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Geçtiğimiz birkaç yıl içinde elektrik güç sektörü, artan enerji talebi, yüksek düzeyde yenilenebilir enerji, 
dağıtık güç sistemleri ve elektrikli araç kullanımı gibi sistemsel problemler ile karşımıza çıkmaktadır. 
Diğer yandan, yüksek güç kayıpları ve ekonomik yük dağıtımı, endüstri için kritik zorluklar 
oluşturmaktadır. Bu zorluklar, akıllı şebeke adı verilen yeni güç sistemi teknolojisinin geliştirilmesine yol 
açmakta, yeni sistem, elektrik üretimi, iletimi ve dağıtımı talebinin güvenilirlik ve en iyi kaliteyle en 
uygun maliyetle sağlanmasında verimlilik ve sürdürülebilirliği sağlamaktır. Bununla birlikte, güç 
şebekesinde akıllı şebekenin geliştirilmesiyle ilişkili karmaşıklık, hızlı yanıt, dağıtık enerji kaynaklarının 
ve elektrikli taşıtların bulunması ve müşteri katılımı gibi akıllı şebekenin özel karakteristikleri nedeniyle 
optimal güç dağıtım problemi daha zor hale gelmiştir. Güç dağıtım problemlerini çözmek için çeşitli 
matematiksel ve optimizasyon yöntemleri geliştirilmiştir. Mevcut güç şebekesinde, belirli güç limiti 
kısıtlamaları dahilinde bir miktar güç üretirken minimum maliyete ulaşmak için geleneksel ve merkezi 
metotları uygulamak pahalıdır ve güvenilir değildir. Bu çalışmada, güç dağıtım problemini çözmek için 
ilk olarak esinlenen optimizasyon algoritmaları ve hibrit algoritma ile güvenlik değerlendirmesi ve 
planlaması için akıllı bir şebeke öngörülmüştür. İkincisi, aşırı şarj nedeniyle yük talebinin yüksek 
olasılıklı doğasından dolayı ve dağıtık yenilenebilir enerji kaynaklarının payına sahip olan düşük dağıtım 
şebekesinde elektrikli araçların deşarj edilmesi, güvenli ve istikrarlı şebeke operasyonları için yüke 
katkıda bulunur. Bu nedenle, tasarım çerçevesini araştıracak mekanizmalar ve elektrikli taşıtların şarj 
hizmetlerinin sorunsuz bir şekilde sağlanabilmesini sağlayan ayarlama, böylece daha yüksek yenilenebilir 
enerji entegrasyonunun kolaylaştırılması ve elektrikli araçların azaltılmış bir maliyetle şarj edilmesinin 
sağlanması önerilmektedir. Son olarak, elektrikli araç şarjı için esnek fiyat ve reaktif güç enjeksiyon 
kontrolüne dayanan yeni bir algoritma seti önerilmiştir, algoritmalar mevcut şebeke altyapısını 
desteklemek ve şebekeye yükünü azaltmaya katkıda bulunmak için tasarlanmıştır. Yeni yaklaşım, 
elektrikli taşıtların ve yüklerin şebekeyle güç alışverişinin ötesine geçmesine izin verecek, aynı zamanda 
mevcut şebeke kapasitesinin etkin bir şekilde kullanılmasına olanak sağlayacaktır. Önerilen 
algoritmaların etkinliğini göstermek için farklı durumların simülasyon sonuçları Matlab yazılımı 
kullanılarak elde edilmiştir. 
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Over the past few years electricity sector is confronted with growing energy demand, high level of 
renewable energy and Electric vehicle penetration, couple with total deregulation of power sector as 
commodity enterprises. On another hand, high aggregated power losses and Economic Dispatch 
constitutes critical challenges to the industry.  These challenges lead to the development of new power 
system technology called smart grid, the new system is to ensured efficiency and sustainability in the 
delivery of electricity generation, transmission and distribution demand with reliability and best of quality 
at optimal cost. However, the complexity associated with the development of smart grid in power system 
is optimal power dispatch problems challenging due to special characteristics of the smart grid, such as 
fast response, accommodation of intermittent distributed energy resources and electric vehicles, and 
customer participation. Various mathematical and optimization methods have been developed to solve 
power dispatch problems. In current power grid, it is expensive and unreliable apply conventional 
centralized methods to achieve a minimum cost when generating an amount of power within certain 
power limit constraints. In this work, first nature-inspired optimization algorithms and hybrid algorithm 
to solve power dispatch problem and it is forecasting in a smart grid for security assessment and planning 
is proposed. Secondly due to high probabilistic nature of load demand due to excessive charging and 
discharging of electric vehicles at low distribution grid having a share of distributed renewable energy 
resources, contribute burden for the secure and stable grid operations. Hence mechanisms that will 
investigate design framework, and adjustment capable of the smooth provision of charging services of 
electric vehicles, thus facilitating higher renewable energy integration and penetration of electric vehicles 
charging at a reduced cost is proposed. Finally, a new set of algorithms based on flexible price and 
reactive power injection control for electric vehicle charging is proposed, the algorithms designed to 
support the existing grid infrastructure and contribute in reducing charging burden to the grid. The new 
approach will enable electric vehicles and loads to goes beyond exchanging power with the grid, but also 
allow efficient exploitation of the current grid capacity. Simulation results of different cases are provided 
to show the effectiveness of the proposed algorithm in Matlab software.  

 
Keywords: Electric Vehicle; Flexible price; Load flow forecasting; Feedforward neural network; Nature-
inspired optimization; Power dispatch; Smart distribution grid; Reactive power control. 
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1. INTRODUCTION 

 

The optimal power dispatch has long been studied in its development history, it 

was first discussed by Carpenter in (Abadie and Carpentier, 1969), and it takes a long 

time to become successful algorithm that could be applied in everyday use (Wood and 

Wallenberg, 1996). Optimal power dispatch is dealing with minimum cost delivery of 

the generated power to the load by coordinating the production cost at all power plant 

operating on the system. But the minimum loss problem, the economic dispatch 

problems are solved by Optimal Power Flow (OPF) program (Saadat, 1999). Previous 

interest was on fuel cost and generation loss only, currently interest much focus on the 

previous two-plus security of the system as well as renewable energy (RE) integration 

and electric vehicle (EV) especially in the concept of the smart grid. The economic 

dispatch calculation in term of generation cost and the entire set of the equation needed 

for the power flow itself as constraints need to be formulated, this formulation 

considering fuel cost including losses is called OPF. The OPF with minimum generation 

cost requires that the optimization calculation also balance the entire power flow at the 

same time.  For the case of simple Optimal Power Dispatch (OPD) a simple equation 

can mathematically solve the problem with minimum operating cost without 

considering losses. 

For the case involving smart grid scenarios, deterministic and stochastic 

approach are the major considerations. The power flow in such stuation is a non-linear 

multi-objective function that requires iterative methods of solution and requires 

optimization techniques to come off with minimizing objectives functions (Saadat, 

1999). The revolving point in our research works focuses on scenarios configuration of 

different dimension, with interest on the security of the system as well as RE and EV 

integration especially in the concept of the smart grid. Therefore it is highly important 

to access the ecomics of power system for optimal system operations and security. 

1.1. Research Objectives 

The main objectives of the research thesis are to provide a comprehensive 

studies, advanced research knowledge, and modeling capabilities of OPD using nature-

inspired and hybrid optimization techniques in the smart grid concept. 
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The objectives to be accomplished are summarized as follows: 

1. Investigate and enhance the definition of OPD in smart grid context. 

2. OPF using nature-inspired optimization algorithms techniques and compare 

with existing techniques. 

3. Modify and enhance the techniques to accommodate renewable energy source 

(RES) and electric vehicle (EV) for performance improvement. 

4. Formulate of optimal power dispatch method to accommodate intermittent 

generation sources. 

5. Investigate power flow forecasting for power component system security. 

6. Provide an optimal power dispatch problems solution approach reproducible by 

other researchers. 

7. Draw a conclusion that is useful to literature and power system utility operators. 

1.2. Motivation 

An economy of power system is one of the most promising characteristics of 

smart power grid technology today. With the development of smart grid technology, 

more and more renewable devices are connected to the power grid network. For 

example, solar energy, wind energy, EV, and energy storage (battery) are all interfacing 

with the grid. Therefore, power dispatch becomes very important for all active players 

units in the grid. For optimal power dispatch in a smart grid, a nature-inspired control 

algorithm will be applied to enable each generation unit to control its own power output 

in an optimized manner. Compared with the classical algorithm, the nature-inspired 

algorithm features optimized operation of the interconnected element for sustainable 

electricity delivery, in a protected setting. 

1.3. Problem Statement 

As stated before, it’s becoming more and more important to solve OPD for a 

smart grid in a smart distributed manner, and optimized setting. In this work, a nature-

inspired, and hybrid-based algorithms for OPD in a smart grid is proposed. The swarm 

intelligent algorithm exhibits great advantages over classical methods, one of it is self-

control in an optimized setting. First of all, a cost function of OPD and generator 

constraints will be well defined. Practically, the generators have to operate within 

certain operation limits, the power balance between generation and demand is also 

required. For practice, the transmission power loss is also taken into consideration for 
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constraints. Based on swarm intelligence, the nature-inspired algorithm is employed to 

solve OPD in the smart grid. Therefore, the performance of proposed algorithm will be 

examined in different structure and topologies. In order to validate the effectiveness of 

each algorithm, a comparison among algorithm is tested and in some scenarios with 

conventional algorithms are also compared. The performance is also validated by 

testing in a standard IEEE test power system and real grid using the Matlab software. 

The thesis is divided in to eight chapters, literature review is given in chapter 2, 

material and methods is given in chapter 3, optimal power dispatch are treated in 

chapter 4, while chapter 5 deals with load flow forecasting in smart gird, also electric 

vehicle dispatch in distribution grid is presented in chapter 6, chapter 7 deals with 

flexible electric vehicle charging management in distribution grid, finally conclusion 

and recommendation are summarized in chapter 8. 
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2. LITERATURE REVIEW 

Smart means intelligent, neat, stylish, or operating in automation; a grid is a 

network of electrical conductors that deliver electricity to certain points. The smart grid 

does not have one definition that is universally accepted. It can be described both in 

simple and complex terms. It used to be a dream or just an idea but, now it is one of the 

most talked topics in the modern electrical system. Simply put, the Smart Grid is an 

intelligent grid. The traditional grid can only transmit or distribute electric power, while 

the modern grid is able to store, communicate and make decisions. The Smart Grid 

transforms the current grid to one that functions more cooperatively, responsively and 

organically (Tunaboylu et al, 2016). Traditional grid operates one-way communication 

and central power generation. Nowadays electricity sector is confronted by critical 

challenges of high aggregated power losses, voltage disturbance, and harmonics 

distortion. As a result of the rapid rate of increasing energy demand, with different load 

and sources (EV and RES) bi-directional power flow in distribution grid becomes a 

necessity. In today’s grid, the vision is to have grid capable of accommodating two-way 

real-time communication coupled with distributed power generation and automatic 

control recovery. It is essential to develop smart grid technology for electric power 

distribution system to meet increasing power demand and to provide reliable and 

sustainable electricity supply for consumers. According to the Strategic Deployment 

Document for Europe's Electricity Networks of the Future, a Smart Grid is an electricity 

network that can intelligently integrate the actions of all users connected to it 

generators, consumers and those that do both in order to efficiently deliver sustainable, 

economic and secure electricity supplies (European grid, 2010). The Korean Smart Grid 

Roadmap 2030 states that a Smart Grid refers to a next-generation network that 

integrates information technology into the existing power grid to optimize energy 

efficiency through a two-way exchange of electricity information between suppliers and 

consumers in real time. Utility companies and consumers benefit due to the employment 

of smart distribution grid. Smart grid requires having suitable monitoring and control 

systems to effectively control the power flow in the network (Korean, 2010; Zaballos et 

al, 2011).  According to the National Institute of Standards and Technology (NIST), the 

Smart Grid is a grid system that integrates many varieties of digital computing and 

communication technologies and services into the power system infrastructure. It goes 

beyond smart meters for homes and businesses, as the bidirectional flows of energy and 
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the two-way communication and control capabilities can bring in new functionalities. 

Different smart grid testbed systems have been presented in the literature. At Florida 

International University, hardware-based smart grid testbed is developed to study grid 

connectivity problems of renewable energy sources (Salehi, 2012). 

The smart grid is sophisticated, digitally enhanced power systems where the use 

of modern communications and control technologies allows much greater robustness, 

efficiency and flexibility than today’s power systems. A smart grid impacts all the 

components of a power system especially at the distribution level (Rugthaicharoencheep 

and Boonthienthong, 2012). In the smart grid, reliable and real-time information 

become the key factor for reliable delivery of power from the generating units to the 

end-users. The impact of equipment failures, capacity constraints, and natural accidents, 

which cause power disturbances and outages, can be largely avoided by online power 

system condition monitoring, diagnostics, and protection (Arup et al, 2011). With the 

introduction of distributed energy resources such as renewable generations, Plug-in 

Hybrid Electric Vehicles and demand response, the power grid will need to face the 

extra challenges in the following areas:  energy balancing, power quality, reliability 

assessment, renewable generation forecasting, demand forecasting, ancillary services 

procurement, distribution reconfiguration, and distributed energy resource modeling.  

The Smart Grid may be understood better when viewed alongside the traditional grid. 

Yu et al in 2012 made a good comparison between the two structures. A power grid 

consists of power devices for physically carrying electricity from generation point to the 

load centers through transmission and distribution systems and communication devices, 

for transferring data to operate the power equipment, monitor the operation status, and 

gather readings from smart meters (Yu and Ansari, 2016). Another experimental study 

of integrated microgrid laboratory system testbed with a flexible and reliable multi 

microgrid structure is presented in (Zhao et al, 2012). Experiments on control and 

protection are conducted and these tests exhibited the promising results for future smart 

distribution grid. One of the latest studies on experimental validation of smart 

distribution grid is presented in (Gouveia, 2016). 
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The power quality refers to the voltage and current waveform purity, and 

disturbance is the deviation of the voltage signal from the fundamental values. The most 

associated power quality problems in smart distribution grids are voltage disturbance 

and harmonic components due to the application of power electronic devices, the 

interaction of nonlinear loads, and integration of renewable energy resources. The 

voltage disturbance is more frequent; this includes short-term interruption, voltage dips 

and peaks, and voltage fluctuation. Power quality monitoring in smart distribution grid 

is currently considered a cornerstone of supplying quality electricity without penalty. 

Because liberalization of energy market implies that the electricity is treated like other 

markets, which means the entity has to satisfy relevant standard in the respective 

country. In such case, integration of power quality monitoring devices in medium and 

low voltage is necessary for distribution system operators to have real system condition. 

This kind of works is reported in (Gordon et al. 2011; Music et al. 2012; Noce and 

Sartore, 2010). In order to analyze the effects of various network operations, the 

correlation between power quality measurement and SCADA log is needed. This kind 

of system forms the basis of the smart grid. 

Scheduling and operational future growths of power system networks and 

defining the best scenario of existing systems is the essential backbone of fully 

deregulated power sector as commodity enterprises. Optimal Power Dispatch (OPD) 

problem is dealing with the lowest cost of fuel and loss delivery of power produced by 

organizing the production cost at all power plant working on the system (Saadat, 1999). 

It’s an optimization problem with aims to reduce total operational cost, and transmission 

losses, and voltage deviation, but the minimum loss problem, the economic dispatch 

problems are solved by optimal power flow (OPF) program. The OPD with minimum 

generation cost requires that the optimization algorithm calculation balance the entire 

power flow at the same time combining with economic dispatch problem (Wood and 

Wallenberg, 1996).   

Numerous classical methods such as gradient search technique, non-linear 

programming, mix-integer linear programming, Newton’s approach, Jacobian matrix 

and interior point, are applied to find optimal result of non-linear OPD problems (Deeb 

and Shahidehpour, 1988; Granville, 1994; Grudinin, 1998; Lee et al., 1984; Narayan, 

1999). Quadratic programming previously played important role in OPD approach 

(Nanda et al., 1989). Some of the previous problems are solved by a mathematical 
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technique that takes the advantage of network run structure of the problem (Carvalho et 

al., 1998). Artificial intelligence approach such as an artificial neural network (ANN), 

chaotic krill herd algorithm (CKHA), and Fuzzy logic (FL) play a vital role in OPD 

problem solution with different objective function and constraints (Gutierrez-Martinez 

et al., 2011; Mukherjee, 2016; Ramesh, 1997). Currently, heuristic and metaheuristic 

based on swam, evolutionary, and nature-inspired algorithms take the center stage of 

OPD solutions with robustness in the optimal solution. Particle swarm optimization 

(POS) and hybrid PSO (Ahmet et al., 2016; AlRashidi and El-Hawary, 2009; Esmin et 

al., 2005; Yoshida et al., 2000), Genetic algorithms (GA), modified GA, and Adaptive 

GA (Devaraj, 2007; Wu et al., 1998), Cuckoo Search (CS), and Modified CS (Chetan, 

2015; Nguyen, 2016; Thang, 2016), Cuckoo Search also play vital role in multi machine 

power system stabilization analysis a part from OPD problem (Rangasamy, 2014). Bat 

Algorithm (BA) and modified BA (Biswal et al., 2013; Latif et al., 2016), Flower 

Pollination algorithm (FPA) and modified FPA (Kumar, 2015; Regalado, 2015), Firefly 

Algorithm (FA) (Herbadji et al., 2013; Hendrawati et al., 2015; Lin et al., 2015) have 

been employed in solving OPD and related power system problem with satisfactory 

results. The economics aspect of a power dispatch optimization problem with nature-

inspired algorithms are treated in (Mimoun, 2013) the idea is based on hybrid FFA and 

Ant Colony Optimization for a practical strategy for faster convergence, the finding 

proved the ability of FFA of solution search. 

A Multi-objective Adaptive clonal selection (ACS) an artificial intelligence 

based algorithm for solving OPD with load uncertainty to minimized fuel cost, loss, and 

L-index are presented in (Srinivasa, 2016), non-dominated sorting procedure has been 

applied to preserved distributed Pareto optimal set, the procedure is verified on IEEE-30 

bus system, the results are compared with related literature and found multi-objective 

ACS is fit to the problem solutions. In (Ahmet et al., 2016), fuel cost is reflected as a 

cost function four heuristic algorithms i.e. PSO, GA, ABC, and DE are employed. 

