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Abstract 

Electrical distribution networks face many operational challenges as various renewable distributed 

generation (DG), such as solar photovoltaic (PV) systems and wind, become part of their structure. 

Unlike conventional distribution systems, where the only unpredictable aspect is the load level, 

the intermittent nature of DG poses additional uncertainty levels for distribution system operators 

(DSO). The voltage quality problem considers the most restrictive issue that hinders high DG 

integration into distribution grids. Voltage deviates from the nominal grid voltage limits due to the 

excess power from the DG. DSOs are accustomed to improving the voltage profile by optimal 

adjustments of the on-load tap changers, voltage regulator taps and capacitor banks. Nevertheless, 

due to the frequent variability of the output energy from DG, these devices may fail in doing the 

needful. 

Battery energy storage systems (BESS) and smart PV inverter functionalities are regarded as 

promising solutions to promote the seamless integration of renewable resources into distribution 

networks. BESS are utilized to store the surplus energy during the high penetration of renewable 

DG that causes high voltage levels and discharge the stored energy when the distribution grid is 

heavily loaded, which leads to the low voltage levels. Smart PV inverters regulate the network 

voltage by controlling the reactive power injection or absorption at the inverter end. This 

dissertation proposes a management strategy that coordinates BESS and smart PV inverter reactive 

power capability to improve voltage quality in the distribution systems with high PV and wind 

penetrations. 

The proposed management method is based on a bi-level optimization algorithm consisting of 

upper and lower optimization levels. The proposed method determines the optimal location, 

capacity, numbers and BESS charging and discharging rates to support the distribution system 



 

 

voltage and to ensure optimal deployment of BESS. Case studies are conducted to evaluate the 

proposed voltage control method. The large size PV system and wind turbine impacts are studied 

and simulated on the modified IEEE-34 bus test feeder. In addition, the proposed method is applied 

to the modified IEEE low voltage test feeder to investigate the effectiveness of installing 

residential rooftop PV systems on the distribution system's voltage. Experimental results show 

promising outcomes of the proposed method in controlling the distribution networks’ voltage.  

In addition, a day-ahead forecast of PV power output is developed in this dissertation to assist the 

DSOs to accurately predict the future amounts of PV energy available and reinforcing the decision-

making process of batteries operation. Hybrid forecasting models are proposed based on machine 

learning algorithms, which utilize support vector regression and backpropagation neural network, 

optimized with three metaheuristic optimization algorithms, namely Social Spider Optimization 

(𝑆𝑆𝑂), Particle Swarm Optimization (𝑃𝑆𝑂) and Cuckoo Search Optimization (𝐶𝑆𝑂). These 

algorithms are used to improve the predictive efficacy of the selected algorithms, where the 

optimal selection of their hyperparameters and architectures plays a significant role in yielding 

precise forecasting outcomes.  
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General Audience Abstract 

The need for more renewable energy has grown significantly, and many countries are embracing 

these technologies. However, the integration of distributed generation (DG), such as PV systems 

and wind turbines, poses several operational problems to the distribution system. The voltage 

problem represents the most significant issue that needs to be addressed. The traditional voltage 

control equipment may not cope with the rapid fluctuation and may impact their service life.    

The continuous developments in the battery energy storage systems (BESS) and the smart PV 

inverter technologies result in increasing the hosting capacity of DG. BESS can store the excess 

power from the distributed generators and supply this energy to the grid for different operational 

objectives. On the other hand, the advanced PV inverter's reactive power capability can be 

exploited from which the grid can attain many benefits. This dissertation aims at providing a 

reliable control method to the voltage profile in distribution networks embedded with high PV and 

wind energy by optimal coordination between the operation of the BESS and the smart PV inverter.  

In addition, the solar forecasting can mitigate the uncertainty associated with PV system 

generation. In this dissertation, the PV power forecasting application is applied in the distribution 

system to control the voltage. Through utilizing PV power forecasting, the decision-making for 

battery operation can be upheld and reinforced. The BESS can store the surplus energy from the 

PV system as needed and supply it back in low PV power incidents.  

Experimental results indicate that proper coordination between the BESS and smart PV inverter is 

beneficial for distribution system operation that can seamlessly integrate PV and wind energy.  
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Chapter 1: Introduction 

1.1 Background 

The increasing global demand for renewable distributed generation (DG), such as solar 

photovoltaic systems (PV) and wind, has expedited the pace of integrating these resources with 

electrical power grids. These resources are eco-friendly, inexhaustible and sustainable. Renewable 

energy resources have a significant impact on lowering electricity demand from fossil fuels 

globally; thus, many countries started to exploit these sources to cover their domestic loads at least 

partially. Since 2014 and for five consecutive years, the net annual addition power from renewable 

energy resources exceeds the net addition power from fossil fuel and nuclear power capacity 

combined, making such resources count for 27.3% of the global electricity generation, see Figure 

1.1 [1]. 

More than 200 GW was added in the power sector in 2019 from different renewable energy 

technologies increasing the global total to 2588 GW [1]. Figure 1.2 illustrates the annual addition 

contribution of renewable power capacity by each technology between 2013-2019. Figure 1.2 

shows that 115 GW of new PV capacity was added in 2019. This is 57% of the total capacity added 

that year. This technology is the leader in the new generation capacity. Wind power considered the 

second leading technology with around 60 GW or 30%, followed by hydropower with 16 GW or 

8%. The remaining 5% of the additional annual power came from bio-power, geothermal power 

and concentrating solar thermal power (CSP).   

 

Figure 1. 1 The net annual addition in power capacity from renewable energy resources and non-

renewable energy sources, 2009-2019 [1] 
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Figure 1. 2 The annual addition power capacity from different renewable energy technology 

between 2013-2019 [1] 

 

Solar PV and wind technology are considered the fastest in growth compared to all other renewable 

resources. Solar PV can be installed as large-scale centralized PV plants or distributed, such as 

rooftop PV systems. Whereas wind is usually in the form of a centralized onshore or offshore wind 

farm consists of groups of wind turbines. In 2019, one-fifth of the global renewable capacity was 

in the form of small to medium size solar PV panels deployed on residential or commercial 

building rooftops [2]. The installation of residential rooftop PV in the electrical distribution 

systems, for example, has been increasing globally driven by falling prices and government 

incentives [3]. The rooftop PV systems can assist not only in deferring the need for distribution 

network reinforcement but also in providing various ancillary services. Figure 1.3 shows the 

distribution system with DG.  

Nevertheless, several operational challenges encounter the distribution network operators (DSO) 

when different DG units become part of its structure. This primarily is due to the uncertain nature 

of such resources that leads to variation in their power generation.  
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Figure 1. 3 Smart distribution network 

 

1.2 Technical issues with increased penetration of DG 

The presence of the PV systems and wind, for instance, in the distribution networks brings about 

several shortcomings in voltage, frequency and protection system controls [4]. Some of the 

technical issues related to the DG penetration are as follows:  

- Reverse power  

In the conventional distribution network, the power flows in a unidirectional manner from the main 

feeder toward the end of the feeder lines and circuits and to the load. However, with the appearance 

of DG generation, the power flow direction may get reversed when the amount of DG energy 

production is higher than the load, causing acute operational problems in the distribution systems 

[5]. This new situation may affect the devices that are used to operate under unidirectional flow. 

To overcome the reverse power problem, these devices must be replaced by their bidirectional 

counterparts, which presents a financial burden.  
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- Protection 

The protection scheme is primarily affected by this bidirectional flow of power. The impacts on 

the protection in the distribution network appear in several forms, such as changing the distribution 

network short circuit current, changing the fault current level and changing the characteristic of 

the fault current [6]. For example, the fault protection relays cannot function properly in a radial 

distribution network when the bidirectional flow of power occurs [7].  

- Voltage issue 

The voltage violation issue (rise/dip) is considered one of the crucial issues associated with DG 

generation fluctuation when they are present in the distribution network. When the power coming 

from PV is higher than the customer load, this situation increases bus voltage. The voltage 

violation is not only a function in the PV generation but also is a function of the PV panel location 

and the network configuration. The straightforward solution is to upgrade the distribution network 

components with larger conductors and transformers [8]. However, this solution is costly.   

- System losses  

The installation of the PV systems and wind turbines in the distribution systems is to feed the 

network load and reduce the dependency on power supplied from the main feeder, which 

eventually minimizes the overall system losses. However, this situation changes with high 

penetration levels, where power starts to reverse and line current becomes higher than normal 

(without PV). This may cause an increase in network losses without proper controls [9].  

 

1.3 Motivation  

Among the above technical issues, the voltage quality problem is considered the most severe 

obstacle to the DSOs. According to [10,11], the voltage problem represents the most significant 

issue that must be controlled for efficient operation of the distribution systems with high DG 

penetrations. Unlike traditional passive distribution systems where load level is the only 

unpredictable element, DG integration poses additional uncertainty levels for the DSOs and 

utilities. Traditionally, DSOs are accustomed to bringing the voltage at every node in the system 

back to its acceptable limit by an optimal adjustment of on-load tap changers (OLTC), voltage 
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regulator (VR) taps and capacitor banks (CB). However, because of the DG's intermittent nature, 

these devices cannot react as fast as required. Hence, exploiting the DG integration in distribution 

systems without compromising the voltage stability of distribution systems is necessary to be 

investigated.   

Battery energy storage systems (BESS) and smart PV inverters are two potential solutions for 

controlling the voltage in distribution systems. The pace of embracing these technologies is 

growing, which motivates using them as voltage control devices. Combined Heat and Power 

(CHP), also known as a cogeneration system, is an energy technology that generates electricity 

and captures the produced heat. CHP is typically located close to the point of consumption where 

the need for electricity and thermal energy is high. CHP has been used efficiently for different 

applications, such as industrial, commercial and institutional, and may not be as efficient if 

employed outside these applications [12]. The feeder used in this dissertation is a residential feeder 

where only battery and PV units can be installed; thus, CHP is not an option in this model. If in 

the future any other researcher wants to include commercial buildings in the model, CHP may be 

an option to consider.  

Furthermore, as the distribution systems become more dynamic with the ongoing modifications in 

their structure, it becomes essential to reconsider the controlling strategies and analysis tools. The 

analysis of power systems with conventional approaches becomes challenging due to the 

complexity and the large amount of data to handle. In the past decade, intelligent algorithms have 

seen noticeable improvements in various aspects, including optimizations, machine learning, game 

theory, etc. The development of such contemporary techniques is to address engineering problems 

more effectively. Different engineering applications have been adapted with such algorithms. This 

provides a motivation to apply such modern approaches in this study to enhance the operation of 

distribution systems connected with DG.     

  

1.4 Dissertation objectives 

Therefore, the main objective of this dissertation is to mitigate the problem of voltage deviation in 

distribution systems with high penetrations of renewable resources, namely solar PV and wind. 

The proposed model is called the open architecture model, meaning that other sources can be added 
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if the user wants. In this dissertation, the voltage control is accomplished by developing a voltage 

management approach that coordinates the battery energy storage systems (BESS) and the smart 

PV inverter's reactive power capability. By utilizing the management strategy, this research aims 

at providing a reliable control method to the voltage profile in LV distribution networks embedded 

with high residential rooftop PV systems. In addition, this control algorithm would regulate the 

voltage in distribution systems where centralized large-size PV systems and wind turbines are 

connected. Considering the uncertainty associated with solar and wind generation, this study 

incorporates the day-ahead (24-hours in 1-hour intervals) solar PV forecast in the management 

process to prevent voltage problems in the distribution networks. Hence, the dissertation objectives 

are outlined as follows:    

Objective 1: Improving the voltage profile in a distribution system using battery energy storage 

systems 

In the LV-distribution network, for example, the PV active power affects the voltage profile more 

than the reactive power due to the higher resistance-to-reactance ratio (𝑅/𝑋). Limiting the active 

power to overcome the voltage problem may not be a feasible option. Instead, distributed BESS 

has a promising future in distribution systems. The incidence of high voltage levels usually occurs 

in the midday (off-peak period) when the active power from PVs exceeds the residential demand. 

In contrast, low voltage instants happen at night when the electricity demand is high compared to 

the PV power output. Therefore, the first objective is to use the BESS to improve the LV 

distribution networks’ voltage at the point of common coupling (PCC) with residential rooftop PV 

systems. Another objective is to use the BESS to improve the voltage in the MV distribution 

system with large PV systems and wind turbines.  

Objective 2: Developing a coordinated voltage control method between battery energy storage 

systems and the smart PV inverter’s reactive power capability 

In the distribution systems, the reactive power provided by the smart PV inverters can be employed 

as a controlling approach for the voltage profile. The smart PV inverters can be used when BESS 

cannot yield to the desired voltage regulation. The current distribution systems operation codes in 

many countries permit controlling the PV inverters outcomes that facilitate their roles as dynamic 

devices. Thus, the second objective is to coordinate the PV inverter’s reactive power injection or 
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absorption with BESS to manage the system voltage at the point of interconnections (POI) in the 

MV distribution systems. The study considers the BESS as the only controlling equipment in the 

LV distribution network, and the smart PV inverter functionality is not employed.   

Objective 3: Optimal daily charge/discharge of BESS  

Appropriate modeling of BESS is essential for attaining the required services from installing 

batteries in distribution systems. This dissertation's goal is to mitigate the voltage problem in the 

distribution systems. Thus, the third objective is to develop an optimization problem to dispatch 

the charging and discharging rates of each BESS, taking into consideration the BESS 

specifications. This objective is attained when the BESS store the excess energy from the DG at 

the incidence of high voltage magnitudes and supply the stored energy at the incidence of low 

voltage magnitudes. The 24-hours of BESS scheduling is solved by the linear programming (LP) 

optimization to attain the appropriate charging/discharging rates in response to the distribution 

system’s daily voltage signals.   

Objective 4: Determining the BESS characteristics 

The planning strategy of BESS depends mainly on their characteristics. They are significant to 

acquire the intended goals and justify the deployment of BESS in a distribution network. In 

addition, BESS characteristics are crucial for reliable operation of the distribution network; hence, 

obtaining the optimal capacity, number and site of each battery storage unit in the grid is the fourth 

objective of this study. The goal here is to analyze these factors and exhibit their influence on the 

grid, which is accomplished by developing the voltage management approach.   

Objective 5: Developing an optimal management approach to control voltage in distribution 

systems  

Reliable operations of distribution systems are guaranteed by the optimal coordination of the 

connected DG and the regulation devices. Therefore, the fifth objective is to develop a 

management strategy to control the voltage in the distribution systems by considering all 

distribution system elements. The modern artificial intelligence optimization algorithms facilitate 

many engineering problems due to their powerful capability in dealing with sophisticated 

scenarios. In this dissertation, a hybrid optimization algorithm is used to obtain the optimal sizing, 
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numbers, locations and daily (24-hours) charging/discharging scheduling of each BESS to control 

the grid’s voltage. This goal is acquired by developing a bi-level optimization algorithm where LP 

is embedded within the metaheuristic optimization algorithm. This research studies the 

performance of three optimization algorithms, namely Social Spider Optimization (SSO), Particle 

Swarm Optimization (PSO) and Cuckoo Search Optimization (CSO). The power flow is conducted 

by the Open Distribution System Simulator (OpenDSS), where the distribution systems are 

modeled. 

Objective 6: Developing hybrid forecasting models for solar PV  

Since the voltage level depends mainly on the amount of the unpredictable PV power outputs, such 

quantities are required to be forecasted and amalgamated with the proposed voltage mitigation 

approach. The operations of the voltage mitigation devices considered in this study, namely BESS 

and smart PV inverters, are scheduled a day ahead (24-hours in 1-hour intervals). Hence, the sixth 

objective is to develop a day-ahead hybrid forecasting model based on machine learning 

techniques. Artificial Neural networks (ANN) and Support Vector Regression (SVR) are used in 

this research work. To accomplish this objective, the historical PV power and weather data are 

used in the area in question: Riyadh city in Saudi Arabia. The data of the PV power is obtained 

from a PV unit placed at the rooftop of a mosque located in Riyadh city. The distribution systems 

load data are from a distribution system located in Riyadh city. Hence, the only data utilized from 

the mosque is the PV data without considering the load data of the mosque.   

1.5 Tasks  

Based on the objectives above, the following main tasks are highlighted and identified to be 

conducted in this study:   

Task 1: Develop a day-ahead solar PV forecasting model using hybrid forecasting methods  

▪ Collect real-time metrological weather data at the sites in question and apply the data 

preparation processes and the normalization technique.   

▪ Collect real-time PV power output at the sites in question and apply the data preparation 

processes and the normalization technique.   
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▪ Build the day ahead hybrid forecasting models 𝑆𝑉𝑅 and backpropagation neural network 

(𝐵𝑃𝑁𝑁) optimized by SSO (𝑆𝑆𝑂 − 𝑆𝑉𝑅)/(𝑆𝑆𝑂 − 𝐵𝑃𝑁𝑁), PSO (𝑃𝑆𝑂 − 𝑆𝑉𝑅)/(𝑃𝑆𝑂 −

𝐵𝑃𝑁𝑁) and by CSO (𝐶𝑆𝑂 − 𝑆𝑉𝑅)/ (𝐶𝑆𝑂 − 𝐵𝑃𝑁𝑁).  

▪ Evaluate the accuracy of each of the forecasting models.  

▪ Evaluate the performance of the metaheuristic optimization algorithms. 

▪ Compare the performance of the developed forecasting models and select the best model.  

Task 2: Formulate the BESS charging/discharging optimization problem.  

▪ Formulate a minimization optimization problem using LP to represent the behavior of the 

battery in response to the day-ahead distribution system voltage signal. The LP represents 

the lower-level optimization of the main algorithm.  

Task 3: Develop the test-bed systems to simulate the behavior of the distribution systems. 

▪ Develop the modified IEEE-34-bus systems and the modified Low Voltage Test Feeder 

using the OpenDSS.  

▪ Exchange the decision variables through the component object model (COM) interface 

between OpenDSS and MATLAB software.  

Task 4: Develop the proposed voltage regulation strategy consisting of bi-level optimization 

algorithms. 

▪ Develop the metaheuristic optimization algorithms, Social Spider Optimization (SSO), 

Particle Swarm Optimization (PSO) and Cuckoo Search Optimization (CSO). These 

algorithms represent the upper-level optimization of the main algorithm.  

▪ Identify the decision variables to be optimized.  

▪ Incorporate the forecasting model, charging/discharging optimization problem and the test-

bed systems within the upper-level optimization.   

▪ Attain the results from the management algorithm. 

▪ Evaluate the performance of the metaheuristic optimization algorithms.  
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Task 5: Evaluate the proposed algorithm through comprehensive case studies using the test-bed 

systems.  

▪ Compare the distribution system voltage profile under PV and wind power penetrations.  

▪ Compare the distribution system voltage profile under different numbers of available 

BESS.  

▪ Show the effect of BESS locations on the battery sizes, scheduling and grid’s voltage.  

▪ Analyze the impact of hybrid generation systems (PV and wind) on the distribution grid. 

▪ Show the effect of the smart PV inverter reactive power output and the BESS on the 

distribution systems voltage profile. 

1.6 Dissertation organization  

The rest of the dissertation is organized as follows: in Chapter 2, a comprehensive literature review 

about the proposed voltage mitigation approaches and strategies together with the PV power output 

forecasting techniques. Chapter 3 discusses the study management approach. In Chapter 4, the 

results of the hybrid forecasting methods based on machine learning algorithms are presented. 

Chapter 5 contains the results of the first case study, which is based on the medium voltage 

distribution network with high PV and wind integration. Chapter 6 shows the second case study, 

where the LV distribution network is considered with the residential rooftop of PV units. The 

dissertation’s summary, conclusions and future work are provided in Chapter 7.     
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Chapter 2: Literature Review 

This chapter contains a comprehensive literature review of the state-of-art works discussing 

themes relevant to the developed models and the proposed methodology utilized in this 

dissertation. The literature review chapter is divided into six sections. Section 2.1 shows the 

voltage problem in the distribution systems with DG integration. Section 2.2 discusses the voltage 

mitigation approaches and strategies investigated by researchers with high PV and wind 

penetration. Section 2.3 discusses the battery energy storage systems method as a voltage 

mitigation approach. Section 2.4 reviews the works that have been conducted related to the PV 

power output forecast. Finally, Section 2.5 discusses the metaheuristics optimization algorithms. 

Section 2.6 presents the knowledge of gaps and limitations acquired from the literature and how 

this dissertation addressed them.   

2.1 Distribution systems with distributed generation  

Voltage regulation is considered the fundamental operation challenge in the LV and MV 

distribution grids with high integration of distributed generation (DG), such as PV system and 

wind [6,13]. This problem is caused by the reverse power flow in the network that alters the 

distribution networks' operation behavior. The distribution system operators (DSO) require that 

the system voltage be within acceptable higher and lower limits. According to the Saudi Arabian 

distribution code, for instance, under steady-state and normal operation conditions, the service 

voltages in an LV distribution network should be within ±5% of the nominal voltage [14].  

In Figure 2.1, a simple network structure of the conventional distribution system is displayed. It 

can be seen from Figure 2.1 that there are two buses such that 𝑉𝑠 represents the sending end voltage 

and 𝑉𝑟  is the receiving end voltage. 𝑅 and 𝑋 denote the resistance and the reactance of the 

distribution system. 𝑆𝑢𝑏𝑇𝑟𝑎𝑛𝑠 stands for the substation transformer that connects the distribution 

system to the main grid, 𝑀𝐺. The 𝑃 and 𝑄 are the active and reactive power flowing in the feeder, 

respectively. 𝑃𝑙 and 𝑄𝑙 are the consumed active and reactive power by the load, respectively. In 

Figure 2.2, the distribution system structure is changed when DG is connected to the feeder. The 

power flow from the feeder has changed, causing a voltage rise at the receiving end, 𝑉𝑔 . The active 

and reactive power produced by DG are donated as 𝑃𝑔 and 𝑄𝑔, respectively.  



12 

 

 

Figure 2. 1 Distribution system structure without DG 

 

Figure 2. 2 Distribution system structure with DG 

From Figure 2.2, the DG bus voltage can be expressed as follows [15]:  

𝑉𝑔 = 𝑉𝑠 + 𝐼(𝑅 + 𝑗𝑋) (2-1) 

Where, 𝐼 is the current flowing through the distribution feeder, while the power flowing in the 

distribution network is expressed as 𝑃 + 𝑗𝑄 = 𝑉𝑔 . 𝐼
∗; hence, the current flowing in the feeder is 

equal to 𝐼 =
𝑃−𝑗𝑄

𝑉𝑔
∗ . So, Eq. (2-1) can be rewritten as:  

𝑉𝑔 = 𝑉𝑠 +
𝑃 − 𝑗𝑄

𝑉𝑔∗
(𝑅 + 𝑗𝑋) = 𝑉𝑠 +

𝑅𝑃 + 𝑋𝑄

𝑉𝑔∗
+ 𝑗

𝑋𝑃 − 𝑅𝑄

𝑉𝑔∗
 (2-2) 

Since the angle between 𝑉𝑔  and 𝑉𝑠 is very small, the voltage droop can be roughly equal to the real 

part of the voltage drop. If we assumed that 𝑉𝑔  is the reference bus, the angle of DG bus voltage is 

zero. Therefore, Eq. (2-2) can be approximated as follows:  

∆𝑉 ≈ 𝑉𝑔 − 𝑉𝑠 ≈
𝑅𝑃 + 𝑋𝑄

𝑉𝑔
 (2-3) 

Where, ∆𝑉 is the voltage drop in the feeder.  

Assuming also that the DG voltage bus is the base voltage, we can set 𝑉𝑔 = 1. So, Eq. (2-3) can 

be expressed as follows:  
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∆𝑉 ≈ 𝑉𝑔 − 𝑉𝑠 ≈ 𝑅𝑃 + 𝑋𝑄 (2-4) 

Such that, 𝑃 = 𝑃𝑔 − 𝑃𝑙 and 𝑄 = ±𝑄𝑔 − 𝑄𝑙. Thus, the Eq. (2-4) is rewritten as,  

𝑉𝑔 ≈ 𝑉𝑠 + 𝑅(𝑃𝑔 − 𝑃𝑙 ) + 𝑋(±𝑄𝑔 − 𝑄𝑙) (2-5) 

From Eq. (2-5) and by considering the unity factor of the DG units, two worst seniors are arising:  

(I) Overvoltage: maximum generation minimum load (𝑃𝑔 = 𝑃𝑔𝑚𝑎𝑥 , 𝑃𝑙 = 0,𝑄𝑙 = 0) 

(II) Undervoltage: minimum generation maximum load (𝑃𝑔 = 0,𝑄𝑔 = 0, 𝑃𝑙 = 𝑃𝑙𝑚𝑎𝑥).  

When high active power coming from the DG unit exceeds the demand, the voltage tends to rise. 

