltage deviation (𝑓𝑑𝑒𝑣) 

of the distribution networks with distributed generation in each scenario are presented 

in Table 5.2. 

表 5.2 在各种情况下采用分布式发电的配电网的经济成本、有功功率损耗和节点电压偏差 

Table 5.2 Economic cost, active power loss and node voltage deviation of the distribution network 

with distributed generation in each scenario 

Scenario 
Objective Function 

𝑓𝑐𝑜𝑠𝑡  ($) 𝑓𝑙𝑜𝑠𝑠  (kW) 𝑓𝑑𝑒𝑣  (p.u.) 

Scenario1 2451.87 202.67 9.953×10-2 

Scenario2 1317.84 83.19 4.977×10-2 

Scenario3 1078.74 55.29 2.983×10-2 

Scenario4 1196.24 51.75 3.182×10-2 

Scenario5 1167.68 32.71 1.877×10-2 

Table 5.2 demonstrates that Scenario 1 represents an unoptimized distribution 

network, where the economic cost, voltage deviation, and power loss are all at their 

highest values, specifically 2451.87$, 9.953×10-2 p.u., & 202.67kW. This indicates 
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significant room for improvement in terms of system economic, efficiency, energy 

efficiency, and power quality. 

Scenario2 incorporates distributed generation based on Scenario1, resulting in a 

reduction of 1134.03$ in economic cost, 119.48 kW in active power loss, and  

4.976×10-2 p.u. in node voltage deviation compared to Scenario 1. This demonstrates 

that the integration of distributed generation can reduce system economic costs, 

minimize energy losses, and enhance power quality. 

Compared to Scenario 2, Scenario 3 achieves a 18.14% reduction in economic cost, 

a 33.54% decrease in active power loss, and a 40.06% improvement in node voltage 

deviation. This indicates that both objectives have been improved. Similarly, Scenario 

4, when compared to Scenario 2, demonstrates a 9.23% reduction in economic cost, a 

37.79% decrease in active power loss, and a 36.07% improvement in node voltage 

deviation. This suggests that both static reconfiguration and reactive power 

compensation alone can enhance the system's economic efficiency, energy efficiency, 

and power quality, although there is still room for further improvement. 

When comparing Scenario 3 to Scenario 4, the system economic cost and node 

voltage deviation in Scenario 3 are reduced by 9.82% and 6.25%, respectively, while 

the active power loss increases by 6.84%. This indicates that static reconfiguration is 

more effective in reducing economic costs and improving power quality compared to 

reactive power compensation. 

Scenario 5, which incorporates the static comprehensive optimization model 

developed in this chapter based on Scenario 2, achieves a 11.39% reduction in 

economic cost, a 60.68% decrease in active power loss, and a 62.29% improvement in 

node voltage deviation compared to Scenario 2. Among all scenarios, Scenario 5 has 

the lowest active power loss and node voltage deviation. While Scenario 3 has the 

lowest economic cost of 1078.74$, Scenario5 with economic cost of 1167.68$ is only 

slightly higher. However, Scenario 5 achieves a 40.84% reduction in active power loss 

and a 37.08% improvement in node voltage deviation compared to Scenario 3. This 

demonstrates that, compared to static reconfiguration or reactive power compensation 

alone, the static comprehensive optimization model developed in this chapter can 

maximize system energy efficiency and improve power quality while maintaining 

system economics. 

5.3.3 Performance analysis based on Firefly Algorithm for static problem  

To demonstrate the effectiveness of the FA algorithm, the MOMVO, FOA, GWO, 

and FA algorithms were all employed to solve the constructed static comprehensive 

optimization model. The Pareto-fronts and the optimal compromise solutions selected 

through the ideal solution of similarity ranking technique are presented in Figure 5.2 
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图 5.2 各算法得到的静态综合优化模型的帕累托前沿 

Figure 5.2 Pareto front of the static integrated optimization model obtained by each algorithm 

As shown in Figure 5.2, compared to the FOA, GWO, and MOMVO algorithms, 

the FA algorithm exhibits a more extensive distribution range and a more uniform 

distribution of the Pareto frontier in the solution space. The MOMVO algorithm 

produces a relatively small number of solutions in its Pareto frontier, indicating its 

poorer performance in solving the static comprehensive optimization model. In contrast 

to other multi-objective optimization algorithms, the FA algorithm is more suitable for 

handling the complexity of the static comprehensive optimization model, with a wider, 

more uniform, and more complete coverage of the Pareto frontier. This suggests a 

higher likelihood of obtaining solutions that maximize the overall system benefits. 

To provide a more intuitive comparison of the optimal compromise solutions 

obtained by each algorithm, Table 5.3 presents the economic cost (𝑓𝑐𝑜𝑠𝑡), active power 

loss (𝑓𝑙𝑜𝑠𝑠 ), and node voltage deviation (𝑓𝑑𝑒𝑣 ) for the distribution networks with 

distributed generation corresponding to the optimal compromise solutions found by 

each algorithm. The optimal values for each objective function are boldfaced for 

emphasis. 

Table 5.3 shows the high performance of the multi-objective optimization 

algorithms based on firefly search algorithm. FOA algorithm achieves the lowest active 

power loss among all the algorithms considered. Although the active power loss 

obtained by the FA algorithm is slightly higher than that of the FOA, its economic cost 
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and node voltage deviation are significantly lower. 

表 5.3 各算法获得的最优折中方案对应的经济成本、有功功率损耗和节点电压偏差 

Table 5.3 The economic cost, active power loss and node voltage deviation corresponding to the 

optimal compromise solution obtained by each algorithm 

Objective 

Function 

Multi-objective Optimization Algorithm 

MOMVO FOA GWO FA 

𝑓𝑐𝑜𝑠𝑡  ($) 1185.11 1210.73 1212.06 1167.68 

𝑓𝑙𝑜𝑠𝑠 (kW) 31.40 29.07 29.29 32.71 

𝑓𝑑𝑒𝑣  (p.u.) 2.018×10-2 2.427×10-2 2.346×10-2 1.877×10-2 

In terms of economic cost, the FA algorithm outperforms the others, achieving a 

cost reduction of 17.43, 43.05, and 44.38 $ compared to the MOMVO, FOA, and GWO 

algorithms, respectively. For the node voltage deviation objective, the FA algorithm 

also performs best, achieving a deviation that is 1.41×10-3 p.u., 5.5×10-3 p.u., and 

4.69×10-3 p.u. lower than those obtained by the MOMVO, FOA, and GWO algorithms, 

respectively.  

Compared to the other algorithms, the FA algorithm achieves a maximum reduction 

of 3.6% in active power loss and 22.7% in node voltage deviation. These results 

demonstrate that, compared to other multi-objective optimization algorithms, the 

optimization scheme obtained by the FA algorithm can maximize system economic 

efficiency and power quality while ensuring energy benefits in distribution networks 

with distributed generation. 

To further analyze the impact of the optimization solutions obtained by each 

algorithm on system voltage stability, Figure 5.3 presents the distribution of system 

node voltages obtained by each algorithm. 

 

图 5.3 各算法得出的系统节点电压分布图 

Figure 5.3 Node voltage distribution of system obtained by each algorithm 
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As shown in Figure 5.3, the system node voltages obtained by all algorithms are 

greater than 0.95 p.u., satisfying the node voltage constraints. Compared to the GWO 

algorithm, the FA algorithm results in node voltages that are further away from the 

reference value at nodes 6,7,26,27 and 28, resulting in slightly larger voltage 

fluctuations than GWO. However, these fluctuations are still better than those obtained 

by the FOA and MOMVO algorithms. Additionally, at other nodes, the voltages 

obtained by the FA algorithm are closer to the reference value, with the smallest voltage 

fluctuations and the best voltage stability. This demonstrates that the optimization 

scheme obtained by the FA algorithm can effectively suppress node voltage fluctuations 

and improve the power quality of the system to the greatest extent[106]. 