Valve point effect and a penalty function are added to control active power generated 

violations for effective fuel cost results. Finally, the authors concluded that GA 

possesses fast iteration speed, with minimum fuel cost for DE. CS based solution to 

OPD is presented in (Nguyen, 2016), the objective is to abate total fuel cost, CS is 

improved to combines teaching-learning based optimization to enhance the presentation 

of Cuckoo eggs, the technique was tested on IEEE-30 and IEEE-57 bus system. BA is 
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proposed In (Biswal, 2013) to solve OPD problems combined cost function dispatch in 

3 unit and 6 unit system, the results are matched with PSO, BA proved to have superior 

computational time. Regalado et al. (2015) presented FPA and compared with CS to 

solve OPD problem on IEEE-30 bus system, authors conclude FPA achieved best fuel 

cost and time to reach a global best result. Herbadji et al. (2013) applied FFA on IEEE-

30 bus system, the author considers fuel cost and emission as the cost function to be 

minimized, the author compared the results of FA with PSO and GA are found to be in 

synchronization. 

The year 1960s and 1970s are two key periods covering the growth of 

evolutionary algorithms, John Holland and his associates at the University of Michigan 

conceptualized  GA.  He later considered the adaptive system which is first to applied 

crossover and recombination operations for demonstrating systems that lead to the 

development of GA (Melanie, 1995). Within year intervals, Kenneth De Jong write 

thesis showing the perspective and supremacy of GA for objective functions with noisy, 

multimodal, or even discontinuous (Holland, 1975; De Jong, 1975). Majority of 

classical algorithms are deterministic, in case of stochastic algorithms most types are 

heuristic and metaheuristic, with small differences heuristics mean finding solution by 

guessing of many trials, on the other hand, metaheuristic algorithms means finding 

advanced level solutions beyond good solutions, and these algorithms usually execute 

well than simple heuristics (Yang, 2014). In practice metaheuristic algorithms custom 

certain trade-offs of randomization and local search, Randomization offers worthy 

chance of algorithms deviation at local optimum trap to search on a global level (Yang, 

2010a). Intensification and diversification, are two key constituents of all metaheuristic 

optimizations programs. Diversification is to produce different output so that search 

space is explored on a global optimum. Intensification allowed exploiting search focus 

in the region of local space that a good solution is within reach (Yang and Deb, 2010). 

This two major component guarantee emergence of the best solutions, whereas 

diversification through randomization evades the best fitness confined to the local 

region, and this increases the diversity of solutions. Metaheuristic algorithms can be 

categorized as based on population and trajectory-based. In the case, of GA which is 

population-based since the certain set of strings are utilized; while PSO, the firefly 

algorithm (FFA), and cuckoo search (CS), which all use multiple agents or particles 

(Yang and Deb, 2009; Yang and Gandomi 2012). Some selected list of Nature-inspired 
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metaheuristic optimization algorithms; PSO, GA, CS, BA, FPA, FFA, are applied to the 

power system and are briefly reviewed. 

 PSO is first presented by Kennedy and Eberhart in 1995 (Kennedy and Eberhart, 

1995), motivated by social behavior of birds flocking and fish schooling. The algorithm 

was established numerous analysis and simulation of many simplified works, and 

establish to be vigorously efficient for solving nonlinear continuous problems, and PSO 

is attractive because very few parameters are entailed for its applicability (Shi and 

Eberhart, 1999). The swarm intelligence based algorithms exploit inhabitants of 

particles that sail through hyperspace problem, iteration velocity of each particle are 

randomly adjusted best on neighborhood historical best solutions (Eberhart and 

Kennedy, 1995). The details overview and comprehensive survey on the power system 

application of PSO are presented in (Yamille et al., 2008), the paper present technical 

requirement such as type, particles formulation, and efficient fitness functions. The 

famous and popular evolutionary algorithms are based on the mechanism of Darwin 

principle of evolution, natural assortment and regular genetics, (Melanie, 1995).                         

An inhabitant's based algorithms of which search process is performed by transforming 

a set of individual point to another in the search space. The three genetic operator of GA 

is crossover, mutation, and selection (Yang, 2010b). GA is applied in an extensive range 

of engineering applications with ability deal with complex problems in any direction, 

domain. For GA to avoid being a trap in local optima, good formulation of the fitness 

function and care full selection of importance parameter are necessary. 

The emerging CS algorithm is an optimization search algorithms formulated and 

developed by Yang and Deb (2009), their approach mimic brooding parasitic character 

of cuckoo species in a mixture with Levy flight of some bird and fruit flies behavior 

(Yang and Deb, 2009). Fittest selection and adaptation to the environment allowed the 

CS algorithm converge to the best optimal values. Yang and Deb described CS in three 

simple ways: each cuckoo lays a single egg at once randomly in a chosen nest; in a 

random selected best nest generation’s process will continue; with the secure amount of 

available host nest, intruding egg can discover by the host with probability 𝑝 ∈ [0, 1]. 

With following assumption nest owner usually identify the egg, there after destroy the 

egg or abandon the nest (Yang and Deb, 2010).  CS algorithm always maintained stable 

distance between local and global search by 𝑝 . This algorithm can easily be fit into 
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power system with the fixed generator at random bus, with probability the best power 

be generated with minimum fuel cost and transmission losses. 

A nature-inspired metaheuristic BA was developed by Yang in 2010 basically on 

echolocation manners of bats, the echolocation fitness allowed the bat to easily prey, 

distinguished diverse insect and, obstructions in total darkness (Yang, 2010a). For 

simplicity as proposed by Yang (2010b) three idealized rule define BA are followed 

(Yang and Gandomi, 2012; Yang, 2010b; Yang, 2011):  

 Echolocation: detect and differentiate food and obstructions. 

 Bats are fly with random velocity at a secure frequency with different 

wavelength and loudness to hunt for food.  

 Bat loudness is varied in many ways from maximum to minimum. 

With echolocation and related characters allowed BA algorithm to perfectly works in 

multi-objective optimization,  especially in power system where darkness represent 

transmission distance with bat using echolocation to prey generator power delivery. 

 Another recent emerging nature-inspired based optimization algorithm is FPA 

developed by Yang in 2012, enthused by pollination process of flower, which is the 

transfer of pollen that is linked to natural bio habitant (Yang, 2012). Two important 

characteristics of flower pollination are abiotic and biotic, with 90 % biotic pollination 

and the rest abiotic require no pollinators. For FPA to solve multi-objective 

optimization problem such as power system dispatch a random weighted sum is added 

to combine a number of objectives so to become composite sole objective (Yang et al., 

2013). The FPA algorithm can express in four rules for updating its optimization 

parameters. 

1. Biotic and cross-pollination is considered as global pollination process with 

pollencarrying pollinators performing Levy flights. 

2. Abiotic and self-pollination are considered as local pollination. 

3. Flower constancy can be considered as the reproduction probability is proportional 

to the similarity of two flowers involved. 

4. Local pollination and global pollination is controlled by a switch probability. Due to 

the physical proximity and other factors such as wind, local pollination can have a 

significant fraction p in the overall pollination activities. 
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Rule 1 global pollination and Rule 3 flower constancy, Rule 2 and Rule 3 both are local 

fertilization.Where pollen from diverse flowers with similar plant species. If pollens are 

from exact species and population this become local search with ∈= [0, 1] uniformly 

drawn. Rule 4 is switching probability control between local and global pollination of 

value 𝑝 ∈ [0, 1]. 

 Established by Yang in late 2007 then appeared in 2008, FA is efficient and 

intelligent swam centered on flashing sequence (Yang, 2010a). The bioluminescence 

process emit flashing light, for now the exact functions of such signaling is under 

investigation, common knowledge of flashes application is in  breeding partners 

attraction or food prey, it also works as guiding tool against fireflies predators, this 

implies optimization of FA depend on unique flashes of light (Lewis and Cratsley, 

2008; Yang, 2009). In simple term FA flows three ideal rules: 

 Fireflies behave in a unisex manner to attract one another. 

 The direct relationship between attractiveness and brightness exist.  

 The firefly brightness depends upon objective functions landscape. 

The intensity of fireflies possess a direct relationship to brightness and to the 

attractiveness. For best optimization to the simple scenario attractiveness vary with 

distance between light source intensity, for a channel having static light absorption 

coefficient the light intensity diverge with the distance. In summary the intensity of 

firefly is directly related to their brightness and to attractiveness, relative to power 

system the attractiveness is how the network operate efficiently at minimum fuel cost 

with low level losses 
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3. MATERIAL AND METHODS 

3.1. Introduction 

To achieve the desired objectives stated above simulation analysis on standard 

IEEE test system and the real system network is performed. For a work scenario with 

sigle and multiple intermittent generation sources with electric vehicle are considered. 

Nature-inspired optimization algorithms; such as swam algorithm, Search algorithm, 

and genetic algorithms, are considered. The proposed framework focuses on analysis 

and assessment of active and reactive power dispatch in traditional and smart grid 

scenarios. Matlab software programs are used to develop a simulation model for the 

entire or part of the system. A case with real data is also considered for forecasting 

application, and is highly part of our objectives and motivation. 

3.2. Test Case 

For a reliable load flow program a test case data is essential, four test cases are 

considered and treated in this work, three IEEE test case and a test case of Konya 

Industrial zone Turkey. The four test case includes, an IEEE 26-bus transmission 

system with six number of generation unit, having total real power demand of 1263 

MW, reactive power demand of 633 MVAr details are in Appendix A1. The second test 

case is IEEE 30-bus transmission system also has six number of generating unit with 

real and reactive power demand of 283.400 MW and 126.200 MVAr details are 

presented in Appendix A2. A low voltage IEEE 33-bus radial system, with 32 branch 

line, 12.66 kV radial distribution system with total active and reactive power demand 

3.715 MW and 2.305 Mvar respectively. The system has an inherent power loss of 

210.89 kW. A real smart distribution grid of Konya Industrial zone is considered as a 

case study. The grid is medium voltage with three separate transformers of 100 MVA at 

33.5 kV, 50 MVA at 31.5 kV, and 100MVA at 31.5 kV, solar power plants of size 4350 

kW are integrated. 

3.3. Smart Distribution Grid 

Smart Grid may be understood better when viewed alongside the traditional grid. 

Yu et al. made a good comparison between the two structures. A general summary of 

the characteristics of the two grids are presented in Table 3.1 (Yu and Ansari, 2016). 
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Table 3.1. Traditional Electric Grid versus the Smart Grid 

S/n Traditional Grid Smart Grid 

1 Centralized power generation Distributed power generation 

2 One-way communication Two-way real-time communication 

3 Manual control and recovery Automatic control and recovery 

4 Slow response to emergencies Fast response to emergencies 

5 Less security and privacy concerns Prone to security and privacy issues 

6 Human attention to system disruptions Adaptive protection 

7 Simultaneous production and consumption Use of storage systems 

8 Small number of sensors and monitors Many sensors and monitors 

 

Smart distribution grid comprises many component from advance metering 

infrastructure to communication management system Figure 3.1 give details attribute, 

with hundreds of power devices that collect power and signal from thousands of sensors 

over a geographical area. The information carried between a power management system 

and its managed power device can be command, while the information between the 

management system and the sensors can sense the data. Both command from a 

management console and data from a meter reading are carried by the communication 

network using with two different application i.e. operations and management (Yu and 

Ansari, 2016). 

 
Figure 3.1. Smart distribution grid attributes 

 



 

 

14

3.4. Distributed Renewable Energy Sources (DRES) 

 Distributed renewable energy sources (DRES) refers to relatively small-scale 

power generation that produce several kilowatts to tens of megawatts of power and are 

generally connected to the grid at the distribution or substation levels. Those DRES that 

are typically not connected to the grid are termed as Disperse Generation Sources 

(DGS) (Ashish, et al 2014; Kristoffersen, et al 2011). Even though they can participate 

in demand response programs, disperse generation sources’ effect on grid operation is 

insignificant, hence not covered in this work. DRES can be owned and/or operated by 

both utilities or their customers, and either case, provide variety of technical, economic 

and environmental benefits as summarized in Table 3.2 (Sortomme and El-Sharkawi, 

2012). 

Table 3.2. Benefits of distributed renewable energy sources 

 

 

Technical 

 Voltage profile improvement 
 Reduced power losses 
 Relieved transmission and distribution congestion 
 Increased security for critical loads. 
 Increased generation diversity 
 Reduced impact from physical and cyberattacks 

 

Economic 

 Deferred investments for generation, transmission, 
distribution upgrades. 

 Low operation and maintenance costs to peak shaving 
 Increased overall efficiency due to reduced fuel cost 

 

Environmental 

 Reduced land use for generation 
 Reduction of pollutant`s emissions 

 

 

However, the benefits aforementioned are highly dependent on the 

characteristics of each installation and the properties of the local power system. In spite 

of these benefits, neither utilities nor system operators monitor or control the operation 

of small DRES units, especially those in residential applications. Due to limited 

predictability and high variability of renewable DGS, they are not dispatchable or easily 

controllable (Kempton and Tomic, 2005). Hence increasing their share in the generation 

system present great challenges to grid operation. Tackling these impediments resulting 

from unpredictable nature of the DRES is cornerstone of the thesis. Conventional power 

system is designed in such a way that power is produced from large power plant usually 

located close to primary energy sources and far away from load centers. The produced 

power is conveyed to the load centers via long transmission lines which is later 
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distributed to the consumers using distribution lines. It is not designed to cope with 

generation at consumption side, only loads were connected to them (Sortomme and El-

Sharkawi, 2012). This constitutes uniquely unidirectional power flow Not only 

generation and lines of most of the existing distribution systems assume a unidirectional 

power flow but protective relays, converters and the likes are designed and operated on 

that basis. 

3.5. Electric Vehicles (EV) 

By definition Plug-in hybrid electric vehicles (PHEV) and battery electric 

vehicles (BEV) give owners the ability to charge the vehicle battery from dedicated 

charging station or from a stationary electrical source for example, an outlet in the 

garage in this regards PHEV and BEV are collectively refer to as EV in this work. EV 

technology has attracted the attentions of government and public due to the growing 

concerns on the environment and rising cost of fossil fuel and uncertainty. The 

integration of transportation sector and power grid will lead to many challenging issues 

to the power system. For instance, a large penetration of EVs will increase the power 

grid load during the EV charging process. There are three emerging concepts of grid-

connected EV technologies, which are the Vehicle to Home (V2H), Vehicle to Vehicle 

(V2V), Vehicle to Grid (V2G), and Grid to Vehicle (G2V). Generally, the framework 

for V2H, V2V and V2G involve elements such as power sources, power loads, power 

grid aggregator, power transmission system, communication system, electric vehicles, 

and vehicle to grid chargers. Owing to the potentially large impacts of a high share of 

EVs in power systems, a large body of literature on this related topic has been 

developed in recent years. Due to integration problems of EV, The focus of works 

mostly lies on steady state analysis, different control techiniques, optimization problems 

and the computational tools employed to solve them. Smart dribution grid technologies 

typically require algorithms and mechanisms that can solve problems involving a large 

number of highly heterogeneous actors, each with their own aims and objectives, having 

to operate within significant levels of uncertainty and dynamism. Three main concept 

are given emphasis in this works are charging and scheduling of EVs, Application in 

renewable energy integration, and EV participation in electricity markets. The solutions 

approach is augmented into power flow model and flow by optimization algorithm. EV 

charging configurations for the AC Level 1 & 2 requirements (120V, 1.9 kW and 208-
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240V, 19.2 kW  ) and DC Level 1 & 2 (200-450V, 36 kW and 200-450V, 90 kW ) 

respectively are commonly available as shown in Figure 3.2. 

 
 

Figure 3.2.  EV charging configuration at AC level 1 and level 2 setup 
 

The proposed framework applies both deterministic and stochastic analytical 

approaches to evaluate the impact of EVs at the distribution feeder level as a function of 

time and place. It is important to determine the maximum transformer capacity that will 

support EV charging load at peak time, which is one of the critical factors in a 

deterministic impact analysis. It is also critical to capture the temporal and spatial 

diversity of EV charging by performing a sequential simulation. The real-world 

operational conditions of EV charging can be categorized into the following factors 

shows the flowchart in Figure 3.3 of evaluating EV charging behavior. At distribution 

level, we are interested in the aggregate impact of EV charging on power grids a real 

case distrubtion EV charging infrastructure depicted in Figure 3.4. For the steady state 

analysis approach and simplicity, the EV batteries are modeled based on lithium-ion 

battery technology with charging capability of 4 kW which is available at the low 

voltage level for battery capacity of 20 kWh. 
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Figure 3.3.  Flowchart of Evaluating the EV Charging interaction on grid 

 

 
 

Figure 3.4. Proposed EV in distribution grid concept 

 

3.6. Optimization Algorithm Methods 

Several optimization algorithms from nature-inspire, hybrid algorithms and 

linear programming are applied as a tool for obtaining optimal or near optimal solution. 

As discussed in chapter two literature review in here CS, BA, FPA, FA method are 

presented as a descriptions of mathematical methods. 

 Power grid is assumed to integrate large 
share of DRES penetration  

 Evaluate Localized EV charging impact at 
homes/offices  

 Capture and simulate 
aggregate/individual EV charging 
load demand. 

 Manage the congestion 

 Max power Capacity, Energy 
Price, Behavior, and Stability. 

 Correlation between power 
distribution and Charging station 
transportation network 

 Long/Midterm Planning, 
Stochastic and Deterministic 

Study the effect of aggregate of EV 
charging loads on power grid 

 
Simulate the aggregate load 

demand of large number of EV 

Estimate the aggregate EV 
traffic demand, driving 

behavior, and price-response 
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 Cuckoo Search (CS) 

CS algorithm always maintained stable distance between local and global search 

by 𝑝 . Local search can be express mathematically in Equation 3.1. 

