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Abstract: In this paper, the effect of using Battery Energy Storage (BES) on the operation of 
power systems is properly investigated by implementing a multi-objective algorithm. In recent 
decades, the energy storage utilization has been taken into account for performance enhancement 
of the grid. Typically, there is a moment balance between the power production and consumption 
and no electrical energy storage therein. However, with the remarkable development of electrical 
storage technologies, many of the assumptions in electrical power storage systems are changing 
rapidly and a particular place for storage has been created in current power systems. Utilizing 
this equipment could cause economical and technical benefits in networks and each one of these 
issues should be analyzed seriously. In this paper, the potential effect of using BES on the 
improvement of some important indices of power system operation has been investigated like 
load factor, network losses and voltage index. So, an OPF model is proposed to find the optimal 
size and location of battery in the network to help the system operator in reaching its purposes. 
The integrated algorithm is used, and the efficiency and availability of the model has evaluated 
by implementing it within a model. 

1. Introduction
According to the definition, an energy storage system is considered as a physical system with

the ability to gain energy for dispatching electricity in next time periods. Currently, at least 140 
GW big scale energy storage is installed in electricity networks, overall the world [1]. The most 
of these capacities include pump-hydro storage technology and a small part is dedicated to other 
technologies like batteries, compressed air saver, fly wheel, and hydrogen storage facilities. 
Nevertheless, the part of other technologies is changing with emerging the new technologies and 
also developing some of them. The most important reason of these changes is the researches 
done in the car making factories that strive to make cost effective electrical cars by lowering the 
price of battery. Nykvist in [2] states that the finished price of batteries is reducing to about 20 
percent annually. The manufacturers and the electrical system managers are satisfied with the 
progresses done in the mentioned area and thinks that the battery technology will not be costly, 
in the future. So, the effective using study of the batteries for having the best performance in 
power systems is needed.  
 Batteries store the electrical energy via chemical interactions. In other words, charging a 
battery causes electro-chemical interactions of its elements and therefore saves energy 
chemically. On the basis of needs, the reverse chemical interaction causes flow of electric field 
from battery toward the network. One of the important features of some batteries is their rapid 
response; these batteries could meet the load variations at less than 20 msec. The efficacy of 
batteries is between 70 percent and 80 percent, which depends upon the type of battery and also 
the cycle of its usage. The stored energy losses of batteries are low and also they have high 
electrical energy storage density, in some cases. The cellular structure of batteries helps them to 
achieve the desirable capacity of power and voltage for the power system via interconnecting of 
battery cells. Various battery technologies that are presented in commercial markets can be 
divided to the main categories: Acid-lead, nickel-cadmium, sodium-sulfur, lithium batteries. 
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 Energy storage systems could include in different part of power system like generation, 
distribution, transmission side and finally in consumption part, all over the world [3, 4]. The 
optimal place for utilization of storage technologies depends upon their capability and also the 
structure of power systems. In ref [5], a model is presented for computing the size of energy 
storage system in a micro-grid with considering the reliability. In this paper, the investment cost 
of storage facility and also the expected operation cost of the network are minimized and the not-
supplied energy and energy lack, that caused by existing units turn-off or renewable units 
variations, is controlled via storage units. Therefore the reliability indexes of micro-grid are 
satisfied. It proposes a linear model and uses a mixed integer programming (MIP) method for 
solving the problem. Ahadi presents a method for optimal placement of solar and wind systems 
with energy storage by minimizing annual power losses [6]. The presented model is a 
probabilistic model for all normal conditions and use from mixed integer non-linear 
programming (MINLP) method for solving it. In ref [7], controlling of the distributed generations 
merged with storage systems is analyzed for compensation of voltage drop in distribution system. 
Considering the importance of distributed generation unit control, the combination control of 
fuel cells and energy storage is presented and is analyzed when voltage dropping event occurred. 
Reference [8] considers the modeling and the simulation of old and new (like battery) type of 
energy storages in smart grids. In this reference, the specifications of different system controllers 
are presented and the advantages and disadvantages of battery energy storage system will be 
analyzed, too. In a similar way, Nakayama in [9] considered the compressed air energy storage. 
But in reference [10], a new insight for improvement of the voltage profile is presented in 
distribution systems in presence of distributed generation resources and energy storage systems. 
This reference analyzes the accompaniment of society members and PV variety and the installed 
capacity and then determines the storage system capacity. The other reference [11] presents that 