5.4 Summary  

To improve the economic efficiency, energy benefits, and power quality of 

distribution networks with distributed generation, this chapter combines static 

reconfiguration and reactive power compensation to establish a static comprehensive 

optimization model for distribution networks with distributed generation. The model is 

then solved using the FA algorithm proposed in Chapter 3, and the effectiveness of both 

the model and the proposed solution method is validated. The specific conclusions are 

summarized as follows: 

(1) By minimizing the economic cost, node voltage deviation, and active power 

loss of the distribution network as objective functions, a static comprehensive 

optimization model for distribution networks with distributed generation is established, 

combining both static reconfiguration and reactive power compensation. The model is 

solved using the proposed FA algorithm to obtain a Pareto set of optimal solutions. 

Finally, a compromise solution is selected from the Pareto set using the ideal solution 

similarity ranking technique. 

(2) The effectiveness and advancement of the proposed FA algorithm in solving 

the static comprehensive optimization model are verified in a test system. The results 

show that compared to the FOA, GWO, and MOMVO algorithms, the FA algorithm 

achieves a wider, more uniform, and more complete coverage of the Pareto front. The 

optimal compromise solution obtained by the FA algorithm is the most competitive, 

with power losses and node voltage deviations reduced by up to 3.6% and 22.7%, 

respectively, compared to other algorithms. 

(3) Five comparison scenarios are designed to verify the effectiveness of the static 

comprehensive optimization model. The results demonstrate that optimizing using the 

static comprehensive optimization model proposed in this chapter can maximize system 

energy benefits and improve power quality while ensuring system economy. 
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Specifically, the economic cost, active power loss, and node voltage deviation of the 

system are reduced by 11.39%, 60.68%, and 62.29%, respectively, compared to the 

original system. Additionally, the static comprehensive optimization model established 

in this chapter serves as the foundation for the dynamic comprehensive optimization 

model developed in Chapter 6. 
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Chapter 6 Dynamic Optimization of Power distributions 

network 
 

6.1 Dynamic Optimization Model for distributed energy 

resources and reactive power compensation 

This chapter relies on the previously developed static comprehensive optimization 

model, combining two optimization methods: dynamic reconfiguration and reactive 

power compensation. It considers the economic benefits, energy efficiency, and power 

quality of the distribution network that uses dispersed energy resources. In addition, it 

takes into account the coupling between different time sections as well as the limits on 

the number of switch operations in the distribution network to provide a dynamic 

complete optimization model for the distribution network with distributed energy 

resources. 

6.1.1 Objective Function Construction for Dynamic Optimization 

The original static comprehensive optimization model was created to improve the 

system's structure and regulate the reactive power output from compensation devices 

within a specific time frame. However, this approach fails to account for the dynamic 

and complicated nature of real-world engineering projects. In practice, the starting 

condition of the distribution network for the following timeframe is influenced by the 

preceding period's optimization results, demonstrating the interdependence of multiple 

time segments. Furthermore, it is necessary to include concerns such as time-of-use 

power, variability pricing in outputs from distributed energy resources, constraints on 

the frequency of switching operations within the network, and changes in load 

needs[50][72][123]. This highlights the necessity for research into dynamic comprehensive 

optimization of distribution networks that include distributed energy resources. 

Dynamic reconfiguration, which involves adjusting the network's topology across 

consecutive time periods to enhance operational efficiency, does not significantly affect 

the reactive power flow within the network[124][125].While reactive power compensation 

can alleviate some issues by balancing the system's reactive power needs[105], it is 

insufficient for addressing problems like line overloads comprehensively. The 

limitations of both dynamic reconfiguration and reactive power compensation 

underline the need for their integration in achieving a holistic optimization solution[105]. 

Additionally, frequent switching operations can cause premature equipment wear and 
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potentially impact system stability[126]. By incorporating time-segmentation into the 

dynamic comprehensive optimization process, it's possible to substantially improve the 

effectiveness of dynamic reconfiguration and reduce the frequency of switch 

operations[87].Dynamic comprehensive optimization of the distribution network, which 

encompasses dynamic reconfiguration and reactive power compensation, aims to 

achieve the optimal system topology and the most effective reactive power 

compensation scheme for reactive power compensation devices over a future period, 

under various constraints[127]. This optimization approach accounts for the interplay 

between different time sections, fluctuations in distributed energy resource outputs, 

time-of-use electricity prices, constraints on switch operations, and changes in load 

demand[10][11]. Its primary objective is to maximize power quality, economic benefits, 

and energy efficiency within the distribution network integrating distributed energy 

resources. Time-segment division plays a crucial role by breaking down the 

optimization period into multiple sections, allowing for more efficient optimization of 

the distribution network under each segment. This strategy effectively reduces the 

optimization cycle and the number of switch operations[130]. In the context of large-

scale grid integration of distributed energy resources like photovoltaics and wind power, 

research on dynamic comprehensive optimization of distribution networks with 

distributed energy resources considering time-segment division holds significant 

importance[131]. This chapter investigates on the economic benefits, energy efficiency, 

and power quality of distribution networks using distributed energy resources. It 

combines dynamic reconfiguration and reactive power compensation optimization 

methods, bringing together the solution algorithm described in Chapter 3 and the static 

comprehensive optimization model built in Chapter 4. Additionally, it investigates the 

effect of time-segment division on dynamic comprehensive optimization in distribution 

networks with scattered energy supplies[132]. 

(1) Economic Cost Objective Function 

The economic cost of a distribution network with distributed energy resources 

includes the energy loss cost, investment cost of static var compensators, switching 

operation cost, shunt capacitor switching cost, and operational cost of the distribution 

network over an optimization period. The mathematical expression for the economic 

cost of the distribution network with distributed energy resources is as follows: 

 {
𝐹𝑐𝑜𝑠𝑡 = ∑ 𝐸𝑐𝑜𝑠𝑡

𝑡𝑇
𝑡=1

𝐸𝑐𝑜𝑠𝑡
𝑡 = 𝐶𝑎 ∑ 𝑃𝑡,𝑙𝑜𝑠𝑠

𝑘𝑁𝑏
𝑘=1 + 𝐶𝑏𝑁𝑆

𝑡 + 𝐶𝑟
𝑡
 (6.1) 

Where， 𝐹𝑐𝑜𝑠𝑡  represents the economic cost objective function， 𝑇  denotes the 

optimization period，𝐸𝑐𝑜𝑠𝑡
𝑡  represent the system’s economist cost in period t.𝐶𝑎 is the 

energy loss cost coefficient，𝐶𝑏  represent the cost of a single switch operation，
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𝑁𝑏 represents the number of branches，𝑃𝑙𝑜𝑠𝑠
𝑘  represents the active power loss on the kth 

branch，𝑁𝑆
𝑡  represents the number of switch operations in period,t. 𝐶𝑟

𝑡 represents the 

total operating cost of the distribution network with distributed generation in period t, 

including the cost of purchasing electricity, the operation cost of parallel capacitor 

banks, and any other relevant costs. 

And the investment cost of static var compensators,with its specific expression as 

follows: 

 𝐶𝑟
𝑡 = 𝐶𝑒

𝑡(𝑃𝑙𝑜𝑎𝑑
𝑡 − 𝑃𝐷𝐺

𝑡 ) + 𝐶𝑠𝑁𝑆
𝑡 + 𝑃 × ∑ 𝑄𝑗

𝑡 × 𝐶𝑗
𝑁𝐶
𝑗=1  (6.2) 

Including (6.2) into (6.1), result in extended function of the economic cost 

objective function, 

 {
𝐹𝑐𝑜𝑠𝑡 = ∑ (𝐶𝑎 ∑ 𝑃𝑡,𝑙𝑜𝑠𝑠

𝑘𝑁𝑏
𝑘=1 + 𝐶𝑏𝑁𝑆

𝑡 + 𝐶𝑟
𝑡)𝑇

𝑡=1

𝐶𝑟
𝑡 = 𝐶𝑒

𝑡(𝑃𝑙𝑜𝑎𝑑
𝑡 − 𝑃𝐷𝐺

𝑡 ) + 𝐶𝑠𝑁𝑆
𝑡 + 𝑃 × ∑ 𝑄𝑗

𝑡 × 𝐶𝑗
𝑁𝐶
𝑗=1

 (6.3) 

Where  Ca ,  Cb  ,  Nb ,  Ploss
k  ,  𝑁𝑆

𝑡 are defined as above,  𝑃𝑙𝑜𝑎𝑑
𝑡   represents the load power 

demand in period t. 𝑃𝐷𝐺
𝑡  represent the distributed generation power in period t. 𝐶𝑒

𝑡 is 

the cost coefficient for energy consumption. 𝐶𝑟
𝑡 represents the total operating cost of 

the distribution network with distributed generation in period t .𝐶𝑠 represent the cost 

associated with other system operations.𝑁𝑐  is the number of additional cost factor,𝑄𝑗
𝑡 

represents the quantity of the jth additional cost factor in period t. 𝐶𝑗  represents the cost 

per unit of the jth addidtional cost factor. 