𝑥 = 𝑥 + 𝛼𝑠 ⊗ 𝐻(𝑝 − 𝜌) ⊗ (𝑥 − 𝑥 )                                       (3.1) 

Where 𝑥 and 𝑥  are different solutions from random arrangement, 𝜌 is a random 

number,  𝑠 is a step size, and ⊗ is an entry wise vector product. While global search 

using levy walk are represented by Equation 3.2. 

𝑥 = 𝑥 + 𝛼𝐿(𝑠, 𝜆)         (3.2) 

And that of levy walk is given in Equation 3.3. 

 𝐿(𝑠, 𝜆) =
( )

  , 𝑠 ≫ 𝑠 > 0        (3.3) 

 Bat Algorithm (BA)  

Based on rule above virtual movement of bat are express in terms of position 

𝑦 and their velocity 𝑠  with new the solution given by 𝑡 time step. 

𝑓 = 𝑓 + (𝑓 − 𝑓 )𝛽           (3.4) 

 

𝑠 = 𝑠 + (𝑦 − 𝒚∗)𝑓          (3.5) 

 

𝑦 = 𝑦 + 𝑠           (3.6) 

Such that 𝛽 ∈ [0, 1]   is selected from constant distribution with stochastic vector 

properties.  Here 𝒚∗ is global optimal best solution, n bats. 

 Flower Pollination Algorithm (FPA) 

The FPA algorithm can express in four rules for updating equations mathematically; 

Rule 1 global pollination and (Rule 3) flower constancy is express in Equation (3.7) 

𝑥 = 𝑥 + 𝛾𝐿(𝜆)(𝑔∗ − 𝑥 )                                    (4.7) 
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Where 𝑥  is i solution vector xi at iteration t, and 𝑔∗ is the present best solution, γ is a 

scaling factor of step size control, L(λ) is a step-size parameter. Rule 2 and Rule 3 both 

are local fertilization are express in (3.8). 

𝑥 = 𝑥 +∈ (𝑥 − 𝑥 )                                                      (3.8) 

Where 𝑥 and 𝑥  are pollen from diverse flowers with similar plant species. If 𝑥 and 𝑥  

are from exact species and population this become local search with ∈= [0, 1] 

uniformly drawn. Rule 4 is switching probability control between local and global 

pollination of value 𝑝 ∈ [0, 1]. 

 Firefly Algorithm (FA) 

The intensity I of fireflies possess a direct relationship to brightness and to the 

attractiveness. For best optimization to the simple scenario, firefly brightness I at a 

specific and precise position x is represented as  𝐼(𝑥)  ∝ (𝑥), the attractiveness 𝛽 vary 

with distance 𝑟  between firefly 𝑖  and firefly 𝑗. according to inverse square law 𝐼(𝑟) 

varies so that becomes. 

𝐼(𝑟) =                                                                                (3.9) 

Is is the light source intensity, for a channel having static light absorption coefficient γ, 

the light intensity I diverge with the distance r. 

 𝐼(𝑟) = 𝐼 𝑒 ,                                                                           (3.10) 

So 𝐼  is the unique light concentration at zero r to avoid singularity at expression    , 

the combine effect can be approximated in Equation 3.11. 

𝐼(𝑟) = 𝐼 𝑒                                                                      (3.11) 

Attractiveness 𝛽 is directly proportional to adjacent firefly is define in Equation 3.12 

𝛽(𝑟) =  𝛽 𝑒                         (3.12) 

The remoteness of two fireflies i and j at xi and xj, is the rectangular space in Equation 

(3.13), k is the kth component of the three-dimensional coordinate xi of ith firefly. 
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𝑟 =  𝑥 − 𝑥 = ∑ 𝑥 , − 𝑥 ,                           (3.13) 

For two dimension space  

𝑟 = 𝑥 − 𝑥 + 𝑦 − 𝑦                                                (3.14) 

The drive of firefly i attracting brighter j is determined by                                                                                                      

𝑥 = 𝑥 + 𝛽 𝑒  𝑥 − 𝑥 + 𝛼 𝑟𝑎𝑛𝑑 −              (3.15) 

Where 𝑟𝑎𝑛𝑑 is randomization generator,  𝛼 randomization control parameter, 𝑥  is the 

previous value. In summary the intensity of firefly is directly related to their brightness 

and to attractiveness, relative to power system the attractiveness is how the network 

operate efficiently at minimum fuel cost with low level losses. 
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4. OPTIMAL POWER DISPATCH 

 This chapter is structured in three sections, section one is introduction to the 

problems and related works, section two is the problems formulation, in section three 

test system and results are discussed. 

4.1. Introduction 

The influencing factors associated with the efficient operation of power systems 

are minimum fuel cost and losses in the transmission line. Optimal Power Dispatch 

(OPD) problem is treated to minimize instantaneous operating cost, incremental cost, 

and transmission line losses considering various network operating constraint. Newly 

developed Nature-inspired optimization algorithms approach are proposed in this 

analysis with robust parameter selections. For the case of simple optimal power dispatch 

shown in Figure 4.1, a simple equation can mathematically solve the problem with 

minimum operating cost without considering losses such as Equation (4.1) 

𝐹 = ∑ 𝐶 𝑃          (4.1) 

𝐶        Is the cost co-efficient associated with generators, under the equality constraint of 

meeting the load demand, i.e.    

∑ 𝑃 − 𝑃 = 0         (4.2) 

Where Equation (4.3) represent the sum of generators under network considerations. 

𝑃 = 𝑃 + 𝑃 + 𝑃 +     … … … … 𝑃       (4.3) 

 

 
Figure 4.1. Number of thermal units committed to serving load Pload 



 

 

22

 

 

For the case in Figure 4.2, the case involved deterministic and stochastic 

approach, the power flow is a non-linear multi-objective function that requires iterative 

methods of solution and requires optimization techniques to come off with minimizing 

objectives functions (Saadat, 1999). The revolving point in our research focuses toward 

scenarios in Figure 4.2, with interest on the security of the system as well as RE and EV 

integration especially in the concept of the smart grid. 

 

Figure 4.2. Number of Generators, wind, and EV battery sources 

The results of most popular Genetic Algorithm (GA) and based on swarm 

behavior Particle Swarm Optimization (PSO) are compared with four Nature-inspired 

metaheuristic algorithms of Cuckoo Search (CS), Bat Algorithm (BA), Flower 

Pollination Algorithm (FPA), and Firefly Algorithm (FA). The quadratic cost function 

of power generation and penalty function to account for inequality constraints on 

dependent variables are added for solving OPD problem.  A common algorithms 

evaluation parameters such as population size and generation limit are designated on an 

equal scale. Explicit parameters for each algorithm are tuned properly for optimal 

operations. Considering various network operating constraint, in an improved parameter 

setting. Penalty factor is added to account for line flow limit, bus voltages, and active 

generator real power violation. The objectives of this section are to compare and 

investigate, test and measure the effectiveness, efficiency, and robustness of mainstream 

nature-inspired metaheuristic based algorithms in term of OPD best solutions, 
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systematic convergence on power systems limits and applications, reducing operational 

cost and system security. The base case employed PSO and GA which are well matured 

and developed in power system applications especially in convergence and best 

solution, with newly developing CS, BA, FPA, and FA to identify robustness, and 

feebleness on IEEE-26 and IEEE-30 bus network.  

4.2. Problem Formulatıon of OPD 

OPD is formulated to reduce fuel cost to the minimum, incremental cost and 

generated power loss is an optimizations problems with multi-objective function. 

Generally, the objective functions are expressed in Equation 4.4 

𝑀𝑖𝑛.  𝐹(𝑓 , 𝑓 , 𝑓 )           (4.1) 

𝑓  is fuel cost objective function  

𝑓   Incremental fuel cost function 

𝑓   Power loss function 

4.2.1. Fuel cost minimization function 

Total fuel cost function employed a quadratic convex curve function as in 

Equation 4.2, minimum fuel cost guarantee how efficiently the power plant generators 

are operated.   

𝑓 = ∑ 𝛾 𝑃 + 𝛽 𝑃 + 𝐾                                               (4.2) 

Where 𝛾 , 𝛽 , 𝛼  are cost coefficients for generators fuel as in Appendix A1 and A2, 

penalty factor Kpen are calculated depending if there exist possible equality or inequality 

constraints violation express in Equation 4.3, the amount are added to fuel cost 

coefficient. In a situation where all the constraints are not violated the penalty factor is 

zero.   

𝐾 =

⎩
⎪⎪
⎨

⎪⎪
⎧

𝐿𝐹 (𝑃 − 𝑃 )   ,   𝑖𝑓 𝑃 > 𝑃

𝐿𝐹 (𝑃 − 𝑃 )   ,   𝑖𝑓 𝑃 < 𝑃
𝑜𝑟

𝑉 (𝑉 − 𝑉 )   ,   𝑖𝑓 𝑉 < 𝑉

𝑉 (𝑉 − 𝑉 )   ,   𝑖𝑓 𝑉 < 𝑉

0  ,   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                                         (4.3) 
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4.2.2. Incremental fuel cost minimization function 

A functions parameter measuring how expensive the next generated power 

demand will be after generator requested supply presented in Equation (4.4).  

𝑓 =  2𝛾 𝑃 + 𝛽                            (4.4) 

4.2.3. Active power loss function 

 Minimum transmission losses secure and guarantee minimum cost to efficiently 

operate power system, the distance at which generators are located to the load center 

determine how much losses are inherent at the system network as expressed in Equation 

(4.5). 

𝑓 = ∑ 𝑔 𝑉 + 𝑉 − 2𝑉 𝑉 cos 𝜃                            (4.5) 

4.2.4. Equality and inequality constraints 

 Operating constraints allow the optimization to guarantee the optimal 

component dispatch of generation is within the allowable limit, in reality forcing the 

transmission system into limit violation may put the system in danger. The equality 

constraints for real and reactive power are given in Equation 4.6 and 4.7 respectively. 

𝑃 − 𝑃 − ℜ 𝑉𝒊 ∑ 𝑌 𝑉
∗

= 0           (4.6) 

𝑄 − 𝑄 − ℑ 𝑉𝒊 ∑ 𝑌 𝑉
∗

= 0             (4.7) 

The inequality constraint of line flow of transmission line are given in Equation 4.8, is 

the transmission capacity between bus i and j.            

𝐿𝐹 = ℜ 𝑉 𝑉 − 𝑉 𝑌 + 𝑉 𝑦
∗

≤ 𝐿𝐹             (4.8) 

The second inequality constraints associated with generators bus voltages, real and 

reactive power limit, shunt VAR reactive power injection, regulating transformer tap 

setting between lower and upper constraints are given in Equation 4.9. 
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𝑉 ≤ 𝑉 ≤ 𝑉   

𝑃 ≤ 𝑃 ≤ 𝑃

𝑄 ≤ 𝑄 ≤ 𝑄

𝑄 ≤ 𝑄 ≤ 𝑄

𝑇 ≤ 𝑇 ≤ 𝑇

            (4.9) 

The above constraints constitute the security of the optimal dispatch operation, the 

nonlinearity of the constraints in optimizations necessitate applying penalty factor in the 

objective function, to account the violation which is also a cost.    

4.3. Test System and Results 

 In this approach robustness, efficiency and feebleness of new emerging Nature-

Inspired based optimization algorithm of CS, BA, FPA, and FA have compared against 

well-developed PSO and GA for OPD problems investigation. In our proposed 

approach IEEE-26 and IEEE-30 bus system are verified on, penalty function is included 

in case of limit violation. In the optimization procedure initials independent variable is 

assigned randomly to perform power flow using Newton–Raphson, and then set 

depended on variable automatically. The optimal solution is achieved using respective 

algorithm setting parameters, the procedure is shown in Figure 4.3.  The algorithms first 

initialized with random values and power flow solution is applied for those values.  The 

constraints condition are checked if violation exist penalty function is applied. 

Otherwise new random values are generated with different values. Without any 

violation, fuel cost and incremental fuel cost are calculated with minimum loss for the 

next step. The best fitness candidate is selected, optimization algorithm operators are 

applied to obtained global best value for each one of the algorithms, the procedure is 

repeated until the maximum iteration or convergence of the algorithm is reached. 

Optimization common parameters controls are generation number and population size, 

other parameters explicitly stated, these parameter sets are obtained after several runs of 

course due to randomization a better result becomes worst result in some run. 

Population size = 60, Generation six =200, PSO: Inertia weight = [0.4, 0.9], 

Acceleration factor = [2, 2]. GA: Roulette function, with scatted crossover, mutation 

function is a constraint, crossover fraction is positive scalar (0.8).  CS: probability of 

discovering nest pa=0.25 step-size scaling factor α= 0.01, Lévy exponent λ = 1.5. BA: 

Loudness A= 0.9, pulse emission rate r = 0.8. FFA: probability switch p = 0.8. FA: 

absorption coefficient of light γ = 1, attractiveness β= 0.8, randomization α = 0.9. 
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Proposed Algorithm : 
Optimal_Power_Dispatch (Max_Iterations, Max_Solutions) 
   Parameters List: 
      Num_Iteration: generation counter;  𝑁𝑢𝑚_𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛:  solution counter;  
     Best_solution: value for best solution;  Min_Fitneess: fitness for best solution 
     SOLUTIONS array that holds current generation of solutions 
     Generate_Solutions():Sub-function that generate new solutions depending  
                                         on the optimization algorithm 
     Newton_Raphson(): Sub-function that performs power flow analysis using N-R 
     Violations():Sub-function that checks the constraint violations 
     Optimization_Operators():Sub-function that breeds the new solutions  

01 INITIALISE Num_Iteration =1; 𝑁𝑢𝑚_𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 =1;  
02 SET 𝑆𝑂𝐿𝑈𝑇𝐼𝑂𝑁𝑆 =Generate_Solutions(); 
03 LOOP WHILE Num_Iteration <= Max_Iterations 
04  SET Num_Iteration= Num_Iteration+1 
05  LOOP WHILE 𝑁𝑢𝑚_𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 <= Max_Solutions 
06   SET Solution= 𝑆𝑂𝐿𝑈𝑇𝐼𝑂𝑁𝑆[𝑁𝑢𝑚_𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛] 
07   RUN Newton_Raphson() 
08   IF Violation (constraint) 
09    IF IS Generator_Violation 
10     Apply_Panalty() 
11     GOTO Line 15 
12    END IF 
13    GOTO Line 04 
14   END IF 
15   SET 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛() 
16   IF 𝐹𝑖𝑡𝑛𝑒𝑠𝑠  < Min_Fitneess;  
17    SET  Min_Fitneess= 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 
18    Best_solution= Solution 
19   END IF 
20   SET 𝑁𝑢𝑚_𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 = 𝑁𝑢𝑚_𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 +1 
21  END LOOP 
22  SET 𝑆𝑂𝐿𝑈𝑇𝐼𝑂𝑁𝑆 =Generate_Solutions(); 
23  RUN  Optimization_Operators(); 
24 RETURN Best_solution 
25 END LOOP 

Figure 4.3 Proposed pseudocode algorithms 

The optimal power dispatch result for IEEE-26 bus data are presented in Table 

4.1, and for IEEE-30 bus data are presented in Table 4.2. To avoid premature result 

interpretation, several simulations run are carrying out with fixed tuned parameters.  In 

both cases, the total fuel cost shows a direct relationship with the total minimum loss, 

and incremental fuel cost obtained for all the algorithms for GA in Table 4.1. Fuel cost 

(15118 $/h), incremental fuel cost (30.186 $/h), total losses (12.161 MW) are relatively 

higher than PSO, CS, BA, FPA, and FA even though GA has a minimum simulation 

time to approach convergence. 
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Table 4.1. IEEE-26 bus system optimized comparison results 

26 bus PSO GA CS BA FPA FA 
𝑃  441.408 440.315 441.387 439.565 442.087 441.403 

𝑃  177.229 175.325 177.267 178.159 175.289 177.248 

𝑃  260.367 253.956 260.360 263.093 261.198 260.368 

𝑃  134.419 131.843 134.435 129.241 135.680 134.437 

𝑃  171.557 182.004 171.545 169.970 171.050 171.544 

𝑃  90.130 91.718 90.099 95.015 89.819 90.111 
𝐹𝐶   ($/h) 15116.206 15118.000 15116.206 15116.799 15116.26 15116.206 
𝐼𝐶   ($/h) 30.167 30.186 30.167 30.177 30.167 30.167 
𝑇𝐿 (MW) 12.110 12.161 12.111 12.044 12.123 12.111 
Time (s) 302.07 76.77 590.04 291.87 307.23 307.61 

        
 

Table 4.2. IEEE-30 bus system optimized comparison results 
 

30 bus PSO GA CS BA FPA FA 
𝑃  176.732 176.678 176.731 177.957 176.619 176.729 

𝑃  48.828 48.836 48.828 48.466 49.019 48.829 

𝑃  21.470 21.463 21.473 21.001 21.333 21.472 

𝑃  21.643 21.681 21.650 19.621 21.971 21.650 

𝑃  12.101 12.096 12.091 13.106 11.834 12.094 

𝑃  12.000 12.015 12.000 12.726 12.000 12.000 
𝐹𝐶   ($/h) 801.843 801.844 801.843 801.971 801.848 801.843 
𝐼𝐶   ($/h) 9.615 9.616 9.612 9. 861 9.618 9.625 
𝑇𝐿 (MW) 9.376 9.372 9.376 9.479 9.377 9.376 
Time (s) 261.48 67.65 527.51 288.48 262.58 264.36 

 

Figure 4.4 depicts IEEE-26 bus fuel cost convergence curve of both the 

algorithms, in this scenario BA picks optimal convergence value initially (15116.966 

$/h) then the rest algorithms.  Table 4.2 Shows BA algorithm returning higher optimal 

operation fuel cost of (801.971 $/h), incremental fuel cost (9. 861 $/h), and total losses 

(9.479 MW), then PSO, GA, CS, FPA, and FA algorithms but superseded by CS 

algorithm intern of maximum simulation time. Figure 4.5 depicted IEEE-30 bus fuel 

cost convergence curve, GA algorithm converge at 51 iterations and stop with optimum 

values of (801.844 $/h) while the others algorithm continues to iterate to the maximum 

selected iteration of 200, that is why the simulation time of GA is minimum in both 

cases. The result from both tables there is no best algorithm with minimum real and 

reactive power combination, BA has the minimum slack real power of 439.565 MW, 

follows by GA 440.315 MW, CS 441.387 MW, and FA 441.403 MW for the case of 

IEEE-26. PSO, CS, and FA have minimum slack reactive power. 
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Figure 4.3. Convergence curve of 26 bus fuel cost 

 

 
Figure 4.5. Convergence curve of 30 bus fuel cost 

 

For IEEE-30 case fluctuated combination of real and reactive power combination are 

observed, with BA possessing highest.  The voltages profile shows in Figure 4.6 for 26 

bus system, and Figure 4.7 for 30 bus system are in tandem with voltage security of 

constraint for both the algorithm without violation. The figures guarantee voltage 

stability of our approach. The voltage range observed for 26 bus range is 0.9690 pu 

minimum and a maximum of 1.0250 pu. For the case of 30 bus system bus voltages 

stable at optimal values of 0.9957 pu to 1.0820 pu.  
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Figure 4.6. Voltage profile for IEEE 26 bus system 

 

 
Figure 4.7. Voltage profile for IEEE 26 bus system 
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5. LOAD FLOW FORECASTING IN SMART DISTRIBUTION GRID 

 

Flower pollination nature-inspired based metaheuristic algorithm is proposed in 

solving load flow forecasting problem in smart distribution grid environment. The 

efficient approach involves training a FNN with a newly FPA. The idea is to perform 

short-term load flow forecast through the smart distribution network, thus maintaining 

system security due to the intermittency of renewable energy penetration and power 

flow demand. Application of optimization algorithm such as FPA in training a neural 

network to improve accuracy, overcome generalization ability of a neural network, less 

data requirement and prevent premature convergence problem in artificial intelligence 

solutions due to non-linearity of parameters. The real load flow data are collected 

through distribution management system of Konya organized industrial zone. The result 

obtained indicates strong improvement in error reduction using FPA optimization 

algorithm in training FNN for short-term load flow forecasting in smart distribution 

grid, the model is compared against FNN model and efficient support vector regression 

(SVR). 