On the other hand, when the low DG production coincided with high load, the voltage drop occurs 

along the feeder [16]. Therefore, controlling the voltage in the distribution system is very important 

with the appearance of DG sources.  

Furthermore, by derivative of Eq. (2-3) with respect to the power, we get the following equation: 

|∆𝑉| =
𝜕|∆𝑉|

𝜕𝑃
𝑑𝑃 +

𝜕|∆𝑉|

𝜕𝑄
𝑑𝑄 = 

𝑅

𝑉𝑔
𝑑𝑃 +

𝑋

𝑉𝑔
𝑑𝑄 (2-6) 

From Eq. (2-6), we can see that the active or reactive power can regulate the DG bus's voltage. 

The voltage 𝑉𝑔  increases or decreases with decreasing or increasing the amount of active power, 

respectively. Whereas by applying negative reactive power (absorbing) or by positive reactive 

power (injection), the voltage 𝑉𝑔  decreases or increases, respectively. 

 

2.2 Voltage mitigation methods with DG integration  

Many works in the literature have proposed to keep the distribution system voltage within the 

operating limits with the appearance of PV systems. Such methods include feeder enhancement, 

traditional devices (OLTC, VR) [17–21], active power curtailment [22–24], smart PV inverter’s 

reactive power capability [25–27] and battery energy storage systems [28–30]. In the following, 

smart PV inverter reactive power capability, active power curtailment, and battery energy storage 

system are reviewed as they represent the most effective voltage control approaches.  
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2.2.1 Smart PV-inverter reactive power capability  

Smart PV inverter reactive power capability can efficiently regulate the distribution network 

voltage by injecting or absorbing reactive power into or from the grid. This feature incentivizes 

many countries to demand reactive power as a controlling method and include it in their regulation 

codes. For example, in 2003, the IEEE 1547 standard, which is a guideline for interconnecting 

distributed resources with electric power systems, prevents PV invert from being utilized to 

regulate the voltage at the point of common coupling (PCC) [31]. However, the IEEE 1547 

standard has been modified and turned the passive inverters into active elements for voltage control 

in power system applications [32]. In the literature, there are three reactive power control 

approaches for voltage mitigation purposes, namely fixed power factor type control (FPF), power 

factor in term of injected active power control (PF(P)) and reactive power-voltage dependent 

control or droop control (Q(V)). 

In the FPF method, the PV system sustains a constant power factor (PF) aiming to control the 

system voltage. In the moment of high active power generation from PV systems, the amount of 

active power will be high, and the overvoltage events are high, as represented in Figure 3.2 (a). 

Nevertheless, with low active production from the PV systems, the probability of voltage rise is 

negligible. Therefore, reactive power injection will increase system losses. This drawback is 

solved by employing PF(P), as shown in Figure 3.2 (b). In PF(P), the amount of reactive power is 

a function of the active power production from the PV system. The droop characteristics are 

selected in this approach to eliminate any reactive power absorption by the PV inverter during low 

active power flow from PV systems. 

The FPF and PF(P) methods regulate the voltage through active power. Also, these methods 

assume that distribution networks voltage is influenced merely by the amount of power produced 

by PV system without considering the load variation. Yet, when the actual demand is higher than 

the PV production, the voltage rise problem may not occur. This issue is solved by Q(V) or the 

Volt-VAR control method. In the Q(V), the local voltage magnitude of the PV inverter at PCC, 

which reflects the power generation and consumption, is utilized to determine the required amount 

of reactive power. Figure 3.2 (c) shows that as the voltage deviates from the nominal values, the 

higher reactive power magnitudes are needed.    
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(a) 

 

(b) 

 

(c) 

Figure 2. 3 Different types of reactive power control (a) FPF, (b) FP(P), and (c) Q(V)/Volt-VAR 

In the literature, there are different regulation strategies proposed by researchers. The work in [33] 

utilizes the PV inverter reactive power capability to increase PV penetration in LV networks. The 

authors propose a method that does not require a communication infrastructure, called PF (P, V). 

This method is a combination of both PF(P) and Q(V). Their method is based on voltage sensitivity 

analysis using the system Jacobian matrix obtained from load power flow using the Newton-

Raphson algorithm. The proposed method is also compared with all reactive power methods, 

namely FPF, PF(P) and Q(V). Results show that the proposed method effectively reduces the 

critical bus voltage. Also, their method leads to less reactive power consumption than PF(P) but 

more compared to Q(V). Besides, the proposed method increases the hosting capacity of PV in the 

LV network in the equation.  
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Reference [34] also use the voltage sensitivity matrix to solve the problem of voltage deviation 

locally. The proposed approach, which is active power dependent (APD), controls the magnitude 

of the PV inverters’ reactive power determined by the local active power production of each PV 

system. Another study [35] dealt with the same problem but this time by formulating a multi-

objective optimization problem to alter the parameters of the Q(V) characteristic with the voltage-

sensitive analysis. The optimization problem is compared with an equal reactive power-sharing 

approach in terms of voltage regulation, minimizing the reactive power consumption and line 

losses. The comparison is validated with a test feeder. Results show that both methods might 

control the system voltage, and the multi-objective optimization problem has the superiority in 

reducing the reactive power from the inverters. 

The authors in [36] set the V(Q) mode for the PV inverter to control the voltage level in a field 

distribution network in Kihei, on the island of Maui, Hawaii. The study uses different V(Q) curves 

and proved their efficiency in controlling the voltage. In this study, a central controller sends the 

set points of the PV inverters through communication channels. Furthermore, the study showed 

how oversizing the PV inverter could assist in dispatching the reactive power without threatening 

the real power output produced from the PV system. In [37], an optimal APD curve is proposed 

and compared with the standard APD curve to locally control network voltage. The proposed APD 

curve efficiently preserved the voltage profile within the predefined limit with a noticeable 

reduction in grid losses and less reactive power than the standard APD.  

2.2.2 Active power curtailment  

In order to provide reactive power without losing any amount of active power, the apparent power 

of the PV inverter is required to be exploited. As we have discussed previously, controlling the 

reactive power in LV distribution networks, which have more resistive line characteristics, may 

increase the losses and current and lower the input feeder’s power factor. Therefore, active power 

curtailment could be considered a possible solution to overcome the overvoltage problem due to 

the appearance of PV systems. It is suggested that this method is utilized to solve the problem of 

overvoltage in LV networks because it concerns limiting the output of PV systems at the incidence 

of high PV power [38]. In this mitigation approach, the active power output of the PV inverter is 

controlled by controlling the maximum power point (MPP) tracker to an optimal limit.   
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In [39], the authors propose a centralized coordination approach of the PV inverters droop control 

to mitigate the overvoltage problem in LV distribution networks. The problem is formulated as an 

optimal power flow (OPF) optimization problem by incorporating the droop control into the OPF 

formulation by exploiting the sensitivity theory. The objective of this optimization is to minimize 

the active power curtailment of the installed PV systems uniformly. In their case studies, a radial 

LV network consists of 14 load buses and 10 PV units with different rated power and consumption 

is considered. Results show that the proposed control strategy and the active power curtailment 

approach effectively assist in maintaining the network voltage within prespecified limits.     

In [8], the main objective of this paper is to use the droop-based active power curtailment method 

for overvoltage mitigation in radial LV feeders equipped with residential rooftop PV systems. Two 

types of droop designs were considered, which are based on the voltage sensitivity matrix obtained 

by running a Newton-Raphson load flow. The first type is assumed to have the same droop 

coefficients for all houses/PV inverters, while the other type is considered to have different droop 

coefficients. A 240 V/75 kVA suburban radial distribution feeder is used. This feeder consists of 

12 houses, each with rooftop PV systems rated at 8.4kWp. The study outcomes exhibit that the 

houses located at the end of the feeder inject less power than those close to the transformer, which 

minimizes their PV revenues. The authors conclude that if the objective is to maximize the PV 

generation in the network, the unequal share of APC among PV systems should be employed (same 

droop coefficients). On the other hand, if the desire is to implement equal revenue sharing, equal 

APC should be used, even though that will increase feeder energy losses.    

Unlike [8,39], which utilized merely the APC method, the work in [40] merges both the droop-

based reactive power compensation and APC capability of the PV inverter for a local overvoltage 

regulation with high PV penetrations. Their technique augmented with very short-term PV power 

forecasts (15 seconds). A modified IEEE 34-node test feeder is modeled with real load and PV 

power data. Results display that the PV size and location have the major influence on the voltage 

profile and the amount of the active power curtailment. In other words, the PV systems located at 

the end of the feeder encounters higher curtailment and dominates the voltage profile.  

Similarly, the study in [41] uses the reactive power and APC of single-phase inverter to prevent 

voltage problems in unbalanced four-wire LV distribution networks in the Perth Solar City trial, 

Australia. However, their strategy is formulated as a multi-objective OPF problem and solved by 
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the global Sequential Quadratic Programming. The optimization objectives are to improve the 

voltage values and balance profiles, minimize the network losses and minimize the generation 

profile. Results indicate that in the case of high load and low PV generation (undervoltage), the 

reactive power injection would improve the network voltage, and no power is curtailed. However, 

when the power coming from PV systems is greater than the load, APC is used with the reactive 

power to control the overvoltage.  

2.3 Battery energy storage systems 

2.3.1 Background  

In the early 20th century, the history of BESS started when the Lead-Acid battery was utilized to 

supply power for residual load in a DC electricity network [42]. After that, BESS applications have 

been increasing in the power system field, particularly after PV and wind systems penetrations into 

distribution systems. This integration, however, significantly changes the way the distribution 

network operates. These operational obstacles could be mitigated by incorporating BESS to 

provide various services, such as voltage support, frequency regulation, load shifting, load 

leveling, peak shaving, network expansion deferral and greenhouse gas reduction [42]. Therefore, 

many countries are embracing the development of BESS and facilitating the deployment of BESS 

in their national programs [43]. 

In the distribution network with the appearance of DG, the BESS converts electrical energy from 

the grid or the excess power from the PV system/wind into a form that can be stored. After that, it 

discharges the energy back to the grid or load when required with almost zero emission. This 

operation principle permits the integration of these intermittent resources not only for smoothing 

their production but also to provide ancillary services, such as voltage control. The voltage 

problem represents the most operational challenge for DSOs that needs to be addressed.  

The primary concern with BESS is the associated high initial cost. However, with the continuous 

developments in the batteries field, the BESS prices have been decreasing noticeably over time. 

Such developments permit their deployment in the distribution systems to regulate the voltage. 

However, improper usage, misallocating or non-optimal operation of the BESS in distribution 

networks may affect the reliability and degrade the power quality. Therefore, the successful 
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implementation of BESS depends mainly on the planning strategy where location, size and 

operational characteristics should be considered.  

The voltage control in the distribution system by utilizing BESS has been studied by researchers 

in the past decade. Some studies use BESS to improve distribution network load [44,45], while 

others discuss the BESS applications for peak load shaving [46,47]. In the following, voltage 

mitigation in the distribution system through BESS with/without other voltage control approaches, 

such as PV inverter reactive power control or OLTC, is discussed from the viewpoints of objectives 

to be accomplished, controlling strategies, algorithms and test feeders.        

2.3.2 BESS without other controlling methods 

The work in [48] proposes a mitigation strategy for voltage rise or drop in LV distribution networks 

with the installation of solar PV using battery energy storage. The authors assume that each of the 

rooftop PV systems is equipped with battery storage. For battery operation protocol, an iterative 

method was employed for dispatching the battery charging/discharging, which is based on local 

information. Two practical LV-distribution feeders located in Western Sydney, New South Wales, 

Australia, have been studied with rooftop residential PV systems with rated capacities of 2-4 kW. 

The authors conclude that a proper selection of the charging/discharging rate is required for 

effective daily utilization of the battery storage devices. Reference [49] uses Fourier Series 

description based on a day-ahead energy forecast for optimal daily charging/discharging of 

batteries to minimize battery losses, cyclic battery cost and the network voltage profile. A total of 

26 batteries are randomly placed along three phases LV distribution feeder. In this study, the 

management of batteries is accomplished by the Data Management System using hierarchical bi-

directional communication infrastructures. The analysis reveals that the size and 

charging/discharging rates are significantly impacted by BESS locations and the number of 

controlled BESS. While [49] considered only a LV network, the same strategy is applied in [44] 

for optimal siting of BESS in MV and LV distribution networks. The MV distribution network, 

the IEEE 33-test system, has two wind distributed generation (DG) with a rate of 1 MW and seven 

PV DG; three of the PV have a rate of 400 kVA and four with the rate of 500 kVA. In this study, 

the optimal placement of BESS is based on centralized batteries in both MV and LV networks. 

Results reflect that the tradeoffs between desired services, including voltage regulation, loss 

reduction and battery parameters, are greatly influenced by the battery storage location. 
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The optimal siting, sizing and operation of BESS in distribution grids with renewable integration 

have a crucial impact on their overall efficiency and performance. Also, the distributed BESS 

brings about better benefits to distribution networks if allocated in a distributed manner than 

centralized ones [42]. Many studies have been conducted to tackle the ideal allocation and capacity 

of BESS. Reference [50], for instance, discusses the optimal allocation and sizing problem of 25 

BESS in a distribution system. The goal of this study is to minimize voltage deviation and network 

losses while also addressing the capital and operation lifetime of BESS. The objective function is 

tackled by Genetic Algorithm (GA) based on multilayer objective optimization. For battery 

operation, linear programming (LP) is utilized to minimize the daily non-coincident peak demand. 

Their study reveals a distinct relation between the BESS capacity and location decisions and the 

voltage improvement. Furthermore, the researchers in [51] propose a controlling strategy to 

identify the optimal location, capacity and operational characteristics of different BESS in a 

distribution system with PV generation. The latter objectives are achieved by maximizing the total 

net present value (NPV). In this study, the GA is utilized to maximize the NPV, while battery 

charging/discharging was managed by an iterative and analytical method. By determining the 

optimal location, size and operation of BESS, results demonstrate that several economic benefits 

can be obtained, including energy arbitrage, peaking power generation, energy loss reduction, 

system upgrade deferral, a reduction in 𝐶𝑂2 emissions and VAR support. The study assumed that 

PV units are placed at all system busses to represent rooftop solar PV with a total annual PV 

generation of 28.62%. On the other hand, the authors in [52] perform a two-steps optimization 

approach to find the optimal size and location of PV and BESS. The first step is to identify the 

optimal placement of the PV systems that lead to minimum loss, cost and voltage deviation in the 

distribution system. The second step is to determine the optimal sites for BESS that result in 

minimizing the previous objectives. In this study, the optimization problem was solved by GA. 

For the charging and discharging rates, an analytical method is used through peak load checking. 

Results indicate that by installing 20 batteries of Lithium-Ion Power Pack Battery System 

manufactured by Tesla Company (assumed to be the battery technology), the peak power losses in 

significantly minimized and the network voltage is enhanced. 
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2.3.3 BESS with other controlling methods 

The coordination of BESS with other voltage mitigation approaches, such as the smart PV inverters 

or OLTC and SVR, has been studied recently in the literature due to its positive impact on 

enhancing the distribution systems voltage profile and reducing BESS costs. The authors in [53] 

examine such a hybrid approach by proposing a coordination technique between PV inverters and 

battery energy storage systems to solve the voltage rise and dip. The control approach is evaluated 

on LV rural and urban scenarios, which have different R/X ratios. This study shows that in the 

case of the urban scenario (low R/X ratio), the reactive compensation utilizing the PV inverters is 

enough to keep the voltage within the acceptable voltage limits. However, for the rural scenario 

(high R/X ratio), the coordination between PV inverters and BESS is required. The authors in [54] 

present a distributed control algorithm that coordinates BESS with PV inverters to maintain 

voltage within save operation limits. A LV distribution system is modeled with the appearance of 

PV systems. The study conducted without affecting the benefits of BESS to owners. The study 

considers such coordination at the overvoltage instants when BESS fails to regulate the voltage. 

The proposed strategy proved its efficiency. Initially, BESS starts to control the overvoltage 

locally, while the central controller interferes through managing the PV-inverter reactive power 

output if the voltage problem still exists. Moreover, the coordination between BESS, PV inverters 

reactive power capability and step voltage regulators (VR) is examined by authors in [55]. Their 

case study is based on real PV and load data with a 1-second resolution. The study found that 

BESS and PV inverters managed to control the fast fluctuation of PV power output. At the same 

time, VR was able to regulate voltage variation caused by load changes.   

 2.4 Forecasting techniques  

The tendency toward embracing emission-free energy from different renewable energy 

technologies, such as solar PV, has resulted in necessary changes in the distribution system 

operation. These operational obstacles are due to the intermittency nature of the power coming 

from the sun, which requires additional ancillary services to control the variability in the PV system 

generations [56]. However, these services are economically unfeasible, and adopting them may 

discourage installing the PV systems in the distribution networks [57]. Therefore, an accurate 

prediction of the amount of energy from the PV system would facilitate mitigating the technical 

issues of these PV systems [58]. There are various forecasting topics in electrical power systems, 
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such as load, wind, solar and electricity market forecasts [58]. In this study, the solar PV power 

forecast is of focus. 

2.4.1 Forecasting power output of PV system 

PV power output is highly correlated with the meteorological variables, such as solar irradiance, 

wind speed, humidity and temperature. These variables depend mainly on the geographical 

location and the climate condition at the site in question. In term of the PV power forecasting 

horizon, four main categories are considered: very short-term forecasting (1second - < 1hour), 

short-term forecasting (1hour-24hours), medium-term forecasting (1week-1month), and long-term 

forecasting (1month-1year). According to [59,60], the PV output prediction horizon should be 

identified before choosing the forecasting technique because the forecasting accuracy decreases as 

the forecasting time increases. Furthermore, the choice of the forecasting time depends on the 

desired application. For instance, the very short-term forecasting can be applied for power 

smoothing, real-time dispatch and control and regulation services, while short-term is primarily 

focused on load-following and zone-control purposes [61]. For medium-term forecasting, it is 

useful for persevering the power system planning and maintenance schedule, whereas long-term 

forecast assists in generation planning, energy bidding and security operation [59]. 

With respect to the forecasting techniques, physical, statistical and hybrid-based prediction models 

can be employed for PV power production. Physical approaches are mathematical models that use 

weather forecast data attained from numerical weather prediction (NWP), while the statistical 

methods utilize historical data to predict future behavior without prior knowledge about the system 

state [62]. The hybrid method combines two independent forecasting methods to overcome each 

other drawbacks and strengthen the advantages by adding some optimization algorithms [63]. For 

the statistical methods, they are divided into (𝑖) time series models, i.e., autoregressive (AR), 

autoregressive moving average (ARMA) and autoregressive integrated moving average (ARIMA), 

and (𝑖𝑖) machine learning methods, i.e., artificial neural network (ANN), support vector regression 

(SVR) and extreme learning machine (ELM).  

A systematic literature review about PV power production forecast can be found in [64]. The 

authors in [65] conduct a comparison between statistical approaches, namely ARMA, ARIMA and 

seasonal ARIMA (SARIMA), with six different neural networks (NN) to forecast the output power 
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of a PV plant. Eight-time delays of the power production from a PV plant are used as the input 

variables to generate the forecasting results. The analysis shows that NNs have better performance 

than time series models with less computation time. In [66], the PV power forecasting model is 

created based on backpropagation neural network (BPNN) model to perform a 24-hours ahead PV 

output forecast in Ashland, Oregon. Results show good accuracy results for forecasting the power 

output of photovoltaic systems with low Mean Absolute Percentage Errors.  

In [67], a support vector regression (SVR) model using six weather variables, including normalized 

temperature, relative humidity, low-level cloudiness, mid-level cloudiness and upper-level 

cloudiness, is built to predict the power generated from a 1-MW photovoltaic plant in Kitakyushu, 

Japan. The results of this study indicate that SVR with the cloudiness factor led to better accuracy. 

Furthermore, a short-term solar irradiance is proposed by [68], where two different SVR models 

based on clearness index were used. In [69], the authors formulate solar generation forecasting 

models using linear least square regression and SVR with the radial basis function. The outputs of 

this study exhibit that the SVR model with seven weather metrics is 27% more precise compared 

to other forecasting models that use only sky conditions for predictions. The study in [70] predicts 

the power output of two wind farms and two PV power plants using different forecasting 

techniques. Machine learning-based forecasting models proved to be the most effective models in 

dealing with the non-linear relationship between weather parameters and wind/PV power 

production. 

From the above literature, machine learning algorithms proved to capture and deal with the 

nonlinearity in forecasting problems compared to other forecasting methods. However, the main 

drawback of applying these algorithms is that they are sensitive to specific parameters. For 

instance, SVR depends highly on Kernel function hyperparameters, namely the error penalty 

parameter (𝐶) and the width (𝛾). Also, ANN performance is influenced by the number of hidden 

layers and neurons at each hidden layer. Therefore, the hybrid models have been investigated by 

the literature recently to overcome the overmentioned disadvantages of SVR and ANN. 

Metaheuristic optimization techniques, such as genetic algorithm (GA), simulated annealing (SA), 

immune algorithm (IA) and particle swarm optimization (PSO), have also been used aiming at 

selecting the appropriate parameters. For instance, authors in [71] use GA to optimize SVM model 

parameters for electricity price forecasting. Furthermore, IA and SA are used in [72] and [73], 
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respectively, to determine the best parameters to forecast Taiwan’s annual electric load. The study 

in [72] show that the proposed models superior to other models, such as ANN models. For the PV 

power generation forecast, a hybrid model is created in [74] between Genetic Algorithm and SVR 

(GASVR) to optimize Kernel function parameters. Study results demonstrate that GASVR is more 

accurate than the conventional SVR, with improvements in Root Mean Square Error value of 

669.624, and 98.7648% in the Mean Absolute Percentage Error. 

 

2.5 Metaheuristics optimization algorithms  

2.5.1 Background 

Optimization is an approach to attain the best solution for maximizing or minimizing a certain 

problem. To solve an optimization problem, an efficient optimization algorithm is required to be 

utilized. There are many optimization algorithms that can be used, and the selection depends highly 

on the focus and the characteristic of the problem. Figure 2.4 shows the classification of the 

optimization algorithms. If the exact methods cannot assist in tackling a particular optimization 

problem, the modern optimization method can be used to solve the complex issue.  

2.5.2 Metaheuristics optimization techniques  

Metaheuristics optimization algorithms prove their ability to solve complex optimization problems 

[75][76]. The Metaheuristics optimization algorithms are divided into trajectory and population-

based algorithms. Unlike the trajectory-baes algorithms, which have a single agent tracking out a 

single path, the population-based algorithms employ multiple agents tracking out multiple paths. 

Figure 2.4 shows the classifications of the optimization algorithms. 
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Figure 2. 4 Optimization algorithms classification [77] 

 

Metaheuristics population-based algorithms inspired many researchers from different fields to 

incorporate these algorithms to solve varieties of problems. In this work, metaheuristic 

optimization techniques are used for the following reasons:  

• In the electrical power system, issues related to the operation, planning, control, forecasting 

and demand management have widely used such algorithms [76,78]. Therefore, 

metaheuristics optimization algorithms could be used to enhance the operation of distribution 

systems connected with renewable resources. 

• Furthermore, the electrical distribution systems become more dynamic with the ongoing 

modifications of their structure. The analysis of power systems with conventional approaches 

becomes challenging due to the complexity and the large amount of data to handle. Thus, it 

becomes essential to reconsider the controlling strategies and analysis tools.  

- The applications of metaheuristic optimization techniques in this dissertation  

In this dissertation, two applications in which the metaheuristics optimization algorithms are 

applied. The applications are as follows: 

• First, these algorithms are applied in the bi-level optimization of the proposed management 

approach for the sake of controlling the voltage in distribution systems through the optimal 

operation of BESS. The metaheuristics optimization algorithms represent the upper level 

optimization of the main algorithm. For this application, Social Spider Optimization (SSO), 
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Particle Swarm Optimization (PSO) and Cuckoo Search Optimization (CSO) are utilized. 

In addition, a comparison is conducted based on their performance and convergence rate to 

attain the optimal values.  

• Second, the day-ahead PV power forecast is developed using hybrid forecasting models 

based on machine learning techniques, artificial Neural networks (ANN), and Support 

Vector Regression (SVR). The metaheuristic optimization techniques are used to improve 

the performance of the forecasting models through optimal tuning to the learning 

algorithms’ parameters. The SVR and BPNN’s parameters are optimized by three 

metaheuristics optimization algorithms, namely Social Spider Optimization (SSO), Particle 

Swarm Optimization (PSO) and Cuckoo Search Optimization (CSO).  

-  Drawback of the metaheuristic optimization techniques 

The main obstacle in such algorithms is the guarantee of obtaining the global optimum. This 

depends significantly on an algorithm’s operators that modify individuals’ positions to overcome 

local minimum. According to [79], the most aspect regarding the metaheuristics optimization 

algorithms is in their exploitation and exploration capability. Exploration means the ability to 

explore all the points in the search space, while exploitation means the ability to use previous 

knowledge from the solution that was already obtained to drive the search to the local region. 