the application of storage facilities is increasing and it could help for the distribution systems for 
transferring from regular networks towards smart-grids and this could be considered as one of 
the best advantages of these technologies. Ref. [12] has strived to help operator and wind farm 
owners in making optimal decisions about expanding and improvement of electrical system 
performance by proposing a new model. This model determines the size of battery storage for 
electrical systems including wind farms in such a way that the value and cost of system reliability 
will be optimized. The same work is done in [13], considering the fuel and pollution costs of 
thermal units. In addition to the mentioned models, the optimal operation of storage facilities 
alongside the wind energy is considered in [14]. Also, ref. [15] tried to propose a method for 
planning and operation of wind turbines and energy storage in a restructured environment. The 
mentioned model uses energy storage for smoothing the wind unit production fluctuations, in 
order to help them to carry out their commitments in the market. This article shows that the 
micro-grid connection costs to the overall network could be reduced in case of enhancing the 
network with the energy storages.  
 The peak reduction could be considered as one of the main problems of generation and 
transmission of electrical power systems. Also, it is an important concern for electrical 
distribution companies for providing of the required power in the peak hours of the load. There 
are different methods for peak load reduction in power systems. One of these ways is the 
utilization of energy storage systems as a sub-structure for development and enhancement of 
smart grids. In ref. [16], a new method is presented for determining the size and optimal operation 
of BES that cause to the peak reduction, operational cost minimization and decreasing the overall 
cost paid by the customers, at the end. Besides that, the new energy resources have a main role 
and have employed extendedly in smart grids for supplying electrical power. Due to the 
stochastic nature of some resources, for example wind and sun, the predicting of the output power 
is difficult and this causes to the severe oscillations in the output power and brings different 
problems for the power system performance. Therefore, the utilization of energy storage systems 
in different parts of power system is necessary to maintain the power balance between the 
production and the consumption using energy storage at time periods which the production is 
less than the consumption. There are different models for improving of power system indices 
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using the different search algorithms; but the objective function that presented in these models 
either solved the problem by a single objective that may involve different objectives with their 
related factors [16, 17]. Therefore, considering the mentioned subjects here, the optimal 
operation of battery storages as a multi-objective problem did not investigated enough, 
considering losses, load factor and voltage profile, but it has been mentioned in this paper by 
multi-objective algorithm for studying its capability in solving these type of problems.  
In this paper a multi-objective model is proposed for the peak reduction problem considering 
voltage stability index, load factor and the system losses using the multi-objective cuckoo search 
algorithm. The cuckoo search algorithm (CSA) is a search algorithm that shows its capabilities 
in solving different problems. For instance, ref. [17, 18] use this algorithm for solving of 
investment problems and ref. [19, 20] used this algorithm for implementing the optimal operation 
in micro-grids. In the second part of the paper, the specifications of CSA will be explained in 
short. The third part, explains the MO-CSA and the related flowchart of problem will be 
presented. Then in the fourth part, the applicability of the proposed model will be analyzed by 
implementing it on a power system and the related results will be presented. 
 
2. Problem Modeling and Assumptions 
 If a power system security went to be low, the big industries will go towards the utilization 
of high capacity energy storages. The energy storages could help to the spinning reserve and also 
could reduce the load peak as their main function. Considering the peak time consumption price, 
the peak reduction capability is interested for the industries, which could cause to their payment 
reduction and make the battery storage investment more cost effective. 
Sometimes the network loads includes intermittent consumptions at peak times that could cause 
high prices imposing into the system. This problem exists for many years for the electricity 
industries and they usually wanted to solve the problem via reduction of the peak load 
consumption. But today the battery energy storages are able to inject the electricity in short 
period of times and peak times. As it presented in figure 1, they could store energy when the 
price of the energy is low (for example at night) and reduce the peak time load with expensive 
price. 
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Figure 1. Peak shaving by Battery Energy Storage 

 
 This paper aims to improve the considered indices of the network operator using a multi-
objective search algorithm. These parameters include the load factor, network losses and the 
voltage index of the system that have been formulized and presented as a multi-objective 
problem [21]. In this model, the investment cost of the battery storage is not counted and merely 
the networks parameters improve are considered, from the network operator point of view. The 
constraints which these targets can be achieved based on their, are the network power flow 
relation, and the limitations of energy storage units. 
 
