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Abstract

:

Passive power filters (PPFs) are most effective in mitigating harmonic pollution from power systems; however, the design of PPFs involves several objectives, which makes them a complex multiple-objective optimization problem. This study proposes a method to achieve an optimal design of PPFs. We have developed a new multi-objective optimization method based on an artificial bee colony (ABC) algorithm with a minimum Manhattan distance. Four different types of PPFs, namely, single-tuned, second-order damped, third-order damped, and C-type damped order filters, and their characteristics were considered in this study. A series of case studies have been presented to prove the efficiency and better performance of the proposed method over previous well-known algorithms.
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1. Introduction


1.1. Background


Nonlinear loads such as rectifiers, power converters, computers, televisions, and a multitude of others have become indispensable in the modern world. However, they have some disadvantages owing to their application, and harmonics are one of them [1,2]. Harmonics in power systems is a major and typical problem that occurs because of the distortion in the current and voltage waveforms that use nonlinear loads [1,3,4,5]. These harmonics cannot be ignored because of their harmful effects on the system, that is, power loss, equipment malfunctioning, device deterioration, and other damages [6,7,8,9,10,11,12]. Various mitigation techniques have been proposed by researchers to eliminate or reduce these harmonics, some of which are reactors and chokes, power filters (PF), and higher pulse number converters. However, PF is still considered as the first choice among them. Generally, three types of PF are available in the applications for reducing harmonic pollution from the system. These are passive power filters (PPFs), active power filters (APFs), and hybrid power filters (HPFs). Some related studies have demonstrated the usefulness of PFs in reducing harmonics. Among all power filters, passive filters are commonly used because of their simple circuit structure, low cost, and flexibility [13,14,15].



The optimization algorithms are not only used for calculating the parameters of PPFs, but also for evaluating the sizing, sitting, type, number of PPFs [16,17,18,19], minimizing the initial investment costs [20], minimizing the harmonic distortion [21], and maximizing the reactive power compensation [22]. Therefore, the design of PPF problems involves multiple objectives with multiple constraints. Several methods have been proposed to design PFFs over the past two decades. J. C. Das developed a conventional trial-and-error-based method for designing PPFs [13]. When using the conventional trial-and-error-based method, it is difficult to obtain optimal solutions with time-consuming tasks. In recent years, heuristic optimization algorithms such as the genetic algorithm (GA) [16,23,24], particle swarm optimization (PSO) [17,19], and simulated annealing (SA) [25] have been used for PPF designs.



Other methods have been recently employed, and their results were investigated to design PPFs [26,27,28,29,30,31]. Badugu R. et al. developed a class topper optimization (CTO) for PPF design [26]. The detuning mechanisms that were employed were complex, which in turn made it difficult to achieve an optimal solution. Wang Y. et al. employed a tuning filtering method to achieve good results [27]. However, thorough an examination, tuning was still a limitation for the PPF design. A more advanced tuning method was used via a dynamic tuning passive filter (DTPF) and it is listed in [28]. Even though this method offers an efficient harmonic suppression, the need for value-range setting of the harmonic current coefficient cannot be ignored. In [29,30], research on harmonic mitigation was conducted using PSO. However, an unbalanced power system is a possibility, owing to the use of the weight sum method. In [31], a more recent method that uses teaching-learning-based optimization (TLBO) with Pareto optimality was developed. Although this method can perform well, the deployment of TLBO and Pareto to obtain the desired PPF design requires good integration practices between the external archive and fuzzy system for decision making.




1.2. Aim and Contributions


This study proposes a new multi-objective algorithm, based on the famous artificial bee colony (ABC) algorithm. ABC is a recently developed meta-heuristic algorithm that uses the foraging behavior of honey bees, that is, searching for a food source and selecting the best on the basis of nectar amount. The ABC algorithm was first introduced by Karaboga in 2005 [32] and its performance was evaluated in 2008 [33]. Although this algorithm has been applied to several optimization problems [34,35,36,37,38,39,40,41], no research focusing on the PPF design using the ABC algorithm either in a single-objective or multi-objective optimization domain is available in the literature. Therefore, a new multi-objective artificial bee colony (MOABC) algorithm has been proposed to solve the multi-objective problem as a PPF design. The weight sum method was used to simplify a multi-objective optimization problem into a single-objective optimization problem [18,19,23]. However, the weight sum method may cause an imbalance between objective functions. Therefore, Pareto optimality is introduced with MOABC to make the design of PPFs more efficient. Some research has shown the use of Pareto optimality to solve multi-objective problems [18,19,42]. In addition, an external archive was used to store all possible solutions [43,44,45,46,47,48]. In the experimental work, a series of case studies are presented to prove the efficiency and superiority of the proposed method. At first, the proposed method was compared with a previously well-known SA for three different cases. Secondly, the proposed method was compared with two other well-known algorithms, namely, the PSO and bat algorithm (BA), in terms of minimum Manhattan distance (MMD) results [49]. In each case, the results were in favor of the proposed method, demonstrating better performance and superiority over all the other methods mentioned previously.




1.3. Paper Organization


This remainder of this paper is organized as follows: Section 2 introduces the PPF design problem with their objectives and constraints; Section 3 explains the multiple objectives of the PPF design; Section 4 discusses the proposed algorithm, which is an original ABC algorithm, MOABC, and the implementation of the proposed method to the PPFs problem; Section 5 presents the experimental results; and Section 6 presents the conclusion.





2. Passive Power Filters and Their Characteristics


Power filters are considered most effective in distribution systems for reducing harmonic pollution, owing to their low cost and simple design. Resistors, inductors, and capacitors are the passive elements of PPFs. Here, four types of PPFs were used, including a single-tuned (ST) filter, second-order damped (SD) filter, third-order damped (TD) filter, and C-type damped (CD) filter, as depicted in Figure 1. The harmonic impedances of the PPFs used in this study are listed in Table 1.