Metaheuristics optimization algorithms prove their ability in obtaining the global optimum 

solutions.   

2.6 Knowledge gaps 

After reviewing the literature and state of the art studies related to the voltage problems in 

distribution systems and the forecasting algorithms mentioned above, the knowledge gaps are 

summarized as follows:  

- Voltage control strategy using BESS and smart PV inverters 

In the literature, several mitigation approaches have been proposed to regulate the voltage with PV 

systems and wind integrations. Some researchers employ the reactive power capability of the smart 

PV inverters, generation/consumption. Others suggest curtailment strategies of the PV system’s 

active power whenever the terminal voltage exceeds predefined limits. Battery energy storage 
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systems (BESS) have proved their efficiency in providing various services to the distribution 

systems. Despite the effectiveness of different voltage mitigation strategies using BESS, these 

studies lack the following:  

Most of the controlling strategies are based on local information and they did not provide a 

system-level optimality guarantee. That is, the optimum amount of active power to be stored 

by each installed battery in the network is absent. This opens a space to study and analyze the 

need for a network-level optimization for BESS operation in distribution networks with high 

level of PV and wind penetrations.  

In addition, studies that use BESS as controlling voltage equipment in grids connected with 

PV systems are utilizing only the active power control without considering the functionality of 

the smart PV inverters. BESS may not always be able to improve the voltage. For that purpose, 

it is better to investigate the smart PV inverters capability to regulate the voltage through 

controlling their reactive power output. Thus, more studies need to be performed to explore 

the impact of such coordination.  

- Optimal operation of BESS for over/under voltage  

The integration of BESS with PV systems and wind into distribution systems makes controlling 

the charging/discharging rates significant. BESS stores the surplus energy coming from the PV 

system and supplies it back at low load time. The missing aspects in the literature regarding the 

optimal operation of BESS are:    

Most of the studies use analytical approaches and local information to control the operation of 

the batteries. This creates a gap to come up with new charging/discharging strategies, taking 

into consideration all batteries in the distribution system to improve the voltage profile.  

In addition, different daily charging/discharging strategies have been proposed in the literature. 

Some of them proposed a load following control method, while others utilized a drop-based 

method. Therefore, another controlling objective needs to be examined. To the best of the 

author’s knowledge, no paper has used the daily voltage signal to control the battery operation 

for voltage regulation purposes, which is used in this research.    
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- Optimal BESS characteristics 

BESS size plays a significant role in the reliable operation of distribution networks. Randomly 

selecting BESS size can increase cost, network losses and may not improve the network efficiency. 

Hence, selecting the optimal number of BESS, sizing each battery storage unit appropriately and 

optimally placing and operating them collectively in a distributed system level required to be 

studied thoroughly. In the literature, however:   

Most papers have assumed predetermined sizes, numbers and BESS locations in the 

distribution network. Their assumption may not be ideal since considering different sizes, 

numbers or locations could result in better operation scenarios.  In addition, different PV and 

wind penetration levels have been considered in various studies. However, some of them 

ignore the hybrid connection between PV systems and wind. Such operation scenarios need 

to be investigated.   

- Incorporating solar PV output forecast with the voltage management approach  

The uncertainty associated with the solar PV generation significantly impacts the scheduling of 

the regulation devices in distribution networks. The author in [80] points out that the next day 

forecast of PV output is important in the decision process of battery operation. In fact, BESS size 

and dispatching the next day charging and discharging limit depends on the amount of available 

power from sun, wind and load. Hence, to operate BESS appropriately, an efficient forecasting 

model of the solar PV output is needed. Thus, incorporating solar PV forecast in the voltage 

management strategy is required to be studied.  

Furthermore, the hybrid forecasting methods have been showing a good forecasting performance 

compared to other methods. Different metaheuristic optimization algorithms methods have been 

applied in the literature to improve the SVR and ANN predication performance. The primary 

objective of such optimization algorithms is to determine the optimal parameters of SVR and 

ANN. However, there is still no persistent conclusion to select a particular algorithm to estimate 

these parameters. Therefore, considering the need for more advanced optimization algorithms, 

using recent metaheuristic optimization methods is required. In addition, conducting a comparison 

between their performance is to be explored. 
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Chapter 3: Voltage Management Strategy 

This Chapter describes the overall voltage management strategy proposed in this study. The 

proposed approach is a coordination algorithm consisting of two controlling stages aiming to 

control the voltage in distribution networks connected with solar PV and wind. The first stage is 

accomplished by optimal planning of the BESS through a network-level optimization. The second 

stage is accomplished by controlling the reactive power of the smart solar PV inverters. The 

primary objective of BESS planning is to determine the optimal numbers, sites, sizes and operation 

characteristics of each BESS to regulate the voltage in the distribution systems with high PV and 

wind penetration over a specified planning horizon and interval.  

In this study, there are two case studies in which the proposed voltage mitigation method is applied. 

The first case study (Chapter 5) considers a medium voltage distribution system with high PV and 

wind energy, penetrations, where the overvoltage problem is the main issue. In this case study, the 

coordination between the BESS and smart PV inverters is applied. In the first case study, the 

locations of the BESS are assumed to be fixed and installed at the distributed generation sites. On 

the other hand, the second case study (Chapter 6) studies the overvoltage and undervoltage 

problems in a LV distribution network. Unlike the first case study, the functionality of the smart 

PV inverter in this case study is absent, and the main voltage mitigation equipment is the BESS. 

Also, the size, capacity, number and optimal daily operation scheduling of batteries are obtained.    

BESS plays a significant role in mitigating the negative impact of the installed solar PV and wind 

turbines in distribution systems. In this research, therefore, the first step to improve the voltage 

profile is by using BESS, especially when PV production is higher or lesser than the load. BESS 

charge when the available power from the PV and wind is more than the load and discharge when 

demand is at the peak. The storage units may not improve the voltage in the distribution system. 

For that purpose, the smart PV inverters interfere as the secondary voltage regulation equipment 

through controlling their reactive power (VAR) output. The Volt-VAR mode is set for the PV 

inverters. In this mode, the PV inverter injects or absorbs the reactive power based on the local 

information of the voltage.   
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3.1 Voltage management strategy 

Figure 3.1 illustrates the framework of the coordination management strategy proposed in this 

dissertation. For BESS planning, a hybrid optimization algorithm is used to obtain the optimal 

sizing, location, number and daily (24-hours) charging/discharging scheduling of batteries to 

enhance the voltage of the distribution network. The proposed management is a bi-level 

optimization algorithm. It consists of two optimization levels, namely the upper-level optimization 

and the lower-level optimization. In the upper-level optimization, three metaheuristic optimization 

algorithms are used, namely Social Spider Optimization (SSO), Particle Swarm Optimization 

(PSO) and Cuckoo Search Optimization (CSO). In this study, the performance comparison 

between these algorithms is conducted based on performance and convergence experiments to 

analyze their searching capability. On the other hand, linear programming (LP) is utilized to 

represent the lower-level optimization.  

Initially, the day-ahead forecasting of PV power output, wind power data, load data and 

prespecified available BESS are fed as input data to the algorithm. The predicted data of the PV 

power output are obtained from the best forecasting model proposed in Chapter 4. Second, the 

SSO, PSO and CSO generate the initial values of the population for the optimization problem. 

Each of these metaheuristic optimization algorithms has a searching mechanism. The explanation 

of these algorithms is presented in Sections 3.4-3.6.  For instance, the SSO female and male spiders 

are formulated as a vector containing battery sizes in 𝑘𝑊ℎ (𝑊𝑚𝑎𝑥) and 𝑘𝑊 (𝑆max ) and location 

of each BESS. That is, the dimension of the vectors is three times the number of BESS installed 

in the network. Considering 𝑁 number of BESS deployed in the distribution network, the decision 

variables vectors can be expressed as follows: 

𝑣 = [ 𝑆max
1  𝑆𝑚𝑎𝑥

2 . . . 𝑆𝑚𝑎𝑥
𝑁    𝑊max

1  𝑊𝑚𝑎𝑥
2 . . .𝑊𝑚𝑎𝑥

𝑁   𝐿1 𝐿2…𝐿𝑁] (3-1) 

Where  𝑆max
1 , 𝑊max

1  and 𝐿1 are BESS capacity in 𝑘𝑊, BESS capacity in 𝑘𝑊ℎ and the location of 

the first BESS, respectively.  

After that, the optimal scheduling of BESS for the next day is optimized using the LP method 

(lower-level optimization), which is solved in MATLAB (see Section 3.2). Therefore, optimal 

location and daily charge/discharge of BESS are determined and fed to OpenDSS [81], where the 

distribution system is modeled. Then, the objective function, Eq. (3-2), that minimizes the voltage 
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deviation is obtained by 3 phase load flow in OpenDSS. This process is repeated for several 

iterations. Finally, in case the BESS were not able to improve the voltage, the reactive power 

output by the smart PV inverters is applied.  

휀𝑟𝑟𝑜𝑟(𝑣𝑖) =
1

2
(∑∑(1.05 − V𝑖,𝑡)

2
+ (0.95 − V𝑖,𝑡)

2
) 

24

t=1

𝑁

𝑖=1

 (3-2) 

Where 𝑁 is the wind and PV systems buses in the distribution network. V𝑖,𝑡 is the voltage 

magnitude at bus 𝑖 at time 𝑡. 

 

Figure 3. 1 Framework of the study voltage management strategy 
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3.2 Battery modeling  

The applications of battery energy storage systems (BESS) have been increasing in the distribution 

systems. Therefore, appropriate modeling of BESS operation is crucial for providing the desired 

ancillary services and supporting the ongoing expansion of renewable energy resources, such as 

solar PV and wind. Figure 3.2 shows a configuration of the distribution grid connected with a 

residential rooftop PV system and a BESS at the PCC. The PV system is connected to the PCC 

through a solar inverter that converts the DC power to AC power. The BESS is connected through 

a power converter parallel with the load, grid and PV system.  

 

Figure 3. 2 System configuration of home-connected PV and BESS 

Overvoltage usually occurs when the amount of real power coming from PV is more than the local 

demand, while the undervoltage happens when low PV power coincides with the heavy load. 

Hence, if BESS could store this excess power produced from the PV systems and use it later to 

supply the load, the voltage profile of the distribution system could be enhanced. This requires an 

optimal operation of the BESS units installed in the network.   

Tesla Powerwall 2 is one of the BESS technologies that can be used as a home energy storage. 

The Powerwall 2 is an AC battery, meaning that it has lithium battery cells and an integrated AC-

DC inverter/charger in one compact unit. Therefore, to operate this battery with a rooftop solar 

system, a PV inverter is required. In Tesla Powerwall 2 system, the DC power from the PV system 

is converted to AC by the PV inverter to supply the home. If there is surplus energy, the 
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switchboard lets the solar AC power be converted to DC to charge the battery and then back to AC 

to supply the load when needed. Similarly, the Tesla Powerpack represents large-scale energy 

storage. This battery is also a lithium-ion and an AC-connected BESS. For modeling and 

characterizing such batteries’ operation, some requiring inputs and specifications are needed—

these include BESS capacity, roundtrip efficiency and BESS state of charge. Table 3.1 lists the 

information and specifications of different technologies of the Tesla Powerwall 2 and Powerpack 

[82,83]. According to Table 3.1, the factors to be considered are:   

- BESS capacity 

BESS performance can be defined by battery output and energy density. A single Tesla Powerwall 

2 pack, for example, has a usable capacity (energy) of 13.5 kWh, which is the total energy that can 

be stored in the battery and used by the battery owner. The BESS is also defined by its power 

capability, reflecting the amount of output power in 𝑘𝑊 drawn from or stored in the battery. In 

Tesla Powerwall 2, a 7kW peak or a 5kW continuous rate is the power capabilities of this type of 

BESS. On the other hand, the Powerpack has different energy and power capacities, 

130kW/160kWh, 109 kW, 174kWh, 108kW/215kWh, or 130kW/228kWh.   

- Round trip efficiency  

Round trip efficiency considers the losses from the power conversion associated with the operating 

of the BESS. The BESS is either charging or discharging. The efficiency is the ratio of the total 

amount of energy discharged to the total amount of energy charged over all timesteps. For 

example, Tesla Powerwall 2 has 90% efficiency. That means, 10% of the power sent into or 

discharged from the battery is lost. The Powerpack has 84.5%, 86%, 86.5%, or 90% round-trip 

efficiencies depending on its capacity.    

- State of charge  

The state of charge (SOC) measures how much energy is available in BESS at a specific time step. 

The BESS is either in charging, discharging, or idle mode. The BESS should adhere to the 

prespecified maximum and minimum state of charge.   
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Table 3. 1 The specification of the battery energy storage system 

Specification  Powerwall 2 Powerpack 

AC voltage  𝐴𝐶 120/240 V 380-480 3-phase 

Usable Energy 𝑊𝑚𝑎𝑥 13.5 kWh 160, 174, 215, or 228 kWh 

Maximum charging/discharging power  𝑆𝑚𝑎𝑥  5 kW 130, 109, 108, 57, or 130 kW 

Minimum charging/discharging power 𝑆𝑚𝑖𝑛 0 kW 0 kW 

Maximum State of Charge 𝑆𝑂𝐶𝑚𝑎𝑥  100% 100% 

Minimum State of Charge 𝑆𝑂𝐶𝑚𝑖𝑛  10% 10% 

Round trip efficiency   𝜂 90% 84.5%, 86%, 86.5%, or 90% 

 

3.2.1 Modeling BESS operational characteristics   

In this study, the BESS operation is modeled as an optimization problem. This research work 

assumes that the battery technologies are lithium-ion Powerpack for case study 1 (see Chapter 5) 

and Powerwall 2 for study 2 (see Chapter 6). The BESS performance specifications are listed in 

Table 3.1. For this purpose, BESS optimal planning and operation need to be obtained based on a 

cost function to obtain the desired objective from the BESS installation. In this dissertation, the 

main goal of using the BESS is to control the voltage in the distribution network. In the Case study 

2 presented in Chapter 6, the BESS operation is based on the following assumptions:  

During the day:  

- The PV system extracts the available power from the sun and produces solar energy. 

- See if the produced energy can be utilized to supply the demand. 

- Any excess energy is considered as the available energy to charge the BESS. 

-  If the BESS is completely charged, the surplus energy is exported to the main grid.  

At night: 

- The PV system generates little amounts of no solar energy. 

- The BESS initially supplies the demand.  

- If the load is completely supplied by BESS, the remaining energy in BESS is exported to 

the main grid. 

- If the BESS is fully discharged, the load is supplied from the main grid.     
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The maximum benefits from BESS are accomplished when BESS charges at the incidence of high 

PV generations and low demand and discharges when the electricity demand is high. This is 

reflected by the voltage profile of the system on each bus. Hence, the optimal daily 

charge/discharge of BESS is determined by minimizing the following function, Eq. (3-3), that uses 

the daily voltage signals determined a day ahead to control each BESS operation, taking into 

consideration the operation assumptions above and the BESS specifications:   

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒                ∑ ((𝑃𝑡
𝐵,𝑑𝑖𝑐ℎ − 𝑃𝑡

𝐵,𝑐ℎ) × (𝑉𝑜𝑙𝑎𝑡𝑔𝑒𝑠𝑖𝑔𝑛𝑎𝑙)) 
24
𝑡=1  (3-3) 

  

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜                                     ∑ ((𝜂𝑑𝑖𝑠𝑐ℎ𝑃𝑡
𝐵,𝑑𝑖𝑐ℎ − 𝜂𝑐ℎ𝑃𝑡

𝐵,𝑐ℎ) = 024
𝑡=1  (3-4) 

∑𝑃𝑡
𝐵,𝑑𝑖𝑐ℎ ≤ 𝛼𝑡𝑆𝑚𝑎𝑥

24

𝑡=1

 (3-5) 

0 ≤ 𝑃𝑡
𝐵,𝑑𝑖𝑐ℎ ≤ 𝑆𝑚𝑎𝑥  (3-6) 

0 ≤ 𝑃𝑡
𝐵,𝑐ℎ ≤ 𝑆𝑚𝑎𝑥 (3-7) 

0 ≤ 𝑃𝑡
𝐵,𝑐ℎ ≤ 𝛽𝑡(𝑃𝑉𝑡/𝑊𝑖𝑛𝑑𝑡) (3-8) 

𝑆𝑂𝐶1 =
𝜂𝑑𝑖𝑠𝑐ℎ𝑃1

𝐵,𝑑𝑖𝑐ℎ − 𝜂𝑐ℎ𝑃1
𝐵,𝑐ℎ

𝑊𝑚𝑎𝑥
+ 𝑆𝑂𝐶𝑖𝑛𝑡 ,    𝐹𝑜𝑟  𝑡 = 1 (3-9) 

𝑆𝑂𝐶𝑡+1 =
𝜂𝑑𝑖𝑠𝑐ℎ𝑃𝑡+1

𝐵,𝑑𝑖𝑐ℎ − 𝜂𝑐ℎ𝑃𝑡+1
𝐵,𝑐ℎ

𝑊𝑚𝑎𝑥
+ 𝑆𝑂𝐶𝑡−1,    ∀ 𝑡 > 1 (3-10) 

𝑆𝑂𝐶𝑚𝑎𝑥 ≤ 𝑆𝑂𝐶𝑡 ≤ 𝑆𝑂𝐶𝑚𝑖𝑛 (3-11) 

𝛼𝑡 + 𝛽𝑡 = 1 (3-12) 

Where 𝑃𝑡
𝐵,𝑑𝑖𝑐ℎ

and 𝑃𝑡
𝐵,𝑐ℎ

 are the discharge and charge rates of BESS in 𝑡𝑡ℎ hour. The 𝜂𝑑𝑖𝑠𝑐ℎ and 𝜂𝑐ℎ 

are the BESS discharging and charging efficiency, respectively. The sum of the discharging and 

charging efficiency is equal to the round-trip efficiency of the BESS technology. 𝑉𝑜𝑙𝑎𝑡𝑔𝑒𝑠𝑖𝑔𝑛𝑎𝑙 is 

the daily voltage signal of the network at each load bus. 𝑃𝑉𝑡/𝑊𝑖𝑛𝑑𝑡 are the available power from 

the PV system or wind turbine at time 𝑡. 𝑊𝑚𝑎𝑥  is the maximum energy capacity of BESS in 𝑘𝑊ℎ, 

while 𝑆𝑚𝑎𝑥 is the maximum rated power of BESS in 𝑘𝑊. 𝑆𝑂𝐶1is the state of charge of the 1𝑠𝑡hour 

of the day that depends on the initial state of charge of the BESS, 𝑆𝑂𝐶𝑖𝑛𝑡. In this research, 10% is 

assumed in both case studies. 𝑆𝑂𝐶𝑡+1 is the BESS’s state of charge for the next 23 hours, while 
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𝑆𝑂𝐶𝑚𝑎𝑥  and 𝑆𝑂𝐶𝑚𝑖𝑛  are the maximum and minimum state of charge, respectively. 𝛼𝑡 is the 

discharging status of BESS at time 𝑡, and 𝛽𝑡 is the charging status of BESS at time 𝑡. Both 𝛼𝑡 and 

𝛽𝑡 are either 1 if discharging/charging or 0 otherwise.  

From Eq. (3-3), the goal is to minimize the amount of charging and discharging that is triggered 

by the daily network voltage signal. In other words, the goal is to maximize renewable energy 

exploitation while controlling the voltage levels.  Eq. (3-4) indicates that the battery is a daily refill, 

and the daily final state of charge is similar to the initial state of charge. The charging and 

discharging powers are limited to the rated 𝑘𝑊 capacity of the BESS technology and the available 

power from the PV system/wind turbine, as shown in Eq. (3-5)-Eq. (3-8). The state of the charge 

is limited to the maximum and minimum permitted state of charge, considering the 𝑘𝑊ℎ capacity 

of BESS, displayed in Eq. (3-9)-Eq. (3-11). Finally, Eq. (3-12) ensures that BESS is either 

charging, discharging or in idle mode.   

 

3.3 Volt-VAR control  

The Volt-VAR control approach manages the PV inverter reactive power output based on the local 

voltage values at the inverter terminal. The Volt-VAR controller operates by absorbing reactive 

power when the voltage exceeds a specific voltage limit or injecting reactive power when voltage 

lies below a prespecified threshold. Figure 3.3 exhibits Volt-VAR curve that is defined by 

determining the three modes, namely capacitive, inductive or deadband mode. This curve is used 

as the Volt-VAR mode in Case study 1 in Chapter 5. It can be seen from Figure 3.3 that when the 

voltage is less than 0.9 𝑝. 𝑢 the inverter works in a capacitive mode by injecting the maximum 

available reactive power aiming to increase the voltage to the nominal voltage, 1 𝑝. 𝑢. When the 

voltage lies between 0.9 𝑝. 𝑢 and 0.95 𝑝. 𝑢, the inverter injects reactive power based on a slop to 

maintain the nominal voltage. If the voltage is between 0.95 𝑝. 𝑢 and 1.05 𝑝. 𝑢, the inverter does 

not contribute since the voltage is within the network operation limits. On the other hand, when 

the voltage increases to be between 1.05 𝑝. 𝑢 and 1.1 𝑝. 𝑢, the inverter absorbs reactive power to 

move the voltage toward the nominal values. When the voltage is greater than 1.1 𝑝. 𝑢, the 

maximum reactive power from the inverter is absorbed. In general, the settings of Volt-VAR 
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curves are usually provided by the inverter vendors. Table 3.2 lists the parameters of the Smart PV 

inverters for the Volt-VAR mode.  

 

Figure 3. 3 Volt-VAR control curve 

 

Table 3. 2 Smart PV inverter Volt-VAR parameters 

Voltage 

Setpoint 

Voltage 

Value 

Reactive 

Setpoint 

Reactive 

Value 
Operation 

V1 90% Q1 𝑸𝒎𝒂𝒙 Reactive Power Injection 

V2 0.95% Q2 0 Unity Power Factor 

V3 105% Q3 0 Unity Power Factor 

V4 110% Q4 −𝑸𝒎𝒂𝒙 Reactive Power Absorption 

 

3.4 Social Spider Optimization Algorithm  

Social Spider Optimization (𝑆𝑆𝑂) is a swarm intelligence algorithm introduced in 2013 by Cuevas 

et al. [84]. SSO mimics the cooperative style of social spiders, where male and female are the two 

searching agents considered in this algorithm. Usually, in the spider colonies, female spiders 

outnumber male spiders. Roughly 65-90% of the whole colony population 𝑁 is female.  
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According to the 𝑆𝑆𝑂 algorithm introduced in [84], the mathematical steps are as follows:  

Step 1: Determine the female and male spiders’ numbers in the search space. The number of female 

spiders 𝑁𝑓 is generated randomly between 65-90% using the following equation:  

𝑁𝑓 = 𝑓𝑙𝑜𝑜𝑟[0.9 − 𝑟𝑎𝑛𝑑 × 0.25].𝑁] (3-13) 

Where 𝑟𝑎𝑛𝑑 is a random number within the range [0,1]. The male spiders’ number is then:  𝑁𝑚 =

𝑁 −𝑁𝑓. 

As a result, the population 𝑆 contains 𝑁 elements and is divided into two sub-groups: female spider 

(𝐹 = {𝑓1, 𝑓2 , … . , 𝑓𝑁𝑓}) and male spiders (𝑀 = {𝑚1, 𝑚2, … . , 𝑚𝑁𝑚
}), where 𝑆 = 𝐹 ∪ 𝑀 (𝑆 =

{𝑠1, 𝑠2, … . , 𝑠𝑁}), such that 𝑆 = {𝑠1 = 𝑓1, 𝑠2 = 𝑓2, … . , 𝑠𝑁𝑓 = 𝑓𝑁𝑓 , 𝑠𝑁𝑓+1 = 𝑚1, 𝑠𝑁𝑓+2 =

𝑚2, … , 𝑠𝑁 = 𝑚𝑁𝑚). 