The objective function formulations can be presented as below: 
- The load factor improvement 
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 N is the bus numbers of the network, and L is the number of network lines. ntPd  is the 

amount of consumed power  in bus n and at the time of t, and  ntV  is the amount of voltage in 

bus n and time t, and finally ratedV  is the amount of nominal voltage of regulated voltage in bus 

n. also, nmZ is the impedance of the line n-m. 
 Also, the conditions related to the power balance in each bus, and the minimum and 
maximum allowed voltage of each bus, the production limits of generation units and the 
restriction for power lines must be modeled as below: 
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 The electrical storage sources (ESS) like battery banks are a certain dispatch units that are 
able to store (absorb) and inject the electrical energy. But like other electrical equipments, the 
battery storage has its own limitations [22]. On the basis of relation (8), the injected power of 
battery must be less than the maximum allowed dispatched power in every hour. Also the time 
continuity and the amount of stored energy at the after and before hour of each time period should 
be considered using the conditions (9) and (10). Finally, we must note that according to (11), the 
amount of restorable energy in battery is limited too and is less than a maximum amount. 
 |𝑃𝑃𝑡𝑡𝐸𝐸| ≤ 𝑅𝑅𝑅𝑅𝑚𝑚𝑚𝑚𝑚𝑚𝐸𝐸  (8) 

𝐶𝐶𝐶𝐶𝐶𝐶(𝑡𝑡 + 1) = 𝐶𝐶𝐶𝐶𝐶𝐶(𝑡𝑡) + 𝑃𝑃𝑡𝑡𝐸𝐸 (9) 
𝐶𝐶𝐶𝐶𝐶𝐶(0) = 𝐶𝐶𝑆𝑆 ,𝐶𝐶𝐶𝐶𝐶𝐶(𝑇𝑇) = 𝐶𝐶𝐸𝐸 (10) 
𝑚𝑚𝑚𝑚𝑚𝑚{𝐶𝐶𝐶𝐶𝐶𝐶(𝑡𝑡)} ≤ 𝐶𝐶𝐶𝐶𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 (11) 

 In relations (8)-(11), the PtE  is the output power at hour t,  RPmaxE  is the limitation of the 
maximum allowable flow rate of charge and de-charge. Cap(t) is the amount of stored energy in 
battery until hour t. Also, CS and CE are the amount of energy at the initial and final time block. 
Finally, Capmax is the maximum restorable energy in ESS. 
 
 
 

1 2 24
1 1 1

1

1 2 24
1 1 1

, ,...,

, ,...,

N N N

n n n
n n n

N N N

n n n
n n n

average Pd Pd Pd
F LF

max Pd Pd Pd

= = =

= = =

 
 
 = =

 
 
 

∑ ∑ ∑

∑ ∑ ∑

S. Saeid Taheri, et al.

135



 
 

3. Multi-objective Cuckoo Search Algorithm 
 The optimization techniques are applicable in a range of engineering issues, including 
engineering of power systems. Generally, the methods of solving optimization problems are 
divided into two main categories; the first is belongs to the classical methods such as linear 
programming, dynamic programming, mixed integer programming and other related techniques. 
These methods have limitations in solving nonlinear problems, which make it difficult to use 
these methods in real problems, which are mostly nonlinear [23, 24]. The second group of these 
methods includes intelligent methods that have found extensive application in engineering 
issues, nowadays. With regard to the nonlinear nature of real optimization issues, the mentioned 
methods could be very applicable. The accuracy of finding the optimal answer and the problem 
solving time, are important in solving optimization problems that the heuristic algorithms have 
advantages in short solving time. Among intelligent algorithms, nature-based algorithms are 
more prevalent than the other intelligent techniques 
 The optimization techniques explore the search space of optimization problems in different 
ways. The classical methods of optimization have been employed for long time but the 
applicability of these methods is limited for real-world problem owing to nonlinear constraints. 
However, the performance of meta-heuristic methods has been validated by real applications 
including different types of constraints. Among these methods, the nature inspired optimization 
algorithms have been extensively investigated during the last decade. 
 CSA is a new heuristic method that works based on breeding behavior and the characteristics 
of cuckoos in reaching best habitat societies of cuckoo. This method has been developed by Yang 
and Deb in 2009 [25]. It is a population-based search procedure to be used as an optimization 
tool for solving complex, nonlinear, and non-convex optimization problems. It has been shown 
that it is a promising algorithm which outperforms existing algorithms such as PSO and GA [26].  
The follows explain the method in detail.  
 