3. Problem Formulation


With the rapid development of new technology, new methods are being developed to improve power quality, and PPFs are one of them. Different types of PPFs are used to repress critical harmonics from the power system. From Figure 2a, we can see that the one-line diagram of a simple system is composed of PPFs, a power supply, and a nonlinear load. The point of common coupling (PCC) is the point where the generating facility is connected to the distribution system, and PPFs prevent it from generating harmonics. The simple system is composed of a power supply, passive filters, and nonlinear loads. Among them, the nonlinear load can be assumed as the harmonic source; the system network and the passive filter are regarded as the equivalent impedances, and the remaining linear loads can be ignored, owing to their large impedances. According to Figure 2b, the relationship between the system voltage and current can be obtained as follows:


   V  S h   =    Z  F h   ·  Z  S h      Z  F h   +  Z  s h      I h  ,  



(1)






   I  S h   =    Z  F h      Z  F h   +  Z  S h      I h  ,  



(2)






   I  F h   =    Z  S h      Z  F h   +  Z  S h      I h  ,  



(3)




where h is the harmonic order;    I h    is assumed to be the harmonic current source;    I  F h     and    I  S h     are the harmonic currents through the filter and power supply terminal, respectively;     Z  S h     and    Z  F h     are the system impedance and filter impedance, respectively.



3.1. Objective Functions


The design of PPFs involves several objectives such as minimizing the total harmonic distortion of voltage and current, installation cost, and maximizing fundamental reactive power compensation. Therefore, the design of PPFs is considered as a multi-objective optimization problem. The objectives of this study are discussed below:



3.1.1. Minimizing Total Harmonic Distortion of Current


The total harmonic distortion of the current is defined as,


   F 1  = T H  D I  =      (    ∑   h = 2  H     |   I h   |   2   )       |   I 1   |    ,  



(4)




where  h  is the harmonic,  H  is the highest harmonic order,   |  I 1  |   is the rms of the fundamental current, and    |   I h   |    is the rms of the harmonic current with integer order.




3.1.2. Minimizing Total Harmonic Distortion of Voltage


The total harmonic distortion of the voltage is defined as follows:


   F 2  = T H  D V  =      (    ∑   h = 2  H     |   V h   |   2   )       |   V 1   |    ,  



(5)




where  h  is the harmonic,  H  is assumed to be the highest harmonic order,   |  V 1  |   indicates the rms of the fundamental part of the voltage, and   |  V h  |   is regarded as the rms value of the harmonic voltage with integer order.




3.1.3. Minimizing Initial Investment Cost


The overall investment cost of a PPF includes the installation cost, power loss, materials, and maintenance costs. The cost is evaluated through the linear combination of each element (R, L, and C), which is used in designing the PPF with a weighting coefficient for each element. The initial investment cost can be expressed as follows:


   F 3  = I C =   ∑   m = 1  4   α m    ∑   n = 1    X m     (   k 1   R  m n   +  k 2   L  m n   +  k 3   C  m n    )  ,  



(6)




where  m  is the type of filter and    X m    is the number of filters of type  m .    R  m n    ,    L  m n    , and    C  m n     are the resistance, inductance, and capacitance of the  n -th filter of type  m , respectively;    k 1   ,    k 2   , and    k 3    are the cost-weighting coefficients;    α m    is considered as the set number coefficient for the m-type filter [25].




3.1.4. Maximizing Total Fundamental Reactive Power Compensation


PPFs are not only used to solve the problems of harmonic pollution, but also to compensate for the power factor. The total fundamental reactive power produced by the filters is expressed as,


   Q F  =   ∑   m = 1  4    ∑   n = 1    X m     Q   F  m n     ,  



(7)




where    Q   F  m n       is the fundamental reactive power produced by the n-th filter of the m-th type. Because all of the abovementioned objectives concern finding the minimum value, the objective function can be rewritten as,


   F 4  =  Q  m a x   −  Q F  ,  



(8)




where    Q  m a x     is the maximum reactive power compensation.





3.2. Constraints


In constraint optimization problems, every objective has some limitations, called constraints. The four main objectives have been discussed so far, and their constraints are provided below.



3.2.1. Total Harmonic Distortion


The total harmonic distortions of currents and voltages are restricted by


   g 1  = T H  D I  ≤ T H  D  I , m a x   ,  



(9)






   g 2  = T H  D V  ≤ T H  D  V , m a x   ,  



(10)




where   T H  D  I , m a x     and   T H  D  V , m a x     are the maximum restriction values for the total harmonic distortions of the currents and voltages, respectively.




3.2.2. Individual Harmonic Distortion


The individual harmonic distortions for each order harmonic component are restricted by


   g 3  = H  D  I h   ≜    |   I  S h    |     |   I  S 1    |    ≤ H  D  I h , m a x   ,  



(11)






   g 4  = H  D  V h   ≜    |   V  S h    |     |   V  S 1    |    ≤ H  D  V h , m a x   ,  



(12)




where   H  D  I h , m a x     and   H  D  V h , m a x     are the maximum restriction values for the harmonic current and voltage at the h-th order, respectively.




3.2.3. Total Fundamental Reactive Power Compensation


PPFs can effectively improve the power factor of the system. However, overcompensation may cause voltage instability and increases the power loss. Therefore, the limitation of the total fundamental reactive power can be expressed as follows:


   g 5  =  Q  m i n   ≤  Q F  ≤  Q  m a x   ,  



(13)




where    Q  m i n     and    Q  m a x     are the minimum and maximum reactive power compensations, respectively.