Step 2: Assign weight 𝑤𝑖 for each spider implying the solution quality of the spider 𝑖 in the 

population 𝑆. The weight of each one is calculated by the following expression:  

𝑤𝑖 =
𝐽(𝑠𝑖) − 𝑤𝑜𝑟𝑠𝑡𝑠
𝑏𝑒𝑠𝑡𝑠 −𝑤𝑜𝑟𝑠𝑡𝑠

 (3-14) 

Where 𝐽(𝑠𝑖) is the fitness value of spider evaluated by the objective value 𝐽(. ) of the spider 

position 𝑠𝑖. In this study, Eq. (3-2) is considered. 𝑤𝑜𝑟𝑠𝑡𝑠 and 𝑏𝑒𝑠𝑡𝑠 are corresponding to the worst 

and best individual in the population, respectively, and are defined as follows:   

𝑏𝑒𝑠𝑡𝑠 =  𝑚𝑎𝑥𝑘∈{1,2,…𝑁} (𝐽(𝑆𝑘))   𝑎𝑛𝑑    𝑤𝑜𝑟𝑠𝑡𝑠 =  𝑚𝑖𝑛𝑘∈{1,2,…𝑁}  (𝐽(𝑆𝑘)) (3-15) 

Step 3: Identify the vibration process. If, for example, a spider 𝑖 perceives a vibration sent from a 

spider 𝑗, this vibration process can be written as:  

𝑉𝐼𝐵𝑖,𝑗 = 𝑤𝑗 × 𝑒𝑥𝑝 (−𝑑𝑖,𝑗
2 ) (3-16) 

Where 𝑑𝑖,𝑗 is the Euclidian distance between spiders 𝑖 and 𝑗, such that 𝑑𝑖,𝑗 = ‖𝑆𝑖 − 𝑆𝑗‖. Each 

spider, i.e., 𝑖, in the population receives either of these three types of vibration as follows:  

I. Closest spider, 𝑐, that has the highest fitness value (𝑉𝐼𝐵𝑖,𝑐 = 𝑤𝑐 × 𝑒𝑥𝑝 (−𝑑𝑖,𝑐
2 )); 
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II. Spider, 𝑏, that has the best fitness value in the entire population (𝑉𝐼𝐵𝑖,𝑏 =

𝑤𝑏 × 𝑒𝑥𝑝 (−𝑑𝑖,𝑏
2 )); 

III. Closest female spider, 𝑓, to the male, 𝑖, (𝑉𝐼𝐵𝑖,𝑓 = 𝑤𝑓 × 𝑒𝑥𝑝 (−𝑑𝑖,𝑓
2 )).  

Step 4: Initialize the population 𝑆 with 𝑁 spider position. The positions’ coordination for each 

spider, 𝑓𝑖 or 𝑚𝑖, is an n-dimensional vector determined by the number of parameters to be 

optimized. The values of these parameters are randomly generated within the predefined upper, 

𝑝𝑗
ℎ𝑖𝑔ℎ

, and lower, 𝑝𝑗
𝑙𝑜𝑤, bounds.  This is described by the following equations:  

{{
fi,j
0 = 𝑝𝑗

𝑙𝑜𝑤 + rand(0,1). (𝑝𝑗
ℎ𝑖𝑔ℎ

− 𝑝𝑗
𝑙𝑜𝑤)   𝑖 = 1,2,… , 𝑁𝑓; 𝑗 = 1,2,… , 𝑛

𝑚𝑘,j
0 = 𝑝𝑗

𝑙𝑜𝑤 + rand(0,1). (𝑝𝑗
ℎ𝑖𝑔ℎ

− 𝑝𝑗
𝑙𝑜𝑤)   𝑘 = 1,2, … , 𝑁𝑚; 𝑗 = 1,2,… , 𝑛

 (3-17) 

Where 𝑗 𝑎𝑛𝑑 𝑖 are the parameter indexes, whereas 𝑘 is the spider index. Zero indicates the initial 

population. rand(0,1) is a random number generated between 0 and 1, and 𝑓𝑖,𝑗 is the 𝑖th female 

individual position that has 𝑗th parameter.  

Step 5: The cooperative interaction behavior within the colony individuals is based on the spider 

gender. To imitate the cooperative behavior of the female spider, the following mathematical 

equation is defined that explains the change in position of the female spider, 𝑖, in each iteration:  

𝑓(𝐷, 𝐶) =∑𝑚𝑖𝑛{‖𝑑𝑖 − 𝑐𝑘‖ | 𝑘 = 1,2,…𝐾}

𝑛

𝑖=1

 (3-18) 

Where, 𝐷 is the dataset, and 𝐶 is the clustering center vector.  

Based on other spiders’ vibrations transmitted over the colony web, the movement of attraction or 

dislike can be modeled as follows: 

𝑓𝑖(𝑘 + 1)

=

{
 
 

 
 

{
𝑓𝑖(𝑘) + 𝛼 . 𝑉𝐼𝐵𝑖,𝑐  . (𝑠𝑐 − 𝑓𝑖(𝑘)) + 𝛽 . 𝑉𝐼𝐵𝑖,𝑏  . (𝑠𝑏 − 𝑓𝑖(𝑘)) + 𝛿 . (𝑟𝑎𝑛𝑑 −

1

2
) < 𝑃𝐹

𝑓𝑖(𝑘) − 𝛼 . 𝑉𝐼𝐵𝑖,𝑐  . (𝑠𝑐 − 𝑓𝑖(𝑘)) − 𝛽 . 𝑉𝐼𝐵𝑖,𝑏  . (𝑠𝑏 − 𝑓𝑖(𝑘)) + 𝛿 . (𝑟𝑎𝑛𝑑 −
1

2
) ≥ 𝑃𝐹

 
(3-19) 
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Where 𝛼, 𝛽, 𝛿 and 𝑟𝑎𝑛𝑑 are random numbers in the range of 0 and 1; 𝑘 is the number of iterations, 

which is set to be 250 in the case studies in Chapter 5; 𝑃𝐹 is the threshold value; 𝑠𝑐  𝑎𝑛𝑑 𝑠𝑏 are the 

nearest best spider to the spider 𝑖 and the best spider in the entire population 𝑆 according to the 

fitness value, respectively.   

Step 6: Define the male cooperative behavior. In the spider population, there are dominant and 

non-dominant male spiders. The dominant ones have high-quality fitness values and better chances 

to attract the closed female spiders. Non-dominant male spiders, in contrast, tend to gather in the 

male population center to exploit resources lost by dominant ones: 

𝑚𝑖(𝑘 + 1)

=

{
 
 

 
 

{
 
 

 
 𝑚𝑖(𝑘) + 𝛼 . 𝑉𝐼𝐵𝑖,f . (𝑆𝑓 −𝑚𝑖(𝑘)) + 𝛿 . (𝑟𝑎𝑛𝑑 −

1

2
)      𝑖𝑓 𝑤𝑁𝑓+𝑖 >  𝑤𝑁𝑓+𝑚

𝑚𝑖(𝑘) + 𝛼 . ( 
∑ 𝑚ℎ(𝑘). 𝑤𝑁𝑓+ℎ
𝑁𝑚
ℎ=1

∑ 𝑤𝑁𝑓+ℎ
𝑁𝑚
ℎ=1

−𝑚𝑖(𝑘) )                    𝑖𝑓 𝑤𝑁𝑓+𝑖 >  𝑤𝑁𝑓+𝑚

 
(3-20) 

Where, 𝑆𝑓  is the nearest female spider to the male spider 𝑖 and the term ( 
∑ 𝑚ℎ(𝑘).𝑤𝑁𝑓+ℎ
𝑁𝑚
ℎ=1

∑ 𝑤𝑁𝑓+ℎ
𝑁𝑚
ℎ=1

 ) 

represents the mean value of the male spiders 𝑀 in the population 𝑆.  

Step 7: Select the best spiders to represent the next spider generation. Within a certain radius 

calculated using Eq. (3-21), the dominant male and female spiders are matings resulting in new 

spiders. After that, the fitness of newly produced spiders is evaluated and compared with their 

parents. If new spiders have better quality than the parents, the new spiders continue, and the 

parents are eliminated.  

𝑟 =
∑ (𝑝𝑗

ℎ𝑖𝑔ℎ
− 𝑝𝑗

𝑙𝑜𝑤)𝑛
𝑗=1

2 . 𝑛
 (3-21) 

Where 𝑛 represents the problem dimension, and  𝑝𝑗
ℎ𝑖𝑔ℎ

𝑎𝑛𝑑 𝑝𝑗
𝑙𝑜𝑤 are the upper and lower bounds, 

respectively.  

 



41 

 

3.5 Particle Swarm Optimization  

Particle Swarm Optimization (𝑃𝑆𝑂) was proposed by Kennedy and Eberhart in 1995 by observing 

the movement behavior of species, such as birds and fish swarms [85]. In PSO, a group of particles 

evolves in the search space aiming to obtain the optimal solution. In a 𝐷-dimensional searching 

space, each of these particles is assigned with the position vector 𝑋𝑖 = [𝑥𝑖1, 𝑥𝑖2, … . , 𝑥𝑖𝑁] and the 

velocity vector 𝑉𝑖 = [𝑣𝑖1, 𝑣𝑖2, … , 𝑣𝑖𝑁]. In each of the algorithm iterations, the fitness values of each 

particle is evaluated based on the objective function, see Eq. (3-2), and the best position 𝑃𝑖 =

[𝑝𝑖1, 𝑝𝑖2 , … , 𝑝𝑖𝑁] is recorded. The coordinate of the best particle fitness of the swarm is assigned 

as the global best position 𝑃𝑔 = [𝑝𝑔1, 𝑝𝑔2, … , 𝑝𝑔𝑁]. Until the stopping criteria are satisfied, the 

position and the velocity of 𝑖th particle is updated in each iteration based on the following 

equations:   

𝑉𝑖
𝑘+1 = 𝜔 × 𝑉𝑖 + 𝑐s × 𝑟𝑎𝑛𝑑() × (𝑃𝑖

𝑘 − 𝑋𝑖
𝑘) + 𝑐g × 𝑟𝑎𝑛𝑑() × (𝑃𝑔

𝑘 − 𝑋𝑖
𝑘)    (3-22) 

𝑋𝑖
𝑘+1 = 𝑋𝑖

𝑘 + 𝑉𝑖
𝑘+1 (3-23) 

Where 𝜔 is the inertia weight. 𝑐s and 𝑐g are social and cognitive parameters, respectively. 𝑟𝑎𝑛𝑑() 

is a random number selected in the range [0, 1].  

In this study, the 𝑃𝑆𝑂 algorithm was initiated with 250 maximum iterations (𝑖𝑡𝑒𝑟𝑚𝑎𝑥), and 50 

particles as random populations. The inertia weight (𝜔), the social parameter (𝑐s) and the 

cognitive parameter (𝑐g) are updated nonlinearly at each iteration (𝑗) using Eq. (3-24)-(3-26) [86]:  

𝜔(𝑗) = (1 −
𝑗

𝑖𝑡𝑒𝑟𝑚𝑎𝑥
)
𝛼

(𝜔𝑚𝑎𝑥 −𝜔𝑚𝑖𝑛) + 𝜔𝑚𝑖𝑛 (3-24) 

𝑐s(𝑗) = (1 −
𝑗

𝑖𝑡𝑒𝑟𝑚𝑎𝑥
)
𝛽

(𝑐s,𝑚𝑎𝑥 − 𝑐1𝑚𝑖𝑛) + 𝑐s,𝑚𝑖𝑛 (3-25) 

𝑐g(𝑗) = (1 −
𝑗

𝑖𝑡𝑒𝑟𝑚𝑎𝑥
)
𝛾

(𝑐g,𝑚𝑖𝑛 − 𝑐2𝑚𝑎𝑥) + 𝑐g,𝑚𝑎𝑥 (3-26) 

Where 𝜔𝑚𝑎𝑥  𝑎𝑛𝑑 𝜔𝑚𝑖𝑛  are the inertia weight maximum and minimum values, which are 0.9 and 

0.4, respectively. 𝑐s,𝑚𝑎𝑥  𝑎𝑛𝑑 𝑐s,𝑚𝑖𝑛  are the maximum and minimum values of the social 

parameters, which are 2.5 and 0, respectively. The maximum and minimum values of the cognitive 
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parameters 𝑐g,𝑚𝑎𝑥  𝑎𝑛𝑑 𝑐g,𝑚𝑖𝑛  are set to 2.5 and 0, respectively. The power coefficients 𝛼, 𝛽 𝑎𝑛𝑑 𝛾 

are set to 0.5, 1.5 and 1, respectively.  

 

3.6 Cuckoo Search Optimization  

Cuckoo search optimization (CSO) is a meta-heuristic optimization algorithm stimulated by 

observing the lifestyle of cuckoo birds in their survival strategy along with the behavior of Lévy 

flight. Cuckoos laid their eggs in other birds’ nests called host birds. If host birds discover cuckoo 

eggs, they may throw cuckoo eggs out or abandon their nests and live in a new location [87]. In 

the CSO algorithm, the egg in a certain nest represents a solution to the algorithm, while a new 

solution is represented by each cuckoo egg. A set of solutions can be represented by a nest that has 

many eggs.  

The CSO algorithm is mainly idealized based on the following three assumptions [88]:  

1) One egg is laid by each Cuckoo at a time, and the nest to hatch is selected randomly.  

2) The nests with high-quality eggs (solutions) continue to be the next Cuckoo generation. 

3) The available host nests are set to be fixed, and the host bird probability of detecting the 

Cuckoo egg is 𝑝 ∈ [0,1]. In this case, the egg can be thrown by the host bird, or the host 

bird leaves the entire nest and rebuilds a new nest somewhere else.  

The Cuckoos’ location is updated based on the Lévy flight, by using the following formula:  

𝑥𝑖
(𝑡+1)

= 𝑥𝑖
(𝑡)
+ 𝜕⨁𝑙𝑒𝑣𝑦(𝛽) (3-27) 

Where 𝜕 > 0 is the scale factor on which the direction and the step size depend. 𝜕 = 1 is used 

frequently. ⨁ means entry-wise multiplication. Lévy flight is a random walk, and the levy 

distribution is used to generate the random steps:   

The main steps of the CSO algorithm are as follows [88]:  

Step 1: Initialize the algorithm parameters: host nest (ℎ), problem dimension (𝐷), discovery 

probability by the host nest (𝑝), number of iterations (𝐼𝑡𝑒𝑟), minimum and maximum step sizes 

𝑙𝑒𝑣𝑦~𝜇 = 𝑡(−1−𝛽)    , (0 ≤ 𝛽 ≤ 2) (3-28) 
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of the random walk and the boundary of search space, lower (𝑙𝑜𝑤) and upper (𝑢𝑝) bound. In this 

study: ℎ= 20, 𝑝=0.25, and 250 is the number of iterations.  

Step 2: Evaluate the fitness of each Cuckoo by using the objective function. Eq. (3-2) is the 

objective function to be minimized in this study.   

Step 3: A new position is generated for each Cuckoo in the next generation using Lévy flight (Eq. 

3-28).  

Step 4: Compare the locations of the new Cuckoos’ generation with their parents. If the fitness of 

the new generation 𝑓(𝑥𝑖
(𝑡+1)) is better than the previous generation 𝑓(𝑥𝑖

(𝑡)), the new Cuckoo 𝑥𝑖
(𝑡+1)

 

is selected; otherwise, the parent, 𝑥𝑖
(𝑡)

, would retain.  

Step 5: Compare the probability of discovery, 𝑝, with a new number (𝑢) generated uniformly from 

[0,1]. In case 𝑢 > 𝑝, the new nests are created, and the worst nests are abandoned. These new nest 

locations should be evaluated and compared with the solution attained in Step 4. The optimal nest 

locations are selected accordingly.    

Step 6: Check if the stopping conditions are satisfied; otherwise, the algorithm should return to 

step 2.  

Step 7: The optimum nest position represents the optimal solution to the problem.
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Chapter 4: Hybrid Forecasting Algorithms for PV 

Generation  
 

This chapter presents the proposed hybrid forecasting techniques and other forecasting algorithms 

used in this study to predict the PV power output. The proposed forecasting methods include a 

hybrid method between support vector regression (SVR) and backpropagation neural network 

(PBNN) with three metaheuristic optimization algorithms. These algorithms are Social Spider 

Optimization (SSO), Particle Swarm Optimization (PSO) and Cuckoo Search Optimization (CSO). 

Initially, the forecasting framework is highlighted. After that, the fundamental of the BPNN and 

SVR are explained together with SSO, PSO and CSO. Finally, the criteria to evaluate the 

forecasting models’ accuracy are described.  

 4.1 Framework of the proposed forecasting models  

In order to enhance the accuracy of the prediction, twelve hybrid models and three default models 

have been proposed. In this study, therefore, the forecasting approaches used are as follows:  

•     Hybrid Model 1: SVR based on RB function with SSO (𝑆𝑆𝑂 − 𝑆𝑉𝑅𝑅𝐵). 

•     Hybrid Model 2: SVR based on RB function with PSO (𝑃𝑆𝑂 −  𝑆𝑉𝑅𝑅𝐵).  

•     Hybrid Model 3: SVR based on RB function with CSO (𝐶𝑆𝑂 −  𝑆𝑉𝑅𝑅𝐵). 

•     Hybrid Model 4: SVR based on linear function with SSO (𝑆𝑆𝑂 −  𝑆𝑉𝑅𝑙𝑖𝑛𝑒𝑎𝑟). 

•     Hybrid Model 5: SVR based on linear function with PSO (𝑃𝑆𝑂 −  𝑆𝑉𝑅𝑙𝑖𝑛𝑒𝑎𝑟). 

•     Hybrid Model 6: SVR based on linear function with CSO (𝐶𝑆𝑂 −  𝑆𝑉𝑅𝑙𝑖𝑛𝑒𝑎𝑟). 

•     Hybrid Model 7: BPNN model with one hidden layer with SSO (𝑆𝑆𝑂 − 𝐵𝑃𝑁𝑁1). 

•     Hybrid Model 8: BPNN model with one hidden layer with PSO (𝑃𝑆𝑂 − 𝐵𝑃𝑁𝑁1). 

•     Hybrid Model 9: BPNN model with one hidden layer with CSO (𝐶𝑆𝑂 − 𝐵𝑃𝑁𝑁1). 

•     Hybrid Model 10: BPNN model with two hidden layers with SSO (𝑆𝑆𝑂 − 𝐵𝑃𝑁𝑁2). 

•     Hybrid Model 11: BPNN model with two hidden layers with PSO (𝑃𝑆𝑂 − 𝐵𝑃𝑁𝑁2). 

•     Hybrid Model 12: BPNN model with two hidden layers with CSO (𝐶𝑆𝑂 − 𝐵𝑃𝑁𝑁2). 
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•     Model 13: Default SVR model based on RB function (𝑆𝑉𝑅𝑅𝐵
𝐷 ). 

•     Model 14: Default SVR model based on linear function (𝑆𝑉𝑅𝑙𝑖𝑛𝑒𝑎𝑟
𝐷 ). 

•     Model 15: Default BPNN model (𝐵𝑃𝑁𝑁𝐷). 

SVR-based kernel functions and BPNN are implemented in this study employing MATLAB R2020a and 

LIBSVM tools [89]. The framework that explains the proposed PV power output forecast is depicted in 

Figure 4.1. This framework can be used for any forecasting objective in other countries. The process is 

described as follows:  

Step 1: Data preparation: input data are initially checked, cleaned and normalized to minimize the 

numerical difficulties during the training phase by the forecasting algorithms and the searching 

process of the parameters. 

Step 2: Data splitting: the input data are divided into training and testing datasets. The training data 

are used to train the forecasting algorithms, while testing data are used to test the forecasting 

models' performance. In this study, 10-fold cross-validation is used. The cross-validation process 

is described in Subsection 4.5.2.  

Step 3: Parameters tuning: SSO, PSO and CSO algorithms are applied to determine the SVR 

models' best hyperparameters and BPNN best network configurations for all the considered feature 

combinations. SVR parameters are the error penalty parameter (𝐶) and the width (𝛾) for RB 

function, and the (𝐶) for the linear function. BPNN parameters are the number of neurons at each 

hidden layer. In this study, one and two hidden layers are assumed. During the algorithms, these 

parameters are evolved, and their values are generated until the lowest normalized Mean Square 

Error (𝑛𝑅𝑀𝑆𝐸) values (Eq. 4-7) are attained. For parameter tuning, 10-fold cross-validation is 

used. The cross-validation process is described in Subsection 4.5.2. 

Step 4: Building models: by using the best parameters mentioned in Step 3, twelve hybrid models 

are generated for each of the considered feature combinations, namely SSO- 𝑆𝑉𝑅𝑅𝐵 , 𝑃𝑆𝑂 −

𝑆𝑉𝑅𝑅𝐵 , 𝐶𝑆𝑂 − 𝑆𝑉𝑅𝑅𝐵, SSO- 𝑆𝑉𝑅𝑙𝑖𝑛𝑒𝑎𝑟 , PSO- 𝑆𝑉𝑅𝑙𝑖𝑛𝑒𝑎𝑟 , CSO- 𝑆𝑉𝑅𝑙𝑖𝑛𝑒𝑎𝑟 , 𝑆𝑆𝑂 − 𝐵𝑃𝑁𝑁1, 

𝑃𝑆𝑂 − 𝐵𝑃𝑁𝑁1, 𝐶𝑆𝑂 − 𝐵𝑃𝑁𝑁1, 𝑆𝑆𝑂 − 𝐵𝑃𝑁𝑁2, 𝑃𝑆𝑂 − 𝐵𝑃𝑁𝑁2 and 𝐶𝑆𝑂 − 𝐵𝑃𝑁𝑁2.  

Step 5: Generating results: the hybrid forecasting models created in Step 4 are tested under the 

testing dataset determined in Step 2. Their output is the prediction results.  
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Step 6: Results comparison: the forecasting models are then compared with the actual values of 

the PV power output utilizing Root Mean Square Error (𝑅𝑀𝑆𝐸), normalized Mean Square Error 

(𝑛𝑅𝑀𝑆𝐸), Mean Absolute Error (𝑀𝐴𝐸) and normalized Mean Absolute Error (𝑛𝑀𝐴𝐸). The 

results are compared and then analyzed. The best forecasting model is used with the voltage 

management approach mentioned in Chapter 3. 

 

Figure 4. 1 Framework of the study proposed forecasting models. 

Each process is discussed in detail in the sections below. 

4.2 Backpropagation Neural Network   

The artificial neural network (ANN) has been used in a variety of forecasting applications. ANN 

is an information computing system. ANN mimics approaches that human brain analyzes 

information [90]. ANN is created similar to the human brain, where a huge number of neuron 

nodes are interconnected to tackle problems that represent the uniqueness of this network. 

Backpropagation is one of the most popular ANN methods utilized in the learning process. Figure 

4.2 shows a multilayer feed-forward neural network.  
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Figure 4. 2 Feed-forward neural network. 

Three different layers are the main construction of the ANN, namely input, hidden and output 

layer, such as the input layer [𝑥1, 𝑥2, … , 𝑥𝑁]
𝑇, the hidden layer [ℎ1, ℎ2, … , ℎ𝑁]

𝑇and the output layer 

[𝑦1, 𝑦2, … , 𝑦𝑁]
𝑇. The model output, therefore, can be calculated by Eq. (4-1) [91]: 

𝑦𝑖 = 𝛼0 +∑𝛼𝑗𝑓

𝑛

𝑗=1

(∑𝛽𝑖𝑗𝑦𝑡−𝑖 + 𝛽0𝑗) + 휀𝑡

𝑚

𝑖=1

 (4-1) 

Where 𝑚 is the number of nodes at the input layer, while 𝑛 is the number of nodes at the hidden 

layer. 𝑓 is a sigmoid transfer function, which will be the logistic function in this study, 𝑓(𝑥) =

1

1+exp (−𝑥)
.  {𝛼𝑗 , 𝑗 =  0,1, . . . , 𝑛} is the weights vector that links the hidden layer and output layer 

and {𝛽𝑖𝑗 , 𝑖 = 1, 2, . . . , 𝑚; 𝑗 =  0,1, . . . , 𝑛} are the weights that link the input nodes with the hidden 

nodes. 𝛼0 and 𝛽0𝑗  are weights magnitude of arcs leading from the bias terms, which have values 

equal to 1.  
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The number of nodes in each hidden layer are optimized by utilizing SSO, PSO and CSO. In this 

study, the multilayer perceptron (MLP) is selected for the BPNN model, while the Levenberg-

Marquardt method is chosen as the training function.  

 

4.3 Support Vector Regression  

Support vector machine (SVM) is a supervised learning approach utilized for classification, 

regression problems or outliers' detection. When two classes cannot be separated, a kernel function 

is employed to map the input space to another high dimension space [92]. In that new space, the 

input space can be separated linearly. There are three known kernel functions to conduct the 

separation: linear, polynomial and radial kernel functions [93]. Hence, SVR inherently employs 

some of the SVM properties. Unlike SVM, SVR conducts the classification based on the regression 

process error measures based on the predefined threshold [94].    

 

Figure 4. 3 The boundary margin for a linear SVR [94] 

The leading optimization can be formulated in Eq. (4-2), and the kernels that are used with the 

SVR are provided in Eq. (4-3) and (4-4). 