A. Cuckoo Breeding Behavior 
 CSA has been developed based on parasitic breeding behavior of some species of cuckoo. 
Quite a number of species engage in the obligate brood parasitism by laying their eggs in the 
nests of other host birds (often other species).  Some parasite cuckoo species lay eggs that appear 
to mimic the appearance of the eggs of their favorite hosts hindering discrimination and removal 
of their eggs by host species. This cuckoo’s feature increases their fertility by reducing the 
probability of their eggs being discovered by the host bird. It is obvious that if the host birds 
detect the intruders, they will throw alien eggs away. This behavior called as nest takeover. On 
the other hand, less aggressive hosts will simply abandon its nest and build a new nest in another 
location. The results are the same in both cases and finally the parasite cuckoo egg is ruined. The 
cuckoo usually takes its egg to a nest that the host birds’ egg is there. In general, cuckoo’s eggs 
hatch earlier than their host eggs. As soon as the cuckoo chicks have hatched, they lift any other 
eggs they find in the nest and then throw them overboard. Hatching early means that cuckoo 
chicks can oust other birds' eggs so that they can get more portion of the food from their foster 
parents. Studies also show that a cuckoo chick can also mimic the call of host chicks to gain 
access to more feeding opportunity. 
 
B. Cuckoo Search Implementation 
 In this section, the breeding behavior of cuckoos and the characteristics of cuckoos in 
reaching best habitat societies are employed to reach a solution for optimization problems [27-
29]. It is concluded that the random walk via Lévy flight is much more efficient in exploring the 
search space as its step length is quite long in the long run of this algorithm. In order to simplify 
the description of novel CSA algorithm, three idealized rules can be used [25]: 
1. Only one egg at a time is laid by cuckoo (each nest could involve only one solution in it), 
2. Cuckoo dumps its egg in a randomly chosen nest, 
3. Only the best nests with high quality eggs (best solutions) will be passed into the next 

generation.  
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4. The number of available host nests is fixed.  
5. Egg laid by a cuckoo bird is discovered by the host bird with a probability “pa”. In this 

case, the host bird has two options. It can either throw the egg away or it may abandon the 
nest and build a brand new nest at nearby location. 

6. The discovered nests in the previous step should be replaced by new random nests in other 
locations (new random solutions) 

 
C. Lévy Flight 
Many studies have shown that the flight pattern of many animals and insects demonstrates the 
typical characteristics of Lévy flights [30, 31]. Such behavior has been applied to optimization 
algorithms for optimal search. Preliminary results show its promising capability in search the 
solution area with acceptable approximation so it is added to the CSA to improve its 
performance. CSA uses the Lévy flight in generating new solutions xi(t+1) for the cuckoo 
number i according to Equation (15). 
 xi(t+1)= xi(t) + α*Lévy (λ) (15) 
where α represents the movement step and should be related to the scale of optimization problem. 
Lévy (λ) is a number based on Lévy distribution. 
 