The equation 6.3 now captures the total operating cost of the distribution network 

considering energy consumption, switch operations, and other additional cost factors. 

In the intricate realm of electricity distribution networks, the balance between 

demand and supply is paramount, not only for ensuring reliability and stability but also 

for optimizing economic efficiency. As the energy sector evolves, integrating 

distributed generation and enhancing load management have become critical challenges 

that require innovative solutions. Among these, the strategic deployment of Static Var 

Compensators (SVCs) and capacitor banks plays a pivotal role in managing reactive 

power, a key factor in maintaining voltage stability and reducing transmission losses. 

However, the financial implications of such technological interventions cannot be 

overlooked. The active power output of distributed generation (𝑃𝐷𝐺), the active power 

load demand of the distribution network (𝑃𝐷), and the reactive power output of SVCs  

(𝑄𝑆𝑉𝐶,𝑗 ) Represents the operational backbone of these systems. Concurrently, the 

economic landscape is defined by the electricity price (𝑃𝑡), the investment in equipment 

like SVCs (𝐶𝑗), and the overarching need for an efficient investment recovery strategy.  
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 𝐶𝑟
𝑡 = 𝐶𝑒

𝑡(𝑃𝑙𝑜𝑎𝑑
𝑡 − 𝑃𝐷𝐺

𝑡 ) + 𝐶𝑠𝑁𝑆
𝑡 + 𝑃 × ∑ 𝑄𝑗

𝑡 × 𝐶𝑗
𝑁𝐶
𝑗=1 + 𝑁𝑐𝑎𝑝

𝑡 𝐶𝑠 + 𝐶𝑠 (6.4) 

Where other parameters have explained as above,𝑁𝑐𝑎𝑝
𝑡   represent the number of 

capacitor bank groups switched on during period t.𝑁𝐶 represent the number of SVCs 

involved in reactive power compensation. 

This is where the concept of the equipment investment recovery factor (𝑃) 

becomes indispensable. The equipment investment recovery factor (P) is a nuanced 

formula that encapsulates the essence of financial planning in the electricity distribution 

sector. It provides a method to calculate the annual payments needed to recover the 

investment in infrastructure over a specified period, taking into account the interest rate 

(a) and the duration (y) of the investment. This formula not only underscores the 

financial viability of deploying advanced technologies in the distribution network but 

also offers a blueprint for sustainable economic management in the face of growing 

energy demands and the imperative for grid modernization. The following discussion 

delves into the intricacies of energy balance, exploring how the calculated approach to 

investment recovery can illuminate pathways to a more resilient and economically 

viable electricity distribution network. 

 𝑃 =
(1+𝑎)𝑦×𝑎

(1+𝑎)𝑦−1
 (6.5) 

In this context, y and a respectively represent the equipment's service life and the 

interest rate. 

(2) Active Power Loss Objective Function 

The dynamic integrated optimization model uses the sum of active power losses 

in the distribution network with distributed generation over an optimization period as 

the objective function. The active power loss is used to measure the energy efficiency 

of the distribution network; the higher its value, the lower the energy efficiency of the 

distribution network[133]. Its expression is as follows: 

 {
𝐹𝑙𝑜𝑠𝑠 = ∑ 𝑃𝑙𝑜𝑠𝑠

𝑡𝑇
𝑡=1

𝑃𝑙𝑜𝑠𝑠
𝑡 = ∑ 𝑅𝑘

𝑃𝑘,𝑡
2 +𝑄𝑘,𝑡

2

𝑈𝑘,𝑡
2

𝑁𝑏
𝑘=1

 (6.6) 

In this context, 𝐹𝑙𝑜𝑠𝑠 and represent the active power loss objective function and 𝑃𝑙𝑜𝑠𝑠
𝑡   

is the system's active power loss in period 𝑡 , respectively; 𝑇 , 𝑘 , 𝑅𝑘 , and 

𝑁𝑏respectively denote the optimization period, branch identifier, impedance of the k
th 

branch, and the number of branches in the distribution network; 𝑃𝑘,𝑡  and 𝑄𝑘,𝑡 

respectively represent the active power and reactive power injected at the head node of 

the kth branch in period (t); 𝑈𝑘,𝑡  represents the voltage at the head node of the k
th 

branch in period (t). 
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(3) Node Voltage Deviation Objective Function 

The Node Voltage Deviation Objective Function is a critical concept in the study 

and management of power system distribution. It plays a significant role in ensuring 

the quality and reliability of the electrical power supply. This objective function is used 

to minimize the deviation of node voltages from their nominal or desired values, which 

is essential for the stable and efficient operation of the power system. By focusing on 

minimizing these deviations, power system operators can reduce the risk of voltage 

collapse, improve the overall system stability, and enhance the power quality delivered 

to the end-users[65][133]. Greater node voltage deviation indicates larger voltage 

fluctuations at various nodes in the distribution network, implying lower electric energy 

quality. Conversely, a smaller value indicates higher electric energy quality. Its 

mathematical expression is as follows: 

 {
𝐹𝑑𝑒𝑣 = ∑ 𝑉𝑑𝑒𝑣

𝑡𝑇
𝑡=1

𝑉𝑑𝑒𝑣
𝑡 = (

1

𝑁𝑛
∑ |𝑈𝑖,𝑡

2 − 𝑈𝑟
2|

𝑁𝑛
𝑖=1 )

 (6.7) 

In this context, F𝑑𝑒𝑣(𝑡) represent the node voltage deviation objective function, (t) and 

(T) respectively denote the operation period and optimization period.Ui,t represent the 

voltage magnitude at node (i) in period(t).𝑁𝑛 represent the total number of nodes,𝑈𝑟 

is the reference voltage. 

6.1.2 Constraint Construction for Dynamic Optimization 

The dynamic integrated optimization model considers power balance constraints, 

node voltage constraints, reactive power output constraints of static var compensators, 

switching group number constraints of parallel capacitor banks, distribution network 

topology constraints, and switch operation number constraints within an optimization 

period for the distribution network. 

(1) Power Balance Constraint 

Within the optimization period, the sum of distributed generation output and 

system injected power at each node for each time period should equal the sum of the 

load demand and line power losses at each node for each time period. The expression 

is as follows: 

 {
𝑃𝑖
𝑡 + 𝑃𝑤𝑡,𝑖

𝑡 + 𝑃𝑝𝑣,𝑖
𝑡 = 𝑃𝑙𝑜𝑎𝑑,𝑖

𝑡 + 𝑈𝑖
𝑡∑ 𝑈𝑗

𝑡(𝐺𝑖𝑗 𝑐𝑜𝑠 𝜃𝑖𝑗
𝑛
𝑗=1 + 𝐵𝑖𝑗 𝑠𝑖𝑛 𝜃𝑖𝑗)       𝑖 = 1,2，. . . , 𝑁𝑛 

𝑄𝑖
𝑡 + 𝑄𝑤𝑡,𝑖

𝑡 + 𝑄𝑝𝑣,𝑖
𝑡 = 𝑄𝑙𝑜𝑎𝑑,𝑖

𝑡 + 𝑈𝑖
𝑡∑ 𝑈𝑗

𝑡(𝐺𝑖𝑗 𝑠𝑖𝑛 𝜃𝑖𝑗 − 𝐵𝑖𝑗 𝑐𝑜𝑠 𝜃𝑖𝑗
𝑛
𝑗=1 )     𝑖 = 1,2，. . . , 𝑁𝑛  

  (6.8) 