The paper is divided into five sections, introduction in section one gives brief 

account of previous related works, and section two explained data requirement for load 

flow in smart distribution grid including error analysis, section three provides brief 

review of SVR algorithm, section four gives review of FPA algorithm and its 

application for model analysis, results and discussion are presented in section five. 

 

5.1. Introduction 

Over the past few decades, the electricity sector is confronted with growing 

energy demand, high level of renewable energy penetration, and couple with total 

deregulations of power sector as commodity enterprises. In other hand high aggregated 

power losses and power flow forecasting constitutes critical challenges to the industry.  

These challenges lead to the development of new power system technology called smart 

grid, the new grid is to ensure efficiency and sustainability in meeting the electricity 

generation, transmission and distribution demand with reliability and best of quality at 

optimal cost. The term smart grid has been a coin to define the present development of 

power system, accommodation of renewable energy integration, user’s activities to the 

network, and those that do both in order to deliver efficiently sustainable, economic and 
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secure electricity supplies (Maria and Michael, 2016).  As such other innovations focus 

on connecting low-voltage meters to be remotely controlled rising new chances for load 

flow forecast. Currently, short-term load forecasting is a major column in every day’s 

life of power networks for maintaining energy demand and component system security. 

An accurate prediction is necessary to issue short and long term network operation 

plans. Hence, any inaccuracy or deviation may result in a loss of significant power in 

MW or million amount of operational cost for the utility company (Borges et al., 2013). 

Load flow is performed to ascertain power system economic operations and component 

security. For optimal utilization of power system state of operation ought to be well-

known in the present and several hours or day onward to overcome security margins 

and plan equipment maintenance. 

Forecasting method is popular among many researchers especially in power 

system load demand, several forecasting methods employed autoregressive model, 

neural network approach, and much artificial intelligence method (Asar et al., 2005; Bo-

Juen, 2004; De Felice and Xin 2011; Duan et al., 2011; Swaroop and Abdulqader, 2012; 

Tanidir and Tor, 2015). The author in (Heiko et al., 2009), present detail review of 

decision making tools in electric load forecasting from classical method to artificial 

intelligence model, without single optimization algorithms heuristic or metaheuristic in 

the review. A full load flow forecasting approach using the neural network with 

multilayer perception is discussed in (Peharda et al., 2004). Artificial intelligence-based 

for short-term load forecasting (STLF) in distribution structures is presented in (Ding et 

al., 2016), the paper describes the design of a class of machine-learning models, namely 

neural networks, for load forecasting of medium-voltage/low-voltage substations. 

Hybrid methods using the artificial neural network (ANN), genetic algorithm (GA), and 

support vector machines (SVM) are discussed by many authors in (Ling et al., 2003; 

Sinha and Mandal, 1999; Srinivasan, 1995). Metaheuristics methods are presented using 

particle swarm optimization (PSO) (AlRashidi and El-Naggar, 2010), and firefly 

algorithm (FA) in hybrid with support vector regression (SVR) model are discussed in 

(Abdollah,  Haidar, and Fatemeh, 2014; Liye et al., 2016), while a short-term high-

resolution distribution load forecasting based on SVM with hybrid parameter 

optimization is detailed in (Jiang, 2016).  An improved hybrid back propagation neural 

network (BPNN) with a modified flower pollination algorithm for STLF based on 

decomposition technology is reported in (Pan et al., 2017), flower pollination algorithm 
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(FPA) is employed to cater for unstable factors and larger deviation associated with 

using single BPNN for capturing complex electrical time series data.   Recently STLF in 

smart grid takes another dimension with different algorithm and objectives.  STLF using 

clustering regression model in smart grid is reported in (Lei et al., 2017), with main 

objective to manage the issue of big data problem for short-term load flow forecasting 

with high accuracy. The authors applied load characteristic curve for each cluster to 

scale the data since each cluster represents an electrical feature of various users, the 

model is realized by using Apache Spark machine learning library with improved 

accuracy. Another STLF in smart grid based on the combined model to improved 

accuracy and reduced training time, the proposed model combined BPNN, a multi-label 

algorithm based on K-nearest neighbor (K-NN) and K-means. Each individual 

algorithm is tested separately, but the combined result shows significant improvement 

(Sun, Ouyang, and Yue, 2017). Due to various activities taken place in modern smart 

grid its difficult task to forecast load accurately, with this notion a behaviour learning 

algorithm using recurrent neural network is proposed, the approach takes into account 

individual resident volatility, the accuracy of the algorithm notably improved, with 

drawback of including individual measurement in data training (Kong, 2017). 

In this chapter, a short-term load flow forecasting in smart grid is treated on 

Konya organized industrial zone using flower pollination optimizations algorithms in 

training simple FNN to enhance forecasting to the optimum level. Konya industrial zone 

is one of the leading industrial areas in Turkey it covers an area of 11.7 million square 

meters of the industrial zone with plan extension, the industrial zone yearly energy 

growth rate is about 15%. The power distribution system supplying the industries are 

integrated with distribution management system for load flow control and renewable 

integration management, at the same instance supporting demand response and price 

forecasting, but the smart distribution grid lack load flow forecasting capabilities. The 

main objective behind this study is to conduct a load flow forecasting in smart 

distribution grid for security assessment leading to an accuracy of planning ahead due to 

RE fluctuation, and equipment loading capacity assurance. 
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5.2. Load Flow Forecasting in Smart Distribution Grid 

Smart distribution grid is an upgraded traditional grid that enables bi-directional 

communication and power exchange between the utility company and consumer, 

incorporation of the communication interface and sensors allowed remote operation at 

the same time reduced system failure.  The load flow idea is for the system operator to 

understand necessary planning, economic scheduling, and control of the existing system 

and future planning. However load flow forecasting in smart grid is for the purpose of 

assessing system security both in the present state and several hours ahead, so as to 

check how reliable state of operation, intermittency of renewable energy integration can 

affect network components. Data requirement for load flow forecasting is four input: 

generating unit schedule data for transmission grid both active and reactive power 

generation, voltage control buses and its corresponding phase angle in either case. 

Active and Reactive power consumptions flow is typically needed for each bus, in this 

case, a load flow is set to be accomplished on request, and shunt compensation and 

transformer tap setting are sometimes needed. In this work, a real smart distribution grid 

of Konya Industrial zone is considered as a case study. The grid is medium voltage level 

with three separate transformers of 100 MVA at 33.5 kV, 50 MVA at 31.5 kV, and 100 

MVA at 31.5 kV, solar power plants of size 4350 kW are integrated, Figure 5.1 shows 

the load flow topology of the test grid. 

 

Figure 5.1. Load flow topology of Konya industrial zone 
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Performance of measurement and data fitting problem requires a way to 

determine method quality and proved that finding of a proposed approach does not 

happen by chance, especially in the field of metaheuristic algorithms. Mean absolute 

error, mean absolute percentage error, and standard deviation which is enough due to 

randomizations (Çetinkaya, 2016). 

Mean absolute error (𝑚𝑎𝑒): the most affordable and frequently way to evaluate any 

success load forecasting problems and depends on mean of difference among 

observations and real values. (𝑚𝑎𝑒)  is calculated using Equation 5.1.   

𝑚𝑎𝑒 = ∑ 𝑎𝑏𝑠(𝑦 − 𝑦 )                     (5.1) 

Where 𝑦  are the targets value and 𝑦 is the forecasted value under considerations.  

Mean absolute percentages error (𝑚𝑎𝑝𝑒): represents the percentage of average absolute 

error occurred. 𝑚𝑎𝑝𝑒 is independent of the scale of dimension, but affected by data 

conversion is given in Equation 5.2.  

𝑚𝑎𝑝𝑒 =  ∑
( )

                                   (5.2) 

Root mean squared error (𝑟𝑚𝑠𝑒): is a measure of average deviation or a judgment 

criterion of fit of forecasted values. It penalizes extreme errors occurred while 

forecasting. 𝑟𝑚𝑠𝑒 is calculated by Equation (5.3), Basically, the smaller the errors the 

better the fit is the forecast. 

𝑟𝑚𝑠𝑒 = ∑ 𝑦 − 𝑦                (5.3) 

5.3. Support Vector Regressions (SVR) 

Support vector machine (SVM) is rooted in statistical learning problems, can be 

generalized to solve regression problems which are generally classification problems. 

SVR is well suited in classification problems with characteristics of using kernel, sparse 

solution. Rarer widespread than SVM, SVR is demonstrated to be an operational tool in 

real-value function approximation. One great advantage of SVR is that computation 

capability is independent on the dimensionality of input space; it has possessed 

generalization with prediction accuracy (Awad and Khanna, 2015). SVM achieved 

classification problems by finding maximum margin separating hyperplane using 
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support vectors, while generalization to SVR is achieved by introducing ε-sensitive area 

within the function (Lee, 2005). SVR make effort to predict linear regression function 

as in Equation 4.4, that can best describe the actual output data with error tolerance ε, 

while most of the real world scenarios including load forecasting have non-linear 

dimension, in this case, data dimension has to be map into higher vector spaces, so that 

training data may exhibit linearity and thereafter linear regression can be applied 

(Vrablecová et al., 2017).  

𝑓(𝑥) = 𝑤. ∅(𝑥) + 𝑏                                                                                         (5.4) 

Where  ∅(𝑥) is the mapping function from non-linear to linear space, 𝑏 is the bias term, 

and 𝑤  is the minimum norm values to be calculated subject to given condition 

constraints as in Equation 5.5. 

𝑚𝑖𝑛 , , ∗ 𝑤 + 𝐶 ∑ (𝜉 + 𝜉∗) 𝑓𝑜𝑟 𝑠 > 0                                                           (5.5)  

 

𝑠. 𝑡

𝑦 − 𝑓(𝑥) ≤ 𝜀 + 𝜉

𝑓(𝑥) − 𝑦 ≤ 𝜀 + 𝜉∗

𝜉 , 𝜉∗ ≥ 0

                                                                                              (5.6) 

Where 𝐶 penalty parameter on errors, ε is the tolerance error greater than 𝜉  𝑎𝑛𝑑 𝜉∗ a 

kind of trade-off, since SVR back bone is kernel trick, a widely used Gaussian kernel 

function is adopted as in (Vrablecová et al., 2017; YouLong et al., 2016,), given 

represented in Equation 5.7. 

𝑘 𝑥 ,, 𝑥 = exp − = exp −γ. 𝑥 − 𝑥                                               (5.7) 

𝑥 , 𝑎𝑛𝑑 𝑥  are the input samples and 𝜕  is variance width of the parameter of kernel 

function, most important parameters of SVR are 𝐶, ε, and γ =  are needed, selected 

at same time with a minimum estimated errors this parameter are adopted according 

work in (Vrablecová et al., 2017), due to minimum forecasting error output at this 

parameter setting among various kernel functions. SVR algorithm for load forecasting 

application was first introduced in year 2001, there after find recognition from several 

researchers in various applications (Bao, 2014; Sapankevych, 2009). Two strategy 

approach for STLF using SVR algorithm to reduce operator interaction in model design 
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procedure is proposed, based on the approach an improved accuracy is observed 

compared to artificial neural network (ANN) (Ceperic, 2013). A non-linear dynamic 

model of customer load demand is forecasted using SVR in smart grid environment, an 

SVR with single set of kernel is applied with no prior assumption about data standing, 

prediction results of SVR compared ANN and times series analysis techniques perform 

with high accuracy (Pellegrini, 2015). With following properties, SVR is well fitted for 

STLF in smart distribution grid.  

5.4. Flower Pollination-Feedforward Neural Networks for Load Flow Forecasting 

In numerous design applications finding of optimal solutions is a difficult task 

due to highly complicated constraint, sometime nonlinearity and multi-dimensional 

make it impossible to find optimal solutions. Especially in training artificial 

intelligence, such problems are encounter, nature-inspired optimization algorithms play 

a significant role in tackling such kind of problems (Yang, 2012). Majority of classical 

algorithms are deterministic, in case of stochastic algorithms most types are heuristic 

and metaheuristic, with small differences heuristics mean finding solution by guessing 

of many trials, on the other hand, metaheuristic algorithms means finding advanced 

level solutions beyond good solutions, and these algorithms usually execute well than 

simple heuristics (Yang, 2014). In practice metaheuristic algorithms custom certain 

trade-offs of randomization and local search, Randomization offers worthy chance of 

algorithms deviation at local optimum trap to focus the search on a global level (Yang, 

2010a). Intensification and diversification are two key constituents of all metaheuristic 

optimizations algorithms. Diversification is to produce different output so that search 

space is explored on a global optimum. Intensification allowed exploiting search focus 

in the region of local space that a good solution is within reach (Yang and Deb, 2010). 

This two major component guarantee emergence of the best solutions, whereas 

diversification through randomization evades the best fitness confined to the local 

region, and this increases the diversity of solutions. PFA algorithms can be categorized 

as based on population and trajectory-based, which all use multiple agents or particles 

(Eiben and Smit, 2011). 

A recent emerging nature-inspired population-based optimization algorithm FPA 

is developed by Yang in 2012, enthused by pollination process of flower, which is the 

transfer of pollen that is linked to natural bio habitant (Yang et al., 2013). Two 



 

 

37

important characteristics of flower pollination are abiotic and biotic, with 90 % biotic 

pollination and the rest abiotic require no pollinators. For FPA to solve FNN training 

optimization problem such as load flow forecasting, a random weighted sum are added 

to combine a number of objectives so to become composite sole objective (Yang, 2012). 

The FPA algorithm can express in four rules for updating equations mathematically;  

Rule 1 global pollination and (Rule 3) flower constancy is express in Equation 5.8. 

𝑥 = 𝑥 + 𝛾𝐿(𝜆)(𝑔∗ − 𝑥 )                                           (5.8) 

Where 𝑥  is i solution vector xi at iteration t, and 𝑔∗ is the present best solution, γ is a 

scaling factor of step size control, L(λ) is a step-size parameter. Rule 2 and Rule 3 both 

are local fertilization are express in Equation 5.9. 

𝑥 = 𝑥 +∈ (𝑥 − 𝑥 )                                                 (5.9) 

Where 𝑥 and 𝑥  are pollen from diverse flowers with similar plant species. If 𝑥 and 𝑥  

are from exact species and population this become local search with ∈= [0, 1] 

uniformly drawn. 

Rule 4 is switching probability control between local and global pollination of value 𝑝 ∈

[0, 1]. The above procedure is summarized in Figure 5.2. FPA as population based 

metaheuristic algorithm operate on multiple candidate to optimized on global search 

scale, is used to train FFN to generate low level error of weight and bias with accurate 

network structure arrangement.    

FPA developed in 2012 attract little attention to parametric studies and why FPA 

works on global optimization problems.  A review of applications of FPA in 

comparison with other metaheuristic algorithms is presented in (Haruna et al., 2015). 

Another detailed review considers FPA and other algorithm application in the single 

and multi-objective problem, finding reveals FPA outperforms most of the counterparts 

(Kayabekir et al., 2018). Due to local and global exploration searching ability of FPA 

make it possible to solve most of the engineering problems. Authors in (Xu, Wang, and 

Liu, 2017) compared FPA with four other algorithms and found FPA to be energy 

efficient and superior. A comprehensive study based on mutation operators of FPA 

subjected to statistical tests compared against five recent metaheuristics algorithm base 
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on mutation, again FPA proved better performance with high accuracy (Rohit and 

Urvinder, 2017). 