4. Proposed Algorithm


4.1. Single-Objective Artificial Bee Colony Algorithm


ABC is a heuristic optimization algorithm. The original ABC algorithm was first developed by Karaboga in 2005 [32]. Initially, it was proposed to handle unconstrained problems [33] but it was later modified to solve the constrained optimization problem [37]. The foraging behavior of honey bees was used to solve optimization problems. ABC is a straightforward and fast-converging algorithm with fewer parameters required, which constitutes its unique nature.



ABC is composed of the following three classes of bees: employed, onlooker, and scout bees. In the first class, the employed bees travel to search for food source positions randomly. After reaching the food source, it produces a new solution and compares it with the old one using the greedy selection procedure. Thereafter, they exchange information regarding the food source, such as path, profitability, and nectar quantity, to the onlooker bees in the dance area of the hive by waggle dancing. Therefore, the onlooker bees are assigned to choose the food source position based on the probability proportionate to the quality of the food source and to update the new one. The higher the fitness, the greater the chances to be selected. Furthermore, the greedy selection procedure is performed for the onlooker bees, indicating new and old food sources to maintain a better food source with high nectar quantity for the next generation.



Consequently, a good quality food source is provided rather than a bad one with low nectar quantity. After a certain number of trials, if the food source cannot be improved, it will be rejected and replaced by a randomly selected food source. The employed bee associated with that food position abandons it and become a scout bee. The scout bee then starts its food-source search cycle randomly. The possible solution represents the food source position, and the fitness function addresses the nectar amount of that particular food position. The number of employed bees (or onlooker bees) is proportional to the position of the food source.



Three steps are involved in each cycle of the ABC algorithm. First, the possible food-source positions and their nectar amounts are determined by the employed bee, who shares their knowledge with the onlooker bee. Second, onlookers select a food source using a probabilistic approach. Third, the scout bees are initialized and sent to the entirety of the new food-source positions. During the search process, the best solution obtained is stored in the external archive.



The main steps of the ABC algorithm are listed below:




	
Initialization: Initialization is the first step in which the population denoted by P of    N S    solution (food source position) is initialized. Moreover, each solution    x  m n     (  m = 1 ,   2 ,   3 ,   … ,    N S  ; n = 1 ,   2 ,   3 ,   … , D  ) is supposed to be a  D -dimensional vector, where    N S    is denoted as the number of onlookers/employed bees and  D  is the number of parameters for optimization.



	
Employed bee phase: In the starting phase, the employed bees are sent to identify the positions of food sources and update the feasible food sources in the memory. The memory is updated to produce a feasible candidate using (14) [32].


    v  m n   =  x  m n   +  ∅  m n    (   x  m n   −  x  k n    )  ,    n ∈  {  1 ,   2 ,   3 ,   … ,   D  }  ,   k ∈  {  1 ,   2 ,   3 ,   … ,    N S   }    ∧   k ≠ i ,   



(14)




where    v  m n     is considered as the new optimal position of the food source produced by the employed bee and    ∅  m n     is supposed to be a random number within the range of [−1, 1] to modify the production of neighboring food sources near    x  m n     and compare the positions of the two food sources.



	
Onlooker bee phase: After evaluating the quality (fitness) of the food source position in the memory using (15), the onlooker bee chooses the best position of the food source, based on the probability proportional to the quality of food source through (16) [33]. Update the feasible candidate by the onlooker bees using (14).


  f i  t m  =  {      1 /  (  1 +  F m   )                            i f  (   F m  ≥ 0  )        1 + abs  (   F m   )                          i f (  F m  < 0 )       ,  



(15)






   p m  =   f i  t m      ∑   i = 1    N S    f i  t i    ,  



(16)




where    F m    is considered as the objective function value,   f i  t m    is supposed to be the measure of the fitness value of the solution  m  proportional to the nectar quantity of the food source, and    N S    is the number of employed/onlooker bees.



	
Scout bee phase: If the food source cannot be improved via a limited number of trials, then the food source is discarded. In addition, the associated employed bee becomes a scout bee to randomly search for a new source of food using (17) [32,33].


   x m n  =  x  m i n  n  + rand  [  0   , 1  ]   (   x  m a x  n  −  x  m i n  n   )  ,  



(17)




where    x  m i n  n    and    x  m a x  n    are the lower and upper bounds of each variable for the search scope, respectively. Here, in every    x m n    vector, the range [   x  m i n    ,    x  m a x    ] is the boundary of each component so that the scout bee does not leave the search space.



	
Memory update: Save the best position of food source found so far.



	
Termination check: Finally, a check is performed as to whether the termination condition is reached; if yes, the algorithm is terminated, and the final solutions are reported; otherwise, return to the starting search phase, that is, the employed bee phase.









4.2. Multi-Objective Artificial Bee Colony Algorithm


ABC was initially proposed to solve single-objective optimization problems. However, most engineering problems are multi-objective problems; therefore, the ABC algorithm was later extended to solve multi-objective optimization problems. There are several approaches that can be used to extend a single-objective algorithm to a multi-objective algorithm. In [34], the ABC algorithm was applied to solve the fixed-point problem in mathematics. In [40], a Pareto-based ABC was proposed using a crowding distance archive in NSGA-II to store non-dominated solutions, commonly used in multi-objective algorithms. Several other publications are also available in which the ABC algorithm is used to solve multi-objective problems [36,38,39,40,41]. In [48], a different Pareto dominance approach was incorporated into PSO. This algorithm used an external archive to store the Pareto solution that was used to enrich the exploratory capabilities. The approach using an external archive provides better performance than approaches using a crowding distance archive. Some data indicate that the ABC algorithm can maintain an adequate balance between exploitation (employed bee phase and onlooker bee phase) and exploration (scout bee phase) [50,51]. Therefore, ABC has a simple concept, good balance, fast convergence, and fewer control parameters, making the ABC algorithm attractive to many researchers. In this study, a modified ABC algorithm with Pareto optimality and an external archive has been proposed to optimize the design of the PPF more efficiently.