In this context, (i) and (j) respectively represent the starting node number and the 

ending node number of branch (ij); 𝑁𝑛, (n), (wt), (pv), and (load) respectively denote 

the total number of nodes in the distribution network, the total number of branches, 
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wind turbine generators, photovoltaic power stations, and loads;(𝑃𝑖
𝑡),(𝑃𝑤𝑡,𝑖

𝑡 ),(𝑃𝑝𝑣,𝑖
𝑡 ), and 

(𝑃𝑙𝑜𝑎𝑑,𝑖
𝑡 )respectively represent the injected active power at node (i) in period (t), the 

active power output of wind turbine generators, the active power output of photovoltaic 

power stations, and the active power demand of system load in period (t); (𝑄𝑖
𝑡), (𝑄𝑤𝑡,𝑖

𝑡 ), 

(𝑄𝑝𝑣,𝑖
𝑡 ), and (𝑄𝑙𝑜𝑎𝑑,𝑖

𝑡 ) respectively represent the injected reactive power at node (i) in 

period (t), the reactive power output of wind turbine generators, the reactive power 

output of photovoltaic power stations, and the reactive power demand of system load 

in period (t); (𝑈𝑖
𝑡) and (𝑈𝑗

𝑡) respectively represent the node voltage at node (i) and node 

(j) in period (t); (𝐺𝑖𝑗 ), (𝜃𝑖𝑗 ), and (𝐵𝑖𝑗 ) respectively represent the real part of the 

admittance, the impedance angle, and the imaginary part between node (i) and node (j). 

(2) Node Voltage Constraint 

 𝑈𝑖,𝑚𝑖𝑛
𝑡 ≤ 𝑈𝑖

𝑡 ≤ 𝑈𝑖,𝑚𝑎𝑥
𝑡  (6.9) 

In this context, 𝑈𝑖,𝑚𝑎𝑥
𝑡 , 𝑈𝑖

𝑡, and 𝑈𝑖,𝑚𝑖𝑛
𝑡  respectively represent the upper limit of the 

node voltage, the value of the node voltage, and the lower limit of the node voltage at 

node (i) in period (t). 

(3) Reactive Power Output Constraint of Static Var Compensator (SVC) 

 𝑄𝑠𝑣𝑐,𝑚𝑖𝑛
𝑡 ≤ 𝑄𝑠𝑣𝑐

𝑡 ≤ 𝑄𝑠𝑣𝑐,𝑚𝑎𝑥
𝑡  (6.10) 

In this context, SVC represents Static Var Compensator; 𝑄𝑠𝑣𝑐,𝑚𝑖𝑛
𝑡 , 𝑄𝑠𝑣𝑐

𝑡 , and 𝑄𝑠𝑣𝑐,𝑚𝑎𝑥
𝑡  

respectively denote the lower limit, output, and upper limit of reactive power output of 

the Static Var Compensator in period (t). 

(4) Number of Switching Actions Constraint for Parallel Capacitor Units 

 𝑁𝑆𝐶,𝑚𝑖𝑛
𝑡 ≤ 𝑁𝑆𝐶

𝑡 ≤ 𝑁𝑆𝐶,𝑚𝑎𝑥
𝑡  (6.11) 

In this context, SC represents the parallel capacitor unit group; (𝑁𝑆𝐶
𝑡  represents the 

number of parallel capacitor units switched on in period (t); (𝑁𝑆𝐶,𝑚𝑖𝑛
𝑡 ) and (𝑁𝑆𝐶,𝑚𝑎𝑥

𝑡 ) 

respectively represent the lower and upper limits of the number of parallel capacitor 

units switched on in period (t). 

(5) Topological Structure Constraint of Distribution Network with Distributed 

Energy Resources 

 ℎ𝑡 ∈ 𝐻𝑡 (6.12) 

In this context, (ℎ𝑡 ) and (𝐻𝑡 ) respectively represent the topological structure of the 

distribution network after network reconfiguration in period (t) and the set of 

topological structures of the distribution network that satisfy radial operation. 

(6) Switching Operation Count Constraint 
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 ∑ 𝑁𝑆
𝑡𝑇

𝑡=1 ≤ 𝑁𝑆,𝑚𝑎𝑥 (6.13) 

In this context, (T) is an optimization period; (𝑁𝑆
𝑡) represents the number of switching 

actions in period (t); (𝑁𝑆,𝑚𝑎𝑥) represents the upper limit of the number of switching 

actions within one optimization period. 

By integrating the objective function and constraints of the dynamic 

comprehensive optimization model of distribution networks with distributed energy 

resources established in this chapter, the specific mathematical model is obtained as 

follows: 

{
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

𝑚𝑖𝑛

{
 
 
 
 

 
 
 
 
𝐹𝑐𝑜𝑠𝑡 = ∑ 𝐸𝑐𝑜𝑠𝑡

𝑡𝑇
𝑡=1

𝐹𝑙𝑜𝑠𝑠 = ∑ 𝑃𝑙𝑜𝑠𝑠
𝑡𝑇

𝑡=1

𝐹𝑑𝑒𝑣 = ∑ 𝑉𝑑𝑒𝑣
𝑡𝑇

𝑡=1

𝐸𝑐𝑜𝑠𝑡
𝑡 = 𝐶𝑎 ∑ 𝑃𝑡,𝑙𝑜𝑠𝑠

𝑘𝑁𝑏
𝑘=1 + 𝐶𝑏𝑁𝑆

𝑡 + 𝐶𝑒
𝑡(𝑃𝑙𝑜𝑎𝑑

𝑡 − 𝑃𝐷𝐺
𝑡 ) + 𝐶𝑠𝑁𝑆

𝑡 + 𝑃 × ∑ 𝑄𝑗
𝑡𝐶𝑗

𝑁𝐶
𝑗=1

𝑃𝑙𝑜𝑠𝑠
𝑡 = ∑ 𝑅𝑘

𝑃𝑘,𝑡
2 +𝑄𝑘,𝑡

2

𝑈𝑘,𝑡
2

𝑁𝑏
𝑘=1

𝑉𝑑𝑒𝑣
𝑡 = (

1

𝑁𝑛
∑ |𝑈𝑖,𝑡

2 − 𝑈𝑟
2|

𝑁𝑛
𝑖=1 )

𝑠. 𝑡.

{
 
 
 
 

 
 
 
 
𝑃𝑖
𝑡 + 𝑃𝑤𝑡,𝑖

𝑡 + 𝑃𝑝𝑣,𝑖
𝑡 = 𝑃𝑙𝑜𝑎𝑑,𝑖

𝑡 + 𝑈𝑖
𝑡 ∑ 𝑈𝑗

𝑡(𝐺𝑖𝑗 𝑐𝑜𝑠 𝜃𝑖𝑗
𝑛
𝑗=1 + 𝐵𝑖𝑗 𝑠𝑖𝑛 𝜃𝑖𝑗)

𝑄𝑖
𝑡 + 𝑄𝑤𝑡,𝑖

𝑡 + 𝑄𝑝𝑣,𝑖
𝑡 = 𝑄𝑙𝑜𝑎𝑑,𝑖

𝑡 + 𝑈𝑖
𝑡 ∑ 𝑈𝑗

𝑡(𝐺𝑖𝑗 𝑠𝑖𝑛 𝜃𝑖𝑗 − 𝐵𝑖𝑗 𝑐𝑜𝑠 𝜃𝑖𝑗
𝑛
𝑗=1 ) 

ℎ𝑡 ∈ 𝐻𝑡
𝑈𝑖,𝑚𝑖𝑛
𝑡 ≤ 𝑈𝑖

𝑡 ≤ 𝑈𝑖,𝑚𝑎𝑥
𝑡

𝑄𝑠𝑣𝑐,𝑚𝑖𝑛
𝑡 ≤ 𝑄𝑠𝑣𝑐

𝑡 ≤ 𝑄𝑠𝑣𝑐,𝑚𝑎𝑥
𝑡

𝑁𝑆𝐶,𝑚𝑖𝑛
𝑡 ≤ 𝑁𝑆𝐶

𝑡 ≤ 𝑁𝑆𝐶,𝑚𝑎𝑥
𝑡

∑ 𝑁𝑆
𝑡𝑇

𝑡=1 ≤ 𝑁𝑆,𝑚𝑎𝑥

   

 

                    (6.14) 

In this context, the specific parameters for the economic cost objective function 

(𝐹𝑐𝑜𝑠𝑡 ), active power loss objective function (𝐹𝑙𝑜𝑠𝑠 ), and node voltage deviation 

objective function (𝐹𝑑𝑒𝑣 ) can be found in equations (6.1) to (6.7), and the specific 

parameters for the constraints can be found in equations (6.8) to (6.13) and thus 

resulting in the overall minimization problem of (6.14). 