 

Initialize a population of n pollen gametes with random 
solutions 
Find the best solution 𝒈∗in the initial population 
Define a switch probability p ∈ [0, 1] 
while (t <MaxGeneration) 
       for i = 1 : n (all n flowers in the population) 
           if rand < p, 
             Draw a step vector L which obeys a Lévy distribution 

             Global pollination via 𝒙𝒊
𝒕 𝟏 = 𝒙𝒊

𝒕 + 𝜸𝑳(𝝀)(𝒈∗ − 𝒙𝒊
𝒕) 

             else 
                Draw ∈ from a uniform distribution in [0,1] 
                Randomly choose j and k among all the solutions 

                Do local pollination via 𝒙𝒊
𝒕 𝟏 = 𝒙𝒊

𝒕+∈ (𝒙𝒋
𝒕 − 𝒙𝒌

𝒕 ) 

                end if 
                Evaluate new solutions 
                Update population with new solution 
        end for 
Find the current best solution 𝒈∗ 
end while 

Figure 5.2. Pseudo flowchart of the proposed FPA 

Qualitative and quantitative analyses of FPA and its variant with some extension 

of it using CEC 2013 benchmarks to solve real-parameter continuous optimization, and 

then by applying it on some CEC 2011 benchmarks for real-world optimization 

problems proved FPA to be suitable (Amer, 2015). In addition, FPA based on 

opposition-based learning and modification of the movement equation in the global-

pollination operator, the authors in (Kayabekir et al., 2018, Alyasseri et al., 2018), 

concluded that basic FPA has been found to offer more than average performances 

when compared to state-of-the-art algorithms, for hybrid extensions FPA reached best 

results, a comprehensive review of variant analysis on FPA from 2012 to date 

acknowledge superiority of FPA. 

5.4.1. FPA for Training FNN 

 Feedforward neural network (FNN) are the distinct category of neural network 

structure, the structural organization design of FNN makes it attractive since it permits 

identifying a computational classic in a structural/network arrangement, it has universal 

capabilities of approximating continues functions (Hornik, 1991). The FNN structure 

consist of a large number of neurons arrange into a layer by layer form, this neuron has 
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weight from the previous neurons layer (Claudio, 2016). Metaheuristic algorithms 

analyzed FNN organs into an optimization problem to obtain near optimum solutions 

(Varun, Ajith, and Václav, 2017). The best reliable model for load flow forecasting 

method is to train a simple neural network with a minimum structure. In this work FNN 

with one hidden layer is proposed, two-layer structured FFN shown in Figure 5.3. 

Usually, three design procedures are applicable in training a neural network using an 

FPA algorithm. The first procedure in this process employs PFA algorithms applicable 

for discovering an arrangement of weights and biases that generate lowest output error 

for the entire networks. The second procedure is whereby metaheuristic algorithms are 

utilized to locate a good arrangement of a structure for the network within a certain 

problem consideration. The third technique allows FPA algorithms to adjust gradient-

based learning parameters of an algorithm. The first method maintained fixed structure 

for training FNN, the algorithm duty is to discover an appropriate value for all 

connected weights and biases for the overall error minimization training. In the second 

situation, the structures of FNN are altering; algorithm application is training and 

construction of a best possible structure for a specific problem. 

 

Figure 5.3. Structure of two-layer feedforward neural network 

Altering the structure can be accomplished by influencing the connections 

between neurons, the number of hidden layers, and the number of hidden nodes in each 

layer of the neural network (Zhang, 2007). In this case, the first method is employed for 

PFA algorithm to train the FNN using a combination of weights and biases to provide 

the lowest possible error for the network. With this approach, the structure of the neural 

network is not altered in any form. In this respect the objective function that fit data 

with minimum error fitness for FNN are described in Equation 5.10, detailed are 

explained in (Seyed, 2012). The NN require encoding agent strategy applicable to 
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metaheuristics algorithm to encode the weight and bias.  The number of input nodes is 

equal to n, the number of hidden nodes is equal to h determine according to procedure 

that, for r number of neurons of the input layer, then the number of neurons of the 

hidden layer is 2r+1, and the number of output nodes is m (Pan et al., 2017; Hecht-

Nielsen, 1987). In each epoch of learning, the output of each hidden node is calculated 

as follows: 

𝐹 𝑦 = 1 1 + exp (−(∑ 𝑤 . 𝑥 − 𝜃 ))⁄  , 𝑗 = 1, 2, … . ℎ             (5.10) 

𝑦 = ∑ 𝑤 . 𝑥 − 𝜃                                                                            (5.11) 

Where Equation 5.11 represent the function in 𝑦 , 𝑤  is the connection weight from the 

ith node in the input layer to the jth node in the hidden layer, 𝜃 is the bias (threshold) of 

the jth hidden node, and xi is the ith input, finally the calculated hidden node output 

produce the final output as in Equation 5.12, The learning error are determine by 

Equation 5.13. 

𝑂 =  ∑ 𝑤 . 𝐹 𝑦 − 𝜃 ,     𝑘 = 1, 2, … … 𝑚                           (5.12) 

𝐸 = ∑ (𝑂 − 𝑑 )                                                                          (5.13) 

𝐸 = ∑                                                                                            (5.14)                                      

Where L is the number of input sample for training, d the required output at which the 

training sample is applied. 

The final stage of the model is to encode the weights and bias of the FNN for 

every agent of the algorithms used. Matrix method of encoding strategy has been used, 

this method every single agent is encoded as a matrix because the decoding process is 

easy even though for a neural network with the complicated structure the encoding 

difficult and time demanding. The load flow forecasting training algorithms are in the 

show in Figure 5.4 The algorithms workflow initialized value randomly to generate 

solution by the first iteration when FNN algorithm is run. Generated weight and bias are 

checked; otherwise, new random values are generated, thereafter proceed to calculate 

the best fitness functions. The best candidate is selected, optimization algorithms are 

applied to obtained global best value for each one of the algorithms, the procedure is 

repeated until the maximum iteration or convergence of the algorithm is reached. 
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Optimization common parameters controls are generation number and population size, 

other parameters explicitly stated, these parameter sets are obtained after several runs of 

course due to randomization a better result becomes worst result in some run. The best 

candidate is selected, optimization algorithm are applied to obtained global best value 

for each one of the algorithms, the procedure is repeated until the maximum iteration or 

convergence of the algorithms are reached. List of setting and construction parameters 

are presented in Table 5.1.   

Training_Algorithm (Max_Iterations, Max_Solutions, Load_Data) 

Parameters List: Num_Iteration: generation counter;  𝑁𝑢𝑚_𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛: solution 
counter; 

      Load_Data: training data and testing data  

     Best_solution: value for best solution; Min_Fitneess: fitness for best 
solution 

     SOLUTIONS array that holds current generation of solutions 

     Generate_Solutions():Sub-function that generate new solutions 

     Neural_Network(): Sub-function that performs training analysis 

     Optimization_Operators():Sub-function that breeds the new solutions  

01 INITIALIZE Num_Iteration =1; 𝑁𝑢𝑚_𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 =1;  
02                Neural_Network(parameters(n, net, input, target)): 
03                Run_ Neural_Network() 
04 SET 𝑆𝑂𝐿𝑈𝑇𝐼𝑂𝑁𝑆 =Generate_Solutions( weights and biases); 
05 LOOP WHILE Num_Iteration <= Max_Iterations 
06  LOOP WHILE 𝑁𝑢𝑚_𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 <= Max_Solutions 
07   SET Solution= 𝑆𝑂𝐿𝑈𝑇𝐼𝑂𝑁𝑆[𝑁𝑢𝑚_𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛] 
08   SET 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 
09   IF 𝐹𝑖𝑡𝑛𝑒𝑠𝑠  < Min_Fitneess  
10    SET  Min_Fitneess= 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 
11    Best_solution= Solution 
12   END  
13   SET 𝑁𝑢𝑚_𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 = 𝑁𝑢𝑚_𝑆𝑜𝑙𝑢𝑡𝑖𝑜𝑛 +1 
14  END 
15  SET 𝑆𝑂𝐿𝑈𝑇𝐼𝑂𝑁𝑆 =Generate_Solutions(weights and biases); 
16  RUN Optimization_Operators(); 
17       SET Num_Iteration= Num_Iteration+1 
18 END 
19 RETURN Best_solution (weights and biases) 

Figure 5.4 Proposed pseudo code for training algorithm 
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Table 5.1. Parameter setting of each methods 

Method Name of function or parameter Function or 
Value 

 Number of neurons of the input layer 4 
 Number of neurons of hidden layer 9 
 Number of neurons of the output layer 1 

FFN hidden layer transfer function Sigmoid(logsig) 
 output layer transfer function Linear (purelin) 
 Training function feedforward net 
 variance constant  (γ) 0.0266 

SVR Error tolerance (ε) 0.001 
 Penalty factor (𝐶) 5.309 
 Population size 20 
 Generation 1000 

FPA scaling factor 0.1 
 Step size 1.5 
 Probability switch 0.8 

 

5.5. Results and Discussion 

 In this approach robustness and efficiency of new emerging FPA nature-

inspired, based optimization algorithms in training an FNN for load flow forecasting 

problems analysis is investigated. The works proposed a smart distribution grid of 

Konya Industrial zone data, to verify load flow forecasting in smart distribution grid 

environment. In the optimization procedure initials, the independent variable is assigned 

randomly to perform load flow forecasting, while dependent variables are set 

automatically. The optimal solutions are achieved using FPA algorithm setting 

parameters, the procedure is explained in Figure 5.4. The best-trained candidates are 

selected, an optimization algorithm is applied to obtained global best value for the 

algorithm, the procedure is repeated until the maximum iteration or convergence of the 

algorithm is reached. Optimization common parameters controls are generation number 

and population size, other parameters explicitly stated, these parameter sets are obtained 

after several runs of course due to randomization a better result becomes worst result in 

some run. Population size = 20, generation size =1000, probability switch p = 0.8, 

scaling factor γ = 0.1, and λ = 1.5 as suggested for most engineering problems by Yang 

to represent local search operator by 0.8 and global search operator by 0.2, a claim 

supported by Rohit in his comprehensive review on mutation operators to FPA (Rohit 

and Urvinder, 2017).  The load flow data case study is collected for seven weeks, the 

real load flow data in Konya industrial zone employed to compare the forecasting 

performances are shown in Figure 5.5, while reactive power can be compensated 

locally. These data are divided into two, six weeks for training and one week for testing, 
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so as to forecast the next week ahead corresponding to 168 h period of testing data as 

shown in Figure 5.6, the effect of RE fluctuation are evidently present especially during 

the night hour’s equivalent to no production time. 

 

Figure 5.5. Hourly actual collected real power flow data plot for seven weeks 

 

Figure 5.6. One week actual testing data plot of the Konya industrial zone 

 

 

Figure 5.7. Comparison of actual load flow and FNN algorithm 
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Figure 5.8. Comparison of actual load flow and SVR forecasted 
 
 

 

Figure 5.9. Comparison of actual load flow and FPAFNN forecasted 
 

Real and reactive power for one-week period testing data are shown in Figure 

5.6, the prevalence effect peak period and working days are well captured. For the 

purpose of clarity individual cases are presented in a separate figure (Figure 5.7 to 

Figure 5.9) and are combined in Figure 5.10 for snap clear and easier observation. It is 

pertinent to observe that in Figure 5.7 FNN forecasted result is compared against actual 

real power flow as the first step, it can be observed that forecasted result follows closely 

to actual data with the relatively clear visible residual at all time frame, with exception 

of some few point. The accuracy level in term of performance measurement MAE is 

3.09 MW, MAPE is found to be 3.56% and RMSE is equal to the value of 2.18, these 

values are within the acceptable limit in the traditional grid but in smart grid, best 

maximum accuracy is inherently required. In Figure 5.8 SVR forecasted results is 
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shown, at the initial stage the algorithm deviated from the actual data is more evident. 

From 10 h to 50 h time interval more deviation are present, SVR adjusts effectively for 

tracking real shape before forecasting at minimum error compared to middle point time 

to the end time with minimum ripples at the tip end. In this case, measurement error 

parameters of MAE is found to be 1.83 MW, MAPE is 2.13% while RMSE is 1.97 

respectively. For the case of FPAFNN model forecasted result is shown in Figure 5.9, 

the proposed approach follows more closely related pattern with almost similar curve 

except in some instance, with curve deviating from the actual data with a small margin. 

The proposed model gives more accurate forecasted result in term of measurement 

parameters of MAE is 1.01 MW, MAPE is found a significant improvement of 1.42%, 

while RMSE, in this case, is 1.800, with this index value optimal accuracy is 

guaranteed. All the forecasted method results are summarized in Table 5.2. 

       Table 5.2. Evaluation of Forecasted methods  

Method MAE (MW) MAPE (%) RMSE 
FNN 3.09 3.56 2.18 
SVR 1.83 2.13 1.97 

FPAFNN 1.01 1.42 1.80 

 

The combined figures of different methods are shown in Figure 5.10, 

representing all scenarios at a forecasting time, it is clearly observed that FPAFNN 

method track the real actual pattern effectively with little deviation then all the other 

methods. Even though errors exist especially during the first 20 h, thereafter FPAFNN 

optimization algorithm parameters setting keep maximum tracking of the actual data 

with little deviation until forecasting period elapses. The FPAFNN algorithm shows the 

level of superiority numerically and graphically. 

 
 

Figure 5.10. Comparison of actual load flow, FNN, SVR, and FPAFNN forecasted 
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The key future to forecasting analysis is the minimum output error, the error 

assessment using one-week load flow forecasting generally exhibit good performance 

this may be collaborated due to the fact that training data are collected with high 

resolution for one-week look-ahead forecasting. For further error analysis, the output 

error for FNN and FPAFNN model is shown in Figure 5.11, the ideal error is to be at 

zero level in this regard the error output of FPAFNN model is closer to the best line 

than FNN error output model. Breaking forecasted deviation from the original values in 

hours and days for the FPAFNN model gives more detail information about how the 

model deliver optimal accuracy. 

 

Figure 5.11. Errors rate forecasted by hours 
 

 

Figure 5.12. Errors rate forecasted by days of the weeks 
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In Figure 5.11 the difference between the medians of the hour group’s data is 

approximately not equal to one, due to the fact that hourly result is highly variable from 

hour to hour, thus are more present during the peak working hours. Considering Figure 

5.12 the difference between the medians of the working day is approximately equal. 

Since the notches in the box plot do not overlap, it can be concluded that, with 95% 

confidence that the true medians do differ on Saturday and Sunday due less power on 

this days, therefore minimum errors are observed. 
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6. ELECTRIC VEHICLE DISPATCH IN DISTRIBUTION GRID  

 

With high probabilistic nature of load demand due to excessive charging and 

discharging of electric vehicles (EVs) at low and medium distribution line having a 

share of distributed renewable energy resources (DRES) integration, placed an 

enormous burden on the secure operation of the electrical grid, impacting the 

distribution system operators to become congestion manager. The intermittency of 

DRES couple with spontaneous variable energy demand from EVs pose significant 

challenges to the distribution grid. Hence a mechanism that will investigate design 

framework, proposed an adjustment to facilitate the successful provision of charging 

services of EVs for the operation of the electricity grid is proposed. The approach will 

enable EV and load to go beyond just exchanging power with the grid, but allow 

efficient exploitation of the current grid capacity, thus facilitating higher penetration of 

EVs charging station at a reduced cost. The proposed approach is carried out on 33-bus 

distribution grid using Matlab environment. The work in this chapter is based on simple 

rules and computations, thus avoiding complex computation method and details 

knowledge of the grid operating point, the work does not consider EV as a source rather 

a load interaction with existing component. The methodology and network model for 

this work is presented in Section 2. Results and discussion are presented in Section 3.  

6.1. Introduction 

Developed countries are proposing initiative of reducing greenhouse emission 

effect due to climate change impact, Electric vehicles (EVs) and renewable energy 

sources offer potential to decrease carbon emission from both transportation and power 

generation. Electricity generations and transportations account for over 60% of global 

energy demand. With world coal demand for electricity generations and oil demand for 

transportation. Research indicates that EVs offers potential to decrease carbon emission 

from both transportation and power generation (Richardson, 2013). In the context of 

this work electric vehicle (EV) includes internal combustion engine with a limited range 

in all-electric mode Plug-in hybrid electric vehicles (PHEV), and battery electric 

vehicles (BEV) with no combustion engine, but an electric motor with ability to be 

charge from a stationary electrical source or an outlet in the home garage. EV 

technology has attracted the attention of government and public due to the growing 
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concerns on the environment, rising cost of fossil fuel and uncertainty (Kempton and 

Tomic, 2005).  EV also received much attention because of the potential role in 

supporting renewable energy sources. The integration of transportation sector and 

power grid will lead to various challenging, and issues to the power system. For 

instance, a large penetration of EVs will increase the power grid load during the EV 

charging process at peak season.  

Owing to the potentially large impacts of a high share of EVs in power systems, 

a several research literature on this related topic has been developed in recent years, a 

broad overview of EVs studies was given in (Zhang et al., 2014; Galus et al., 2010). The 

EV integration into the grid comes with price tag especially in smart grid, which is the 

context of our approach. Details review of these issues and solutions approach detailing 

integration using agent-based model mostly lies on different control, optimization 

problems and the computational tools employed to solve them (Hota, Juvvanapudi and 

Bajpai,  2014). There is strong focus on the grid impacts of EVs and how charging can 

be controlled in order to alleviate potentially severe impacts, detailed reported literature 

with the same categorization is reported in (Green II, Wang, and Alam, 2011), more 

emphasis is giving on comprehensive review and assessment of the latest research and 

advancement of EV interaction with renewable energy portraying the future electric 

power system model (Mwasilu, 2014). Optimal charging is backbone remedy to 

distribution grid loading but EV driving pattern and charging demand is difficult to 

predict due to probabilistic nature, the authors in (Pantoš, 2011), present optimal 

charging algorithm of EV pattern that enable maximization of DRES exploitation in 

transportation and can be used in the risk-based assessment of energy price offered by 

energy supply. A probability model for electric vehicle charging on distribution grid is 

presented in (Niancheng, Xicong, and Qianggang, 2014), initial charging impact of EVs 

is the major challenge posed to distribution grid depending EV battery state-of-charge, a 

random approach is proposed to accommodate large share of EVs charging 

simultaneously.  