D. Multi Objective Solving Method 
 In this section, the optimization model is a problem of selecting the appropriate storage size 
in a power system by the MO-CSA. Optimization is actually finding feasible answer or responses 
of the problem among feasible choices (subject to the constraints of the problem) and in order to 
optimize the target or the aims of an issue. Multi-objective optimization is a subset of a set of 
Multi Criteria Decision Making methods (MCDMs) that is made up of an unlimited set of 
feasible responses [32, 33]. In these problems, unlike the one-goal problems, a set of answers is 
obtained. The overall form of these issues is as follows: 

min 𝑓𝑓(𝑥𝑥) ={𝑓𝑓1(𝑥𝑥), … , 𝑓𝑓𝑛𝑛(𝑥𝑥)} (14) 
s.t: 
𝑔𝑔(𝑥𝑥) ≤ 0 (15) 
ℎ(𝑥𝑥) = 0 

 By finding each new answer for this issue, it should be found whether or not it is dominated. 
If A and B are two different vectors for the answers of a multi-objective problem as A = [a1, a2, 
..., ak] and B = [b1, b2, ..., bk], the definition of dominance will be the one in which the answer A 
overcomes the response of B, if it is not worse in any objective, and at least one of the objectives 
is better than the other one [34]. In other words, no component of A is larger than the 
corresponding component of B, and at least one component is smaller. Such a definition can be 
expressed mathematically, in the following order: 

 ( ) ( )1,..., , 1,..., :i i i ii k a b i k a b∀ ∈ ≤ ∧∃ ∈ <  (16) 
 If the new answer B satisfies such conditions, this answer is a dominated response and it will 
be deleted from the set of answers; otherwise the non-dominated response will be added as a new 
response to the existing Pareto response set. The Pareto front (PF) of a multi-objective problem 
can be defined as the set of non-dominated solutions. In-fact, the goal of the multi-objective 
optimization problem solving is to find its Pareto answers.  
 After finding the Pareto optimal solutions using MO-CSA, the best compromise solution 
should be chosen to demonstrate proper technique. In other words, an appropriate response must 
be selected as the final answer to determine a specific strategy for the problem. The final answer 
is called the best compromise solution that is a non-dominated answer according to the specific 
preference of different issues. Goal attainment method is a reliable and powerful optimization 
technique for finding the best compromise solution and near global optimization among Pareto 
set in multi-objective optimization problems. This method can be used in non-convex as well as 
convex problems [35]. In this paper, Goal Attainment method is employed for solving the multi-
objective BES placement problem as well as other power system problems that using this method 
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[36-38]. The specific details of this technique have been adequately discussed in many published 
articles and could be handled through these references [39, 40]. 
 Similar to the single objective CSA, the main problem solving steps for MO-CSA can be 
summarized as the pseudo code shown below [41]: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2. Multi-Objective Cuckoo Search Algorithm pseudo code 
 
 The independent variables of optimal storage sizing problem include battery storage charging 
and discharging amount during a day and the location and size of it. Meanwhile, the variable that 
belongs to the location is a discrete variable and the remaining variables are continuous. So if 
we want to express each nest for the algorithm, it could be shown as Xi = [Ni Ci P1i ... P24i], 
which contains the bus number (Ni), the installed battery storage capacity (Ci) and the charge or 
discharge variable as Pti. Index i represents the number of nests that is considered in the 
algorithm. It should be noted that all of the variables use uniform probability distribution for 
generating random quantities. According to the recent points and considering problem 
constraints, the initial population is generated. After producing the initial population, the nest of 
each cuckoo is evaluated by objective functions and sorted according to the domination 
definition. 
 The proper numbers of nests could be about 20 in [42], but if the optimization problem were 
complex and has multiple numbers of local optimum points, then the number of nests could be 
more. In order to generate more optimal points on the Pareto front, we can increase the population 
size n. Through simulations, we found that 50 nest could be acceptable that increase a little 
computing time. The movement step in Lévy Flight is considered to be equal to 1.5. The proper 
repetition number for achieving optimum response is about 200. However, the repetition number 
is adjusted to 500 for more reliability. In all simulations, the discovering probability (pa) is 
considered to be 0.25.   
 Based on the above-mentioned rules, the CSA can be represented by the flowchart of Fig. 3 
[43, 44]. This algorithm is used to search for a multi-objective problem, and ultimately the most 
important response is presented as the final answer. In order to evaluate the efficiency of the 
proposed algorithm, the model presented in the following part of the paper will be applied to a 
numerical system. 
 