6.2 Design of Dynamic Optimization Model Solution by using 

Time-Segment Division method  

Dynamic comprehensive optimization of distribution networks with distributed 

energy resources must consider constraints on the number of switching actions to 

maintain system stability and prolong the lifespan of switchgear[131][125]. 
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6.2.1 Time-Segment Method Based on Euclidean Distance 

Frequent switching actions in distribution networks can accelerate switchgear aging 

and jeopardize system stability [120].Segmenting time periods offers a solution by 

reducing the number of optimizations through period merging, thereby decreasing the 

frequency of switching actions in the distribution network and improving operational 

stability and economic efficiency[134].This chapter proposes a novel time period 

segmentation method based on Euclidean distance for dynamic segmentation of 

optimization periods. The objective here is to effectively manage switching actions 

while optimizing operational performance and economic benefits[135][136].  

(1) Fundamental Concept of Euclidean Distance  

Euclidean distance, also known as Euclidean metric, is a commonly used distance 

definition that refers to the actual distance between two points in Euclidean space. In 

three-dimensional space, the Euclidean distance between two points is the straight-line 

distance between them. The formula for calculating the Euclidean distance between two 

points in three-dimensional space is: 

 𝐷𝐴,𝐵 = √(𝑎1 − 𝑏1)2 + (𝑎2 − 𝑏2)2 + (𝑎3 − 𝑏3)2 (6.15) 

In this context, 𝐷𝐴,𝐵 is the Euclidean distance between point A and point B; the spatial 

coordinates of point A are (𝑎1 , 𝑎2 , 𝑎3 ); and the spatial coordinates of point B are   

(𝑏1, 𝑏2, 𝑏3). 

Generalizing to n-dimensional space, the formula for calculating the Euclidean 

distance between two points has been given by: 

 𝐷𝐶,𝐷 = √∑ (𝑐𝑖 − 𝑑𝑖)2
𝑛
𝑖=1  (6.16) 

In this context, 𝐷𝐶,𝐷 is the Euclidean distance between point C and point D; the spatial 

coordinates of point C are (𝑐1, 𝑐2, ..., 𝑐𝑛); and the spatial coordinates of point D are 

(𝑑1, 𝑑2, ...,𝑑𝑛). 

(2) Procedure of Time Period Segmentation Method Based on Euclidean Distance 

In dynamic comprehensive optimization, the initial state of the system in the next 

time period is the optimization result of the previous time period, indicating coupling 

between different time sections. Without time period segmentation, conducting 

comprehensive optimization in each time period would require continuous switching 

actions, which can accelerate equipment aging. Therefore, this chapter proposes a time 

period segmentation method based on Euclidean distance to dynamically segment 

optimization periods and reduce the number of switching actions. The time period 

segmentation method based on Euclidean distance merges two adjacent time periods 

with target function deviations within a certain range, effectively reducing the number 

of switching actions and improving optimization efficiency. 

The specific steps of the time period segmentation method based on Euclidean 
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distance proposed in this chapter are as follows:  

Step 1: Normalize the objective function values obtained from the given model. 

Since the dynamic comprehensive optimization model includes three objective 

functions: economic cost, voltage deviation, and power loss, and the values of each 

objective function are not on the same scale, in order to eliminate the influence of 

different scales, normalize the values of each objective function. The expression for 

normalizing each objective function is defined as: 

 

{
 
 

 
 𝑍𝑐𝑜𝑠𝑡

𝑡 =
𝐹𝑐𝑜𝑠𝑡
𝑡

𝑓𝑐𝑜𝑠𝑡,𝑜
𝑡

𝑍𝑙𝑜𝑠𝑠
𝑡 =

𝐹𝑙𝑜𝑠𝑠
𝑡

𝑓𝑙𝑜𝑠𝑠,𝑜
𝑡

𝑍𝑑𝑒𝑣
𝑡 =

𝐹𝑑𝑒𝑣
𝑡

𝑓𝑑𝑒𝑣,𝑜
𝑡

 (6.17) 

In this context, (𝑍𝑐𝑜𝑠𝑡
𝑡  ), (𝑍𝑙𝑜𝑠𝑠

𝑡  ), and (𝑍𝑑𝑒𝑣
𝑡  ) respectively represent the normalized 

economic cost, active power loss, and node voltage deviation of the distribution 

network in time period t;𝐶𝑡̂ ,𝑃𝑡̂, and 𝑉𝑡̂ respectively represent the economic cost, active 

power loss, and node voltage deviation of the distribution network after dynamic 

comprehensive optimization with distributed generation in time period t; 𝐶𝑡,𝑃𝑡, and 𝑉𝑡 

respectively represent the economic cost, active power loss, and node voltage deviation 

of the distribution network in time period t without optimization. 

These equations serve to normalize the values of economic cost, active power loss, 

and node voltage deviation by dividing the observed values by a function of these 

values with respect to some optimization objective at a given time. This normalization 

allows for a standardized comparison over time or between different scenarios, such as 

before and after the application of dynamic comprehensive optimization with 

distributed generation. 

Step 2: Calculate the Euclidean distance (𝐷𝑡,𝑡−1) between the normalized objective 

functions of time period t and time period t-1, with the following mathematical 

expression: 

 𝐷𝑡,𝑡−1 = √(𝑍𝑐𝑜𝑠𝑡
𝑡 − 𝑍𝑐𝑜𝑠𝑡

𝑡−1 )2 + (𝑍𝑙𝑜𝑠𝑠
𝑡 − 𝑍𝑙𝑜𝑠𝑠

𝑡−1)2 + (𝑍𝑑𝑒𝑣
𝑡 − 𝑍𝑑𝑒𝑣

𝑡−1)2 (6.18) 

In this context,𝐷𝑡,𝑡−1  represents the Euclidean distance between the normalized 

objective functions of time periods t and t-1; ( 𝐶𝑡̅−1 and 𝐶𝑡̅) denote the normalized 

economic costs for time  periods t-1 and t, respectively; ( 𝑃̅𝑡−1 and 𝑃̅𝑡) represent the 

normalized active power loss of the distribution network in time period t-1 and time 

period t, respectively; ( 𝑉̅𝑡−1 and 𝑉̅𝑡) represent the normalized node voltage deviations 

of the distribution network in time period t-1 and time period t, respectively. 

Step 3: Set a threshold value 𝐷𝑚𝑎𝑥 for the Euclidean distance of the objective 

functions and segment the time periods based on the comparison between 𝐷𝑡,𝑡−1 and 
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𝐷𝑚𝑎𝑥. The specific segmentation method is as follows: 

1) When (𝐷𝑡,𝑡−1 < 𝐷𝑚𝑎𝑥 ), it indicates that the variation between the objective 

function values of time period t and time period t-1 is within the specified range. In this 

case, merge time period t with time period t-1, and optimization result for the merged 

period is based on the more recent period (t). 

2) When (𝐷𝑡,𝑡−1   𝐷𝑚𝑎𝑥 ), it indicates that the variation between the objective 

function values of time period t and time period t-1 exceeds the specified range. In this 

case, we do not merge time period t with time period t-1, and keep the optimization 

results of time period t and time period t-1 separately. 