Distribution gird are normally low voltage power delivery to consumer rated 

capacity, with load profile varies depending on weather condition over time of the day, 

its expected to allow the customer to participate in the activities that exist within the 

grid i.e EV charging and excess renewable energy back to the grid from rooftop PV or 
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local wind farm. High penetration of EV charging and renewable energy integration will 

inevitably introduce a new pattern of energy demand profile and could result in frequent 

outage which normally occurs in the distribution grid. Investigations in the potential 

impact of EVs on new load profile are on the rise. A practical solution to overcome the 

problem of high penetration of EV charging considering DRES and grid capacity is 

reported in (Rahbari et. al, 2017), a new intelligent control is designed with two 

emphases of charging point location and bi-directional power flow to the grid. A study 

on grid integration and stability analysis of high EV penetration is discussed, the work 

investigates harmonics and reactive power related issues due to EV charging, finally a 

new solution measure of additional distribution line and reactive power injections 

described (Onar and Khaligh, 2010). Optimized EV charging with large share of DRES 

allocating power to EV during the time frame of higher renewable energy presence at 

cheaper rate, reducing the burden associated with utility company is analysed, the 

procedure consider individual charging rate limit, a Lyapunov optimization algorithm 

was exploited to reduce both cost and distribution line stress (Jin, Sheng, and Ghosh, 

2014).  The burden problem of EV charging during peak period on distribution grid is 

minimized using particle swarm optimization algorithm, the algorithm, in this case, 

determine the aggregator for optimal discharge by EV fleet taking into consideration 

driving behavior and energy price (Celli, 2012). A power electronics based management 

control strategy is employed for electric vehicle charging infrastructure that facilitates 

healthy distribution grid charging operation and compatibility framework for 

accommodating a significant amount of EVs is proposed in (Shuhui, 2014), the authors 

concentrate more on converter operational limit rather than grid stability and capacity. 

The work proposed in this paper is designed analysis procedure to deliver more power 

to the EV on distribution grid with a share of DRES over a charging period without 

needed network future upgrade. 

6.2. Method and Network Model 

To ascertain the number EV and maximum power delivery for continues 

charging in the distribution a grid depicting practical scenario, a steady-state analysis is 

performed using load flow calculation model to determine how the change in bus 

voltage level due to charging effect arises. 
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6.2.1. Optimal siting and sizing of DRES placement 

 A smaller renewable power generating unit termed DRES are usually directly 

connected to the distribution networks near the demand centers. The core benefit of 

connecting these sources are power loss reduction, and improvement of voltage profile, 

but improper placement at the appropriate location and required capacity will endanger 

network reliability and stability (Gopiya Naik, Khatod, and Sharma, 2015,). Some 

studies conducted on DRES focusing on how to reduce the adverse effect on 

distribution grid (Thomas, 2001; Nikmehr and Najafi-Ravadanegh, 2015), among 

earliest study addressing optimal location placement is proposed in (Caisheng and 

Nehrir, 2004) all the sole objectives are restricted to power loss minimization 

analytically. Particle swarm optimization (PSO) is employed in (El-Zonkoly, 2011; 

Moradi and Abedini, 2012) for optimal siting and sizing of DRES considering different 

loads capacity. Optimal size and location      DRES and electric vehicle charging station 

based on differential evolution algorithm are presented in (Mohammad, 2015). GA and 

improved non-dominated sorting GA are presented in (Pereira et al., 2016; Sheng et al., 

2015) to solve optimal sizing and siting problem taking into account stochastic nature of 

renewable energy intermittency. In some scenario, optimal size is obtained with a fixed 

location, while the reverse is the case in another scenario (Chiradeja and Ramakumar, 

2004; Nikmehr and Najafi-Ravadanegh, 2015).  

    In our approach metaheuristic algorithm of Mix-integer Genetic Algorithm 

(MI-GA) is employed to optimally determine the locations and sizes of single and 

multiple DRES in the distribution network, considering reduce power loss and 

improving voltage profile. The approach simultaneously determines locations as integer 

part problem and non-integer part being the sizes of the problem. The proposed method 

minimizes power loss, voltage deviation and improves voltage stability considering 

various distribution constraints.  

The famous and popular evolutionary algorithms are based on the mechanism of 

Darwin principle of evolution, natural assortment and regular genetics, (Melanie, 1995). 

An inhabitant's based algorithms of which search process is performed by transforming 

a set of individual point to another in the search space. The three genetic operator of GA 

is crossover, mutation, and selection (Yang, 2010a). GA is applied in an extensive range 

of engineering applications with ability deal with complex problems in any directions, 
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domain. For GA to avoid being a trap in local optima, good formulation of the fitness 

function and care full selection of importance parameter are necessary. As a global 

search tool, GA may avoid the local optimal solutions by generating solutions 

randomly. The working principle of MI-GA, in this case, is summarized below;  

1. The initial random solution is generated called chromosomes and is 

evaluated using fitness function. In this study, every string of the chromosome 

represents a vector population constituting two distinct but equidimensional sub-

vectors. The first sub-vector of the population is integer value vector of DRES location 

while the second is the respective size in MW. 

2. A new population sequence is generated iteratively, at each step 

individual current generation are used to create next population via the following steps: 

• Each member of the current population score is computing its fitness 

value. 

• Parent members are selects based on their fitness, in MI-GA these parent 

members use special generation function called binary tournament selection function. 

• Some of the individuals parent in the current population have lower 

fitness are chosen as elite. These elite individual are passed to the next population. 

• Produces children from the parents either by making random changes to 

a single parent called mutation or by combining the sub-vector entries of fair parents 

referred to as crossover. 

• Replaces the current population with children to form the next 

generation. 

  3. The algorithm stops when a specified number of generations is reached.  

The procedure is summarized in Figure 6.1. The problem to be solved involves 

determining the optimal size and location, taking into account different technical 

constraints. The objective of the proposed technique is to minimize power loss and 

voltage deviation as formulated in the objective function (OF) below. 

 

𝑚𝑖𝑛 𝐹 

                              𝐹 = (𝑓 , 𝑓 )                                    (6.1) 

 

The first part of the OF is the index of power loss obtained by normalizing the power 

loss with its initial value as shown in (6.2) 
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 𝑓 =
.

                                     (6.2) 

Where 𝑃 . is the power loss after DRES integration and 𝑃  is the power loss 

before integration calculated as in (6.3) 

𝑃 =  ∑ 𝑅       𝑓𝑜𝑟 𝑖 = 1,2, … , 𝑛𝑙                  (6.3) 

The second segment of the OF, f2 is the index of the total voltage deviation. It is 

similarly obtained by normalizing its reconfigured value, 𝑉 .
.  with its initial 

value, 𝑉 .  as in (6.4). 

 𝑓 =
∆

∆
                                                          (6.4) 

The total inherent voltage deviation is computed as in (6.5) 

 ∆𝑉 = ∑ 1 − 𝑉     𝑓𝑜𝑟 𝑗 = 1,2, … 𝑁𝐵                  (6.5) 

The DRSE problem solved by considering the following constraints:-  

 Voltage limit 

𝑉 ≤ 𝑉 ≤ 𝑉 ,        𝑗 = 1,2, … , 𝑁𝐵                             (6.6) 

 Maximum permissible line current carrying capacity 

𝐼 ≤ 𝐼 ,     𝑙 = 1,2, … , 𝑛𝑙                                              (6.7) 

6.2.2. Test network 

 The test network is based on a low voltage IEEE 33-bus system, with 32 branch 

line, 12.66 kV radial distribution system with total active and reactive power demand 

3.715 MW and 2.305 MVAr respectively. The system has an inherent power loss of 

210.89 kW, the single line diagram is shown in Figure 6.2 (Zulpo, Leborgne and Bretas, 

2014). To check how sensitive the system respond to EVs charging demand with 

respect to selected buses as a charging point, upper extreme end bus to the transformer 

feeder 33 and feeder 19 closer to transformer are assigned to EV. While DRES is 

connection depends on voltage stability index of such feeder selected. The simulation 

analysis of EV charging, each feeder is considered to have a lump sum of customer 
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demand loads while the EV is model separately, each feeder is treated individually, its 

pertinent main power supply is coming from a single transformer connected at feeder 1. 

The distribution voltage deviation tolerance in this work is assigned to ± 10% of 

nominal voltage, i.e 1.0 pu ±10%. 

 
Figure 6.1. Flowchart for optimal DRES placement 
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Figure 6.2. A 33-bus system with connected EV and DRES position 
 

A typical 24-hour distribution load demand is obtained by Montecarlo 

simulation with mean load demand of 43. 65 kW and standard deviation of 16.64 kW, 

the time series data contains data demand of high, medium, and low consumption 

depending on the period of the day a shown in Figure 6.3. The load profile is assigned 

to selected feeder consider for EV charging, normally to avoid overloading the grid 

during the peak period the charging is restricted between 4 pm to 8 am, this time 

coincide with time load demand is low and declining before picking up the following 

day. 

 
 

Figure 6.3. A typical load demand profile for 24 hr period 
 

6.2.3. Electric vehicle load modelling 

 It is considered for this work that each EV is connected to the same feeder with 

other load demand through a single-phase connection type. The charging profiles for 

EVs can differ from the manufacturer of battery type, EV charger, and the network 

energy supply. For simplicity, the EV batteries are modeled based on lithium-ion 
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battery technology with charging capability of 4 kW which is available at the low 

voltage level for battery capacity of 20 kWh (Richardson, Flynn and Keane, 2012a). It 

is assumed that once connected, an individual EV charges at a rate of 4 kW up to a 

battery state of charge of approximately 95%. After this point, the vehicle charges at a 

rate of less than 4kW until the battery has reached its maximum capacity or time of 

charging is over, when connected an EV stay to final charging time. To determine the 

total maximum power delivery to the EVs for a given period of time intervals, 

considering network constraint and assumptions. The total power deliver formulation by 

the period of charging is given in Equation 6.8. Our main constraint here for loading 

EVs is feeder voltage level, this ensures full utilization of EVs number capable of 

participating in the charging process. 

𝑃 = ∑ 𝐸𝑉 𝑦                                           (6.8) 

Pev is power delivered to EVs in kW, n is a number of connected EV, yi a control 

variable for identifying feeder with connected EV, EVi connected charge vehicle in a 

particular feeder, and is assumed to vary between 0 to 4 kW maximum. Charging 

interaction are subject to network constraints from charging equipment, battery level, 

charging time, grid voltage level (Richardson, Flynn and Keane, 2010). The first 

constraint consider is that the EV cannot draw power more than EVi. Equation 6.9. 

 0 ≤ 𝐸𝑉 ≤ 𝐸𝑉                                          (6.9)     

The voltage level at each feeder has to maintain as specified of between ± 10% of 

nominal voltage Vfeeder, Equation 6.10.  

 𝑉 ≤ 𝑉 ≤ 𝑉                                 (6.10)    

The steps by steps for EVs charging procedures are summarized below: 

Step 1: Update load demand profile for the selected feeder. 

Step 2: Identified connected EV status either full or continues charging. 

Step 3: Perform load flow to calculate selected feeder voltage and power delivered 

without DRES integration. 

Step 4: Repeat step 3 including DRES integration. 

Step 5: Determine the number of EVs and power delivery 
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From the load profile its expected charging to start by 6 pm to 3 am the next morning 

total of 9 h, because the period corresponds to off-peak period whereby charging cost 

are expected to drop equivalently service transformer is little bit cool from 6 pm to 12 

am in the night, while the load are expected to start rising by 10 am.   

6.3. Results and Discussion 

 Steady-state load flow analysis is employed at a different level of EVs and 

renewable source penetration to examine typical scenario of associated burden and 

capability of the network in different cases. Emphasis is given to feeder voltage level 

and energy consumed, rather than EV battery capacity.  Three different cases are 

examined, a base case of charging without the presence of external sources (DRES), a 

case with single DRES, and three different sizes of DRES integration. For each case, 

EVs are incrementally added in a step-wise to the grid setting until voltage limit 

violation is recorded. The approach employed selecting individual feeder for the 

analysis, in one case feeder closer to the distribution transformer and vice versa. The 

voltage charging profile of EVs shown in Figure 5.4 is a base case charging with no 

DRES at the point of connection of 33 feeder point of connection, a minimum voltage 

of less than 0.8980 pu is recorded with 76 EVs connected. Figure 6.5 is similar case at 

feeder 19point of connection bus point with the same amount of EVs a minimum 0.9599 

pu is recorded at the first 3 h charging period, the difference in voltage level is the issue 

of sensitivity associated with feeder point closer to transformer, by the end of the 

charging period a total of 553.6 kWh of energy are drawn equivalent to 36% of fully 

charge EVs.  

 
Figure 6.4. Voltage profile of EVs charging at feeder 33 a case with no DRES 
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Figure. 6.5. Voltage profile of EVs charging at feeder 19 a case with no DRES 
 

 
 

Figure 6.6. EVs charge rate at feeder position 33 and 19 with no DRES 
 

Since no control mechanism is assigned to EVs charging, it’s expected to charge 

to commence at a maximum rate of 4 kW as seen in Figure 6.6.  The first 3h exhibit a 

maximum charge rate than a decline is 10 pm, the charging period terminated at 

midnight, this explained the possibility of some vehicle having remaining percentage 

battery state of energy before participating, are also not expected continue charging to 

the end period. For a charging in the presence of renewable energy sources, 32 feeders 

position is available for DRES placement in the network excluding transformer feeder, 

6 feeders are found to be suitable location considering voltage stability index. The total 

size of 1.5 MW DRES as a test case, amount to 40.37% of the total demand is installed, 

and improved the voltage stability by 10.43% as seen in Figure 6.7. DRES is a non-

dispatchable electricity generation smaller than 100 MW, usually connected to 

distribution grid closer to the customer than central generation station and power by a 

natural such as solar and wind energy sources. The benefit of integrating DRES to 

distribution grid include a reduction in power losses, improvement in voltage profile 
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deferment of network expansion, and improvement of network reliability (Hung, 

Mithulananthan and Bansal, 2015).   

 
 

Figure 6.7. Voltage profile of 33-bus grid connected with single DRES 
 

With the above arrangement, a 147 EVs are accommodated as with total energy of 

1440.6 kWh. A number of EVs increment does not affect the voltage limit, its applicable 

more EV will be accommodated without much stress impact on the network. The 

minimum voltage obtained at feeder 33 points of connection is 0.935 pu as seen in 

Figure 6.8. At feeder 19 points of connection, the minimum voltage experienced is 

0.996 pu this signified the sensitivity point closer to the source more EVs can be 

connected without much system stress as shown in Figure 6.8. The presence of external 

source allowed a significant time to increase the charging time to extend to 1:00 am the 

next day, due to EVs increment and energy available with 49% EVs to be fully charged 

by indicated time in Figure 5.9.  

 
 

Figure 6.8. Voltage profile of EVs charging at feeder 33 a case with single DRES 
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Figure 6.9. Voltage profile of EVs charging at feeder 19 a case with single DRES 
 

 
 

Figure 6.10. EVs charge rate at feeder position 33 and 19 with single DRES 
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over exceeding the voltage limit even though considering feeder 19 point of connection 

is 0.998 pu compare to a minimum voltage at feeder 33 point of connection of 0.935 pu.  

 
 

Figure 6.11. Voltage level of the 33-bus grid with Three DRES integration 
 

 
 

Figure 6.12. Voltage profile of EVs charging at feeder 33 a case with three DRES 

From Table 6.1, it’s expected a network having a large share of energy properly 

integrated can accommodate a higher number of charging point without stress. A 

maximum total energy required by 207 EVs is 4140 kWh and available energy obtained 

is  2676.5 kWh shows that not all EV participate in the process are having zero percent 

of  battery state of charge, 51% level of penetration is reasonable. To understand this 
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available for proper planning and considerations. 
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Figure 6.13. Voltage profile of EVs charging at feeder 19 a case with three DRES 
 

 
 

Figure 6.14. EVs charge rate at feeder position 33 and 19 with three DRES 
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Single DRES 147 1440.6 2940 49 
Three DRES 207 2676.5 4140 51 
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7. FLEXIBLE ELECTRIC VEHICLE CHARGING MANAGEMENT  

 Electric vehicle charging in distribution grid brings a new set of load profile to 

the grid, causing significant power quality related problems creating grid congestion, 

and combating distribution operator from facility manager to congestion manager. To 

mitigate these problems a number of methods have been proposed, from renewable 

energy integration to price regulation. In our approach a new set of algorithms for based 

on flexible price and reactive power injection control for electric vehicle charging is 

proposed, the algorithms designed to support the existing grid infrastructure and 

contribute in reducing charging burden to the grid. The new approach will enable 

electric vehicles and loads to goes beyond exchanging power with the grid, but also 

allow efficient exploitation of the current grid capacity, thus facilitating higher 

penetration of EVs charging station at a reduced cost. The proposed approach is carried 

out on 33-bus distribution grid using Matlab environment. 

The work in this chapter considers EV as a load in one scenario and a source gave back 

to the grid (V2G) in another scenario. The methodology and network model is presented 

in section 7.2, charging scenarios are presented in section 7.3 while results and 

discussion are presented in section 7.4.  

7.1. Introduction 

The effect of charging behaviors of electric vehicles (EVs) to the grid loads, as 

well as how control mechanisms can alleviate unforeseen problems is presented. 

Distribution grid is normally medium and low voltage power delivery to consumer rated 

capacity and its expected electric vehicle (EV) charging will mostly be carried out at 

those voltage level. With load profile varies depending on weather condition over time 

of the day, it’s expected EVs load will bring a new peak demand profile. One smart way 

of controlling EV charging is to allow the customer to participate in the activities that 

exist within the grid i.e. EV owner understand the price signal at the time of the day or 

incentives attached, so they charge at a low price with kind of restrictions and 

incentives. The peak loads demand, charging price and grid capacity limit are 

established as the comprehensive evaluation system from the power suppliers and end-

user perspectives. Based on the statistics and mathematical tools, the residential power 

consumption historical data can be analyzed and fitted to predict their probability 

distribution, so that the models of EVs charging schemes can be developed.  EV 
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knowledge and its drive benefit involved government agencies and cooperate 

organization attention due to environmental concern, fossil fuel cost fluctuation and 

related uncertainties problems.  Developed countries are proposing initiative of reducing 

greenhouse emission effect due to climate change impact. Currently, the world realized 

EVs and renewable energy potentials capabilities of decreasing carbon emission from 

both transportation and power generations.  