4.2.1. Pareto Optimality


In multi-objective optimization problems, a conflict exists between solutions. In other words, one solution cannot minimize or maximize all objectives simultaneously. Therefore, Pareto optimality is used.



The set of objective vectors of the Pareto optimal set is called the Pareto front. The search space of decision variables comprises several hypercubes to obtain an appropriate Pareto front.



Suppose a multi-objective optimization problem, in which minimization of an objective function is required. That is,


  Minimize    F j   (  x ¯  )     (  j = 1 ,   2 ,   … ,    n F   )  ,  



(18)




subject to


   g k   (  x ¯  )  ≤ 0    (  k = 1 ,   2 ,   … ,    n g   )  ,  



(19)






   h l   (  x ¯  )  = 0    (  l = 1 ,   2 ,   … ,    n h   )  ,  



(20)




where   x ¯   and    F j   (  x ¯  )    are the vector of decision variables and an objective function, respectively;    n F    is the number of objective functions;    g k   (  x ¯  )    and    h l   (  x ¯  )    are the inequality and equality constraints, respectively; and    n g    and    n h    represent the number of inequality and equality constraints, respectively.


   x ¯  =    [   x 1  ,    x 2  ,   … ,    x n   ]   t  ,    x ¯  ∈ Ω ⊆ S ,  



(21)




a region where a decision variable   x ¯   satisfies all the constraints is called a feasible region and is denoted by set  Ω  and  S  is assumed as a search space.



Suppose    F 1   (    x ¯  1   )    and    F 2   (    x ¯  2   )    are two objective functions:


   F m   (    x ¯  2   )  ≤  F m   (    x ¯  1   )    ∀   m ∈  {  1 ,   2 ,   3 ,   … ,   k  }    and  



(22)






   F m   (    x ¯  2   )  <  F m   (    x ¯  1   )    ∃   m ∈  {  1 ,   2 ,   3 ,   … ,   k  }  .  



(23)







If a decision variable     x ¯  2  ∈ Ω   and its function    F m   (    x ¯  2   )    dominates over all other    F m   (  x ¯  )    functions for each    x ¯  ∈ Ω  , then the vector decision variable     x ¯  2    belongs to the non-dominated solution.




4.2.2. External Archive


Multi-objective problems involve non-dominated solutions. Several non-dominated solutions are produced in each iteration; therefore, it is necessary to store these solutions. For storing purposes, an external archive was used by researchers using PSO and an evolutionary algorithm (EA). The size of the external archive was restricted and updated during each iteration. In practice, a size of 100 solutions was used [48]. The storing solution process is simple as the solution is stored if, and only if, it is a non-dominated solution within the archive.



Figure 3 graphically depicts the concept of the selection and removal of the solution from the external archive, as listed in [52]. If the solution is out of constraints (infeasible), it will be rejected. If the solution comes under all constraints (feasible) and the archive is not full, then it will be stored in the archive. If the archive is full, then the feasible solution will be compared with other solutions. If it dominates one or more solutions, then it will be stored and the infeasible one will be deleted from the archive.



Similarly, the archive is filled with all feasible solutions. If, again, a new feasible solution is produced and the archive is full, then an adaptive grid can be used to solve this problem [53]. The adaptive grid defined as an objective space with several hypercubes. If the archive is full and a new non-dominated solution is produced, then the solution from the overcrowded hypercubes is randomly selected and deleted, as illustrated in Figure 3. In other words, it leads to a uniform distribution of the solutions in the objective space, and produces a well-distributed Pareto front.




4.2.3. Modified Artificial Bee Colony Algorithm







	
In the onlooker bee phase, a new search method is proposed for onlooker bees, in which the first   g b e s t   position is determined using (16) by a roulette wheel mechanism from an external archive. Thereafter, the   g b e s t   is used to adjust the moving trajectory in the next iteration. The position is updated using (24),


   v  m n   =  x  m n   +  ∅  m n    (  g b e s t −  x  m n    )  ,  



(24)




where    v  m n     is the new location of the food source chosen by the onlooker bee,    ∅  m n     is the random number to adjust the production of neighbor food sources around    x  m n    , and   g b e s t   is the global position vector for onlooker bees with that of the food source    (   p i   )   .



	
The random number    ∅  m n     is chosen between [0, 1], which is different from the original ABC, and it creates a potential search space around   g b e s t  .



	
The Pareto approach and the external archive are integrated into the proposed MOABC algorithm.








After performing all of these modifications, the critical steps of the proposed MOABC algorithm are as follows:




	
Initialization phase




	
Initialize the food source position.



	
Define trail counter limit for the population and scout bees.



	
Generate the first non-dominated solution.



	
Generate external archives by inserting non-dominated solutions.



	
Define trial counters for the food sources.



	
Assign the food sources to the employed bees.








	
Employed bee phase




	
Produce a new position of the food source.



	
Evaluate the fitness of the identified food source position.



	
If the fitness of the new position is better than the old one, update the new position, and decrease the trial counter by 1; otherwise, increase it by 1.








	
Onlooker bee phase




	
Choose the solution from the population using tournament selection probability.



	
For each onlooker bee, produce a new food source position.



	
Evaluate the fitness of the candidate food source.



	
Apply the greedy selection procedure to choose the best source.



	
Save the best solution obtained so far.