Step 4: Check if the total number of switching actions in the distribution network 

satisfies the constraints. If the constraints are not satisfied, dynamically adjust the 

threshold value (𝐷𝑚𝑎𝑥) by setting (𝐷𝑚𝑎𝑥= 𝐷𝑚𝑎𝑥+ 0.1), and then re-optimize the system. 

If the constraints are satisfied, output the optimized solutions for each time period after 

segmentation, including the set of switches to be turned off in each time period and the 

reactive power compensation scheme for each time period. 

6.2 Dynamic Optimization via Time-Segment Division 

This chapter builds a dynamic comprehensive optimization test system based on 

the IEEE 69-node system, and conducts comprehensive optimization for the next day 

with a time interval of 1 hour. 

6.2.1 Dynamic Optimization Test System Design with Wind and Solar  

The system has included the Static Var Compensator (SVC), Shunt Capacitor (SC) 

banks, Photovoltaic (PV) stations, and Wind Turbine (WT) generator units. The total 

load, base capacity, and base voltage of the test system are 3802.2+j2694.6 kVA, 10 

MVA, and 12.66 kV, respectively. The initial system has 73 branches, including 5 tie-

switch branches and 68 breaker branches, with a total of 69 nodes numbered from 1 to 

69. The distribution network operates in an open-loop state and functions as a radial 

distribution network during normal operation. The installation locations and capacities 

of various distributed energy resources are shown in Table 6.1. 

表 6.1 各分布式发电的安装地点和容量 

Table 6.1 Installation location and capacity of each distributed generation 

Type 
Installation 

location 

Installed capacity 

(MW) 
Power factor Control method 

WT Node 64 0.5 0.9（lag） Constant PF control 

PV1 Node 38 0.5 0.85（lag） Constant PF control 

PV2 Node 53 0.5 0.85（lag） Constant PF control 
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The topological structure of the dynamic comprehensive optimization test system 

is shown in Figure 6.1, including the connection of distributed energy sources and 

reactive power compensation devices.  
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图 6.1 动态综合优化测试系统拓扑图 

Figure 6.1 Topology diagram of dynamic integrated optimization test system 

From Figure 6.1, it can be seen that the system has a total of 73 branches. The 

dashed lines in the figure represent tie-switch branches, with a total of 5 tie-switch 

branches.  

During normal operation, the tie-switch branches are in the open state to ensure the 

radial operation of the distribution network. Node 1 is the balance node, nodes 38 and 

53 have Photovoltaic (PV) connections, and node 64 has a Wind Turbine (WT) 

generator unit connection. Node 46 is equipped with a Static Var Compensator (SVC) 

with a reactive power output limit of 0.5 MVAr and a regulation accuracy of 0.01 MVar. 

Nodes 27 and 50 are installed with Shunt Capacitor banks (SC1 and SC2), each with a 

rated capacity of 0.02 MVar and a maximum number of units that can be switched on 

is 50. 

Additionally, following the reference[138], the system parameters include energy 

loss cost coefficient Ca = $10/kW, Static Var Compensator unit investment cost Cd = 

$12.5/kVar, breaker operation cost Cb = $5/time, and Shunt Capacitor bank unit 

switching cost CS = $3/unit. The service life of the SVC is set to 15 years, the 

investment recovery rate is 0.06, and the maximum number of breaker operations for 

the dynamic comprehensive optimization test system is set at 30 times. The base voltage 

of the system is 12.66 kV, aiming for high-quality power supply. The upper voltage 

limit at each node during different time periods is set to 1.05p.u., while the lower 
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voltage limit is set to 0.95p.u. The initial value of the objective function Euclidean 

distance threshold 𝐷𝑚𝑎𝑥 in the time period division is set to 0.1, and the convergence 

precision of the power flow calculation is set to 10-6. The active load of the system in 

different time periods is illustrated in Figure 6.2. 

 

图 6.2 各时段系统的有功负载 

Figure 6.2 Active load of the system for each time period 

The output power of the wind turbine is derived from the power prediction of wind 

power generation. Meteorological indicators such as wind speed and wind direction are 

set as input variables for the prediction model, while the output variable is set as the 

output power of wind power generation. After normalizing all research data and training 

all prediction models using wind power generation training data, the models are tested 

using test data. Following the testing, the power prediction values outputs by all 

prediction models are recorded, and an output power prediction curve is plotted. The 

relative error between the calculated prediction values and the actual values is 

computed, and a curve of the relative errors is plotted. 

The wind power generation power prediction during winter is shown in Figure 6.3 

In winter, five hybrid prediction models (MOFSVR, JSSVR, WOASVR, GASVR, and 

PSOSVR) are used for wind power generation output power prediction. The figure 

shows the true values of the output power as well as the predicted values obtained from 

the models. 

From Figure 6.3, it can be observed that none of the five hybrid models completely 

fit the true values in the interval of 0:00-4:00. However, it can still be seen that the 

deviation of the prediction curves for the MOFSVR and JSSVR models is smaller. In 

the interval of 4:00-12:00, the prediction curves of the MOFSVR and JSSVR models 

are closer to the true values at the peak. In the interval of 12:00-16:00, the GASVR and 

PSOSVR models exhibit larger deviations at some sample points. From the local 
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magnification in the interval of 20:00-24:00, it can be observed that the MOFSVR 

model fits better with the true value curve, while the PSOSVR model deviates further 

from the true values. 

Combining the above figure 6.3, it is not apparent to distinguish the differences in 

prediction performance among the models. Therefore, further verification using relative 

errors is necessary. 

 

图 6.3 混合预测模型在冬季的预测结果 

Figure 6.3 Prediction results of hybrid prediction models in winter 

In figure 6.3, whether in spring or winter, compared to the 7 contrast models, the 

error between the predicted values and the true values of the proposed MOFSVR model 

is the smallest, demonstrating optimal predictive performance and good prediction 

accuracy. This proves that the proposed MOFSVR model is more suitable for wind 

power generation power prediction in different scenarios. 

6.2.2 Performance Analysis of Multi-Objective Optimization Algorithm 

The system economic cost ( 𝐹𝑐𝑜𝑠𝑡), active power loss ( 𝐹𝑙𝑜𝑠𝑠), and node voltage 

deviation (  𝐹𝑑𝑒𝑣 ) obtained by each algorithm for solving the dynamic integrated 

optimization model are shown in Table 6.2, with the optimal values for each indicator 

highlighted in bold font. 

表 6.2 各算法对动态综合优化模型的求解结果 

Table 6.2 The solution results of the dynamic integrated optimization model obtained by each 

algorithm 

Objective 

function 

Multi-objective optimization algorithm 

MOMVO NSMFO NSGA-II MOFSA 

 𝐹𝑐𝑜𝑠𝑡  ($) 2.1129×104 2.1659×104 2.0328×104 2.0326×104 

 𝐹𝑙𝑜𝑠𝑠  (kW) 6.8523×102 6.2154×102 6.4257×102 6.0597×102 

 𝐹𝑑𝑒𝑣  (p.u.) 0.2467 0.2612 0.2567 0.2697 
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As can be seen from Table 6.2 compared to other algorithms, the MOFSA 

algorithm achieves the lowest economic cost and active power loss, which are $20,326 

and 605.97 kW respectively. This represents a reduction of up to 6.15% and 11.6% 

compared to the highest figures among other algorithms. In terms of power quality, the 

MOMVO algorithm results in the lowest node voltage deviation, at 0.2467 p.u. The 

node voltage deviation obtained by the MOFSA algorithm is 0.2697 p.u., slightly higher 

than that of the MOMVO algorithm, with an increase of 0.023 p.u. However, the 

economic cost and active power loss solved by the MOFSA algorithm are significantly 

lower than those of the MOMVO algorithm, reduced by $803 and 79.26 kW 

respectively. This indicates that the optimization scheme obtained by the MOFSA 

algorithm can maximize system energy efficiency and economic benefits while 

ensuring the quality of electric power. The power losses of the system at different times 

obtained by the different algorithms are shown in Figure 6.4.  