In the context of this work EVs includes internal combustion engine with a 

limited range in all-electric mode Plug-in-hybrid electric vehicle (PHEV), and battery 

electric vehicle (BEV) having no combustion engine, however an electric motor with 

ability to be charged from a stationary electrical source or an outlet in the home garage 

(Kempton, and Tomic, 2005). Electricity generations and transportations consume over 

60% of global energy demand. With world coal demand for electricity generations and 

oil demand for transportation. Research indicates that EVs offers potential to decrease 

carbon emission from both transportation and power generation (Richardson, 2013). 

The integration of EVs to power grid sector will lead to various challenges and 

problems, for example, grid load during the EV charging process at peak season (Zhang 

et al., 2014). With high potentiality impacts of a large share of EVs in power network, 

many research works related direction are proposed in recently, with wider perspective 

(Zhang et al., 2014; Hota, Juvvanapudi and Bajpai, 2014). Details related review of 

issues and solutions approach detailing integration using agent-based different control 

model, optimization problems and the computational tools employed are presented in 

(Galus et al., 2010).  

There are robust emphasis on the network effects of EVs and suitable method on 

how charging is to be controlled so as to reduce potentially maximum impacts, detailed 

reported literature with the same categorization is reported in (Galus et al., 2010; Green 

II, Wang, and Alam, 2011; Bessa and Mato, 2011). The EV integration into the grid 

comes with price tag especially in the smart model, which is the context of our 

approach. Nowadays EVs smart charging to avoid or prevent grid overloading and 

congestion has been fully reported with different author exploring different dimensions. 

Optimal charging of EV in the deregulated market based on a forecast of electricity 

price to reduce grid overloading and allow efficient energy flow at the reduced cost of 

electricity, taking into account incentive for EV owner to participate in providing 
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ancillary services is presented in (Rotering and Ilic, 2011). Due to many distribution 

grid constraints, an EV fleet based on grid-aware charging plan in an optimal manner to 

shift peak loads demand, significantly reduced grid overloading in (Rahbari-Asr and 

Chow, 2014).  Agent-based EVs charging aggregation model with the involvement of 

an agent bidding electricity price, signals sent to EV owner for responding to participate 

in electricity secondary reserve services, the optimized approach decreased charging 

cost and avoiding dumb charging (Bessa, 2012).  A smart flexible charging plan based 

on individual EV owner to avoid grid congestions is presented in (Sundstrom and 

Binding, 2012), the authors focus on centralized control directly to EV charging while 

coordinated to include stakeholders such as retailer and distribution operators, the 

approach suffer drawback in case an EV owner having sufficient charging energy for 

the day.  

Distributed price charging framework to regulate user demand and balance grid 

loads is reported in (Fan, 2012). A framework utilizing demand response system model, 

an online configuration for user interest or preference to pay in an indicated price that 

will provide service guarantee, allowing EV owner adapt to charging rate.  Coordinated 

EV charging cost for congestion prevention is reported in (Hu et al., 2016), the 

coordination took into consideration of three actors i.e. EV owner, Fleet operator and 

DSO decision in EV charging at the lowest cost, but the conflicting interest of different 

actors can hamper optimal charging cost.   A vehicle-to-grid optimal spot price charging 

model in a microgrid concept is presented, the design integrates battery state-of-charge 

and renewable energy capacity in obtaining reduced charging cost, otherwise, the whole 

optimal strategy is bound to charge at high cost (Tushar et al., 2017). Management 

pricing of EVs charging with a more flexible system perspective, consider key input; 

travel pattern, the self-charging interest of EV owner, and traffic congestion as input to 

game theory algorithm model design, failure in one of the input responds convert the 

model into normal charging (Rahbari-Asr, 2013). A heuristics and metaheuristics 

method of EVs charging based on spot pricing algorithm suffer from local trapped 

problems, which occasionally does not guarantee optimal reduced cost and overloading 

reduction (Liu et al., 2017; Kang et al., 2016).  

The work on this thesis focus on EVs charging control on smart manner 

depending on the scenario the EVs returned for charging, with the aims of flexible 
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control for EV to charge anytime during the 24-h period of the day. A flexible price 

control allowed unrestricted charging over a 24-h period, meaning the EV are allowed 

to charge and discharge depending on the price for a particular time, the aims are not for 

only profit to the EV owner as an incentive rather a control pattern of how optimal 

electricity price can shift overloading effect. A linear programming model price index 

based on the objective function is developed for the optimal parameters configuration.  

A case of uncontrolled charging, a reactive power discharge control, and a flexible price 

control are well treated. 

7.2. Methodology and Problem Formulation 

Presently charging are normally expected to be taken place at residential feeder 

especially with type I charger mode one. EV owner is also expected when returned 

home plug and commence charging preparing for next trip, the plug and play attitude 

will lead increasing power demand even at the off-peak period. To ascertain how many 

EVs require to be connected for a charge at any given time and maximum power 

delivery for continuous charging in the distribution a grid depicting practical scenario, a 

steady-state analysis is performed using load flow calculation to determine how the 

change in electricity price will shift and another control scheme can reduce grid stress. 

7.2.1. Test system model 

 The test network is based on a low voltage IEEE 33-bus system, with 32 branch 

line, 12.66 kV radial distribution network has active and reactive power demand 

capacity of 3.715 MW and 2.305 MVAr respectively. The system has an inherent power 

loss of 210.89 kW, the single line diagram is shown in Figure 7.1 (Zulpo, Leborgne and 

Bretas, 2014). Due to how sensitive the system responds to EVs charging demand with 

respect to selected node as charging point, upper extreme end bus to the transformer 33 

and 25 nodes, middle nodes of 7, 12, and 18 are selected as point of EV connection, 

while lower node at 19 points of connection closer to the transformer EVs are assigned. 

The simulation analysis of EV charging at each node is considered to have a lump sum 

of customer demand loads, while the EV is model separately, each node is treated 

individually, and EVs are distributed evenly. Its pertinent main power supply is coming 

from a single transformer connected to node 1. The distribution voltage deviation 

tolerance in this work is assigned to ± 10% of nominal voltage, i.e 1.0 pu ± 10%. 
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A typical 24 hour for residential loads distribution demand and electricity price 

is obtained by Montecarlo simulation with mean load demand of 1.225 kW and standard 

deviation of 0.1021 kW. For electricity price considering deregulated market is 

determined between the balance of generation and demand, usually following power 

demand profile with a mean price of 38.4 $/kWh and standard deviation of 3.423$/kWh 

(Rotering and Ilic, 2011; Urkmez and Cetinkaya, 2010). 

 

Figure 7.1. A 33-bus system with connected EV sampling position 

The time series data contains data demand of high, medium, and low 

consumption depending on the period of the day as shown in Figure 7.2. The load 

profile is assigned to selected node consider for EV charging, normally to avoid 

overloading the grid during the peak period the charging is restricted to coincide with 

time load demand is low and declining before picking up the following day in our case 

this constraint is relaxed (Richardson, Flynn, and Keane, 2012b). 

 
Figure 7.2. A typical load demand and electricity price profile for 24-h period 
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7.2.2. Electric vehicle model 

 It is considered for this work that each EV is connected at the same node with 

other residential loads demand appliances, the EV is expected to be connected with 

single-phase type. The charging profiles for EVs can differ from the manufacturer of 

battery type, EV charger, and the network energy supply. For simplicity, the EV 

batteries are modeled based on lithium-ion battery technology with charging capability 

of 4 kW which is available at the low voltage level for battery capacity of 20 kWh 

(Richardson, Flynn and Keane, 2012a). For general assumption a single connected EV 

charge at a rate of 4 kW up to a battery state of charge of approximately 85%. After this 

point, the vehicle charges at a rate of less than 4 kW until the battery has reached its 

maximum capacity. When connected an EV can pull out if fully charge or stay to 

participate in grid services, charging at less than 4 kW reduces grid power losses as 

shown in Figure 7.3. 

 

Figure 7.3. Power losses curve variation of charger level capacity 

To determine the total maximum power delivery to the EVs for a given period of 

time intervals, considering network constraint and assumptions. The total power 

delivers during a charging period of is given in Equation 7.1. Our main constraint in 

relation to Equation 7.1 is EV charger capacity, node voltage level loading and battery 

state-of-charge (SOC) to circumvent battery dilapidation and ensure full utilization of 

EVs number capable of participating in the charging process and grid services. Pev is 

power delivered to EVs in kW, n is a number of connected EVs, yi a control variable for 

identifying the node with connected EVs, EVi connected charge vehicle in a particular 

node, and is assumed to vary between 0 to 4 kW maximum, charging at 4 kW increase 

power losses as in Figure 7.3. Charging interaction are subject to network constraints 
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from charging equipment, battery level, charging time, grid voltage level (Pillai et al., 

2012). The first constraint consider is that each individual EV cannot draw power more 

than EVi. Equation 7.2. The voltage level at each node is to be maintained as a specified 

value between ± 10% of nominal voltage Vnode, Equation 5.3. For any EVi to participate 

in providing grid service grid services is to adapt to the constraint in Equation 7.4. 

𝑃 = ∑ 𝐸𝑉 𝑦                                           (7.1) 

 

 0 ≤ 𝐸𝑉 ≤ 𝐸𝑉                                        (7.2)     

 

𝑉 ≤ 𝑉 ≤ 𝑉                                      (7.3)     

 

85% ≥ 𝑆𝑂𝐶 ≤ 60%           (7.4) 

 

7.2.3. Grid Sensitivities 

 As grid prone to additional EVs loading is to witness voltage change due to EV 

load including base demand loads among different connected nodes. Network 

sensitivities and loading effect will materialize due to complexity attached to base loads 

and EVs load balancing. A balance load flow is executed to determine how EV loading 

including other demand sensitivity effect voltage level for a node that is connected 

closer to a distribution transformer, then the node at the far end of the grid.  Even 

though additional EV charging added to the grid causes voltage variation not only at the 

connected node but to the other nodes. The following constraint is added to account for 

voltage sensitivities, this guides us to select a reasonable consideration for general 

analysis at selected node locally (Richardson, Flynn and Keane, 2012b).  

𝑉 ≤ 𝑉 + ∑ 𝛽 ∗ 𝐸𝑉 ≤ 𝑉                                           (7.5) 

Where  𝑉  is the initial voltage before connecting an EV,  𝛽  (𝑉/𝑘𝑊)  is the sum of 

sensitivities at each node, 𝑉  and 𝑉  are the maximum and minimum allowable 

voltage limit. The Figure 7.4 shows that node closer to transformer has little variation, 

then the one far from the transformer. 
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Figure 7.4. Voltage sensitivities responding to EV charging at the selected node 

7.3. Electric Vehicle Charing Scenarios 

 Three different charging scenarios are considered and are presented in this work, 

(a) Uncontrolled charging (Dump charging), (b) Reactive power control charging, and 

(c) Flexible price control charging. 

7.3.1. Uncontrolled (Dump) charging scenario 

 With no control string attached, any EV returned from a trip is expected to begin 

charging immediately irrespective of the period of the day. This kind of charging is 

expected to be at a maximum charge rate of 4 kW, normally with this scenario grid 

stress will occur and will become more severe especially during peak periods with 

inherent maximum power losses as in power loss curve Fig. 3. In this scenarios the 

following procedure is adopted: update residential load demand profile for selected 

node and EV are added. Identified connected EV status either full or continues 

charging. Perform load flow to calculate selected node voltage and power consumption. 

Determine the number of EVs and power delivery, since there is no any control attached 

to this scenario the electricity price remain the same as the residential price. The 

procedure is repeated at the 30-minute interval during a 24-h period.  

7.3.2. Reactive power control charging scenario 

 The EV charger with special design has a potential to contribute to distribution 

grid voltage regulation. In this control the central idea lies with assumptions that EV 

charges as dumb charges first until node voltage violation is experienced, then control 
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mechanism is activated, facilitating grid reactive power injection. Consider a voltage 

drop between two nodes, sending end voltage Vs and receiving end voltage Vr can be 

approximated by Equation 7.6. 

𝑉 − 𝑉 =              (7.6) 

Where P is active power, R reactive power demand at the selected node, X, and R are 

line reactance and resistance. Equation (7.6) shows that P and Q can control voltage at 

receiving end node, as X is normally high in distribution grid Q is superior to P, Q can 

have upper control capability (Mitsukuri et al.,  2013). Change in voltage drop at a 

selected node can equally result in effecting node reactive power with negligible 

resistance R for the purpose of analysis Equation 7.6 becomes Equation 7.7. 

∆𝑉 =
∆

                                                                       (7.7) 

Where ∆𝑉  change in selected node voltage, ∆𝑄  corresponding reactive power 

also change at a selected bus. Reactive power control during EV charging reduce the 

amount of active power consumed EV. The total reactive power can be estimated at 

time t is given in Equation 7.8.  

𝑄(𝑡) = − 𝐼 − 𝑃(𝑡)                                                         (7.8) 

For  (𝐸(𝑡) > 0, 𝑎𝑛𝑑 𝑉(𝑡) < 𝑉 )    where real power 𝑃(𝑡)  at time t is given in 

Equation 7.9.                           

𝑃(𝑡) =                             (7.9)                                    

Where 𝑉(𝑡) voltage at time t is, 𝑉  is the minimum voltage, 𝑄(𝑡) reactive power at 

time t, 𝐼 is the charger capacity. In this control charging scheme participating EV are 

selected by the algorithm considering grid and EV SOC status and follow PQ circle 

presented in (Mitsukuri et al., 2013). First the demand profile including EV charging for 

all connected node are determine. The algorithm at each 30 min interval check the 

voltage, power consumption profile if overloading exist, otherwise the uncontrolled 

charging continue. The control algorithm check which EV is available to participate in 

reactive power injection. This process is continue for all connected EV as shown in 

Figure 7.5. 
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Figure 7.5. Reactive power control for EV load shedding 

7.3.3. Flexible price control charging scenario 

 A flexible charging control with the objective of maximizing incentive to EV 

owners charge at a lower price and participate in grid services including V2G at a high 

price. A linear programming algorithm is employed for optimizing the electricity price 

at 15 minute interval time, considering all the constraint attached. Linear programming 

algorithm requires a small amount of historical data, less computational techniques can 

easily be integrated into control scheme (Matlab 2014a). The scenario takes into 

consideration the demand profile at EV connected load. The objective function is 

formulated with decision variable of the 15-minute time interval of EV interaction 

(charging and discharging). Optimal EV charging schedule for connected EV follow 

equation (7.10) subject (7.11) to (7.15). 
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𝑚𝑎𝑥𝑖𝑚𝑖𝑧𝑒 ∑ ((𝑃 − 𝑓) ∗ ℎ ) − ∑ (𝑃 ∗ ℎ )          𝑓𝑜𝑟 𝑓 > 0                             (7.10) 

Subject: 

 𝑏 = 𝑏 + ℎ − ℎ                                                   (7.11)                                                           

𝑆𝑂𝐶  ≤ 𝑏 ≤ 𝑆𝑂𝐶                                            (7.12)                                                                   

 0 ≤ ℎ ≤ ℎ                                                        (7.13)                                                                   

0 ≤ ℎ ≤ ℎ                                                           (7.14)                                                             

𝑏 = 𝑏 = ⋯ 𝑏 = 85                                               (7.15)   

Where 𝑃  is the price of electricity at a i time interval, ℎ  is the percentage amount of 

energy injected by EV battery, ℎ  charging amount of energy by EV in percentage, 

price control factor preventing EV from dual operation simultaneously, 𝑏  a control 

variable tracking battery SOC status at end of every 15 minute interval(𝑖 − 1), while 𝑏  

at the end of 15 minute period i. ℎ  and ℎ  maximum the value should not exceed 5% of 

battery capacity. The constraint in Equation 6.15 can be depicted in Figure 7.6, making 

sure the SOC does not fall within maximum and minimum setting.  

 

Figure 7.6. Battery state-of-charge operating limit for grid services provision 

The optimization procedure designated by Equation 7.11 to Equation 7.15 does 

not consider disconnected EV from the grid. But when deciding which battery will keep 

charging or discharging, the linear program start by finding optimal values for all 

variables assuming EV is connected to the grid, two input is needed at each step battery 

initial SOC and electricity price at a flexible price generally refer to as spot price in 



 

 

74

some cases. When executing the algorithm, the charging and discharging to the grid for 

the previous time interval is fixed to zero. Subsequently, the program calculates a new 

set of optimization values, at this stage an EV disconnected for the first time the price of 

electricity remained until next time interval. The program is repeated generating fresh 

optimizations values pending the final time an EV is disengaged from the grid, the 

algorithm is shown in Figure 7.7.   

 
Figure 7.7. Optimal charging schedule for price control 

The algorithm keeps tracking battery SOC throughout 24-h charging period, at 

each time EV charge from the grid SOC increases and price determines the same case 

happen if EV discharge to the grid. For dynamic horizon of profit maximization to both 

grid and EV owner’s a sub-routine algorithm is added take charge in predicting a 

driving pattern, and electricity prices for the next 24 hours, and compute the charging 

schedules for the following day in a related routine. 
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7.4. Results and Discussion 

 Steady-state load flow analysis is carried out at different various EVs 

penetration level, so as to examine typical scenarios associated grid burden and 

algorithm capabilities in different cases. Three different cases examined are; 

uncontrolled charging, reactive power control for voltage improvement and stress 

reduction, and smart price control scenarios for avoiding peak load and overloading. In 

all three cases the same number of EVs are integrated including a lump sum of 

residential loads demand. Since EV connected at any node contribute to voltage 

variation in another node point, node 12 is selected for all the analysis due to 

sensitivities and voltage variation is balanced at that particular node (node 12) in 

relation to another node as shown in Figure 7.4. A total number of 464 EVs are 

considered for all the charging scenarios, with the total power demand of 1.856 MW 

representing 49.9% of the grid total demand. The distribution of EVs arriving after the 

final trip for charging/discharging depending upon the scenario is shown in Figure 7.8. 

The figure shows the concentration of EVs to grid services is expected to commence 

from 11:00 h and terminate 21:00 approximately. 

 

Figure 7.8. Electric vehicles distribution arriving for grid services after the final trip. 