The SVR requires solving the following optimization problem:   
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𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒
1

2
‖𝑤‖2 + 𝐶∑(𝜉𝑖 + 𝜉𝑖

∗)

ℓ

𝑖=1

 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 {

𝑦𝑖 − (𝑤
𝑇𝜙(𝑥𝑖) + 𝑏) ≤ 휀 + 𝜉𝑖

∗

(𝑤𝑇𝜙(𝑥𝑖) + 𝑏) − 𝑦𝑖 ≤ 휀 + 𝜉𝑖
𝜉𝑖 , 𝜉𝑖

∗           ≥ 0

 

(4-2) 

Where 𝐶 >  0 is a constant that identifies the trade-off between the flatness of 𝑓 and assesses the 

tolerated amount of deviation to values larger than 휀. 

As we have mentioned earlier, our input space represented by the input features, or the training 

dataset, is transferred into a new space with high dimensions, where the function 𝜙 is used. This 

is known as the kernel trick (𝑥𝑖, 𝑥𝑗) =  𝜙(𝑥𝑖)
𝑇(𝑥𝑗). For kernel functions, the radial basis (RB) and 

the linear are used. They can be written as [95]: 

(𝑅𝐵):            𝐾(𝑥𝑖, 𝑥𝑗) =  𝑒
−𝛾 (‖𝑥𝑖−𝑥𝑗‖

2
)

 
(4-3) 

(𝑙𝑖𝑛𝑒𝑎𝑟):                  𝐾(𝑥𝑖, 𝑥𝑗) =  (𝑥𝑖
𝑇𝑥𝑗)        (4-4) 

Where 𝛾 (𝐺𝑎𝑚𝑚𝑎) is the kernel parameter and is estimated by the study optimization algorithms.   

The selection of the two hyperparameters, 𝐶 and 𝛾, of the SVR models is essential in improving 

the model forecasting accuracy. The parameter 𝐶 controls the level of empirical risk of SVR. On 

the other hand, the parameter 𝛾 controls the width of the radial basis function [72]. Hence, both 

parameters influence the performance of the SVR model. Researchers typically select these 

parameters based on their experience, previous knowledge [96] or using methods such as grid 

search [94]. In this study, the penalty factor, 𝐶, and 𝛾, are optimized by using Social Spider 

Optimization (SSO), Particle Swarm Optimization (PSO) and Cuckoo Search Optimization (CSO) 

to build the hybrid models. This is described in the next Sections. 

 

4.4 Metaheuristic optimization algorithms for PV power forecast 

The meta-heuristic optimization algorithms, including SSO, PSO and CSO, used in this study to 

optimize the SVR and BPNN parameters, are described in this section. The evaluation function of 
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which these algorithms are trying to minimize is the normalized Mean Square Error (𝑛𝑅𝑀𝑆𝐸), see 

Eq. (4-7).  

 

4.4.1 Social Spider Optimization Algorithm  

Social Spider Optimization (SSO) is explained in Section 3.4. For parameters selection, the SSO 

is initiated with 50 maximum iterations. For the linear function, the upper and lower bounds for 𝐶 

are between [1,10000], and for the RB function, the boundaries are in the range of [1,10000] and 

[0.01,3] for 𝐶 and 𝛾, respectively. For the BPNN models, the upper and lower bounds of neurons 

at each hidden layer are set to be [1,50]. 

4.4.2 Particle Swarm Optimization  

Particle Swarm Optimization (PSO) is explained in Section 3.5. For parameters selection, the PSO 

is initiated with 50 maximum iterations and 50 particles are considered as the random population. 

For the linear function, the upper and lower bounds for 𝐶 are between [1,10000], and for the RB 

function, the boundaries are in the range of [1,10000] and [0.01,3] for 𝐶 and 𝛾, respectively. For 

the BPNN models, the upper and lower bounds of neurons at each hidden layer are set to be [1,50]. 

4.4.3 Cuckoo Search Optimization  

Cuckoo search optimization (CSO) is explained in Section 3.6. In this study: ℎ= 20, 𝑝=0.25, and 

50 is the number of iterations. For the linear function, the 𝑢𝑝 and 𝑙𝑜𝑤 bound for 𝐶 are between 

[1,10000], and for the RB function, the boundaries are in the range of [1,10000] and [0.01,3] for 

𝐶 and 𝛾, respectively. For the BPNN models, the upper and lower bounds of neurons at each 

hidden layer are set to be [1,50]. 

 

4.5 Forecasting models input variables  

In this work, the forecasting objective is a day-ahead forecasting of PV power generation from a 

PV panel located in Riyadh city, Saudi Arabia. Therefore, to obtain the best forecasting model of 

PV power output, the proposed models are trained and tested using three types of variables 

considered at the study location. As mentioned in the literature, the PV output is greatly influenced 
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by time variables, weather variables and historical data of the PV power generation. Table 4.1 lists 

the input variables used in this study.  

Table 4. 1 List of input variables used to forecast PV power output  
  

Input Variables 

Time Variables 𝑣𝑖
1 Month 

𝑣𝑖
2 Day 

𝑣𝑖
3 Hour 

Weather 

Variables 
𝑣𝑖
4 Air Temperature (℃) 

𝑣𝑖
5 Wind Direction 

𝑣𝑖
6 Wind Speed (𝑚/𝑠) 

𝑣𝑖
7 Forecasted direct normal irradiance, DNI (𝑊h/𝑚2) 

𝑣𝑖
8 Forecasted global horizontal irradiance, GHI (𝑊h/𝑚2) 

𝑣𝑖
9 Pressure (𝑚𝐵) 

Lag Variables 𝑣𝑖
10 PV power output at the same hour on the previous day (𝑘𝑊) 

 

The variable (𝑣𝑖
4), for example, is the air temperature (℃), and 𝑖 is the temperature value at each 

hour. On each day, we have 24 values of air temperature. After that, the entire dataset (𝑉) is divided 

into two subsets, namely: the training dataset, 𝑣𝑡𝑟𝑎𝑖𝑛, and the test dataset, 𝑣𝑡𝑒𝑠𝑡, such that 𝑉 =

𝑣𝑡𝑟𝑎𝑖𝑛 ∪ 𝑣𝑡𝑒𝑠𝑡. In this study, eighty percent (80%) of the data is utilized as the training dataset, 

while the remaining (20%) is used as the testing dataset. The Cross-Validation technique is 

utilized to tune the hyperparameters of the SVR models and the BPNN network configuration.  

 

4.5.1 Feature combinations 

In this study, different independent combinations of variables are used as inputs to forecast the PV 

output (𝑃𝑜𝑢𝑡). As more input variables do not always indicate good forecasting outcomes, the 

primary goal of combining different sets of input variables is to identify the suitable variables that 

give the best forecasting results at this site. Table 4.2 contains the variables for each feature 

combination. Considering the feature combination (12), for example, the 𝑃𝑜𝑢𝑡 (𝑣𝑖
1 , 𝑣𝑖

2 , 𝑣𝑖
3, 𝑣𝑖

8 , 𝑣𝑖
10) 
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is a function of Month, Day, Hour, Forecasted global horizontal irradiance, GHI (
𝑊h

𝑚2) and PV 

power output at the same hour on the previous day (𝑘𝑊).  

Table 4. 2 The input variables associated with each feature combination  

Feature Combination Input Variables 

1 𝑣𝑖
3 

2 𝑣𝑖
7 

3 𝑣𝑖
8 

4 𝑣𝑖
10 

5 𝑣𝑖
8, 𝑣𝑖

10 

6 𝑣𝑖
3, 𝑣𝑖

10 

7 𝑣𝑖
4, 𝑣𝑖

10 

8 𝑣𝑖
7 , 𝑣𝑖

8, 𝑣𝑖
10 

9 𝑣𝑖
4 , 𝑣𝑖

8, 𝑣𝑖
10 

10 𝑣𝑖
3 , 𝑣𝑖

8, 𝑣𝑖
10 

11 𝑣𝑖
3, 𝑣𝑖

7, 𝑣𝑖
8 , 𝑣𝑖

10 

12 𝑣𝑖
1 , 𝑣𝑖

2, 𝑣𝑖
3 , 𝑣𝑖

8 , 𝑣𝑖
10 

13 𝑣𝑖
1 , 𝑣𝑖

2 , 𝑣𝑖
3, 𝑣𝑖

7𝑣𝑖
8, 𝑣𝑖

10  

14 𝑣𝑖
1, 𝑣𝑖

2 , 𝑣𝑖
3 , 𝑣𝑖

4, 𝑣𝑖
8, 𝑣𝑖

10 

15 𝑣𝑖
1 , 𝑣𝑖

2 , 𝑣𝑖
3, 𝑣𝑖

4 , 𝑣𝑖
7 , 𝑣𝑖

8, 𝑣𝑖
10 

16 𝑣𝑖
1, 𝑣𝑖

2 , 𝑣𝑖
3 , 𝑣𝑖

4, 𝑣𝑖
5 , 𝑣𝑖

6 , 𝑣𝑖
7, 𝑣𝑖

8, 𝑣𝑖
10 

17 𝑣𝑖
1, 𝑣𝑖

2 , 𝑣𝑖
3 , 𝑣𝑖

4, 𝑣𝑖
5, 𝑣𝑖

6 , 𝑣𝑖
7 , 𝑣𝑖

8, 𝑣𝑖
9 , 𝑣𝑖

10 

 

4.5.2 Cross-Validation  

To evaluate the performance of the proposed forecasting models, it is not ideal to conduct this 

evaluation based on one test set. Therefore, to examine the forecasting model performance over 

different test data, 𝑘-fold Cross-Validation should be employed. Cross-validation is a procedure 

in which the data are split into more 𝑘-subsets [97], see Figure 4.4. These 𝑘-subsets are further 

divided into testing and training groups. In the training group, a single subset is used as a validation 

data set, while the remaining 𝑘-subsets are used as training subsets. This technique is repeated 𝑘 

times until the entire 𝑘-subsets are used as a validation set.  Hence, the overall result is independent 

of only one training set, which may affect the robustness of the forecasting models [98].  

It is worth mention that the 𝑘-fold Cross-Validation procedure is conducted in the absence of the 

testing dataset. The primary goal of Cross-Validation is to examine the generalization of a 

forecasting model. In this study, 10-fold cross-validation is used. In other words, the training 
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dataset is divided into 10-subsets. One subset is considered the test set, while the remaining nine 

subsets are utilized for training the forecasting model. This process is repeated 10 times resulting 

in 10 training and testing folds, where the 𝑛𝑅𝑀𝑆𝐸 is recorded for each of them. The average of 

the 10-folds 𝑛𝑅𝑀𝑆𝐸 results is then reported.  

 

Figure 4. 4  𝑘-fold Cross-Validation process 

 

4.6 Data preparation  

The weather and PV power data are required to be prepared. Two main steps are necessary for the 

data preparation. These steps are data clearing and data normalization. Each of these steps is 

described below:  

4.6.1 Data cleaning  

Data cleaning is a very significant step to create a successful forecasting model. Since we are 

dealing with historical data from different sources, these data could be imprecise impacting the 

performance of the forecasting models. In this step, all the missing PV power data are removed 

with all the associated time and weather variables.  

4.6.2 Data normalization  

Input data normalization plays an essential role in preparing the data before examining the 

forecasting models. The primary goal of data normalization is to reduce the possibility that features 
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with high numerical values dominate those with smaller numerical values [99]. In this study, the 

input data listed in Table 4.2 are normalized between 0 and 1 using Eq. (4-5).  

𝑥𝑖
𝑛 =

𝑥𝑖 − 𝑥𝑚𝑖𝑛  

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
 (4-5) 

Where 𝑥𝑖 is the actual data value; 𝑥𝑖
𝑛 is the normalized value, while 𝑥𝑚𝑎𝑥 and  𝑥𝑚𝑖𝑛 are the 

maximum and minimum values corresponding to the actual dataset, respectively. 

 

4.7 Model accuracy criteria  

The accuracy and efficiency of the considered forecasting methods are evaluated using the 

following statistical indicators: Root Mean Square Error (𝑅𝑀𝑆𝐸), normalized Mean Square Error 

(𝑛𝑅𝑀𝑆𝐸), Mean Absolute Error (𝑀𝐴𝐸) and normalized Mean Absolute Error (𝑛𝑀𝐴𝐸). These 

metrics show how close the measured values are to the predicted PV power output produced by 

the proposed models. These metrics are defined in the following equations [100]:     

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 −

𝑛

𝑖=1

 𝑓𝑖)2 (4-6) 

𝑛𝑅𝑀𝑆𝐸 = 
√1
𝑛
∑ (𝑦𝑖 −
𝑛
𝑖=1  𝑓𝑖)2

𝑦𝑖,𝑚𝑎𝑥
 

(4-7) 

𝑀𝐴𝐸 = √
1

𝑛
∑|𝑦𝑖 − 𝑓𝑖|

𝑛

𝑖=1

 (4-8) 

𝑛𝑀𝐴𝐸 =  
√1
𝑛
∑ |𝑦𝑖 − 𝑓𝑖|
𝑛
𝑖=1

𝑦𝑖,𝑚𝑎𝑥
 

(4-9) 

Where 𝑛 is the number of testing datasets involved in the analysis; 𝑦𝑖 is the actual value to be 

estimated; 𝑦𝑖,𝑚𝑎𝑥  is the maximum value in the testing dataset and 𝑓𝑖  is the forecasted value 

generated by the forecasting models.  𝑅𝑀𝑆𝐸 measures the deviation between actual values and 
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speculated values [101], while the 𝑀𝐴𝐸 is the mean of absolute value of the residuals (forecasting 

errors).   

4.8 PV power forecast simulation results  

The proposed methods were applied to forecast the PV power output. In this study, the forecasting 

objective is to predict the PV power in a day-ahead (24-hours in 1-hour intervals). The forecasting 

models are described in Section 4.1.  

4.8.1 Study site and dataset  

The datasets used to develop the PV output forecasting models are obtained from a rooftop PV 

system placed on a mosque in Riyadh city, Saudi Arabia. Five PV-inverters are installed on this 

site, making the PV system have a capacity of 120kWp. This location is operated by both King 

Abdelaziz City for Science and Technology (KACST) and Saudi Electricity Company (SEC). The 

PV output data gathered from the unit are in 1-hour intervals for the period between June 03rd, 

2017, until August 31st, 2018. The maximum power production from the system was found to be 

on March 25th, 2018, with a total active power production of 105.09285 kW at 11:00 A.M. The 

hourly data show that there are numerical readings from the PV system at night hours when no 

irradiance is expected. To deal with such data, all data below 100 W are omitted and set to zero 

implying that after the sunset and before the sun rises, there is no output power from the PV system. 

Figure 5.1 shows the solar map of Saudi Arabia.   
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Figure 4. 5 Saudi Arabia solar map [102] 

 

4.8.2 Solcast  

Solcast is a company that provide a global solar forecasting and historical solar irradiance data 

[103]. It provides important data for researchers, and the historical data are available to the public 

freely. Different atmospheric parameters are available publicly in (https://solcast.com/). Different 

weather variables can be obtained in several time intervals (5-min, 30-min, 60-min). These 

variables include global horizontal irradiance (GHI), direct normal irradiance (DNI), diffuse 

horizontal irradiance (DIF), direct horizontal irradiance, air temperature, solar zenith angle, solar 

azimuth angle, cloud capacity (a percentage where 0% is completely clear and 100% is completely 

cloudy), pressure, wind speed and wind direction.  

 

4.8.3 Results and Discussion  

A multilayer perceptron (MLP) was selected for the BPNN model with the backpropagation 

algorithm, while the Levenberg-Marquardt method was selected as the training function. 

Regarding the number of layers, this study assumes three cases for BPNN:  

https://solcast.com/
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- Case 1: 𝐵𝑃𝑁𝑁1 - one input layer, one hidden layer and one output layer.  

- Case 2: 𝐵𝑃𝑁𝑁2 - one input layer, two hidden layers and one output layer.  

- Case 3: 𝐵𝑃𝑁𝑁𝐷 - default BPNN.  

The number of neurons (nodes) in the hidden layers in Case 1 (𝐵𝑃𝑁𝑁1) and Case 2 (𝐵𝑃𝑁𝑁2) are 

obtained based on the optimal number of nodes generated by the three metaheuristic optimization 

algorithms, namely SSO, PSO and CSO. For Case 3 (𝐵𝑃𝑁𝑁𝐷), which represents the default 

BPNN, it is assumed that it has one input layer, one hidden layer and one output layer. In 𝐵𝑃𝑁𝑁𝐷, 

the number of neurons is selected equal to the number of input features listed in Table 4.2. For 

example, with the input feature combination (1), which consists of one input feature, the number 

of nodes is one. Similarly, five nodes are set for the feature combination (12), which has five input 

features. The input data in the 𝐵𝑃𝑁𝑁 were the same as those used in 𝑆𝑉𝑅 models. Table 4.4 

summarizes the 𝐵𝑃𝑁𝑁 best models’ configuration by using different algorithms.  

For SVR models, the default parameters are selected based on the default values used in the 

LIBSVM tool. The default value of the parameter 𝐶 is set to 1 for the radial basis and linear 

functions, while parameter 𝛾 is equal to (1/number of features). After that, the 𝑆𝑉𝑅 and 𝐵𝑃𝑁𝑁 

models with the optimal parameters and network configurations were used to predict the PV power 

output. The performance of the proposed models was evaluated to determine how close the 

predicted data track the measured data. For this purpose, the output of the testing models was 

examined based on Root Mean Square Error (𝑅𝑀𝑆𝐸), normalized Mean Square Error (𝑛𝑅𝑀𝑆𝐸), 

Mean Absolute Error (𝑀𝐴𝐸) and normalized Mean Absolute Error (𝑛𝑀𝐴𝐸). Table 4.3 compares 

the performance indices of SVR and BPNN models.  

- Analysis of the forecasting models  

In this section, the forecasting models are compared according to the goodness of fit tests to 

examine their performance to predict the PV power output from the solar system. Results of the 

best forecasting models, corresponding optimized parameters of 𝑆𝑉𝑅𝑅𝐵 , 𝑆𝑉𝑅𝐿𝑖𝑛𝑒𝑎𝑟 ,  𝐵𝑃𝑁𝑁1, and 

𝐵𝑃𝑁𝑁2 models and the statistical errors of the forecasting models are shown in Table 4.3, Table 

4.4 and Table 4.5, respectively. Figure 4.6 and Figure 4.7 display graphical representations of the 

goodness of fit tests of 𝑅𝑀𝑆𝐸 (in Figure 4.6) and 𝑀𝐴𝐸 (in Figure 4.7), in the form of heat maps. 

These figures aim to compare all the 255 models considered at the study site. These are four 



58 
 

forecasting models, 𝑆𝑉𝑅𝑅𝐵  , 𝑆𝑉𝑅𝐿𝑖𝑛𝑒𝑎𝑟, 𝐵𝑃𝑁𝑁1 and 𝐵𝑃𝑁𝑁2, which obtain their parameters for 

each of the 17 feature combinations using three optimization approaches, SSO, PSO and CSO, in 

addition to the three default models 𝑆𝑉𝑅𝑅𝐵
𝐷  , 𝑆𝑉𝑅𝐿𝑖𝑛𝑒𝑎𝑟

𝐷  and 𝐵𝑃𝑁𝑁𝐷. 

Table 4. 3* Statistical errors of the best-proposed forecasting models using 𝑆𝑆𝑂, 𝑃𝑆𝑂 and 𝐶𝑆𝑂 

  𝑺𝑽𝑹𝑹𝑩 𝑺𝑽𝑹𝑳𝒊𝒏𝒆𝒂𝒓  𝑩𝑷𝑵𝑵𝟏 𝑩𝑷𝑵𝑵𝟐 

SSO 

𝑅𝑀𝑆𝐸 (𝑘𝑊) 4.47513 10.69401 4.84603 5.07423 

𝑛𝑅𝑀𝑆𝐸 (%) 4.33744 10.36499 4.69693 4.91811 

𝑀𝐴𝐸 (𝑘𝑊) 2.56999 4.86217 3.17134 3.23656 

𝑛𝑀𝐴𝐸 (%) 2.49092 4.71258 3.07377 3.13698 

PSO 

𝑅𝑀𝑆𝐸 (𝑘𝑊) 4.487 9.1334 4.973575 4.556413 

𝑛𝑅𝑀𝑆𝐸 (%) 4.349 8.8524 4.820558 4.422383 

𝑀𝐴𝐸 (𝑘𝑊) 2.5728 4.8617 3.24105 2.873902 

𝑛𝑀𝐴𝐸 (%) 2.4936 4.7121 3.141335 2.785483 

CSO 

𝑅𝑀𝑆𝐸 (𝑘𝑊) 4.4795 10.6932 5.078893 4.5692 

𝑛𝑅𝑀𝑆𝐸 (%) 4.3417 10.3642 4.922636 4.4286 

𝑀𝐴𝐸 (𝑘𝑊) 2.5661 4.8637 3.305309 2.9614 

𝑛𝑀𝐴𝐸 (%) 2.4871 4.7141 3.203617 2.8703 

* The statistical errors are reported for the best feature combination, which is number 14 in Table 4.2. 

 

Table 4. 4* Models’ parameters for SVR models and BPNN network configuration (SVR 

models: 휀 = 0.001) 

 SSO PSO CSO 
 𝑪 𝛄 𝑪 𝛄 𝑪 𝛄 

𝑺𝑽𝑹𝑹𝑩 9239.9 2.9384 9854 2.8795 9136.8 2.85636 

𝑺𝑽𝑹𝑳𝒊𝒏𝒆𝒂𝒓 138.55385 - 0.6318801 - 4461.4607 - 

    
 SSO PSO CSO 

 Hidden 

Layer 1 

Hidden 

Layer 2 

Hidden 

Layer 1 

Hidden 

Layer 2 

Hidden 

Layer 1 

Hidden 

Layer 2 

𝑩𝑷𝑵𝑵𝟏 19 - 18 - 17 - 

𝑩𝑷𝑵𝑵𝟐 15 7 19 9 19 6 

* The SVR parameters and BPNN network configurations are reported for the best feature combination, which is 

number 14 in Table 4.2. 

Table 4. 5 Best proposed forecasting models vs. default models based on SVR and ANN  

 𝑪𝑺𝑶− 𝑺𝑽𝑹𝑹𝑩 𝑺𝑽𝑹𝑹𝑩
𝑫  𝑷𝑺𝑶− 𝑺𝑽𝑹𝒍𝒊𝒏𝒆𝒂𝒓 𝑺𝑽𝑹𝒍𝒊𝒏𝒆𝒂𝒓

𝑫  𝑺𝑺𝑶− 𝑩𝑷𝑵𝑵𝟏 𝑪𝑺𝑶−𝑩𝑷𝑵𝑵𝟐 𝑩𝑷𝑵𝑵𝑫 

𝑹𝑴𝑺𝑬 (𝒌𝑾) 4.4795 8.9733 9.1334 9.9392 4.8460 4.5692 5.2289 

𝒏𝑹𝑴𝑺𝑬 (%) 4.3417 8.6972 8.8524 9.6334 4.6969 4.4286 5.0681 

𝑴𝑨𝑬 (𝒌𝑾) 2.5661 5.2218 4.8617 4.9399 3.1713 2.9614 3.2892 

𝒏𝑴𝑨𝑬 (%) 2.4871 5.0612 4.7121 4.7879 3.0738 2.8703 3.1879 



59 
 

- Hybrid forecasting models vs. default forecasting models 

Table 4.3, Table 4.5, Figure 4.6 and Figure 4.7 show that: (𝑖) Overall, the proposed forecasting 

models optimized by SSO, PSO and CSO outperform the default forecasting models in predicting 

the PV power output with low 𝑅𝑀𝑆𝐸 and 𝑀𝐴𝐸 values. Regarding models fitting accuracy with 

the 𝑆𝑉𝑅𝑅𝐵  models, the proposed models with the optimized hyperparameters show improvements 

compared to default models, where 𝑅𝑀𝑆𝐸 improved between 12.001% to 50.079 % and 𝑀𝐴𝐸 

improved between 1.80291% to 59.8847%. Similarly, the prediction models with the 𝐵𝑃𝑁𝑁1and 

𝐵𝑃𝑁𝑁2 using the proposed models with the optimal network configurations have better 

performance with 1.883%-46.964% and 2.0576%-47.007% improvement in the 𝑅𝑀𝑆𝐸 and 𝑀𝐴𝐸 

values, respectively, compared to the 𝐵𝑃𝑁𝑁𝐷 models.  