	
Scout bee phase




	
If the solution cannot be improved after a limited number of trials, then a scout bee occurs, and a new food source position is produced.



	
Evaluate the fitness of the produced food-source position.



	
Reset its trial counter.













If a termination condition is reached, then report the final best solution else go to the employed bee phase.



The flowchart of the proposed MOABC algorithm is shown in Figure 4.




4.2.4. Multi-Criteria Decision Making


The selection of a final solution among the Pareto-optimal set is regarded as multiple criteria decision making (MCDM) in multi-objective optimization problems. In this study, a minimum Manhattan distance (MMD) method was used to select an appropriate solution from the non-dominated solutions to verify the superiority of the proposed MOABC method.



The Manhattan distance is the sum of the absolute differences in Cartesian coordinates for the distance between two points. The solution that minimizes the distance from the normalized ideal vector is the MMD, as depicted in Figure 5.



After normalization, the ideal vector    y  o p t     is denoted as,


   y  o p t   =    [             ℓ 1     L 1           ℓ 2     L 2               ⋯       ℓ n     L n             ]   t  ,  



(25)






   ℓ 1  =   min   x ∈ N    y n   ( x )        N =  {   x 1  ,    x 2  ,   ⋯ ,    x M   }  ,  



(26)






   L n  =   max   x ∈ N    y n   ( x )  −   min   x ∈ N    y n   ( x )  .  



(27)







In the set of all feasible solutions, the minimum distance sum between the ideal vector    y  o p t     and the selected solution is defined as the MMD:


    min   x ∈ N   | |  y n   ( x )  −  y  o p t   | | =   min   x ∈ N     ∑   n = 1  M  | |    y n   ( x )     L n    −    ℓ n     L n    | | .  



(28)










5. Simulation Result


5.1. Sample System


A system of 11.4 kV, 60 Hz, which included a harmonic source, was used for the simulation experiment to prove the efficiency and accuracy of the proposed method. The system with harmonic loads and various PPFs is shown in the line diagram depicted in Figure 6, where the nonlinear load is considered as the source of harmonic current, and the PPFs and the system can be regarded as the equivalent impedance. The remaining linear loads can be ignored, owing to the large impedance. In this study, three cases considered the harmonic filter planning. The system network was assumed to be balanced and the harmonic current, harmonic voltage without filters, and utility tolerance for all three cases are listed in Table 2, and it is evident that the fifth order harmonic current and current THD of Case 1 exceeded the tolerance value. In Case 2, the second order and fifth order harmonic current, fifth order harmonic voltage, current THD, and voltage THD all exceeded the tolerances. Moreover, the fifth order harmonic current and the fifth, seventeenth, and nineteenth harmonic voltages of Case 3 also exceeded the tolerances.




5.2. Setting Parameters


Therefore, the upper limit of the number of filters is set to three, and the passive filter design is performed with the investment cost set to an unlimited amount. The fundamental active power (load demand) of Case 1 was 14,590 kW, with a lagging pf of 0.892. For both Cases 2 and 3, a fundamental active power of 20 MW, with a lagging pf of 0.65 of fundamental active power was considered. The short-circuit current of the system was in the range of 8,268 to 19,695 A. The parameters of the MOABC and other optimization algorithms are listed in Table 3. The trial counter limit L was set to four. The general trial counter limit L of the original ABC algorithm [32] is related to the number of onlooker bees and the dimensions of the variables. However, the general trial counter limit L may decrease the number of scout bees in the scout-bee phase and discourage the exploration process.



The decision variables     x ¯  i    for the optimal design of PPFs include the resistance size, reactance size, and capacitor size. Therefore, vector     x ¯  i    can be defined as follows:


    x ¯  i  =    [   L 1  ,    C 1  ,    R 2  ,    L 2  ,    C 2  ,  R 3  ,    L 3  ,    C 3   ]   t  .  



(29)







The parameters of the proposed MOABC algorithm and the parameter ranges are listed in Table 4.




5.3. Accuracy Test


The generational distance (GD) was used to determine the accuracy of the proposed method. GD is a method introduced by Veldhuizen and Lamont [54] to check the closeness of any selected method to the true Pareto front. The true Pareto front optimal set is determined by the Monte Carlo method. GD can be defined as,


  GD =       ∑  m n   d m 2     n  ,  



(30)




where    d m    represents the Euclidean distance between the solutions by the proposed method and the nearest member of the true Pareto optimal set, and  n  indicates the number of final solutions.



The closeness of the solution determined by any method with the solution of the true Pareto optimal set is inversely proportional to the GD value, that is, it lowers the value of the GD, to closer to the true Pareto front. If the GD is zero, all solutions are equal to the solutions of the true Pareto optimal set, which is an ideal case.



MOPSO was used for a comparison with the proposed MOABC. Both algorithms were executed 50 times with 500 iterations to verify the accuracy of the proposed method. It is evident from Table 5 that the GD results obtained by MOABC are better than those obtained by MOPSO. Figure 7 shows that the 100 non-dominated solutions are inserted in the external archive by MOABC in 42 iterations and 77 iterations are required using MOPSO. Therefore, MOABC can be considered faster than MOPSO.




5.4. Performance Test


Regarding the performance of the proposed method, Table 6 lists the planning results of PPFs by MOABC compared to the results determined by the simulated algorithm (SA), which was introduced in [25] for all three cases, with a 0.95 lagging power factor in Case 1 and 0.97 lagging power factor in both Cases 2 and 3. The resistance (R), inductance (L), and capacitance (C) values are shown in ohm ( Ω ),   m H  , and   μ F  , respectively. The total cost, THDI, and THDV of PPF design by MOABC were lower than those determined by SA, and all the results were restrained under the tolerance limit of IEEE standard-519. As can be seen, the performance of the parameters obtained by the MOABC method is better than that of the SA method.