 

Figure 7.9. Base demand at node 12 for a 24-hr period 
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The actual residential demand for node 12 without EV charging for the 24-h 

period is shown in Figure 7.9, with peak power demand of 1.3684 MW, it’s assumed 

that all the connected grid nodes are having the same load demand pattern, but may 

differ in peak values. The impact of uncontrolled (Dump) charging scenario is 

witnessed in Figure 7.10, normally with arrival of EVs it’s expected that a sudden 

charging will commence since no control mechanism is applied, load pick is observed 

between 11:00 to 21:00 periods, these periods coincided with residential peak load 

demand, with period 18:00 to 21:00 exhibit much higher penetration of EVs. A new 

peak power load demand of 2.002 MW is observed due to EVs charging, representing 

an increase of 31.59% base demand with EV connected. This will definitely overload 

the grid, causing the network congestion during the period under consideration.    

In reactive power control scenario, its expected EV owner to start charging as 

dumb charge until an EV battery SOC is between 60 to 85% capacity before EV 

participating in grid services. For this reason, the first stage of EV charging is 

considered as dumb charge, with EV arrival around 11:00 hr charging commence, it will 

take participating EV sometime before reaching battery SOC according to Equation 6.4 

for participating in grid service, also depends on initial battery capacity before EV 

connection. With this constraints not all EV will be available for grid services, only a 

few are expected to participate. 

 

Figure 7.10. Uncontrolled charging for EV power demand 
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Figure 7.11. Reactive power control compares against dumb charging 

 

Figure 7.12. Node voltage improvement for reactive power control 
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EV to continue charging as dumb charging. Many reasons can be attributed to EVs 

withdrawing from reactive power injection control either due to constraint number (7.4), 
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profile is witnessed in Figure 7.11, with a peak load of 1.9410 MW a reduction of 

2.96% compared with uncontrolled charging. Reactive power control is not designed for 

peak load reduction, rather protect voltage violation, from Figure 7.12 a significant 

amount of voltage profile is experiencing over time. 

 

Figure 7.13. Flexible price control of EV charging compares to base demand 

 

 

Figure 7.14. Energy Discharge and price response 
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price of electricity follow load demand in a respective manner.  This optimal control 

scenario makes it possible for load profile to avoid concentrated grid overload. A new 

load profile with shifted to off-peak period is observed, with a peak demand of 1.8107 

MW representing 9.47% reductions. The most important aspect of this scenario is grid 

load demand balancing; overload shift demand and avoiding grid congestion. Because 

highest peak demand due to EV charging corresponds to off-peak residential loads 

demand at low electricity price. Relationship between energy discharge to the grid and 

electricity price is shown in Figure 7.14, in the early hour of the day electricity price are 

high, but EV is unable to participate due to limited battery SOC limit, in the middle 

hour of the day the price is high with 60 to 85% SOC a number of EVs participate 

creating somehow valley filling effect. 
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8. CONCLUSION AND RECOMMENDATION  

8.1 Conclusion 

The thesis focus on optimal power dispatch in smart grid. Power dispatch in 

smart grid is concern with an economy of power and it is quality delivery to the 

consumer in an efficient manner. The design of optimal power dispatch takes into 

consideration the grid constraint and associate consumer needs. In chapter one broad 

overview of the thesis is discussed, a brief overview of literature review is presented in 

chapter two and chapter three discuss material and methods. 

Chapter four investigate the ability to emerge nature-inspired based algorithm of 

CS, BA, FPA, and FA against well-developed metaheuristic swam intelligence PSO and 

evolutionary GA algorithms application for solving OPD problem. CS, BA, FPA, and 

FA compete favorably against PSO and GA even though with little or similar variation 

in objective function result. The result indicates GA has minimum iteration time due to 

earlier convergence, CS exhibit good result with maximum iteration time due to the 

utilization of Lévy process rather than random walk, while PSO, FPA, and FA maintain 

similar attribute of minimum cost, losses, and iteration. BA shows special attribute of 

earlier global convergence, this is due to key features of echolocation frequency turning, 

auto-zooming of solution region and couple with parameter control during iteration. The 

uniqueness of results among the algorithms shows a strong dedication to parametric 

turning capabilities. Finally, for the case of IEEE-26 bus system CS, BA, FPA, and FA 

perform well together with PSO in minimizing fuel cost, incremental fuel cost,  and 

transmission losses, although GA converges first. For the case of IEEE-30 bus system, 

all the algorithms proved efficient in solving OPD problem with the almost similar 

result, but BA shows the slightly higher value of fuel cost. 

In chapter five short-term load flow forecasting using hybrid nature-inspired 

metaheuristics algorithm for flower pollination in the smart distribution, grid 

environment is carried out. The problem of the learning process for finding the best 

combination of weight and biases connection that require huge data with trial and error 

in FNN has been overcoming. Both parametric experimental results proved that the 

finding does not happen by chance, but an independent non-bias results comparison. 

FNN algorithm performs below average compared to SVR algorithm, while FPAFNN 
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performs better than SVR algorithm. The results indicate PFAFNN outperform FNN 

and SVR simultaneously, even though the error between the algorithms are within the 

acceptable limit in load flow forecasting analysis, in this regards optimal accuracy 

outcomes is preferred. FPAFNN proposed model can efficiently be applied 

independently in load flow forecasting problems in smart distribution grid environment 

with much differences, the average load flow forecasting error is 3.09 MWh for FNN 

model and FPAFNN based is 1.01 MWh an improvement 32.68 %. For the sake of 

comparison a well-reported SVR algorithm for forecasting problems are tested on the 

same data, the algorithm proved superiority against FNN with significant accuracy with 

1.83 MW an improvement of 55.19 % error reduction compared to FNN,  but lag 

behind FPAFNN in error forecasting reduction, an illustration capability of our 

proposed approach. The accuracy of results among the algorithms shows a strong 

selection in parametric turning capabilities. Based on the numerical results the FPAFNN 

algorithm provides optimal accuracy in regards to FNN and SVR model. 

The work in chapter six presents a specific analysis of EV charging and share of 

renewable integration impacts and accommodation level on the existing distribution 

grid. Explanation of how charging rates of a penetration of EVs on a test grid can 

deliver the maximum amount of energy to the EVs within a set charging period of time 

considering grid constraints. The outcome from the proposed analysis indicates that 

maximizing the total power to all EVs according to network constraints will favor those 

EVs that are connected closer to the transformer, rather than those connected at far end 

due to network radial nature, even with the connected external source from different 

feeders. Renewable energy source interaction shows maximum support in voltage 

shaping, reducing charging impact at the same time increase amount of energy 

delivered. To fully investigate the impacts of EV charging, driving pattern and battery 

properties must be put into consideration. The analysis of such characteristics requires a 

time-series assessment of the test network, incorporating such variables as time of 

connection and battery state of charge for individual EVs. Intelligent or optimization 

algorithms are needed to optimize the charging time, number of EVs connected, and 

DRES integration in term of sizing and siting. Finally, results indicated that share 

amount of renewable energy integration increased a number EV accommodation, 

reduced grid burden, and improved voltage profile. 
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In chapter seven a kind of EV integration into existing grid is expected to bring a 

new loads demand pattern profile irrespective of the strategy employed is presented. 

Uncontrolled charging of EV in low voltage grid will have significant effect causing 

severe stress and overloading which lead voltage collapse. With a smart control 

strategy, a kind of grid overloading will be reduced to the minimum. Two smart control 

strategies are applied a reactive power control with no incentive and an optimal flexible 

price control for EV to participate in grid service at all time are discussed. The results 

indicated that reactive power injection control can reduce peak load shaving only since 

not all EV can participate at an early stage and EV must have a certain level of battery 

SOC. On the other hand, an optimal flexible price-based control algorithm proved to be 

effective in reducing peak load demand, reduced congestion and shift peak demand to 

off-peak periods for EV charging. Flexibility and incentive make it friendly and 

attractive for more EV owner to participate, the algorithm can be alternative to 

expanding grid infrastructures accommodating more EV with existing facilities.  From 

the foregoing it is clearly demonstrated that, an EV charging in low voltage grid is 

practically possible with existing grid components without a possible component 

upgrade, but with efficient strategies is achievable to accommodate 50% of EVs 

penetration. 

8.2 Recommendation 

Based on what is presented in this thesis, optimal power dispatch in smart grid is 

a concept with many dimensions and approaches. It is recommended that real 

experiment of our approach be implemented in the real scenario to prove its capabilities. 

For EV integration into existing grid real data collection of driving pattern is one of the 

cardinal principles of integration accuracy. The more wider perspective of battery 

storage integration is needed to cover the shortage of renewable energy during the night 

of the day if solar energy is preferred method of RE, for the case of wind energy still, 

battery integration will account for fluctuation of wind speed.  It s also highly 

recomended that a study on RE integration base on grid capacity consideration. 
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APPENDIX  

A.1 IEEE-26 bus system data 

A.1.1 IEEE-26 bus system for bus data 

Busdata= [1   1    1.025   0.0     51    41     0   0     0    0    4 
2   2    1.020   0.0     22    15    79   0    40  250    0 
3   2    1.025   0.0     64    50    20   0    40  150    0 
4   2    1.050   0.0     25    10   100   0    25   80    2 
5   2    1.045   0.0     50    30   300   0    40  160    5 
6   0    1.00    0.0     76    29     0   0     0    0    2 
7   0    1.00    0.0      0     0     0   0     0    0    0 
8   0    1.00    0.0      0     0     0   0     0    0    0 
9   0    1.00    0.0     89    50     0   0     0    0    3 
10   0    1.00    0.0      0     0     0   0     0    0    0 
11   0    1.00    0.0     25    15     0   0     0    0  1.5 
12   0    1.00    0.0     89    48     0   0     0    0    2 
13   0    1.00    0.0     31    15     0   0     0    0    0 
14   0    1.00    0.0     24    12     0   0     0    0    0 
15   0    1.00    0.0     70    31     0   0     0    0  0.5 
16   0    1.00    0.0     55    27     0   0     0    0    0 
17   0    1.00    0.0     78    38     0   0     0    0    0 
18   0    1.00    0.0    153    67     0   0     0    0    0 
19   0    1.00    0.0     75    15     0   0     0    0    5 
20   0    1.00    0.0     48    27     0   0     0    0    0 
21   0    1.00    0.0     46    23     0   0     0    0    0 
22   0    1.00    0.0     45    22     0   0     0    0    0 
23   0    1.00    0.0     25    12     0   0     0    0    0 
24   0    1.00    0.0     54    27     0   0     0    0    0 
25   0    1.00    0.0     28    13     0   0     0    0    0 
26   2    1.015   0.0     40    20    60   0    15   50    0]; 

 

A.1.2 IEEE-26 bus system for line data 

Linedata= [1   2   0.00055  0.00480  0.03000   1 
1  18   0.00130  0.01150  0.06000   1 

2   3   0.00146  0.05130  0.05000   0.96 
2   7   0.01030  0.05860  0.01800   1 
2   8   0.00740  0.03210  0.03900   1 

2  13   0.00357  0.09670  0.02500   0.96 
2  26   0.03230  0.19670  0.00000   1 

3  13   0.00070  0.00548  0.00050   1.017 
4   8   0.00080  0.02400  0.00010   1.050 
4  12   0.00160  0.02070  0.01500   1.050 

5   6   0.00690  0.03000  0.09900   1 
6   7   0.00535  0.03060  0.00105   1 
6  11   0.00970  0.05700  0.00010   1 
6  18   0.00374  0.02220  0.00120   1 

6  19   0.00350  0.06600  0.04500   0.95 
6  21   0.00500  0.09000  0.02260   1 
7   8   0.00120  0.00693  0.00010   1 

7   9   0.00095  0.04290  0.02500   0.95 
8  12   0.00200  0.01800  0.02000   1 
9  10   0.00104  0.04930  0.00100   1 
10  12   0.00247  0.01320  0.01000   1 
10  19   0.05470  0.23600  0.00000   1 
10  20   0.00660  0.01600  0.00100   1 
10  22   0.00690  0.02980  0.00500   1 
11  25   0.09600  0.27000  0.01000   1 
11  26   0.01650  0.09700  0.00400   1 
12  14   0.03270  0.08020  0.00000   1 
12  15   0.01800  0.05980  0.00000   1 
13  14   0.00460  0.02710  0.00100   1 
13  15   0.01160  0.06100  0.00000   1 
13  16   0.01793  0.08880  0.00100   1 
14  15   0.00690  0.03820  0.00000   1 
15  16   0.02090  0.05120  0.00000   1 
16  17   0.09900  0.06000  0.00000   1 
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16  20   0.02390  0.05850  0.00000   1 
17  18   0.00320  0.06000  0.03800   1 
17  21   0.22900  0.44500  0.00000   1 
19  23   0.03000  0.13100  0.00000   1 
19  24   0.03000  0.12500  0.00200   1 
19  25   0.11900  0.22490  0.00400   1 
20  21   0.06570  0.15700  0.00000   1 
20  22   0.01500  0.03660  0.00000   1 
21  24   0.04760  0.15100  0.00000   1 
22  23   0.02900  0.09900  0.00000   1 
22  24   0.03100  0.08800  0.00000   1 

23  25   0.09870  0.11680  0.00000   1]; 

 

A.1.3 IEEE-26 Coefficient of generators unit 

No 𝛾 𝛽 𝛼 𝑃  𝑃  

1 0.007 7 240 100 500 
2 0.0095 10 200 50 200 
3 0.009 8.5 220 80 300 
4 0.009 11 200 50 150 
5 0.008 10.5 220 50 200 
26 0.0075 12 190 50 120 

 
 
A.1.4 IEEE-26 Single line diagram 
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A.2 IEEE-30 bus system data 

A.2.1 IEEE-3 bus system for bus data 

Busdata = [1   1    1.06    0.0     0.0   0.0    0.0  0.0   0   0       0 
2   2    1.043   0.0   21.70  12.7   40.0  0.0 -40  50       0 

3   0    1.0     0.0     2.4   1.2    0.0  0.0   0   0       0 
4   0    1.06    0.0     7.6   1.6    0.0  0.0   0   0       0 

5   2    1.01    0.0    94.2  19.0    0.0  0.0 -40  40       0 
6   0    1.0     0.0     0.0   0.0    0.0  0.0   0   0       0 

7   0    1.0     0.0    22.8  10.9    0.0  0.0   0   0       0 
8   2    1.01    0.0    30.0  30.0    0.0  0.0 -10  60       0 

9   0    1.0     0.0     0.0   0.0    0.0  0.0   0   0       0 
10   0    1.0     0.0     5.8   2.0    0.0  0.0  -6  24      19 
11   2    1.082   0.0     0.0   0.0    0.0  0.0   0   0       0 

12   0    1.0     0       11.2  7.5    0    0     0   0       0 
13   2    1.071   0        0    0.0    0    0    -6  24       0 
14   0    1       0       6.2   1.6    0    0     0   0       0 
15   0    1       0       8.2   2.5    0    0     0   0       0 
16   0    1       0       3.5   1.8    0    0     0   0       0 
17   0    1       0       9.0   5.8    0    0     0   0       0 
18   0    1       0       3.2   0.9    0    0     0   0       0 
19   0    1       0       9.5   3.4    0    0     0   0       0 
20   0    1       0       2.2   0.7    0    0     0   0       0 
21   0    1       0      17.5  11.2    0    0     0   0       0 
22   0    1       0       0     0.0    0    0     0   0       0 
23   0    1       0       3.2   1.6    0    0     0   0       0 
24   0    1       0       8.7   6.7    0    0     0   0      4.3 
25   0    1       0       0     0.0    0    0     0   0       0 
26   0    1       0       3.5   2.3    0    0     0   0       0 
27   0    1       0       0     0.0    0    0     0   0       0 
28   0    1       0       0     0.0    0    0     0   0       0 
29   0    1       0       2.4   0.9    0    0     0   0       0 

30   0    1       0      10.6   1.9    0    0     0   0       0]; 
 

 

A.2.2 IEEE-30 bus system for line data 

Linedata =[1   2   0.0192   0.0575   0.02640    1 
1   3   0.0452   0.1852   0.02040    1 
2   4   0.0570   0.1737   0.01840    1 
3   4   0.0132   0.0379   0.00420    1 
2   5   0.0472   0.1983   0.02090    1 
2   6   0.0581   0.1763   0.01870    1 
4   6   0.0119   0.0414   0.00450    1 
5   7   0.0460   0.1160   0.01020    1 
6   7   0.0267   0.0820   0.00850    1 
6   8   0.0120   0.0420   0.00450    1 
6   9   0.0      0.2080   0.0    0.978 
6  10   0         .5560   0      0.969 
9  11   0         .2080   0          1 
9  10   0         .1100   0          1 
4  12   0         .2560   0      0.932 
12  13   0         .1400   0          1 
12  14    .1231    .2559   0          1 
12  15    .0662    .1304   0          1 
12  16    .0945    .1987   0          1 
14  15    .2210    .1997   0          1 
16  17    .0824    .1923   0          1 
15  18    .1073    .2185   0          1 
18  19    .0639    .1292   0          1 
19  20    .0340    .0680   0          1 
10  20    .0936    .2090   0          1 
10  17    .0324    .0845   0          1 
10  21    .0348    .0749   0          1 
10  22    .0727    .1499   0          1 
21  22    .0116    .0236   0          1 
15  23    .1000    .2020   0          1 
22  24    .1150    .1790   0          1 
23  24    .1320    .2700   0          1 
24  25    .1885    .3292   0          1 
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25  26    .2544    .3800   0          1 
25  27    .1093    .2087   0          1 
28  27     0       .3960   0      0.968 
27  29    .2198    .4153   0          1 
27  30    .3202    .6027   0          1 
29  30    .2399    .4533   0          1 
8  28    .0636    .2000   0.0214     1 

6  28    .0169    .0599   0.065      1]; 
       
 

A.3.3 IEEE-30 Coefficient of generators unit 

No 𝛾 𝛽 𝛼 𝑃  𝑃  

1 0.02 2 0 50 200 
2 0.0175 1.75 0 20 80 
3 0.0625 1 0 15 50 
8 0.00834 3.25 0 10 35 
11 0.025 3 0 10 40 
13 0.025 3 0 12 40 

 
 

A.2.4 IEEE-30 Single line diagram 
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