 

图 6.4 不同算法得出的各时段系统功率损耗 

Figure 6.4 System power loss for each time period obtained by different algorithms 

As can be seen from Figure 6.4, between 1 AM and 10 AM, the active power loss 

of the system obtained by the MOFSA algorithm is significantly lower than that of other 

algorithms, with the maximum difference reaching 9.62 kW. From 11 AM to 4 PM, the 

difference in active power loss between the MOFSA algorithm and other algorithms is 

smaller, but it remains the lowest. During other periods, the active power loss obtained 

by the MOFSA algorithm is slightly higher than that of other algorithms, but the 

difference is small. Furthermore, throughout the entire optimization period, compared 

to other algorithms, the total active power loss of the system obtained by the MOFSA 

algorithm is the lowest, indicating that the optimization scheme obtained by the 

MOFSA is the most competitive in improving the energy efficiency of the system. 

6.2.3 Analysis of Dynamic Optimization Model with Time-Segment 

Division 

This section has constructed the four scenarios to compare and verify the 
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effectiveness of the proposed dynamic comprehensive optimization model. The specific 

settings for each scenario have been defined as follows:  

Scenario 1: The system has stayed in its initial state, not optimized, including the 

normal operation of the distributed power supply in distribution network.  

Scenario 2: Involved the dynamic restructuring and time period division of the 

distributed power supply distribution network. 

Scenario 3: Involved both the reactive power compensation and time period 

division of the distributed power supply in distribution network; 

   Scenario 4: Combined the dynamic restructuring and reactive power compensation, 

using the dynamic comprehensive optimization model proposed in this chapter for 

optimization and time period division. Based on the previous validation of the 

effectiveness and advancement of the MOFSA algorithm in solving the dynamic 

comprehensive optimization model, this section has used the MOFSA algorithm to 

solve for each scenario. The 24-hour active power loss  𝐹𝑙𝑜𝑠𝑠 , node voltage 

deviation 𝐹𝑑𝑒𝑣 and economic cost  𝐹𝑐𝑜𝑠𝑡 for each scenario were shown in Table 6.3  

表 6.3 各方案的 24 小时功率损耗、电压偏差和经济成本 

Table 6.3 The 24-hour power loss, voltage deviation and economic cost of each scenario 

Scenario  𝐹𝑙𝑜𝑠𝑠(kW)  𝐹𝑑𝑒𝑣(p.u.)  𝐹𝑐𝑜𝑠𝑡($) 

Scenario 1 3.1372×103 0.9668 3.9423×104 

Scenario 2 8.2774×102 0.4444 1.6458×104 

Scenario 3 2.0701×103 0.5398 3.2595×104 

Scenario 4 6.0597×102 0.2697 2.0326×104 

From Table 6.3, it is apparent that the data which has been bolded represents the 

optimal values of various objective functions. Compared to Scenario 1, where no 

optimization was performed, in Scenario 2, which only involved dynamic restructuring, 

the power loss, voltage deviation, and economic cost were reduced by 73.62%, 54.03%, 

and 58.25%, respectively. Scenario 2 has the lowest economic cost indicator among all 

scenarios, indicating that solely performing dynamic restructuring, without considering 

the investment cost of reactive power compensation devices, can significantly reduce 

economic costs, though there is still considerable room for improvement in active 

power loss and node voltage deviation. Compared to Scenario 1, Scenario 3, which only 

involved reactive power compensation, saw reductions in active power loss, node 

voltage deviation, and economic cost by 34.01%, 44.17%, and 17.32%, respectively.  

The objective function of Scenario 3 did not achieve the optimal value in any 

scenario, indicating that solely performing reactive power compensation can still 

enhance the system's economic benefits, energy efficiency, and power quality. 

Compared to Scenario 1, Scenario 4 combines dynamic restructuring with reactive 
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power compensation for dynamic comprehensive optimization, reducing active power 

loss, node voltage deviation, and economic cost by 80.68%, 72.10%, and 48.44%, 

respectively. Among all scenarios, Scenario 4 has the lowest active power loss and node 

voltage deviation, at 6.0597×102 kW and 0.2697 p.u. respectively. The economic cost 

of Scenario 4, at 2.0326×104 $, is only higher than that of Scenario 2 and shows a 

reduction of 26.79% and 39.31% in active power loss and node voltage deviation, 

respectively, compared to Scenario 2. Compared to only performing dynamic 

restructuring in Scenario 2 and only reactive power compensation in Scenario 3, 

combining both strategies in Scenario 4 for dynamic comprehensive optimization 

results in the highest reductions in economic cost, node voltage deviation, and power 

loss by 37.64%, 50.04%, and 70.73%, respectively. This demonstrates that adopting a 

dynamic comprehensive optimization model for optimization can significantly improve 

the system's energy efficiency and power quality while ensuring economic benefits, 

thereby verifying the effectiveness of the proposed model. 

6.2.4 Analysis of Time-Segment Division Method Using Euclidean 

Distance 

To verify the effectiveness of the proposed time-segmentation method based on 

Euclidean distance, this section sets up two models for comparative analysis: 

Model A: A dynamic integrated optimization model for distributed generation 

power distribution networks without time segmentation. 

Model B: A dynamic integrated optimization model for distributed generation 

power distribution networks with time segmentation using the proposed method based 

on Euclidean distance. 

The dynamic integrated optimization without time segmentation refers to 

optimizing each time period of the power distribution network without considering the 

constraints on the number of switch operations, and solving for the optimization scheme 

of each time period in the power distribution network through the MOFSA algorithm. 

Using this as a baseline, the extent of improvement in the number of switch operations, 

power loss, node voltage deviation, and economic cost by employing the time 

segmentation method in the power distribution network is analyzed comparatively. 

Moreover, given the previous verification of the MOFSA algorithm's effectiveness and 

advancement in solving the dynamic integrated optimization model for distributed 

generation power distribution networks, the MOFSA algorithm is used to solve both 

comparative analysis models A and B. 

To compare the improvement levels of the optimization solutions obtained from 

the two models in terms of economic benefits, energy efficiency, power quality, and 

reduction in the number of switch operations, Table 6.4 displays the economic cost 



河北工业大学博士学位论文 

DOCTORAL DISSERTATION OF HEBEI UNIVERSITY OF TECHNOLOGY 

- 94 - 

 𝐹𝑐𝑜𝑠𝑡, active power loss  𝐹𝑙𝑜𝑠𝑠, node voltage deviation 𝐹𝑑𝑒𝑣, and the number of switch 

operations NS for each model solution, with the optimal values of each indicator being 

highlighted in bold. 

表 6.4 各模型的求解结果 

Table 6.4 Each model solving results 

Objective Function 
Optimization 

Model A Model B 

NS (times) 94 20 

 𝐹𝑐𝑜𝑠𝑡($) 2.2031×104 2.0326×104 

 𝐹𝑙𝑜𝑠𝑠 (kW) 6.3624×102 6.0597×102 

 𝐹𝑑𝑒𝑣  (p.u.) 2.5186×10-1 2.6972×10-1 

As shown in Table 6.4, compared to Model A, Model B has the lowest number of 

switch operations, economic cost, and active power loss, with reductions of 78.72%, 

7.74%, and 4.76% respectively. The node voltage deviation obtained by Model B is 

increased by 1.786×10-2 p.u. compared to Model A. However, although the node 

voltage deviation of Model B has increased by 7.09% compared to Model A, all other 

indicators are significantly better than those of Model A. Specifically, the number of 

switch operations obtained by Model B is only 20 times, which is 74 times less than 

that of Model A, with a reduction rate of 78.72%. This indicates that the time division 

method based on Euclidean distance can effectively reduce the number of system switch 

operations while ensuring the system's economic cost, energy efficiency, and power 

quality, thus verifying the effectiveness of the proposed time period division method. 