Using 𝑆𝑉𝑅𝑅𝐵  models with different optimization algorithms and different feature schemes, Figure 

4.6 shows that 𝑅𝑀𝑆𝐸 values are ≤ 23.12 kW, while 𝑅𝑀𝑆𝐸 values with the default models are ≤

28.24 kW. With the feature combination (12), for example, the value of 𝑅𝑀𝑆𝐸 with the best model 

(𝐶𝑆𝑂 −  𝑆𝑉𝑅𝑅𝐵) is 4.968 kW and 𝑀𝐴𝐸 is 2.756 kW. On the other hand, the 𝑆𝑉𝑅𝑅𝐵
𝐷  gives an 𝑅𝑀𝑆𝐸 

value of 9.206 kW and 𝑀𝐴𝐸 of 5.269 kW. Similarly, the reduction in the error metrics values has 

been attained with the proposed 𝐵𝑃𝑁𝑁 models. For instance, considering the feature combination 

(9), the value of 𝑛𝑅𝑀𝑆𝐸 using 𝐵𝑃𝑁𝑁1and 𝐵𝑃𝑁𝑁2 are 5.767% and 5.804%, respectively, while 

the 𝐵𝑃𝑁𝑁𝐷 generates an error value of 7.25%. Nevertheless, the degree of improvement is 

somewhat low in the 𝑆𝑉𝑅𝐿𝑖𝑛𝑒𝑎𝑟  models with the optimized parameters as a comparison to the 

𝑆𝑉𝑅𝐿𝑖𝑛𝑒𝑎𝑟
𝐷  models. This can be attributed to the value of the optimized hyperparameter, 𝐶, that has 

close values to the default ones.  

In addition, Figure 4.6, Figure 4.7 and Table 4.5 show that the BPNN with the default models have 

better performance than the default models of the SVR with the radial base and the linear functions. 

This is due to the default parameters that are selected for the SVR models. Hence, to obtain the 

best forecasting performance of the SVR models, the associated parameters should be selected 

appropriately. The BPNN default models, on the other hand, show good performance as a 

comparison to the proposed models. For instance, the best model using 𝑆𝑆𝑂 − 𝐵𝑃𝑁𝑁1 and 𝐶𝑆𝑂 −

𝐵𝑃𝑁𝑁2give 𝑅𝑀𝑆𝐸 values of 4.8460 kW and 4.5692 kW, respectively, while the 𝐵𝑃𝑁𝑁𝐷model 

generates an error value of 5.2289 kW.  
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Figure 4. 6 𝑅𝑀𝑆𝐸 values of the study models with the considered feature combinations 

 

Figure 4. 7 𝑀𝐴𝐸 values of the study models with the considered feature combinations 
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- Performance analysis using proposed models 

(𝑖𝑖) From Table 4.3, Figure 4.6 and Figure 4.7, and by comparing different forecasting models 

using the proposed models,  𝑆𝑉𝑅𝑅𝐵  models can be considered the best prediction model to best 

estimate the PV power generation in the study site. 𝑆𝑉𝑅𝑅𝐵  has better error metrics values than 

𝑆𝑉𝑅𝐿𝑖𝑛𝑒𝑎𝑟 , 𝐵𝑃𝑁𝑁1 and 𝐵𝑃𝑁𝑁2 with low 𝑅𝑀𝑆𝐸 and 𝑀𝐴𝐸 values. For instance,  𝑃𝑆𝑂 −  𝑆𝑉𝑅𝑅𝐵 

models are better than 𝑃𝑆𝑂 −  𝑆𝑉𝑅𝐿𝑖𝑛𝑒𝑎𝑟, 𝑃𝑆𝑂 − 𝐵𝑃𝑁𝑁1 and 𝑃𝑆𝑂 − 𝐵𝑃𝑁𝑁2 for all the 

considered feature combinations. This result is also found with others optimization methods. 

𝐵𝑃𝑁𝑁 models, on the other hand, have a better performance than the 𝑆𝑉𝑅 models with the linear 

function and promising performance compared to the RB models. As a comparison between the 

proposed 𝐵𝑃𝑁𝑁 models, overall 𝐵𝑃𝑁𝑁2 models have led to better prediction capability than the 

𝐵𝑃𝑁𝑁1. 𝑃𝑆𝑂 − 𝐵𝑃𝑁𝑁2 with the feature combination (11), for example, gave an 𝑛𝑅𝑀𝑆𝐸 of 

3.251% and 𝑛𝑀𝐴𝐸 values of 3.251%, while 𝑃𝑆𝑂 − 𝐵𝑃𝑁𝑁1 resulted in error values of 6.297% 

and 3.819%, respectively. This implies that using more than one hidden layer with optimized node 

numbers leads to higher forecasting accuracy than a single hidden layer.  

Furthermore, as a comparison between the performance of the optimization algorithms, more than 

one optimization approach has the same accuracy and performance in estimating the parameters 

of the forecasting models. PSO and SSO methods have a similar or negligible difference in terms 

of estimating parameter values. Nevertheless, the three optimization algorithms show different 

performance in obtaining the 𝐶 parameter of the linear function. Also, the linear models performed 

the worst due to their limited capacity in dealing with nonlinearity in input data.       

 

- Best feature combination  

(iii) From Table 4.3, Figure 4.6 and Figure 4.7, and by comparing different feature combinations, 

we can see that the best forecasting model is attained with the feature combination (14). This 

combination includes the month in the year, the day of the month, the hour in the day, air 

temperature (℃), forecasted global horizontal irradiance, GHI (𝑊h/𝑚2) and PV power output at 

the same hour on the previous day (𝑘𝑊). Results show that the best forecasting results for all 

considered models are obtained using this feature combination. Regarding other feature 

combinations, using only forecasted global horizontal irradiance, feature combination (3), PV 



62 
 

power output at the same hour on the previous day (𝑘𝑊), feature combination (4), or a mix 

between them could lead to satisfactory forecasting results. GHI provided good accuracy results 

due to its significant impact on the PV system production, while the lag power observation is due 

to the nature of solar radiation in the study site. In Riyadh city, the nature of the weather is less 

variable, and there are two seasons in the year, summer and winter. Therefore, the power output 

of the previous day may influence the production of the next day.  

 

4.9 Conclusion 

In this study, SVR with the radial basis and the linear kernel functions and BPNN models were 

examined to predict the PV output power of the rooftop PV unit placed on a mosque located in 

Riyadh city, Saudi Arabia. The penalty factor (𝐶) and kernel parameter (𝛾) of the SVR models 

with the radial and linear functions as well as the number of hidden nodes of the artificial neural 

network were optimized using three optimization algorithms. These algorithms are Social Spider 

Optimization (SSO), Particle Swarm Optimization (PSO) and Cuckoo Search Optimization (CSO). 

Different combinations of the input variables are used in this study, including month, day, hour, 

global solar radiation, direct normal radiation, temperature, wind speed, wind direction, pressure 

and PV power generation of the previous day. The efficiency of all selected models was evaluated 

based on Root Mean Square Error (𝑅𝑀𝑆𝐸), normalized Mean Square Error (𝑛𝑅𝑀𝑆𝐸), Mean 

Absolute Error (𝑀𝐴𝐸) and normalized Mean Absolute Error (𝑛𝑀𝐴𝐸). Results indicate that the 

proposed models with the optimized hyperparameter of the SVR with radial basis outperform other 

models in forecasting PV power output at the study site. The three optimization algorithms almost 

have the same performance, resulting in high accuracy models that prove their ability to select 

SVR parameters and BPNN configuration. Furthermore, the proposed BPNN models exhibit a 

good performance that can be compared with the SVR radial basis models. On the other hand, the 

SVR based on the linear function showed limited forecasting performance due to its limited 

capability in capturing the nonlinearity in the input dataset.  Finally, the framework that is proposed 

in this study can be used to forecast the PV power output in other countries.
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Chapter 5: Voltage Regulation in the Medium Voltage 

Distribution Network 
 

In this Chapter, the proposed voltage management strategy is evaluated. The proposed approach 

is a coordination algorithm consisting of two controlling stages aiming to eliminate the voltage 

deviation in distribution networks connected with solar PV and wind. The first stage is 

accomplished by optimal planning of BESS through network-level optimization. The second stage 

is accomplished by controlling the reactive power of the smart solar PV inverters. The flowchart 

of the proposed study is depicted in Figure 5.1.  

 

Figure 5. 1 Framework of the voltage management strategy 
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The algorithm is based on the bi-level optimization method. The full description of the proposed 

algorithm is described in Chapter 3. In this study, three metaheuristic optimization algorithms are 

used to represent upper-level optimization, while linear programming (LP) is used in lower-level 

optimization. The metaheuristic optimization algorithms are Social Spider Optimization (SSO), 

Particle Swarm Optimization (PSO) and Cuckoo Search Optimization (CSO). The main reason for 

using these algorithms is to examine their performance and their searching capability in solving 

the voltage problem in the electrical distribution system. The performance experiment and 

convergence experiment results (shown in Subsections 5.1.7-5.2.6) indicate that PSO provides 

better performance than other algorithms.  

 

5.1 High level of PV integration at the feeder’s end 

The proposed methodology has been applied to the modified IEEE-34 Test Feeder shown in Figure 

5.2. The feeder is a radial distribution feeder, and the substation transformer steps down the voltage 

from 69 kV to 24.9 kV. The transformer at the substation of this test feeder has a rated kVA of 

2500, and the tap setting of the secondary part of the transformer is set to 1.03 p.u to make the 

overvoltage and undervoltage problem more vivid. In this study, there are two locations at which 

the two PV systems are placed. The two PV systems have sizes of 500 𝑘𝑊𝑝 and are located at bus 

840 and bus 848. The PV systems sizing is selected to make the impact on voltage level more 

pronounced. Typically, the acceptable voltage limits in the distribution system should be within 

±5% of the nominal voltage. In this study, the maximum and minimum allowed voltage is 𝑉𝑚𝑎𝑥 =

1.05 and 𝑉𝑚𝑖𝑛 = 0.95, respectively. In addition, this network is unbalanced; therefore, the study 

voltage is calculated based on the mean of the three-phase voltages. Furthermore, in this case 

study, the voltage regulators (VR) are assumed to operate at fixed tap positions in the distribution 

system, and the simulations are conducted in the absence of VR interference. The power flow 

simulations are performed utilizing OpenDSS, while the numerical calculations and the daily 

BESS dispatch are obtained by LP using MATLAB.    



65 
 

 

Figure 5. 2 The modified IEEE 34-bus test radial distribution system 

5.1.1 Study dataset 

The daily load is based on real-time data obtained from a substation transformer that feeds 

primarily residential and commercial loads in Riyadh city, Saudi Arabia. The spot and distributed 

loads are calculated based on scaled base values provided by the feeder configuration. The PV 

output power profile is scaled up from real-time data collected from the 120 kW PV system placed 

on a rooftop of a mosque in Riyadh. The time resolution of the load and the PV power is 1-hour, 

and their profile on 07-Nov- 2017 is shown in Figure 5.3. The smart PV inverters are assumed to 

operate at a unity power factor. The batteries are deployed at the same bus where the PV systems 

are connected and have the specifications listed in Table 5.1. This study also assumes that the 

utility has ownership of the PV systems and BESS. Therefore, these equipments are fully 

controlled by the utility to control the voltage in the distribution system. 

 

Figure 5. 3 Net daily load and PV power output profiles (07-Nov- 2017) 
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Table 5. 1 The specification of the battery energy storage system 

Specification   Powerpack  

AC voltage  𝐴𝐶  380-480 3-phase  

Usable Energy  𝑊𝑚𝑎𝑥   228 kWh  

Maximum charging/discharging power  𝑆𝑚𝑎𝑥   130 kW  

Minimum charging/discharging power  𝑆𝑚𝑖𝑛  0 kW  

Maximum State of Charge  𝑆𝑂𝐶𝑚𝑎𝑥   100%  

Minimum State of Charge  𝑆𝑂𝐶𝑚𝑖𝑛  10%  

Round trip efficiency  𝜂  90%  

 

The primary goal of the voltage management strategy is to manage the overvoltage problem in the 

distribution system. The voltage deviations usually occur when the feeder’s load is low and the 

power generated from the PV systems is high. The distribution feeder in this study is located in 

Riyadh city, where the net load is low in the winter season compared to the high summer load. 

Therefore, in this research, the selection of the days on which the overvoltage happens is based on 

the mean of voltage deviation index, 𝑉𝐷, and it is defined as follows:  

𝑉𝐷 = 𝑚𝑒𝑎𝑛(𝑉𝑖 − 𝑉𝑟𝑒𝑓)     ∀  𝑉𝑖 > 𝑉𝑟𝑒𝑓   (6-1) 

Where 𝑣𝑖 is the voltage magnitude at the PV systems buses, and 𝑉𝑟𝑒𝑓  is the voltage reference which 

the voltage should be below. 𝑉𝐷 values reflect the degree of voltage deviation on each day. 

Therefore, to evaluate the effectiveness of the proposed voltage management strategy using BESS 

and reactive power from the smart PV inverters, the selected days are taken when the voltage is 

the worst.   

5.1.2 Case study simulation results with two PV systems 

This section exhibits the impact of the proposed voltage management strategy to control the 

voltage in the distribution system. In this study, the load demand is assumed to be constant or 

based on forecasted values with high accuracy; thus, the load forecast error is not considered. On 

the other hand, the predicted values of the PV system are considered. The forecasted PV power 

outputs are based on the best forecasting model discussed in Chapter 4. The distribution system is 

simulated based on the actual and forecasted values of the PV power output to optimize the BESS 
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operations and PV inverter reactive power, taking into consideration the objective functions of the 

upper and the lower-level optimizations. These objectives are for adhering to the BESS 

specifications, the reactive power capability of the smart PV inverters and the voltage objective 

function. The objective functions are described in Chapter 3.  

5.1.3 Real-time simulation  

The optimal BESS scheduling obtained from the proposed method, and the exact values of the 

load and PV generation and the forecasted PV generation for the next 24-hours are utilized to 

simulate the distribution system for different simulation days. In this study, the smart PV inverters 

simulation is conducted in real-time based on the measured conditions using the Volt-VAR mode, 

shown in Figure 3.3. In order to evaluate the effectiveness of the proposed method, five simulation 

cases were conducted according to different controlling methods and PV generations. These cases 

are described as follows:  

Case 1: 𝐵𝐸𝑆𝑆:  In this case, the optimal BESS scheduling is done based on the assumption 

that the measured PV power generation is used. The charging and discharging rates are considered 

to show their effect on the distribution system voltage profile. This case represents the reference 

case 1.  

Case 2: 𝐵𝐸𝑆𝑆 − 𝑉𝐴𝑅:  In this case, the optimal BESS scheduling is done based on the 

assumption that the measured PV power generation is used, while the smart PV inverters are 

simulated in real-time using the Volt-VAR mode. In this case, the charging and discharging rates 

are considered to show their effect on the distribution system voltage profile. The Volt-VAR mode 

that has the curve displayed in Figure 3.3 is used. This case represents the reference case 2.  

Case 3: 𝑉𝐴𝑅: In this case, the optimal reactive power from the smart PV inverters is 

simulated based on the assumption that the measured PV power generation is used. The reactive 

power values are considered to show their effect on the distribution system voltage profile. The 

Volt-VAR mode that has the curve displayed in Figure 3.3 is used.  

Case 4: 𝐵𝐸𝑆𝑆𝑓 : In this case, the optimal BESS scheduling is done based on the assumption 

that the forecasted PV power generation is used. That is, the BESS operations are scheduled for 

the day ahead, 24-hours in 1-hour intervals. In this case, the charging and discharging rates are 

considered to show their effect on the distribution system voltage profile. 
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Case 5: 𝐵𝐸𝑆𝑆𝑓 − 𝑉𝐴𝑅: In this case, the optimal BESS scheduling is done based on the 

assumption that the forecasted PV power generation is used, while the smart PV inverters are 

simulated in real-time using the Volt-VAR mode. That is, the BESS operations are scheduled for 

the day ahead, 24-hours in 1-hour intervals. In this case, the charging and discharging rates are 

considered to show their effect on the distribution system voltage profile. The Volt-VAR mode 

that has the curve displayed in Figure 3.3 is used. 

5.1.4 Real-time simulation for 𝑽𝑨𝑹 and 𝑩𝑬𝑺𝑺  

Simulation results of Cases 1, 2, 3, 4, and 5 on 07-Nov-2017 are displayed in Figures 5.4-5.9, 

respectively. As has been mentioned previously, the simulation horizon of the BESS and the smart 

PV inverters’ reactive power is hourly for the next day. The reactive power absorbed by the smart 

PV inverters at bus 841 and bus 848 is shown in subplots 1 in Figures 5.6-5.9. The optimized 

charging and discharging scheduling rates of the BESS placed at Bus 841 and Bus 848 based on 

actual and forecasted PV generation are shown in subplot 2 in Figures 5.6-5.9, respectively. The 

BESS’s states of charges (𝑆𝐶𝑂𝑏) for all different cases are shown in subplot 3 in Figures 5.6-5.9, 

respectively.  

Real-time simulations of the distribution system for the actual and forecasted PV generation have 

been performed on 07-Nov-17. The voltage profiles at PV buses with different controlling methods 

for cases 1, 2, 3, 4, and 5 are shown in Figures 5.4-5.5, respectively. In this simulation case study, 

the excess power from the solar PV reverses the power flow causing the overvoltage problem in 

the distribution network. From Figures 5.4-5.5, it can be seen that the 𝑉𝐴𝑅 case and 𝐵𝐸𝑆𝑆 alone 

were not able to manage the overvoltage problem. This is due to limited capacity of the smart PV 

inverters and BESS. Reactive power absorption by the smart PV inverters at bus 848 and bus 840 

occurs in the midday as a response to the local overvoltage. Also, the BESS starts collectively 

storing energy from the PV systems in conjunction with the high PV generation to minimize the 

voltage deviation from the acceptable upper limit. Despite the improvement in the 𝑉𝐷 employing 

𝐵𝐸𝑆𝑆 and 𝑉𝐴𝑅, as listed in Table 5.2, the voltages deviate most of the time. However, on some 

days, 𝑉𝐴𝑅 and 𝐵𝐸𝑆𝑆 alone can maintain the voltage at the desired ranges, as shown in Table 5.2. 

As a comparison between Case 1, when the measured PV generations are considered, and the Case 

4, when the forecasted PV generations are considered, we can notice that BESS operation with the 
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forecasted values results in a good performance in minimizing the voltage deviation in the 

distribution system.   

  

Figure 5. 4 Voltage profile at bus 840 and bus 848 - (Left) 𝐵𝐸𝑆𝑆, (Right) 𝐵𝐸𝑆𝑆 − 𝑉𝐴𝑅 (PV: 

Measured) 
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Figure 5. 5 Voltage profile at bus 840 and bus 848- (Left) 𝐵𝐸𝑆𝑆𝑓 , (Right) 𝐵𝐸𝑆𝑆𝑓 − 𝑉𝐴𝑅 (PV: 

Forecasted) 

5.1.5 Real-time simulation for 𝑩𝑬𝑺𝑺 − 𝑽𝑨𝑹  

On the other hand, the effectiveness of the proposed model to improve the overvoltage in the 

distribution system appears when BESS and smart PV inverters are coordinated (Case 2 and Case 

5). As shown in Figure 5.4 and Figure 5.5, the overvoltage problem has been significantly 

minimized and has shown noticeable improvement. The BESS's limited capability of reducing the 

overvoltage incidents has been supported by the reactive power capability of the smart PV 

inverters. BESS stored the excess power from the PV system, which causes the voltage problem 

with respect to the battery operation capacity. The voltage is minimized, but it is still violated. 

Hence, the reactive power absorption provided by the smart PV inverter assists in further reducing 

in voltage levels. As a comparison between Case 2 and Case 5, we can see that Case 5 has a close 

performance to the reference case (Case 2) as the voltage comes within the desired upper and lower 

limits.  



71 
 

5.1.6 BESS operation with two PV systems 

The optimal battery charging and discharging of each battery storage is exhibited in Figures 5.6-

5.9. These figures show that all batteries start charging as a response to the excess power from the 

PV systems (from 10 AM to 13 PM) instead of being injected into the grid and causing reverse 

power and overvoltage. At peak demand (from 18 PM to 21 PM), the batteries supply the stored 

energy back to the grid, which accounts for the increase in voltage at this period, as shown in 

Figures 5.4-5.5. Also, the batteries’ energy at the beginning of the day has the same energy at the 

end of the day, adhering to the BESS operational constraints.  

 

Figure 5. 6 (Top) Reactive power; (Middle) stored and supplied energy; and (Bottom) SOC of 

the BESS for Case 1 and Case 3 (PV: Measured). 
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Figure 5. 7 (Top) Reactive power; (Middle) stored and supplied energy; and (Bottom) SOC of 

the BESS Case 2 (PV: Measured). 

 

Figure 5. 8 (Top) Reactive power; (Middle) stored and supplied energy; and (Bottom) SOC of 

the BESS for Case 4 (PV: Forecasted). 
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Figure 5. 9 (Top) Reactive power; (Middle) stored and supplied energy; and (Bottom) SOC of 

the BESS for Case 5 (PV: Forecasted) 

 

5.1.7 Average voltage deviation (𝑽𝑫)  

Average voltage deviation (𝑉𝐷) results, see Eq. (6-1), for the selected days that satisfy the 

predefined criteria are listed in Table 5.2 by using different cases and different metaheuristic 

optimization algorithms, namely SSO, PSO and CSO. Table 5.2 contains the 𝑉𝐷 results based on 

the real-time simulation using measured and forecasted values of the PV power.  

Table 5. 2 Average voltage deviation (𝑉𝐷) generated by SSO, PSO and CSO on different 

simulation days  

SSO 

Day 𝑶𝒏𝒍𝒚 𝑷𝑽 𝑽𝑨𝑹 𝑩𝑬𝑺𝑺 𝑩𝑬𝑺𝑺 − 𝑽𝑨𝑹 𝑩𝑬𝑺𝑺𝒇 𝑩𝑬𝑺𝑺𝒇 − 𝑽𝑨𝑹 

7-Nov-17 0.228133 0.120966 0.111953 0.004885 0.112317 0.007892 

6-Dec-17 0.268555 0.142868 0.151411 0.025425 0.152159 0.026239 

18-Jan-18 0.047982 0.025582 0 0 0.005078 0 

31-Jan-18 0.076453 0.038093 0 0 0.015794 0 

8-Feb-18 0.033301 0.017649 0 0 0 0 

2-Mar-18 0.335016 0.181497 0.218965 0.064097 0.219461 0.073657 

19-Mar-18 0.106487 0.058178 0 0 0.002237 0 
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PSO 

Day 𝑶𝒏𝒍𝒚 𝑷𝑽 𝑽𝑨𝑹 𝑩𝑬𝑺𝑺 𝑩𝑬𝑺𝑺 − 𝑽𝑨𝑹 𝑩𝑬𝑺𝑺𝒇 𝑩𝑬𝑺𝑺𝒇 − 𝑽𝑨𝑹 

7-Nov-17 0.228133 0.120966 0.110159 0.004016 0.110156 0.004714 

6-Dec-17 0.268555 0.142868 0.150942 0.02423 0.150938 0.024215 

18-Jan-18 0.047982 0.025582 0 0 0.004652 0 

31-Jan-18 0.076453 0.038093 0 0 0.011689 0 

8-Feb-18 0.033301 0.017649 0 0 0 0 

2-Mar-18 0.335016 0.181497 0.218169 0.063666 0.218028 0.06732 

19-Mar-18 0.106487 0.058178 0 0 0.001322 0 
 

CSO 

Day 𝑶𝒏𝒍𝒚 𝑷𝑽 𝑽𝑨𝑹 𝑩𝑬𝑺𝑺 𝑩𝑬𝑺𝑺 − 𝑽𝑨𝑹 𝑩𝑬𝑺𝑺𝒇 𝑩𝑬𝑺𝑺𝒇 − 𝑽𝑨𝑹 

7-Nov-17 0.228133 0.120966 0.110162 0.003844 0.110161 0.00544 

6-Dec-17 0.268555 0.142868 0.150945 0.024228 0.150938 0.024229 

18-Jan-18 0.047982 0.025582 0 0 0.00495 0 

31-Jan-18 0.076453 0.038093 0 0 0.011206 0 

8-Feb-18 0.033301 0.017649 0 0 0 0 

2-Mar-18 0.335016 0.181497 0.218212 0.063674 0.218036 0.067577 

19-Mar-18 0.106487 0.058178 0 0 0.001487 0 

 

As a comparison between the metaheuristic optimization algorithms in reducing the 𝑉𝐷, all three 

algorithms have led to a reduction either by 𝐵𝐸𝑆𝑆 or 𝐵𝐸𝑆𝑆 − 𝑉𝐴𝑅 based on the measured or 

forecasted PV power generation (the two cases in which the study algorithm is used). PSO and 

CSO methods have a similar or negligible difference in terms of the 𝑉𝐷 values. Yet, PSO has the 

best velocity in attaining these values, as shown in Subsection 5.1.8. For example, considering 

(06-Dec-17) with 𝐵𝐸𝑆𝑆 − 𝑉𝐴𝑅 based on the forecasted PV values, the 𝑉𝐷 using SSO was found 

to be 0.026239, while using PSO and CSO led to values of 0.024215 and 0.024229, respectively. 