 
 
 

Initialize objective functions f1(x),…,fK(x), x=(x1,…,xd)T 
Generate an initial population of n host nests xi and each with K eggs 
While (t<MaxGeneration) 

Get a cuckoo (say i) randomly by Lévy flights 
Evaluate and check if it is Pareto optimal 
Choose a nest among n (say j) randomly 
Evaluate K solutions for nest j 
if new solutions of nest j dominate those of nest i, 

Replace nest i by the new solution set of nest j 
end 
Abandon a fraction (pa) of worse nests 
Keep the best solutions (or nests with non-dominated sets) 
Sort and find the current Pareto optimal solutions 

End 
Post-process the results and visualization. 
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Figure 3. The flowchart of Multi Objective Cuckoo Search Algorithm (MO-CSA) 
 
4. Numerical Studies 
 In this paper, the 24-bus IEEE RTS network is used for analyzing the proposed model [45]. 
This network has 10 generator, 34 transmission lines and 20 loads on its busses. The input 
information of this paper including the network characteristics information is presented in [45]. 
The chosen storage for this paper is a battery with the maximum capacity of 1800 MWh that has 
a maximum transmission power of 300 megawatt in an hour. The network hourly load profile is 
shown in figure (4) and the amount of each load is counted with the same factor in different 
hours [46] at each bus. In this research, four study cases will be discussed for showing the model 
capability: 
• In the first case study, the aim is to improve every three purpose including the load factor 

increasing, loss reduction and the voltage stability index reduction. 
• In the second case study, the objectives are the load factor increasing and also the voltage 

index reduction in the network. 
• In the third case study, the objective functions includes the network load factor increasing 

and of network loss reduction. 

No 

 

Start 

Generate the initial population including variable values (nest position) within the their 
interval and calculate the value of the objective function 

Put the value of best objective function in Pbest, and the position in the BestNest variable as 
dominant nest and set the counter at 1 

Evaluate the objective function of new nests 

Put the value of best objective function in Pbest, and the position in the BestNest variable as 
dominant nest and increase the counter 

Yes 

 

)u, xllimits of each variable (xGet the variation  
 

Based on random entries and Levy flight, generate a new set of nests 

Input the basic data of network and extract the parameters 

Take the number of cuckoos (Npop) and the maximum iteration numbers (Maxit) 

Print the results 

Does the counter exceed the 
maximum iteration limit? 
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• In the fourth case study, it is tried to improve all the first case purposes with a new load 
profile. 
 

 
Figure 4. Initial load curve of 24-bus IEEE grid 

 
 In the first case study, all determined purposes in the second part of the paper are selected as 
multi-objective purposes of MO-CSA. In this case, the amount of load factor increased from 
82.83 into 88.11 and also, the amount of network losses reduced from 1707.6 to 1664.81 KW. 
For gaining this purpose, the proposed algorithm installed battery storage with the capacity of 
1800 MWh on bus 10. The operation schedule of proposed storage is shown in figure 5. 
Considering the operation schedule of storage, the algorithm wants to smooth the load curve with 
storing the energy during the base load hours of the day and injecting it at peak hours. Further, 
the load profile, before and after the storage installation, is presented in figure 5. 

 
Figure 5. The operating charge/discharge graph of battery storage in IEEE 24-bus  

grid for case 1 
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 Considering the voltage index, the model presents good results and increased it from 0.1536 
to 0.1416. For evaluation of the energy storage installation effect on the network voltage profile, 
it has plotted in figure 6 for the maximum load of the network (peak load). The curves 
demonstrate that the voltage magnitude are decreased in some busses and are increased in other 
ones. This plot shows that the voltage magnitude in the peak hours is increased in bus 10, that 
the storage is installed on it. This effect is seen in the busses that are near to bus 10, but when 
we get far from the considered bus, the voltage improvement effect is reduced.  
 