In Case 1, the fifth harmonic current and THDI exceeded the tolerance limit. Therefore, two single-tuned PPFs were used for elimination and to improve the reactive power. In Case 2, second order and fifth order harmonic had to be overcome. Therefore, a single-tuned PPF was used to mitigate the fifth order harmonic. However, the second order harmonic was enlarged. If another single-tuned is used to suppress the second order harmonic, then the system network faces overcompensation. Therefore, a C-type damped filter was used according to the topologies mentioned in Section 4. In Case 3, the fifth order harmonic current and seventeenth and nineteenth order harmonic voltages exceeded the limit tolerances of the IEEE standard. The single-tuned suppressed the fifth harmonic current, and a third order damped filter was used to eliminate the higher-order harmonic voltages for greater than the seventeenth order, but it enlarged the lower-order harmonics. In this situation, a C-type damped order was used to mitigate the second, third and fourth order harmonic currents. A second order damped filter can also be used instead of a third order damped filter.



For the MMD results, three cases were examined under four different PPF topologies. Table 7, Table 8 and Table 9 demonstrate the MMD results of MOABC with two other algorithms: MOPSO and MOBA for Cases 1, 2, and 3, respectively. In each case, 100 solutions obtained by each algorithm were merged, and then the most balanced solution was determined out of 300 solutions by MMD. The sequence of solutions is as follows: 1–100 (MOABC), 100–200 (MOPSO), and 200–300 (MOBA). Here, Type ‘1’, ‘2’, ‘3’, and ‘4’ denote single tuned PPF, second-order damped PPF, third-order damped PPF, and C-type damped PPF, respectively. In each case, the sequence of the most balanced solutions obtained by the MMD was between 1–100, representing the set of solutions obtained by MOABC. It can be seen that the performance of MOABC is better than that of MOPSO and MOBA in terms of the MMD results.





6. Conclusions


In this study, a new MOABC method was proposed to optimize the planning of PPF design. Four types of PPFs were considered in the optimization problem. Here, the objective functions of minimizing the total harmonic distortion of current and voltage, total cost, and of improving the power factor were used. In terms of accuracy, GD was used to evaluate the accuracy of the results obtained by MOABC and to compare the results with those obtained by MOPSO. The results indicate that the proposed method is highly accurate. In terms of performance, MOABC was compared with SA in three different cases. In each case, the results proved the superior performance of MOABC. In addition, the MMD obtained by MOABC was compared with the other two well-known metaheuristic algorithms (MOBA and MOPSO) for three different cases with four different PPF topologies in each. All the results obtained for MOABC were better than those of the algorithms mentioned above. Overall, a series of case studies and results have demonstrated the accuracy, superiority, and better performance of the proposed method, and present the potential to form PPF designs more efficiently.
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Figure 1. Types of passive power filters: (a) single-tuned filter, (b) second-order damped filter, (c) third-order damped filter, and (d) C-type damped filter. 
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Figure 2. Harmonic circuit of a simple system with a nonlinear load and a set of passive power filters (a) one-line diagram and (b) equivalent harmonic circuit model. 
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Figure 3. Graphical representation of inserting a new non-dominated solution when the external archive is full. 
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Figure 4. Flowchart of the proposed MOABC algorithm. 
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Figure 5. Interpretation of the MMD. 
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Figure 6. Schematic diagram of a system with PPFs and nonlinear loads. 
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Figure 7. Number of non-dominated solutions inserted into the external archive of MOABC and MOPSO. 
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Table 1. Harmonic impedance of PPFs.
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	Type
	     R F   ( h )       
	     X F   ( h )       





	ST
	  R  
	     hX  L  −    X C   h    



	SD
	     R    (    hX  L   )   2     R 2  +    (    hX  L   )   2      
	      R 2    hX  L     R 2  +    (    hX  L   )   2    −    X C   h    



	TD 1
	     R    (    hX  L   )   2     R 2  +    (    hX  L  −    X C   h   )   2      
	      R 2    hX  L  − h  X L    2   X C  +    X L   X C    2   h     R 2  +    (    hX  L  −    X C   h   )   2    −    X C   h    



	CD 2
	     R    (    hX  L  −    X L   h   )   2     R 2  +    (    hX  L  −    X L   h   )   2      
	      R 2   (    hX  L  −    X L   h   )     R 2  +    (    hX  L  −    X L   h   )   2    −    X C   h    







1 In TD PPFs,    X C   = 1  /  (     ω C   2   )     ,   C   1     = C   2   . 2 In CD PPFs,    X C   = 1  /  (     ω C   2   )     ,   C   1   = 1  /  (   ω 1 2  L  )   .
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Table 2. Distributions of harmonic current and voltage without passive power filters.
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Cases

	
Harmonic Orders

	
Current, A

	
Voltage, V

	
IEEE Standard 519




	
Current, A

	
Current, %

	
Voltage, V

	
Voltage, %






	
Case 1

	
1

	
828.37

	
6581.79

	
-

	
-

	
-

	
-




	
2

	
7.02

	
11.18

	
8.28

	
1

	
197.5

	
3




	
3

	
8.64

	
20.63

	
33.1

	
4

	
197.5

	
3




	
4

	
5.92

	
18.85

	
8.28

	
1

	
197.5

	
3




	
5

	
45.8

	
182.3

	
33.1

	
4

	
197.5

	
3




	
7

	
19.0

	
105.9

	
33.1

	
4

	
197.5

	
3




	
11

	
15.4

	
134.9

	
16.6

	
2

	
197.5

	
3




	
13

	
9.4

	
97.28

	
16.6

	
2

	
197.5

	
3




	
THD (%)