Similar results were found on all simulation days. In this respect, PSO presents the most accurate 

and fastest approach to minimize the 𝑉𝐷 and solve the voltage deviation problem in the 

distribution system in question. The CSO and SSO could be considered as the following best 

algorithms, respectively. 

Overall, and as it can be seen from Table 5.2, 𝑉𝐴𝑅 and 𝐵𝐸𝑆𝑆 have provided a reduction in the 𝑉𝐷 

when considering the measured and forecasted PV power values. This is due to the capability of 

the reactive power of the smart PV inverters and BESS in minimizing the voltage deviation. 

However, 𝐵𝐸𝑆𝑆 alone has better 𝑉𝐷 values compared to the 𝑉𝐴𝑅 case. On some simulation days, 

the optimal operation of 𝐵𝐸𝑆𝑆 resulted in managing the overvoltage at the PV buses. For example, 

on (31-Jan-2018) and by using PSO, 𝐵𝐸𝑆𝑆𝑓 reduced the 𝑉𝐷 to 0.011689 compared to 0.038093 
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by using 𝑉𝐴𝑅. If we compare the 𝑉𝐷 based on the measured and forecasted values of PV power 

using 𝐵𝐸𝑆𝑆, Table 5.2 shows that on some days 𝐵𝐸𝑆𝑆𝑓with the forecasted values could not control 

the overvoltage, which it is supposed to accomplish based on the measured PV generation (𝐵𝐸𝑆𝑆). 

This is due to the PV forecasting error that influenced the batteries’ operations. On the other hand, 

𝐵𝐸𝑆𝑆 − 𝑉𝐴𝑅, which is the proposed technique in this study, minimizes the 𝑉𝐷 significantly 

through the optimal scheduling of the BESS and the reactive power provided by the smart PV 

inverter, as shown in Figure 5.10. This figure shows the level of reduction in the 𝑉𝐷 by all 

considered cases based on the measured and forecasted PV power using PSO. The results of 

𝐵𝐸𝑆𝑆𝑓 − 𝑉𝐴𝑅 using forecasted values are close to 𝐵𝐸𝑆𝑆 − 𝑉𝐴𝑅 based on measured PV values. 

This can be attributed to the size of the batteries and the increase in the smart PV inverters’ 

capacities. Therefore, increasing the size of the battery storage or the capacity of the PV inverter 

can assist in minimizing the PV forecasting error.  

 

Figure 5. 10 Levels of reduction in 𝑉𝐷 by all considered cases using PSO 

 

5.1.8 Performance comparison between metaheuristic optimization algorithms 

To compare the performance of the three metaheuristic optimization algorithms, namely Social 

Spider Optimization (SSO), Particle Swarm Optimization (PSO) and Cuckoo Search Optimization 

(CSO), these algorithms are used to minimize the objective function, Eq. (3-2) in Chapter 3, that 

minimizes the voltage deviation. The results of every algorithm consider the output of 5 runs with 
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a stopping criterion of 250 iterations. The choice of the final fitness values considers the median 

values of those 5 executions. Accordingly, the performance experiment has been conducted, and 

the comparison considers the following five performance measure indexes: Best Fitness Value 

(BFV), Worst Fitness Value (WFV), Average of Best Fitness Values (ABFV), Median of Best 

Fitness Values (MBFV) and Standard Deviation of Best Fitness Values (SDBV). The simulations 

are run on a setup with Intel Core i7-8550 CPU @ 1.80GHz.  

Table 5. 3 Results of five indexes for minimizing the objective function of the upper-level 

optimization for Case 5 

  BFV WFV ABFV MBFV SDFV 

07-Nov-2017 

SSO 1.65E-05 5.13E-05 2.23E-05 2.03E-05 6.03E-06 

PSO 1.56E-05 5.26E-05 1.61E-05 1.56E-05 3.48E-06 

CSO 1.48E-05 2.26E-05 1.54E-05 1.49E-05 1.16E-06 
       

06-Dec-2017 

SSO 2.68E-05 6.32E-05 3.41E-05 3.36E-05 7.19E-06 

PSO 2.48E-05 6.71E-05 2.53E-05 2.48E-05 3.07E-06 

CSO 2.48E-05 7.01E-05 2.93E-05 2.48E-05 1.01E-05 
       

18-Jan-2018 

SSO 1.36E-08 1.40E-06 1.84E-07 7.88E-08 3.19E-07 

PSO 4.45E-14 1.39E-06 5.04E-08 8.08E-14 1.69E-07 

CSO 4.58E-14 1.53E-06 7.93E-08 2.27E-10 2.10E-07 
       

31-Jan-2018 

SSO 3.76E-08 1.45E-05 1.13E-06 7.42E-07 1.55E-06 

PSO 9.47E-19 1.07E-05 1.97E-07 3.46E-13 1.06E-06 

CSO 2.26E-10 1.30E-05 1.12E-06 2.91E-08 3.09E-06 
       

08-Feb-2018 

SSO 1.10E-08 4.93E-06 2.42E-07 9.71E-08 6.75E-07 

PSO 1.55E-16 3.45E-06 3.91E-08 8.77E-15 2.77E-07 

CSO 1.45E-11 3.74E-06 4.26E-08 1.46E-11 2.77E-07 
       

02-Mar-2018 

SSO 5.56E-05 8.27E-05 6.29E-05 6.38E-05 6.30E-06 

PSO 5.34E-05 7.96E-05 5.39E-05 5.35E-05 1.76E-06 

CSO 5.34E-05 7.08E-05 5.47E-05 5.35E-05 3.32E-06 
       

19-Mar-2018 

SSO 8.00E-07 2.89E-05 2.67E-06 2.22E-06 2.95E-06 

PSO 1.74E-07 3.04E-05 7.22E-07 1.74E-07 2.45E-06 

CSO 6.64E-07 1.43E-05 2.58E-06 1.72E-06 2.73E-06 
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Table 5.3 shows the results of the five indexes by minimizing the objective function, Eq. (3-2), 

using SSO, PSO and CSO. The results are for the Case 5 on the selected simulation days. Overall, 

results show that PSO performance is better than SSO and CSO with the best BFV and lowest 

WFV, ABFV, MBFV and SDBV. This is because of the stochastic factor of the PSO algorithm 

that permits the balance between exploitation and exploration [85]. Similar results were found on 

all simulation days with different simulation cases.   

The evaluation based on the final fitness values cannot always provide an insight into the capability 

of an optimization algorithm. Hence, the convergence experiment has been conducted to analyze 

how fast an algorithm reaches optimal values. Figures 5.11-5.12 display the convergence rate plots 

of SSO, PSO and CSO with the simulations of Case 4 and Case 5 on different selected days. From 

these figures, it can be noticed that PSO converges faster than SSO and CSO and can reach optimal 

values in ≤ 50 iterations.  

 

Figure 5. 11 The convergence plots of SSO, PSO and CSO for minimizing the objective function 

of the upper-level optimization for Case 4 
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Figure 5. 12 The convergence plots of SSO, PSO and CSO for minimizing the objective function 

of the upper-level optimization for Case 5 

 

5.2 High level of PV and wind integrations at the feeder’s end 

In this case study, a wind turbine has been placed at the location of a PV system, see Figure 5.13. 

The primary reason for this study is to show the effect of the hybridization of energy generated 

from the PV system and wind turbine on the distribution system’s voltage profile compared to 

installing PV systems alone. In addition, this case study is to examine the potential impact of such 

hybridization on BESS operations. Besides the 500 𝑘𝑊𝑝 PV system located at Bus 848, a 500 

𝑘𝑊𝑝 wind turbine is placed at bus 840 to represent a high wind penetration. The PV system and 

wind turbine sizing are selected to make the impact on voltage level more pronounced. Typically, 

acceptable voltage limits in the distribution systems should be within ±5% of the nominal voltage. 

In this study, the maximum and minimum allowed voltage is 𝑉𝑚𝑎𝑥 = 1.05 and 𝑉𝑚𝑖𝑛 = 0.95, 

respectively. In addition, this network is unbalanced; therefore, the study voltage is calculated 

based on the mean of the three-phase voltages. Similar to the case study in Section 5.1, the voltage 

regulators (VR) are assumed to operate at fixed tap positions in the distribution system, and the 

simulations are conducted in the absence of VR interference. The power flow simulations are 
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performed utilizing OpenDSS, while the numerical calculations and the daily BESS dispatch are 

obtained by LP using MATLAB.    

 

Figure 5. 13 The modified IEEE 34-bus test radial distribution system 

- Study dataset 

Similar to the previous study, the daily load is based on real-time data obtained from a substation 

transformer that feeds primarily residential and commercial loads in Riyadh city. The PV output 

power profile is scaled up from real-time data collected from the 120kWp PV system placed on a 

rooftop of a mosque in Riyadh. 

  

5.2.1 Wind data 

The wind speed data utilized to conduct this study are obtained from King Abdulla City for Atomic 

and Renewable Energy, K.A.CARE. In this study, hourly wind speed data are collected at 40m 

above ground level are used. The wind data are obtained from the same station that has the 

geographic feature in Table 5.4. The wind map of Saudi Arabia is depicted in Figure 5.14. In order 

to convert wind speed to wind power, a wind turbine (Vestas V39) with a rated power of 500 kW 

is used. The turbine specification is listed in Table 5.5, and the associated power curve is shown 

in Figure 5.15 [104].  

Table 5. 4 Selected site geographic features 

Latitude (𝑵𝒐𝒓𝒕𝒉) 24.90689 

Longitude (𝑬𝒂𝒔𝒕) 46.39721 

Elevation (𝒎𝒆𝒕𝒆𝒓) 764.0 
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Figure 5. 14 Saudi Arabia wind map [105] 

 

Table 5. 5 The specification of Wind turbine, Vestas V39 

Voltage (𝑽) 690 

Hub Height (𝒎𝒆𝒕𝒆𝒓) 40 

Rated Power (𝒌𝑾) 500 

Rotor Diameter (𝒎𝒆𝒕𝒆𝒓) 39 

Cut-in Speed (𝒎/𝒔) 4.5 

Rated Speed (𝒎/𝒔) 15.5 

Cut-off Speed (𝒎/𝒔)  25 

 

 

Figure 5. 15 Power curve of the wind turbine, Vestas V39 [104] 
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The time resolution of the load, PV power and wind power is in1-hour intervals, and their profiles 

on 07-Mar-2018 are shown in Figure 5.16. The inverters are set at unity power factors. The 

batteries are deployed at the same bus where the PV system and wind turbine are connected and 

have the specifications listed in Table 5.5. This study also assumes that the utility has ownership 

of the PV system, wind turbine and BESS. Therefore, these components are fully controlled by the 

utility to control the voltage in the distribution systems. In this study, the load and wind power are 

assumed to be constant or based on forecasted values with high accuracy; thus, the load and wind 

forecast errors are not considered in this study. On the other hand, the predicted values of the PV 

system are based on the best forecasting model discussed in Chapter 4. 

 

Figure 5. 16 Net daily load and PV power output profiles (07-Mar-2018) 

As mentioned in the case study in Section 5.1, the voltage deviations usually occur when the feeder 

load is low and the power generated from the PV system and wind is high. The distribution feeder 

in this study is in Riyadh city, in Saudi Arabia, where the net load is low in the winter season 

compared to the high summer load. Also, the performance of the proposed voltage management 

approach is evaluated according to the index in Eq. (6-1). Furthermore, Case 1, Case 2, Case 3, 

Case 4, and Case 5, defined in Subsection 5.1.2, are also considered in this case study.  

5.2.2 Real-time simulation for 𝑽𝑨𝑹 and 𝑩𝑬𝑺𝑺  

The excess power from the solar PV and wind turbine reverses the power flow causing overvoltage 

in the distribution network. Figures 5.17-5.18 show the voltage profiles at bus 840 and bus 848 on 

07-Mar-2018 for Case 1, Case 2, Case 3, Case 4, and Case 5. These figures indicate that the 
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voltages deviate and exceed the predefined upper limit (𝑉𝑚𝑎𝑥 = 1.05) during the peak generation 

hours from the PV and wind. From Figures 5.17-5.18, we can see that the 𝑉𝐴𝑅 case and the 𝐵𝐸𝑆𝑆 

case could not prevent the overvoltage problem. This is due to the limited capacity of the smart 

PV inverter and BESS. Reactive power absorption by the smart PV inverter at bus 848 occurs in 

the midday as a response to the local voltage, as appears in subplots 1 in Figures 5.19-5.22, 

respectively. Also, the BESS starts storing energy associated with high PV and wind to minimize 

the voltage deviation, as appears in subplots 2 in Figures 5.19-5.22, respectively. Despite the 

improvement in the 𝑉𝐷 by these cases, as listed in Table 5.6, the voltages violate the upper limit. 

However, on some days, 𝑉𝐴𝑅 and 𝐵𝐸𝑆𝑆 alone can maintain the voltage at the desired ranges, as 

shown in Table 5.6. As a comparison between 𝐵𝐸𝑆𝑆, when the measured PV generations are 

considered, and 𝐵𝐸𝑆𝑆𝑓 , when the forecasted PV generations are considered, we can notice that 

𝐵𝐸𝑆𝑆 alone in both cases has a good performance in minimizing the voltage deviation in the 

distribution system.  

  

Figure 5. 17 Voltage profile at bus 840 and bus 848 - (Left) 𝐵𝐸𝑆𝑆, (Right) 𝐵𝐸𝑆𝑆 − 𝑉𝐴𝑅 (PV: 

Measured) 
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Figure 5. 18 Voltage profile at bus 840 and bus 848- (Left) 𝐵𝐸𝑆𝑆𝑓, (Right) 𝐵𝐸𝑆𝑆𝑓 − 𝑉𝐴𝑅 (PV: 

Forecasted) 

In addition, it can be noticed that the voltage profile of the PV system (Bus 848) has been shaped 

by the voltage at the wind turbine bus (Bus 840), see Figures 5.17-5.18. This is due to the high 

power coming from the wind turbine on this particular day compares to the power generated from 

the PV system. Hence, the charging and discharging rates are collectively operated between the 

two BESS placed in the network to clear the overvoltage, as shown in the subplots.   

5.2.3 Real-time simulation for 𝑩𝑬𝑺𝑺 − 𝑽𝑨𝑹  

On the other hand, the effectiveness of the proposed model to improve the overvoltage in the 

distribution system appears when BESS and PV inverters are coordinated. As shown in Figures 

5.17-5.18, the overvoltage profiles have been significantly minimized and have shown noticeable 

improvement. As a comparison between Case 2 and Case 5, we can see that Case 5 has a close 
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performance as the reference case (Case 2) as the voltage comes within the desired upper and lower 

limits. 

 

Figure 5. 19 (Top) Reactive power; (Middle) stored and supplied energy; and (Bottom) SOC of the 

BESS for Case 1 and Case 3 (PV: Measured) 

 

Figure 5. 20 (Top) Reactive power; (Middle) stored and supplied energy; and (Bottom) SOC of 

the BESS for Case 2 (PV: Measured) 
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Figure 5. 21 (Top) Reactive power; (Middle) stored and supplied energy; and (Bottom) SOC of 

the BESS for Case 4 (PV: Forecasted) 

 

Figure 5. 22 (Top) Reactive power; (Middle) stored and supplied energy; and (Bottom) SOC of 

the BESS for Case 5 (PV: Forecasted) 
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5.2.4 BESS operation with the PV system and wind turbine   

The optimal battery charging and discharging of each battery storage is exhibited in subplots 2 in 

Figures 5.19-5.22. These figures show that all batteries start charging the excess power from the 

PV system and wind turbine (from 10 AM to 15 PM) instead of being injected to the grid and 

causing reverse power and overvoltage at peak PV and wind incidents. At peak demand (from 19 

PM to 21 PM), the batteries supply the stored energy back to the load and the grid, which accounts 

for the increase in the voltage at this period. Also, the batteries' energy at the beginning of the day 

has the same energy at the end of the day, adhering to the BESS operational constraints.  

5.2.5 Average voltage deviation (𝑽𝑫) 

Similar to the previous case study’s outcomes, the results in this case study are consistent in terms 

of the performance of the metaheuristic optimization algorithms and the level of reduction in the 

𝑉𝐷 provided by the 𝐵𝐸𝑆𝑆 − 𝑉𝐴𝑅 cases, as shown in Table 5.6. In terms of optimization 

algorithms, the performance experiment and convergence experiment results show that PSO also 

offers better performance than other algorithms, namely SSO and CSO.  

As a comparison between the metaheuristic optimization algorithms in reducing the 𝑉𝐷, all three 

algorithms have led to a reduction either by 𝐵𝐸𝑆𝑆 or 𝐵𝐸𝑆𝑆 − 𝑉𝐴𝑅 based on the measured or 

forecasted PV power generation (the two cases in which the proposed algorithm is used). PSO and 

CSO methods have a similar or negligible difference in terms of the 𝑉𝐷 values. Yet, PSO has the 

best velocity in attaining these values, as shown in Subsection 5.2.6. For example, considering 

(19-Mar-2018) with 𝐵𝐸𝑆𝑆𝑓 − 𝑉𝐴𝑅 based on the forecasted PV values, the 𝑉𝐷 using SSO was 

found to be 0.018541, while using PSO and CSO led to 0.011258 and 0.011263, respectively. 

Similar reduction was found on all simulation days. In this respect, PSO presents the most accurate 

and fastest approach to minimize the 𝑉𝐷 and solve the voltage deviation problem in the 

distribution system in question. The CSO and SSO could be considered as the following best 

algorithms, respectively.  
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Table 5. 6 Average voltage deviation (𝑉𝐷) generated by SSO, PSO and CSO on different 

simulation days 

SSO 

Day 𝐎𝐧𝐥𝐲 𝐏𝐕 𝐕𝐀𝐑 𝑩𝑬𝑺𝑺 𝑩𝑬𝑺𝑺 − 𝑽𝑨𝑹 𝑩𝑬𝑺𝑺𝒇 𝑩𝑬𝑺𝑺𝒇 − 𝑽𝑨𝑹 

7-Nov-17 0.024645 0.017962 0 0 0 0 

6-Dec-17 0.113878 0.07825 0 0 0.002082 0 

18-Jan-18 0.053442 0.037122 0 0 0 0 

8-Feb-18 0.116546 0.082386 0.005687 0 0.014133 0 

19-Mar-18 0.201085 0.142409 0.073196 0.017945 0.071085 0.018541 
 

PSO 

Day 𝑶𝒏𝒍𝒚 𝑷𝑽 𝑽𝑨𝑹 𝑩𝑬𝑺𝑺 𝑩𝑬𝑺𝑺 − 𝑽𝑨𝑹 𝑩𝑬𝑺𝑺𝒇 𝑩𝑬𝑺𝑺𝒇 − 𝑽𝑨𝑹 

7-Nov-17 0.024645 0.017962 0 0 0 0 

6-Dec-17 0.113878 0.07825 0 0 0.001164 0 

18-Jan-18 0.053442 0.037122 0 0 0 0 

8-Feb-18 0.116546 0.082386 0 0 0.014133 0 

19-Mar-18 0.201085 0.142409 0.070459 0.011152 0.070385 0.011258 
 

CSO 

Day 𝐎𝐧𝐥𝐲 𝐏𝐕 𝐕𝐀𝐑 𝑩𝑬𝑺𝑺 𝑩𝑬𝑺𝑺 − 𝑽𝑨𝑹 𝑩𝑬𝑺𝑺𝒇 𝑩𝑬𝑺𝑺𝒇 − 𝑽𝑨𝑹 

7-Nov-17 0.024645 0.017962 0 0 0 0 

6-Dec-17 0.113878 0.07825 0 0 0.001183 0 

18-Jan-18 0.053442 0.037122 0 0 0 0 

8-Feb-18 0.116546 0.082386 0 0 0.007925 0 

19-Mar-18 0.201085 0.142409 0.070546 0.011182 0.070388 0.011263 

 

Overall, and as it can be seen from Table 5.6, 𝑉𝐴𝑅 and 𝐵𝐸𝑆𝑆 have provided a reduction in the 𝑉𝐷 

when considering the measured and observed PV power values. This is attributed to the capability 

of the reactive power of the smart PV inverter and BESS. However, on most days, 𝐵𝐸𝑆𝑆 alone has 

better 𝑉𝐷 values compared to 𝑉𝐴𝑅 alone. On some selected days, the optimal operation of 𝐵𝐸𝑆𝑆 

resulted in the prevention of the voltage deviation. For example, on 08-Feb-2018 and by using 

PSO, 𝐵𝐸𝑆𝑆𝑓 reduced the 𝑉𝐷 to 0.014133 compared to 0.082386 using 𝑉𝐴𝑅. If we compared the 

𝑉𝐷 based on the measured and forecasted values of PV power using 𝐵𝐸𝑆𝑆, it shows that on some 

days 𝐵𝐸𝑆𝑆𝑓with the forecasted values could not control the overvoltage, which it is supposed to 

accomplish based on the measured PV generation. This is due to the PV forecasting error that 

influenced the batteries’ operations. On the other hand, 𝐵𝐸𝑆𝑆 − 𝑉𝐴𝑅, which is the proposed 

technique in this study, minimizes the 𝑉𝐷 significantly through the optimal scheduling of the 

BESS and reactive power provided by the smart PV inverter, as shown in Figure 5.23. The results 

of 𝐵𝐸𝑆𝑆𝑓 − 𝑉𝐴𝑅 using forecasted values are close to 𝐵𝐸𝑆𝑆 − 𝑉𝐴𝑅 based on measured PV values, 
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as depicted in Figure 5.23. This can be attributed to the size of the batteries and the increase in the 

smart PV inverter’s capacity. Therefore, increasing the size of the battery storage or the capacity 

of the smart PV inverter can assist in minimizing the forecasting error. 

 

Figure 5. 23 Levels of reduction in 𝑉𝐷 by all considered cases using PSO 

5.2.6 Performance comparison between metaheuristic optimization algorithms 

To compare the performance of the three metaheuristic optimization algorithms namely, Social 

Spider Optimization (SSO), Particle Swarm Optimization (PSO) and Cuckoo Search Optimization 

(CSO), these algorithms are used to minimize the objective function, Eq. (3-2) in Chapter 3, that 

minimizes the voltage deviation. The results of every algorithm contemplate the output of 5 runs 

with a stopping criterion of 250 iterations. The choice of the ultimate fitness values considers the 

median values of those 5 executions. Accordingly, the performance experiment has been 

conducted, and the comparison considers the following five performance measure indexes: Best 

Fitness Value (BFV), Worst Fitness Value (WFV), Average of Best Fitness Values (ABFV), 

Median of Best Fitness Values (MBFV) and Standard Deviation of Best Fitness Values (SDBV). 

The simulations are run on a setup with Intel Core i7-8550 CPU @ 1.80GHz. 
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Table 5. 7 Results of five indexes for minimizing the objective function of the upper-level 

optimization for Case 5 

  BFV WFV ABFV MBFV SDFV 

07-Nov-2017 

SSO 7.52E-09 1.75E-06 9.81E-08 1.34E-07 1.61E-07 

PSO 1.03E-10 2.09E-06 1.61E-07 6.44E-09 3.81E-07 

CSO 3.05E-25 2.33E-06 4.61E-08 9.48E-19 2.45E-07 
       

06-Dec-2017 

SSO 1.13E-07 2.01E-05 2.74E-06 2.04E-06 2.69E-06 

PSO 1.10E-15 1.76E-05 3.22E-07 2.35E-10 1.74E-06 

CSO 1.99E-10 1.60E-05 6.87E-07 1.00E-09 3.10E-06 
       

18-Jan-2018 

SSO 9.06E-08 1.62E-06 2.83E-07 1.76E-07 3.42E-07 

PSO 7.73E-08 6.26E-07 1.13E-07 7.96E-08 8.68E-08 

CSO 3.98E-08 8.79E-07 1.25E-07 7.30E-08 1.64E-07 
       

08-Feb-2018 

SSO 4.26E-06 2.34E-05 8.13E-06 6.41E-06 3.54E-06 

PSO 3.13E-06 2.82E-05 3.63E-06 3.13E-06 2.42E-06 

CSO 3.12E-06 2.74E-05 4.63E-06 3.14E-06 4.42E-06 
       

19-Mar-2018 

SSO 3.51E-05 6.03E-05 4.15E-05 4.05E-05 5.39E-06 

PSO 2.83E-05 5.67E-05 2.92E-05 2.83E-05 3.24E-06 

CSO 3.30E-05 4.46E-05 3.49E-05 3.33E-05 3.24E-06 

 

Table 5.7 shows the results of the five indexes by minimizing the objective function, Eq. (3-2), 

using SSO, PSO and CSO. The results are for the Case 5 on the selected simulation days. Overall, 

results show that PSO performance is better than SSO and CSO with the best BFV and lowest 

WFV, ABFV, MBFV and SDBV. This is because of the stochastic factor of the PSO algorithm 

that permits the balance between exploitation and exploration [85]. Similar results were found on 

all simulation days with different simulation cases.    