 
Figure 6. The peak hour voltage profile of IEEE 24-bus network for case 1 

 
  

 
Figure 7. The operating charge/discharge graph of battery storage in IEEE 24-bus grid  

for case 2 
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 In the second case study, the load factor increasing and voltage index reduction of the system 
are the main objectives. In this case, the amount of load factor is increased from 82.83 to 87.33 
that shows the proper operation of storage facilities during 24 hour that could be illustrated in 
figure 7. Also, the load profile of the network before and after operation of storage facility is 
shown in the mentioned figure, too. The figure presents that the load profile curve were smoother 
with storage facility. The figure shows that the storage sends less energy than what it has saved, 
to the network for improving the load factor. For this purpose, one battery with the size of 1800 
MWh is proposed by the algorithm on bus 6. 
 In this case, the loss reduction objective did not considered in the solutions and so, the amount 
of network loss increased to 1738.68 kW. According to the operation schedule of the battery 
storage, the facility injects the most of its stored energy in the peak hours for improvement of 
the load factor beside the network voltage drop reduction. In this case, the amount of voltage 
index is decreased from the basic amount of 0.1536 to the 0.1349 and improved considerably 
with respect to the first case study in which the amount of losses is also chosen as the main 
objective. Figure 8, shows the voltage profile of the network before and after installation of the 
battery for peak hours. This figure shows that the amount of voltage in n6, which the storage is 
installed on it, is improved in the peak load. 
 

 
Figure 8. The peak hour voltage profile of IEEE 24-bus network for case 2 

 
 The loss reduction and the load factor correction is the two main objective of the third case 
study. In this case, the amount of load factor is increased to 88.39 percent and the system loss 
that is the second objective of this case study, is decreased into 1434.84 kW. So, the algorithm 
proposed an 1800MWh battery on bus 22 and recommends an operation schedule as presented 
in figure 9. The daily load profile of the network before and after installation of the battery 
storage is shown in the same figure, too. 
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Figure 9. The operating charge/discharge graph of battery storage in IEEE 24-bus 

grid for case 3 
 
 The voltage profile index improvement is not the case in this section; so, the amount of this 
index went to be worse in this case study. The amount of voltage stability index has reached 
0.1643 in this case study, and the magnitude of bus voltages is having more differences from the 
normal value. Figure 10, shows the network voltage profile before and after battery operation 
during the maximum peak load hour.  
 

 
Figure 10. The peak hour voltage profile of IEEE 24-bus network for case 3 
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 The last case study (case 4) is studying the effect of the initial load factor on the final results 
of the problem. For this propose, the daily load curve shape is changed and the output results are 
analyzed. The new daily load curve is shown in figure 11. It is obvious that the load factor of 
this curve is lower and it has a sharp rate for the load growth comparing to the previous one. 
 

 
Figure 11. The changed load profile with lower load factor for IEEE 24-bus network 

 

 
Figure 12. The operating charge/discharge graph of battery storage in IEEE 24-bus 

grid for case 4 
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 After implementing the presented load profile in the MO-CSA algorithm, the operation 
schedule and new load curve could be obtained as presented in figure 12. This plot shows that 
the proposed storage schedule couldn’t improve the load factor as high as the previous one, 
regarding to the low rate of its energy capacity in comparison with the peak load. But, the 
improvement of load factor index could be seen and the amount of it reached from 58.67 to 67.53 
percent. Besides, the network losses reduced from 2890.6 kW to 2533.57 kW. In this case, the 
size of the proposed battery storage is proposed to be 1800 MWh that is installed on bus 22. 
Figure 12 presents the daily scheduled operation curve for the proposed storage that helps the 
network to reach its main objectives. 
 Figure 12 has clearly shows that the storage facility injects the energy with its maximum 
power in peak load hours and stores the energy in the base load hours for improving the load 
factor, network loss and voltage stability index as the main objectives of the problem. The 
voltage stability index was about 0.8250 in this case. After installation and also operation of the 
storage, the amount of it decreased and reached to 0.2094. It shows a considerable improvement 
in the network voltage index. Figure 13 shows the voltage profile of the network in peak load 
time of the power system. 
 

 
Figure 13. The peak hour voltage profile of IEEE 24-bus network for the case 4 

 

 
Figure 14. 3D Pareto space for case 4 
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 Considering the fact that the MO-CSA algorithm in the fourth case study has three objectives, 
the pareto space should have 3D dimension and could be presented in figure 14. It shows that 
the pareto front chose the proper answer market by ‘*’ sign among the existent results in spite of 
the fact that there are some other answers with better results in one or two objectives. For more 
clearing the subject, figure 15 shows the pareto space of purposed algorithm in 2-dimensions for 
each two pair of objectives. Th 2D results show that there are optimized responses in some 
objectives that did not be dominated to be proposed. The presented figures show good diversity 
of the solutions that have taken from the simulations. 