	
6.55

	
4.11

	
-

	
5

	
-

	
5




	
Case 2

	
1

	
1558.3

	
6581.79

	
-

	
-

	
-

	
-




	
2

	
19.2

	
30.57

	
15.58

	
1

	
197.5

	
3




	
3

	
36.8

	
87.88

	
62.33

	
4

	
197.5

	
3




	
4

	
5.41

	
17.23

	
15.58

	
1

	
197.5

	
3




	
5

	
98.0

	
390.1

	
62.33

	
4

	
197.5

	
3




	
7

	
18.0

	
100.3

	
62.33

	
4

	
197.5

	
3




	
11

	
13.2

	
124.3

	
31.17

	
2

	
197.5

	
3




	
13

	
12.6

	
130.4

	
31.17

	
2

	
197.5

	
3




	
THD (%)

	
7.04

	
6.86

	
-

	
5

	
-

	
5




	
Case 3

	
1

	
1558.3

	
6581.79

	
-

	
-

	
-

	
-




	
2

	
9.45

	
15.05

	
15.58

	
1

	
197.5

	
3




	
3

	
15.6

	
37.26

	
62.33

	
4

	
197.5

	
3




	
4

	
3.77

	
12.0

	
15.58

	
1

	
197.5

	
3




	
5

	
62.7

	
249.6

	
62.33

	
4

	
197.5

	
3




	
7

	
21.0

	
117.0

	
62.33

	
4

	
197.5

	
3




	
11

	
19.4

	
166.9

	
31.17

	
2

	
197.5

	
3




	
13

	
17.0

	
175.9

	
31.17

	
2

	
197.5

	
3




	
17

	
16.0

	
216.5

	
23.38

	
1.5

	
197.5

	
3




	
19

	
15.5

	
234.4

	
23.38

	
1.5

	
197.5

	
3




	
THD (%)

	
4.92

	
7.42

	
-

	
5

	
-

	
5
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Table 3. Parameters of MOABC and other optimization algorithms.
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	Parameter
	MOABC
	MOPSO
	MOBA





	Number of iterations
	200
	200
	200



	Population size
	20
	20
	20



	Other related parameters
	Trial counter limit,

  L = 4  

Number of employed bees,

  Employzise = 20  

Number of onlookers,

  Onlookersize = 20  

Number of scouts,

  Scoutsize = 20  
	Cognitive parameter,

   c 1  = 2.0  

Social parameter,

   c 2  = 2.0  
	Maximum frequency,

   F  m a x   = 2.0  

Minimum frequency,

   F  m i n   = 2.0  

Constants,

  α = 0.9  γ = 0.9  
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Table 4. Parameters of the proposed MOABC algorithm.
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	Item
	Feasible Ranges of Parameters





	Number of iterations
	200



	Population size
	20



	Number of objectives
	4



	Number of constraints
	22



	Size of external archive
	100



	Number of divisions
	30



	Maximum initial IC
	4000 pu



	R for PPFs
	0.01–100 Ω



	L for PPFs
	0.01–50 mH



	C for PPFs
	0.01–900 μF
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Table 5. Generational distance determined by MOABC and MOPSO (50 running times- 500 iterations).
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Title

	
Generational Distance




	
Best

	
Worst

	
Average

	
Median

	
Std. Dev






	
MOABC

	
0.00000123

	
0.0186

	
0.0001646

	
0.0001193

	
0.000499




	
MOPSO

	
0.00000196

	
0.0258

	
0.0002459

	
0.0001707

	
0.000854
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Table 6. Comparisons of passive-filter design results of MOABC with SA.
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Cases

	
Types of Filters

	
MOABC

	
SA






	
Case 1

(PF = 0.95)

	
Single-tuned    (   F 1   )   

	
    L 1   = 13.75    

	
    L 1   = 15.37    




	
    C 1   = 22.67    

	
    C 1   = 20.27    




	
Single-tuned    (   F 2   )   

	
    L 2   = 17.64    

	
    L   2       = 16.45    




	
    C   2       = 27.62    

	
    C 2   = 29.61    




	
    THD  I     (%)

	
4.70

	
4.79




	
    THD  V     (%)

	
1.29

	
1.30




	
Cost (pu)

	
233.70

	
234.26




	
Case 2

(PF = 0.97)

	
Single-tuned    (   F 1   )   

	
    L 1   = 3.86    

	
    L   1       = 4.32    




	
    C   1       = 80.86    

	
    C 1   = 72.24    




	
C-Type    (   F 2   )   

	
    R 2   = 54.18    

	
    R 2   = 51.84    




	
    L 2   = 8.72    

	
    L 2   = 8.21    




	
    C 2   = 295.79    

	
    C 2   = 302.40    




	
    C *   = 806.90    

	
    C *   = 857.03    




	
    THD  I     (%)

	
4.93

	
4.95




	
    THD  V     (%)

	
1.32

	
1.35




	
Cost (pu)

	
3176.23

	
3280.66




	
Case 3

(PF = 0.97)

	
Single-tuned    (   F 1   )   

	
    L 1   = 3.12    

	
    L 1   = 3.67    




	

	
    C 1   = 100.00    

	
    C 1   = 105.42    




	
3rd-order    (   F 2   )   

	
    R 2   = 18.46    

	
    R 2   = 15.37    




	
    L 2   = 6.76    

	
    L 2   = 4.30    




	
    C 2   = 54.95    

	
    C 2   = 35.68    




	
C-Type    (   F 3   )   

	
    R 3   = 24.5    

	
    R 3   = 40.44    




	
    L 3   = 39.40    

	
    L   3       = 15.25    




	
    C 3   = 209.05    

	
    C 3   = 218.95    




	
    C *   = 178.58    

	
    C *   = 461.39    




	
    THD  I     (%)

	
3.87

	
4.81




	
    THD  V     (%)

	
1.89

	
2.11




	
Cost (pu)

	
1827.38

	
2431.17








In CD PPFs,        C   *   = 1  /  (   ω 1 2  L  )   .
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Table 7. MMD result by merging all the three algorithms: MOABC (1–100), MOPSO (101–200), and MOBA (201–300) for Case 1.