The evaluation based on the final fitness values cannot always provide an insight into the capability 

of an optimization algorithm. Hence, the convergence experiment has been conducted to analyze 

how fast an algorithm reaches the optimal values.  Figure 5.24 and Figure 5.25 display the 

convergence rate plots of SSO, PSO and CSO with the simulations of Case 4 and Case 5 on 

different selected days. From these figures, it can be noticed that PSO converges faster than SSO 
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and CSO and can reach optimal values in ≤ 100 iterations. 

 

Figure 5. 24 The convergence plots of SSO, PSO and CSO for minimizing the objective function 

of the upper-level optimization for Case 4 

 

 

Figure 5. 25 The convergence plots of SSO, PSO and CSO for minimizing the objective function 

of the upper-level optimization for Case 5 
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Chapter 6: Voltage Regulation in the Low Voltage 

Distribution Network 
 

In this Chapter, the proposed voltage management strategy is evaluated in the low voltage 

distribution system. Unlike the study in Chapter 5, the proposed approach in this study is using 

only the battery energy storage systems for voltage control. The primary objective of this study is 

to plan multi-BESS through network-level optimization optimally. The optimal scheduling of each 

installed BESS and optimal location of these batteries are accomplished in this study. The 

flowchart of the proposed algorithm is depicted in Figure 6.1.  

 

Figure 6. 1 Framework of the voltage management strategy 
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6.1 Simulation results and analysis 

The algorithm is based on the bi-level optimization method. The full description of the proposed 

algorithm is described in Chapter 3. In this study, Particle Swarm Optimization (PSO) is used as 

the upper-level optimization, while linear programming (LP) is used in the lower-level 

optimization. PSO is selected in this study due to its good performance in the studies conducted in 

Chapter 5.  

6.1.1 Test system 

The proposed methodology has been applied to the IEEE Low Voltage Test Feeder shown in 

Figure 6.2. The feeder is a radial distribution feeder, and the substation transformer steps down the 

voltage from 11 kV to 416 V. The transformer at the substation of this test feeder has a rated kVA 

of 800, and the tap setting of the secondary part of the transformer is set to 1.02 p.u. to make the 

overvoltage and undervoltage problem more vivid. It is assumed in this study that each bus in the 

distribution network is a load bus and is equipped with a rooftop solar PV rated of 10kWp. The 

power flow simulations are conducted utilizing OpenDSS, while the numerical calculations and 

the daily BESS dispatch are obtained by LP using MATLAB.   

 

Figure 6. 2 The modified IEEE low voltage test feeder 

 

 

 

 

 

 

 

 

 

 

 

Transformer 

Substation 

11/0.416 kV   

 

Load (Phase 𝒂) 

Load (Phase 𝒃)

 Load (Phase 𝒄)

 

35 

53

 
 35 

50

 

 53

 
 35 

3

 
 35 

1

 
 35 

2

 
 35 6

 
 35 

4

 
 35 5

 
 35 

7

 
 35 

8

 
 35 

12

 
 35 

9

 
 35 

10

 
 35 

11

 
 35 

17

 
 35 

29

 
 35 

37

 
 35 

36

 
 35 

33

 
 35 

31

 
 35 

25

 
 35 

30

 
 35 

34

 
 35 

23

 
 35 

18

 
 35 

20

 
 35 

22

 
 35 

19

 
 35 

21

 
 35 

14

 
 35 

13

 
 35 

15

 
 35 

16

 
 35 

24

 
 35 

28

 
 35 

27

 
 35 

26

 
 35 

44

 
 35 

32

 
 35 

38

 
 35 

46

 
 35 48

 
 35 

49

 
 35 

42

 
 35 

39

 
 35 

40

 
 35 

54

 
 35 

51

 
 35 

41

 
 35 

45

 
 35 

43

 
 35 

47

 
 35 

52

 
 35 

55

 
 35 



93 
 

6.1.2 Study dataset 

The load profile is based on real data obtained from a home located in Riyadh, Saudi Arabia. The 

data are recorded by SEC. In this study, three load profiles have been considered to make the 

overvoltage and undervoltage phenomena in the LV distribution system more pronounced and 

account for load profile diversity. Therefore, load profile 1, shown in Figure 6.3, is time-shifted 

back by seven hours to form the load profile 2 and two hours later to form the load profile 3. The 

PV output power is scaled down from real-time data collected from the 120kWp PV system placed 

on a rooftop of a mosque in Riyadh city. The time resolution of the load and the PV power is 1-

hour, and their profiles on 31-Jan-2018 are shown in Figure 6.2. The PV inverters are assumed to 

operate at a unity power factor. This study assumes that the utility has ownership of the PV systems 

and BESS. Therefore, these equipments are fully controlled by the utility to prevent the voltage in 

the distribution systems.  

 

Figure 6. 3 Daily load and PV power output profiles (31-Jan-2018). 

6.2 Case studies and simulation results  

The excess power from the solar PV reverses the power flow causing overvoltage in the 

distribution network. In contrast, the high load level results in the undervoltage problem along the 

feeder. Typically, the acceptable voltage limits in the distribution systems should be within ±5% 
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of the nominal voltage. In this study, the maximum and minimum allowed voltages are 𝑉𝑚𝑎𝑥 =

1.05 and 𝑉𝑚𝑖𝑛 = 0.95, respectively. In addition, this network is unbalanced; therefore, the voltage 

is calculated based on the mean of the three-phase voltages. Figure 6.4 shows the voltage values 

at the critical bus, load 53, with and without PV systems at the peak PV production. Prior to 

installing the PV units in the network, buses at the end of the feeder encounter the worst voltage 

drop. However, this situation is altered with the newly installed rooftop PV units. The voltages 

start to rise as we go away from the feeder, causing a violation of the upper limit of the grid voltage. 

Therefore, the proposed voltage management strategy determines optimal BESS characteristics, 

including capacity, location, number and the optimal BESS charging/discharging operation to 

regulate the voltage. The analysis of BESS and their impact on the distribution system voltage 

profile is also shown in this case study.  

 

Figure 6. 4 Overvoltage problem with PV systems at the peak PV production at 11 a.m. 

 

- LV distribution network  

In this case, the effect of adding numbers of BESS on the distribution system voltage is 

investigated. Different numbers of BESS are selected, and their sizes and locations are determined 

through the developed management approach. For example, if we have two (three, four, …etc.) 

available BESS, the hybrid management algorithm identifies two critical buses to place BESS that 

contribute more to improve the distribution system voltage profile. 
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6.2.1 Voltage with and without PV systems  

Figures 6.5-6.6 present the net transformer loading and the buses voltage profile with and without 

PV systems. Figure 6.5 shows the total power supplied by the substation transformer (utility). The 

positive power denotes the export power to the network from the PV units, while the negative 

power is the imported power from the utility. Power starts to be supplied locally from the PV units 

in the daytime associated with the power generated from the PV systems. The positive power (at 

midday) implies that the power starts to be injected back to the main grid from of the PV units, 

causing overvoltage problems in the network.   

 

Figure 6. 5 Transformer loading with and without PV units 

The voltage profiles with and without the PV systems at buses 1, 15, 44, 35, and 53 are shown in 

Figure 6.6. In the case without PV systems, Figure 6.6 and Figure 6.7 exhibit that the voltage levels 

at each load bus are within the voltage operation thresholds during daytime hours. However, the 

lower threshold is violated during the peak load time. Between 17 PM and 20 PM, the voltage 

starts dropping as we go further away from the main transformer due to the heavy load. This 

situation is expected in the conventional distribution systems where the demand levels are the 

utilities' primary concerns. However, with PV systems operation, the voltage rise is observed at 

midday due to the excess power from the PV systems. At the same time, the undervoltage problem 

happens at night coincided with peak load and low renewable energy from the PV systems. Figure 

6.6 and Figure 6.7 indicate that the buses at the end of the feeder encounter the worst voltage rise.  
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Figure 6. 6 Network daily voltage profile with and without PV system at different load buses 

 

Figure 6. 7 Network daily voltage profile with PV system only 
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6.2.2 System losses  

The daily distribution system losses with and without PV systems are shown in Figure 6.8. System 

losses refer to the transformer and line losses. In this network, the line losses represent 98% of the 

system losses, while the transformer losses account for 2%. As it can be observed from Figure 6.8, 

the PV systems installation in the distribution system assists in reducing the daily system losses 

by 15.3%, from 339.8 kW to 287.7 kW. This is due to the reduction in the power flowing in the 

distribution lines since the power supply is located at the end-user terminals. However, at the peak 

PV generation (10 AM–13 PM), the system losses start to increase due to the injected power into 

the main grid from the conventional load buses, which also coincided with voltage rise. At 10 AM 

and as it is shown in Figure 6.8, the power is reversed from the load buses toward the main grid 

causing the system losses of 11.144 kW compared to 11.408 kW without PV units. This power 

brings about losses that may cancel out the advantages of deploying the PV units in distribution 

systems without proper controls. At the peak load hours, when there is insufficient amount of PV 

power, high current flows in the distribution lines from the main feeder to feed the load. Thus, the 

system losses will be at the highest levels. Figure 6.8 exhibits coincident peak system losses with 

peak load at 19 PM with an amount of 28.412 kW. 

 

Figure 6. 8 Daily variation of total active system losses with and without PV systems 
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6.3 Effect of adding BESS 

Table 6.1 summarizes the simulation results of the optimal location, size and the numbers of BESS. 

After applying the proposed voltage management strategy, the network’s voltage is enhanced with 

increasing the installed BESS. Bus 53 is the optimal location to install the BESS if we have only 

one available battery. Adding more BESS, it can be noticed that the BESS tends to be placed at 

the end of the feeder. This is because the voltage is more violated as we go away from the main 

feeder, as appears in Figure 6.6 and Figure 6.7. Furthermore, the maximum and minimum voltage 

magnitudes are improved to their corresponding voltage limits as the availability of BESS 

increases. The voltage profile has become within the predefined operation limits at each bus when 

21 BESS are installed at 21 different buses with a total energy of 281.6 kWh. Moreover, optimal 

operation and placing of 17 BESS is enough to overcome the undervoltage problem in the network.  

Table 6. 1 The ranks, capacities and locations of the BESS in the network 

Rank 𝑺𝒎𝒂𝒙 (𝒌𝒘) 𝑾𝒎𝒂𝒙  (𝒌𝑾𝒉) Location (Bus) 

1 5 13.5 53 

2 5 13.5 50 

3 5 13.5 55 

4 5 13.5 45 

5 5 13.5 54 

6 5 13.5 29 

7 5 13.5 51 

8 5 13.5 31 

9 5 13.5 41 

10 5 13.5 25 

11 5 13.5 43 

12 5 13.5 35 

13 5 13.5 33 

14 5 13.5 30 

15 5 13.5 36 

16 5 13.5 39 

17 5 13.5 49 

18 5 13.5 40 

19 5 13.5 48 

20 5 13.5 46 

21 5 11.6 52 
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6.3.1 BESS operation 

The optimal battery charging and discharging of each battery storage is exhibited in Figure 6.9. At 

the peak PV incidents, Figure 6.9 shows that batteries start charging the excess power from PV 

systems (from 10 AM to 14 PM) instead of being injected to the grid and causing reverse power 

and overvoltage. At peak demand (from 17 PM to 21 PM), the batteries supply stored energy back 

to the local load to increase the system voltage. The charging and discharging rates of batteries 

located at the end of the feeder happen frequently at the peak PV and peak load periods. The main 

reason is that these buses have the worst voltage profile and contribute greatly to minimizing the 

over and under voltage in the network. Considering 5 BESS cases, for instance, the capacity of 

each of them is 13.5 kWh at rated power of 5 kW. Their charging and discharging rates are higher 

at the hours when the voltage is deviated (rise/drop). After that, the charging and discharging rates 

differ among the remaining batteries. This is because the overvoltage has been reduced locally at 

different hours, and there is no need to charge the batteries at the peak PV moments. Also, it can 

be seen from Figure 6.9 that the energy of the batteries at the beginning of the day is the as their 

energy at the end of the day, adhering to the batteries’ operational constraints.  

 

Figure 6. 9 Stored energy, supplied energy, and SOC for each BESS when coordinated for 

over/under voltage enhancement. 
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6.3.2 Transformer loading and system losses  

Figure 6.10 shows the net transformer loading with the optimal addition of the BESS in the 

network. From this figure, both export and import peak power are minimized considerably by 

increasing the number of batteries installed in the network. With 21 BESS, BESS's optimal 

location and operation reduced the export peak and import peak by 40.14% (from 195.211 kW to 

116.845 kW) and 29.76% (from 320.088 kW to 224.838 kW), respectively. Moreover, BESS's 

optimal operations improved the system losses, as illustrated in Figure 6.11. As the BESS number 

increases, the line losses decrease caused by minimizing the reverse power during high PV output 

and supporting the load during high load. By adding 21 BESS, the peaks of the line losses, due to 

the reverse power and due to the peak load, are reduced by 65.43% and 53.11%, respectively. 

Finally, peak shaving is also accomplished by the accumulated optimal discharge of BESS along 

the feeder. All installed batteries worked collectively to prevent reverse power, improve network 

voltage profile and peak shaving. Finally, the operation behaviors of BESS are highly impacted by 

the distribution system voltage magnitudes.    

 

Figure 6. 10 Transformer loading with different number of BESS 
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Figure 6. 11 System losses with different number of BESS 

6.3.3 Optimal sizing and allocation  

A total of 21 BESS were able to improve the over and under voltage along the feeder, while 17 

BESS were able to overcome the undervoltage problem, see Figure 6.15 and Figure 6.16.  In the 

study network, there are 55 load/PV buses across the three phases. As shown in Figure 6.2, there 

are 20 loads/PVs connected to phase 𝑎, 20 loads/PVs connected to phase 𝑏 and 15 loads/PVs 

connected to phase 𝑐. The simulation results in Table 6.1 indicate that the size and the location of 

batteries are highly influenced by the voltage magnitudes. Thus, the locations of BESS are mostly 

at the end of the feeder. In addition, among the optimal 21 BESS locations, 10, 8, and 3 batteries 

are connected to phase 𝑎, 𝑏 and 𝑐, respectively. Phases 𝑎 and 𝑏 encounter the worst voltage profile; 

thus, the optimal locations of the batteries are mostly co-located with the PV systems connected 

with these phases. Despite that bus 47 is at the end of the feeder, no battery is installed there. This 

is because the load profile at bus 47 is profile 2, which minimizes the contribution from this bus 

in supporting the network voltage. At this bus, the peak PV generation coincides with local peak 

load. Similar situation is found with bus 37 that is connected to phase 𝑏. Therefore, the optimal 

siting and sizing of the available BESS are highly impacted by network topology, load and the 

amount of PV power that flows into the grid.  
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6.3.4 Network voltage with BESS 

Results of the voltage profiles with and without BESS at buses 1, 15, 44, 35, and 53 are shown in 

Figure 6.12. As we can see from this figure, the voltage profile accepts the upper and lower 

network voltage when the BESS are optimally installed and operated in the network. In addition, 

the levels of improvements in the network voltage when 5, 10, 17, and 21 BESS are installed are 

shown in Figures 6.13-6.16, respectively. Finally, the optimal management of the capacity and 

allocation of BESS in the distribution system results in enhancement in overall grid voltage, 

reduction in system losses and peak shaving. 

 

Figure 6. 12 Network daily voltage profile with and without BESS at different load buses 
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Figure 6. 13 Network voltage profile with installing 5 BESS 

 

Figure 6. 14 Network voltage profile with installing 10 BESS 
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Figure 6. 15 Network voltage profile with installing 17 BESS 

 

Figure 6. 16 Network voltage profile with installing 21 BESS
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Chapter 7: Summary, conclusions and future work 

 

7.1 Summery  

The integration of renewable distributed generation (DG), such as PV systems and wind, into the 

distribution networks brings about several operational issues that are required to be addressed by 

the distribution systems operators (DSO). The voltage quality problem is considered the most 

severe obstacle to the DSOs. Surplus energy from the DG units causes the voltage to deviate from 

the operating grid voltage. DSOs typically maintain the voltage profile by utilizing on-load tap 

changers, voltage regulator taps and capacitor banks. However, due to the frequent variability of 

the output energy from DG, these devices cannot function as necessary. Therefore, this dissertation 

proposes a voltage management strategy to regulate the voltage in distribution systems with high 

PV and wind energy penetrations. The proposed method coordinates the battery energy storage 

systems (BESS) with the smart PV inverters to minimize the impacts of DG penetration on the 

system voltage profile.  

Furthermore, the successful deployment of BESS primarily relies on the planning strategies, where 

the size, location, number and optimal operation of BESS should be considered for managing the 

voltage problems and enhancing the distribution system reliability. The proposed voltage 

management method is applied to the modified IEEE 34-bus test feeder and the modified IEEE 

low voltage test feeder. The proposed management strategy is applied to these two cases to show 

the impacts of the BESS and smart PV inverters on the network voltage profile. 

This dissertation is supported by day-ahead forecasting of PV power outputs based on machine 

learning algorithms. These models are hybrid forecasting models using support vector regression 

and backpropagation neural networks with three metaheuristic optimization algorithms, namely 

Social Spider Optimization (SSO), Particle Swarm Optimization (PSO) and Cuckoo Search 

Optimization. Utilizing the day-ahead forecasting of PV permits the DSOs to precisely estimate 

the amount of PV energy available the next day and support the battery operation process. The 

performance of the forecasting models is evaluated to see how the forecasted values deviate from 

the measured values. The evaluation is based on Root Mean Square Error (𝑅𝑀𝑆𝐸), normalized 
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Mean Square Error (𝑛𝑅𝑀𝑆𝐸), Mean Absolute Error (𝑀𝐴𝐸) and normalized Mean Absolute Error 

(𝑛𝑀𝐴𝐸).  

The voltage management method is conducted in the IEEE-34 bus test feeder considering a grid 

connected with large-size PV system and wind turbine. The high PV and wind integrations and its 

impact on the distribution systems volage is studied. Also, the validation of the proposed voltage 

management approach on regulating the voltage and determining the optimal operation of BESS 

is analyzed. The efficacy of the PV inverters in controlling the voltage and their coordination with 

BESS is also examined.      

The voltage deviation in the LV distribution system due to the newly installed rooftop PV systems 

is mitigated by utilizing the BESS. The proposed voltage mitigation strategy helps the distribution 

system planners decide on the location where the available BESS should be installed, the capacity 

of each BESS and the optimal charging and discharging characteristics of the BESS to overcome 

the overvoltage and undervoltage problems.  

 

7.2 Conclusions  

The data utilized in this research work reflect the behavior of the loads and wind and solar PV 

generations in Riyadh City, Saudi Arabia. This geographic area is selected as a case study, where 

the effectiveness of the proposed voltage management strategy is evaluated. The solar PV 

generation data are obtained from a PV system located in Riyadh to reflect the amount of energy 

coming from the sun. Also, the wind data are obtained at the same location to depict the wind 

regime. In addition, in the medium voltage distribution system (Chapter 5), the load data are 

collected from a substation transformer that feeds primarily residential and commercial loads in 

Riyadh. On the other hand, the load data in Case 2 (Chapter 6) represent the load of residential 

homes located in Riyadh. Therefore, the simulation results shown in this dissertation are the 

outcomes with this dataset, at Riyadh, when the proposed voltage management strategy is applied. 

The results may change if different sets of data or different geographic areas in other countries are 

considered. However, the voltage control algorithm presented in this dissertation can be 

generalized and will stand to control the voltage to the desired range. 
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Hence, according to the simulation results of this dissertation, the main conclusions that can be 

drawn show the effectiveness of the proposed methods. These are presented as follows:  

- Day-ahead hybrid PV power output forecast using machine learning algorithms 

The proposed hybrid PV power forecasting models outperform the default models using SVR with 

the RB and linear functions and BPNN algorithms. Overall, results indicate that the proposed 

models with the optimized hyperparameter of the SVR with radial basis outperform other models 

in forecasting PV power output at the study site. Regarding models fitting accuracy with the 𝑆𝑉𝑅𝑅𝐵  

models, the proposed models show improvements compared to the default models, where 𝑅𝑀𝑆𝐸 

improved between 12.001% to 50.079% and 𝑀𝐴𝐸 improved between 1.80291% to 50.8847%. 

Similarly, the prediction models with the 𝐵𝑃𝑁𝑁1and 𝐵𝑃𝑁𝑁2 using the proposed models, with 

optimal network configurations, have better performance with 1.883%-46.964% and 2.0576%-

47.007% improvement in the 𝑅𝑀𝑆𝐸 and 𝑀𝐴𝐸 values, respectively, compared to the default 𝐵𝑃𝑁𝑁 

models. The three optimization algorithms almost have the same performance, proving their ability 

to select SVR parameters and BPNN network configurations. Furthermore, the BPNN model 

exhibits a good performance that can compare with the SVR radial basis models. 

- Proposed voltage strategy in the medium voltage distribution network  

The simulation results presented in Chapter 5 show that the overvoltage problem is the main 

concern in the distribution network with high PV and wind integrations. Utilizing BESS or smart 

PV inverters to control the overvoltage may not be sufficient due to their limited capacity. 

However, the real-time simulation results proved the efficiency of the proposed algorithm in 

controlling the voltage through coordination between the operation of the BESS and the smart PV 

inverters. Regarding the metaheuristic optimization algorithms, the performance and convergence 

experiments exhibit that PSO is better than SSO and CSO. PSO can obtain the optimal BESS 

scheduling at a fast pace.  

- Proposed voltage strategy in the low voltage distribution network  

The simulation results presented in Chapter 6 show that the overvoltage and undervoltage 

problems appear in the distribution network with high PV integration represented by the rooftop 

PV units. Optimal sizing, placement and operating through utilizing the proposed voltage 

mitigation method helped overcome the voltage problems. In terms of the locations of the BESS 
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units, the end of the feeder homes are the ideal sites to install batteries as they encounter the worst 

voltage scenarios. In addition, results showed that the optimal siting and sizing of the available 

BESS are highly impacted by network topology, load and the amount of PV power that flows into 

the grid.  

 

7.2 Future work 

This research work proposed a voltage control strategy that coordinates BESS and smart PV 

inverters. The following are the potential topics to be further explored using the work presented in 

this dissertation: 

1. Considering BESS in distribution networks, several benefits can be obtained to improve 

the system operation while ensuring cost-effective installation. BESS modeling can be 

formulated as a multi-objective optimization problem. These objectives can be economic, 

technical and environmental. First, the capital, maintenance and degradation costs 

associated with the battery installation can also be considered in the objective function. 

Second, energy price arbitrage can also be obtained when the battery is charged at high 

energy prices and discharged when the energy price is low. For technical objectives, 

minimizing the line losses, for instance, can also be added to the objective function. Finally, 

for environmental objectives, BESS can contribute to minimizing the harmful greenhouse 

emissions produced from the conventional power plant when operating at low and high 

emission periods.  

2. The operation of the smart PV inverter with the Volt-VAR mode primarily depends on the 

pre-identified Volt-VAR curve. This curve has different parameters that are set to keep the 

voltage within an upper and lower threshold. As the distribution networks' voltage profile 

levels differ, the Volt-VAR curve parameters could be optimized to get the most benefits 

of the inverter reactive power capability. 

3. To improve the BESS operation while keeping the voltage within upper and lower limits, 

the BESS scheduling can be updated by a one-hour PV power forecast. Hence, besides the 

day-ahead forecast of the PV system generated at midnight before the day of operation, the 

charging and discharging of batteries can be updated based on the one-hour forecast 
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generated at each hour. This way, the BESS operation will be optimal as the forecasting 

error associated with the day-ahead forecast will be minimized. 

4. Demand response programs can assist in shifting some load and alter the load profile. Most 

demand response programs incorporate other forecasting models in their applications, such 

as wind and load forecasts. Hence, incorporating PV, wind and load forecast models with 

the BESS and smart PV inverter operation would lead to a robust algorithm to overcome 

voltage problems in the distribution systems. In this study, the overvoltage incidents are 

observed when the load is low and the power coming from PV and wind is high. On the 

other hand, the undervoltage usually occurs at the time of heavy load and low renewable 

generation. Therefore, if the demand response program can shift some load (based on 

signals received from the load, wind and PV forecast models) from the time of high load 

and low renewable power (undervoltage) to the time of low load and high renewable power 

(overvoltage), the voltage violation could be minimized. 

5. In this research study, the model is built, and the proposed voltage management algorithm 

is examined based on data obtained at Riyadh City in Saudi Arabia. This region is selected 

as a case study to evaluate the efficacy voltage control algorithm. Other researchers can 

use this algorithm and test it on different data set at different geographic regions and then 

compare their findings with the results displayed in this work.  
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