 

 

 
Figure 15. 2D Pareto space for the first case study, 

load factor ratio versus network losses (A) and network voltage index (B) 
 
 Figure 16 shows the proposed position of the storage facility in different case studies for 24-
bus IEEE network. It shows that the algorithm proposes bus 22 or 6 for installation of battery 
storage, in most of the cases. Besides, table 1 presents a total conclusion for the achieved results. 
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Figure 16. The schematic diagram of IEEE 24-bus network and the optimal places for BESS 

 
 In order to accurately evaluate the results of the multi-objective cuckoo search algorithm, 
another developed algorithm is used to validate the decisions. For this purpose, a multi-objective 
genetic algorithm function (MOGA) in MATLAB [47], was used for optimization. This function 
invoked the genetic algorithm for a multi-objective optimization and the global Pareto-optimal 
solutions were obtained through an MOGA, in this way. The MOGA function gamultiobj 
implements a controlled elitist genetic algorithm and can be used to solve the multi-objective 
optimization problem in several variables (A variant of NSGA-II [48]). The gamultiobj can strike 
the region near an optimal Pareto front relatively quickly, but it can take many function 
evaluations to achieve remarkable convergence. A non-dominated rank is assigned to each 
individual using the relative fitness. Several cases were simulated to select proper parameters 
operated in the genetic algorithm. The following parameters were properly set for the simulation: 
population size: 100, crossover fraction: 0.7, Pareto-front population fraction: 0.8, generations: 
600 and function tolerance: 1E-6. The Pareto front population fraction kept the fittest population 
down to the specified fraction to maintain a diverse population. This exercise aimed accurately 
to confirm the operational capability and satisfactory reliability of the previous multi-objective 
optimization algorithm. 
 The objective function outcomes from MOGA function, are displayed in the last column of 
Table 1 for the new load profile. These values were then compared with the objective function 
values obtained from the MO-CSA optimization. These findings show the CSA algorithm has 
provided better results in all cases except in storage battery size. Regarding the capacity of the 
storage, it should be noted that there is not much difference with the results obtained from the 
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previous algorithm. Besides, according to other results of this evaluation, the results of MO-CSA 
seem more acceptable.  
 

Table 1. CSA output results for different case studies 
 Old Load Profile New Load Profile 
 Base case Case 1 Case 2 Case 3 MO-CSA MOGA 
Proposed capacity 
[MWh] - 1800 1800 1800 1800 1722 

Proposed Bus no. - 10 6 22 22 10 
Active Power Loss 
[KW] 1707 1665 1738 1434 2534 

(2890) 
2768 

(2890) 
Loss reduction [%] - 2.5 -1.8 16 12.32 4.22 
Voltage Stability Index 
(VSI) 0.1536 0.1416 0.1349 0.1643 0.2094 

(0.8250) 
0.2638 

(0.8250) 
VSI improvement [%] - 7.8 12.17 -7 74 68.02 

Load Factor [%] 82.83 88.11 87.33 88.39 67.53 
(58.66) 

65.69 
(58.66) 

 
5. Conclusion 
 In this paper, an algorithm is proposed for accurately determining the capacity and position 
of the required battery storage in a micro-grid. The required battery storage is determined by 
minimizing the network power factor, system losses and voltage stability index. The presented 
results show that by increasing the storage capacity of the grid, the important network parameters 
can obtain considerable improvements. In addition, the results show that if the investment cost 
of storage facilities was not considered, the system operator typically wants to gain the best usage 
from all available capacity of the storage. In fact, the optimal size of the storage battery should 
be a trade-off between the investment cost and improved network parameters. But, considering 
high prices of the battery storage installation, it seems impossible at this time. But, regarding the 
severe downfall of the investment cost of them on past years, maybe in the near future we can 
achieve such approach. 
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