Table 7. MMD result by merging all the three algorithms: MOABC (1–100), MOPSO (101–200), and MOBA (201–300) for Case 1.





	
Type of Filters

	
Sol. No.

	
Parameter

	
Cost

	
THDI

	
THDV

	
PF




	
    L 1    

	
    C 1    

	
    R 2    

	
    L 2    

	
    C 2    

	
    C *    

	
    R 3    

	
    L 3    

	
    C 3    

	
    C *    






	
1

	
07

	
4.13

	
96.13

	

	

	

	

	

	

	

	

	
204.65

	
4.85

	
1.21

	
0.99




	
1

	
35

	
4.54

	
68.70

	

	

	

	

	

	

	

	

	
311.24

	
3.76

	
1.04

	
0.99




	
1

	

	

	

	
16.95

	
28.75

	

	

	

	

	




	
1

	
67

	
7.07

	
44.13

	

	

	

	

	

	

	

	

	
496.85

	
4.23

	
1.13

	
0.99




	
2

	

	

	
51.20

	
10.46

	
50.00

	

	

	

	

	




	
1

	
76

	
8.01

	
38.95

	

	

	

	

	

	

	

	

	
665.61

	
4.41

	
1.18

	
0.98




	
3

	

	

	
48.37

	
12.36

	
47.70
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Table 8. MMD result by merging all the three algorithms: MOABC (1–100), MOPSO (101–200), and MOBA (201–300) for Case 2.






Table 8. MMD result by merging all the three algorithms: MOABC (1–100), MOPSO (101–200), and MOBA (201–300) for Case 2.





	
Type of Filters

	
Sol. No.

	
Parameter

	
Cost

	
THDI

	
THDV

	
PF




	
     L 1     

	
     C 1     

	
     R 2     

	
     L 2     

	
     C 2     

	
     C *     

	
     R 3     

	
     L 3     

	
     C 3     

	
     C *     






	
1

	
33

	
3.45

	
90.35

	

	

	

	

	

	

	

	

	
3461.57

	
4.80

	
1.26

	
0.98




	
4

	

	

	
51.31

	
7.71

	
310.27

	
912.61

	

	

	

	




	
1

	
11

	
2.76

	
113.11

	

	

	

	

	

	

	

	

	
3651.03

	
4.85

	
1.19

	
0.99




	
1

	

	

	

	
24.36

	
20.00

	

	

	

	

	




	
4

	

	

	

	

	

	

	
84.75

	
8.32

	
277.42

	
845.70




	
1

	
48

	
3.51

	
88.76

	

	

	

	

	

	

	

	

	
3917.31

	
4.76

	
1.26

	
0.99




	
2

	

	

	
86.77

	
34.27

	
34.49

	

	

	

	

	




	
4

	

	

	

	

	

	

	
87.85

	
8.85

	
273.56

	
795.05




	
1

	
01

	
3.57

	
87.28

	

	

	

	

	

	

	

	

	
3983.80

	
4.58

	
1.23

	
0.99




	
3

	

	

	
99.91

	
16.86

	
53.82

	

	

	

	

	




	
4

	

	

	

	

	

	

	
81.59

	
9.76

	
260.48

	
720.92
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Table 9. MMD result by merging all the three algorithms: MOABC (1–100), MOPSO (101–200), and MOBA (201–300) for Case 3.






Table 9. MMD result by merging all the three algorithms: MOABC (1–100), MOPSO (101–200), and MOBA (201–300) for Case 3.





	
Type of Filters

	
Sol. No.

	
Parameter

	
Cost

	
THDI

	
THDV

	
PF




	
     L 1     

	
     C 1     

	
     R 2     

	
     L 2     

	
     C 2     

	
     C *     

	
     R 3     

	
     L 3     

	
     C 3     

	
     C *     






	
1

	
46

	
3.23

	
96.51

	

	

	

	

	

	

	

	

	
913.74

	
3.63

	
1.84

	
0.99




	
1

	

	

	

	
10.40

	
46.88

	

	

	

	

	




	
2

	

	

	

	

	

	

	
22.20

	
10.02

	
189.74

	




	
1

	
58

	
3.12

	
100.00

	

	

	

	

	

	

	

	

	
1345.24

	
3.83

	
1.88

	
0.99




	
1

	

	

	

	
8.69

	
56.05

	

	

	

	

	




	
3

	

	

	

	

	

	

	
28.82

	
19.80

	
142.50

	




	
1

	
21

	
3.97

	
78.48

	

	

	

	

	

	

	

	

	
2078.88

	
3.84

	
1.41

	
0.98




	
2

	

	

	
100.0

	
1.46

	
42.69

	

	

	

	

	




	
4

	

	

	

	

	

	

	
24.14

	
50.00

	
274.03

	
140.72




	
1

	
66

	
4.85

	
64.31

	

	

	

	

	

	

	

	

	
1874.34

	
3.99

	
1.63

	
0.99




	
3

	

	

	
25.21

	
2.14

	
59.11

	

	

	

	

	




	
4

	

	

	

	

	

	

	
12.37

	
47.55

	
286.64

	
147.97
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