6.3 Summary  

This chapter builds upon the static comprehensive optimization model, taking into 

account factors such as the coupling between different time sections and the number of 

switch operations, and combines dynamic restructuring and reactive power 

compensation as optimization approaches. It establishes a dynamic comprehensive 

optimization model for distributed generation in distribution networks and solves it 

using the Hybrid search strategy-based firefly Algorithm (MOFSA) proposed in 

Chapter 3. Additionally, to address the issue of frequent switching operations in the 

distribution network, a time-period segmentation method based on Euclidean distance 

is proposed to dynamically adjust the system optimization periods, thereby reducing 

the number of switch operations. The effectiveness of the proposed time-period 

segmentation method, the established dynamic comprehensive optimization model, and 

the proposed solution algorithm are verified through a test system, with the following 

specific summaries: 
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(1) Based on the static comprehensive optimization model, considering the 

coupling between different time sections and constraints on the number of switch 

operations, with the goal of minimizing the economic cost of the distribution network, 

node voltage deviation, and power loss, and combining dynamic restructuring and 

reactive power compensation as optimization methods, a dynamic comprehensive 

optimization model for a distribution network with distributed generation is established. 

The model is solved using the MOFSA algorithm proposed in Chapter 3. Results show 

that compared to the NSGA-II, MOMVO, and NSMFO algorithms, the MOFSA 

algorithm achieves the most competitive optimization scheme, reducing the system's 

economic cost and active power loss by up to 6.15% and 11.6% respectively, proving 

the effectiveness and advancement of the MOFSA algorithm in solving dynamic 

comprehensive optimization models. 

(2) Four comparative scenarios were designed, and the effectiveness of the 

established model was verified in a test system. Results indicate that compared to other 

scenarios, the dynamic comprehensive optimization model that combines dynamic 

restructuring and reactive power compensation achieves the lowest node voltage 

deviation and active power loss, at 0.2697 p.u. and 6.0597×102 kW respectively. 

Moreover, compared to just dynamic restructuring or reactive power compensation 

alone, the combined dynamic comprehensive optimization model reduces active power 

loss, node voltage deviation, and economic cost by up to 70.73%, 50.04% and 37.64% 

respectively. This demonstrates that optimizing with the model established in this 

chapter can significantly improve system energy efficiency and power quality while 

ensuring economic benefits, verifying the effectiveness of the established model. 

(3) A time-period segmentation method based on Euclidean distance is proposed, 

which dynamically segments optimization periods under the constraint of the number 

of switch operations. Test results show that compared to not segmenting time periods, 

optimizing with the proposed time-period segmentation method achieves the lowest 

number of switch operations, economic cost, and active power loss, reducing them by 

78.72%, 7.74%, and 4.76% respectively. Specifically, the number of switch operations 

in the distribution network is reduced from 94 to 20, a reduction of 74 operations, 

representing a decrease of 78.72%, proving the effectiveness of the proposed time-

period segmentation method. 
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Chapter 7 Conclusions, innovations and outlook 
 

7.1 Conclusion 

This thesis was focused on the integration challenges of distributed power sources 

within the power grid, with the aim of enhancing power quality, economic efficiency, 

and energy efficiency. The combined optimization methods of network reconfiguration 

and reactive power compensation were explored, models for wind turbine output and 

photovoltaic power plants were developed, and intelligent algorithms capable of 

solving complex multi-objective, multi-variable, non-linear optimization problems 

were formulated. Through example analysis, the effectiveness of these algorithms, 

models, and time division methods was demonstrated, also considering the integration 

of energy storage units to assist in electricity generation and grid connection. The key 

results and conclusions from this investigation are as follows: 

(1) Development of the MOFSA Algorithm: A Mixed-Strategy-Based Multi-

Objective Firefly Search Algorithm (MOFSA) was introduced to overcome the 

limitations of conventional firefly algorithms, particularly in multi-objective 

optimization. This algorithm was enhanced to improve solution distribution, facilitate 

escape from local optima, increase population diversity, and strengthen search 

capability through strategic improvements such as third-order chaotic mapping, Cauchy 

variation, stochastic perturbation, and a nonlinearly decreasing population proportion 

factor. It incorporated a non-dominated ordering mechanism and an external archiving 

mechanism for effective multi-objective optimization.  

(2) Performance Evaluation of the MOFSA Algorithm: The MOFSA algorithm 

was validated against other multi-objective optimization algorithms across six test 

functions, displaying superior hypervolume indexes of 0.662, 0.329, 0.526, 0.323, 

0.386, and 0.225. This performance has illustrated its exceptional capability in 

generating solutions with broader and more uniform distribution, indicating its 

advancement and effectiveness.  

(3) Improvements in System Performance: The application of the MOFSA 

algorithm to a static integrated optimization model, which has combined network 

reconfiguration and reactive power compensation, resulted in significant advancements. 

The generated Pareto front was more comprehensive and uniformly distributed, 

achieving reductions in power loss and node voltage deviation by up to 3.6% and 22.7%, 

respectively. Through specific scenario analysis, the model demonstrated its efficacy 

by significantly reducing economic cost (11.39%), power loss (60.68%), and voltage 
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deviation (62.29%) compared to baseline measures.  

(4) Dynamic Optimization Model Advancements: The extension to a dynamic 

optimization model that has included time slot divisions was made, and the MOFSA 

algorithm proved to be highly competitive, reducing the system's economic cost and 

power loss by up to 6.15% and 11.6%, respectively. When compared to methods 

employing only dynamic reconfiguration or reactive power compensation, the 

integrated approach achieved greater reductions in economic cost, voltage deviation, 

and power loss by 37.64%, 50.04%, and 70.73%, respectively. The introduction of a 

time slot division method significantly reduced the number of switching operations by 

78.72%, from 94 to 20. 

The findings from this thesis affirmed the potential and effectiveness of the 

proposed optimization methods for enhancing the operation of power systems with 

distributed power sources. The research highlighted substantial improvements in 

system operations, economic efficiency, and energy utilization, offering robust 

evidence and insights for the development of future optimization strategies in economic 

power distribution power networks, thereby contributing valuable solutions to the 

existing challenges. 

7.2 Innovation Points 

Several innovative contributions to the field of distributed power systems were 

introduced in this thesis, focusing on optimizing their integration and management 

through advanced modeling and algorithmic solutions. The key innovations are as 

follows:  

(1) Development of the MOFSA Algorithm: The limitations of traditional firefly 

search algorithms, particularly their insufficient search capability and inability to 

handle multi-objective optimization, were addressed. A Multi-Objective Firefly Search 

Algorithm (MOFSA) employing a hybrid strategy was proposed to tackle the complex 

optimization challenges inherent in distributed power systems. 

(2) Static Comprehensive Optimization Model: A new model for the static 

comprehensive optimization of distributed power systems was developed. The MOFSA 

algorithm was applied to this model to identify optimal compromise solutions using the 

ideal solution similarity ranking technique. The effectiveness of both the algorithm and 

the model was validated through empirical testing, showcasing improvements in system 

performance.  

(3) Dynamic Comprehensive Optimization Model: A dynamic comprehensive 

optimization model was established, building upon the static model and incorporating 

dynamic reconfiguration and reactive power compensation. This model took into 
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account the practical constraints of switching actions and the interplay between 

different time sections, offering a more nuanced approach to system optimization. 

These innovations collectively contributed to the advancement of distributed 

power system optimization, providing new tools and strategies for improving the 

integration, management, and performance of these systems. 

7.3 Outlook 

This thesis presented the distributed power system as the research object and 

conducted research from the perspectives of model construction and algorithmic 

solutions, leading to the operation optimization of the distributed power system. The 

research aimed to improve the economic efficiency, energy efficiency, and power 

quality of the power system. However, there are still identified deficiencies that 

necessitate further research and improvement, as detailed below:  

(1) The static and dynamic integrated optimization models developed in this thesis 

were primarily intended for the grid connection of photovoltaic and wind power. It was 

acknowledged that the potential for grid connection of other types of renewable energy 

generation may be considered in future research.  

(2) The multi-objective firefly algorithm based on a hybrid strategy, proposed in 

this thesis, was recognized for its strong problem-solving capabilities. However, it was 

suggested that further improvements could enhance the convergence accuracy and 

solving efficiency of the algorithm, enabling it to address more complex power system 

optimization models. 

(3) In this thesis, the study of power system operation optimization was carried 

out under the condition of predetermined power output from distributed power sources. 

It was proposed that the next step could involve considering the stochastic nature of the 

power output of distributed power sources to improve the model's applicability.   
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