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Abstract

:

This paper presents an optimal method for optimizing network reconfiguration problems in a power distribution system in order to enhance reliability and reduce power losses. Network reconfiguration can be viewed as an optimization problem involving a set of criteria that must be reduced when adhering to various constraints. The energy not supplied (ENS) during permanent network faults and active power losses are the objective functions that are optimized in this study during the reconfiguration phase. These objectives are expressed mathematically and will be integrated into various optimization algorithms used throughout the study. To begin, a mathematical formulation of the objectives to be optimized, as well as all the constraints that must be met, is proposed. Then, to solve this difficult combinatorial problem, we use the exhaustive approach, genetic algorithm (GA), and particle swarm optimization (PSO) on an IEEE 33-bus electrical distribution network. Finally, a performance evaluation of the proposed approaches is developed. The results show that optimizing the distribution network topology using the PSO approach contributed significantly to improving the reliability, node voltage, line currents, and calculation time.
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1. Introduction


Electrical distribution networks are a critical component of the electrical power system. They are generally denser and more complex than the transportation networks that supply them through transformer stations [1]. Given the ever-increasing complexity of distribution networks, automation of previously manual tasks is becoming increasingly more important. To that end, new tools that aid in the operation of these networks, known as advanced automation functions in the literature, have emerged. The role of these functions is to provide the distribution network operator with the ability to solve network problems as they occur [2]. Furthermore, in order to ensure a secure economically optimal electricity supply, it is important to use distribution network reconfiguration to find the best solutions based on the requirements and constraints defined by the operators.



Distribution network reconfiguration can be defined as the process of altering the topological structures of the distribution network by changing the open/close status of the sectionalizing and tie switches. This process can improve the performance of the system according to different particular objectives and constraints [3].



In recent years, applied researchers have become increasingly interested in finding the optimal distribution network reconfiguration taking into account several objectives. A close literature review indicates that reliability enhancement has always been one of the main objectives [4]. Besides, much attention was focused on other criteria such as active power loss minimization, load balancing. and voltage stability security margin [5,6].



The reliability of an electrical network is described as the ability of the power system to supply consumers uninterruptedly with an adequate quality electricity supply. Some of the methods for reliability enhancement are as follows: adding new devices for protection, utilization of more reliable equipment to avoid contingencies, fast switching and reclosing schemes, accurate precise fault allocation techniques, fast crew to speed up the repair process, and system topology reconfiguration [7].



The reliability of distribution networks has become increasingly important in the deregulated power sector [8,9]. To address these issues, distribution network reconfiguration is regarded as a cost-effective and efficient way to increase system reliability. The reliability index considered to measure the reliability of the distribution network in this work is the energy not supplied (ENS). This index forecasts the amount of energy that will be lost due to failures over a given time period. Based on the accurate estimation of the ENS index, appropriate planning and design initiatives in distribution systems can be implemented to provide consumers with cost-effective and reliable power.



In addition to reliability improvement, active power loss reduction of a power system enhances the delivery of better power quality [10]. There are many measures to reduce active power losses inthe distribution system such as operating at higher voltage levels, installing a distribution generator or capacitor, and network reconfiguration. specifically, network reconfiguration is an effective measure to reduce active power losses because it does not require any additional cost. The objective functions for the network reconfiguration considered in this work are the active power losses and ENS reliability index.



The distribution network topology can be altered by performing the action of opening/closing on the sectionalizing and tie switches. Since the number of switches isrelatively high in a large distribution network, it is almost impossible for the operator to find the best topology without an optimization study. The distribution network reconfiguration problem was first solved by [11]. Since then, many algorithms have been developed for reliability improvement and power loss reduction in distribution networks such as exhaustive search, ant colony optimization, and cuckoo search algorithm [12,13,14,15,16].



The meta-heuristic is generally known as an approach that cansolve network reconfiguration problems. Several meta-heuristic algorithms have been proposed in the literature for solving these problems [17,18]. Comparative studies on various optimization methods show that thegenetic algorithm (GA)and particle swarm optimization (PSO)approaches are the most widely used methods for solving combinatorial problems [19,20,21]. One of the advantages of these algorithms is that the solution of a problem can still be obtained even there is no analytical solution for the problem [22]. Therefore, the emphasis will be placed on the use of GA and PSO algorithms to solve the problem of finding an optimal configuration of a distribution network.



In a distribution network reconfiguration problem, aload flow algorithm is a fundamental tool for analysis, optimization, and planning. It is an important step for each generation of optimization algorithms. In this paper, the new development introduced in the GA and PSO application to the distribution network reconfiguration problem is the proposed load flow algorithm.



Several load flow algorithms specificallydesigned for distribution systems have been proposed in the literature [23]. From those methods, the Gauss implicit matrix method is one of the most commonly used methods; however, this method does not explicitly exploit the radial and weakly meshed network structure of distribution systems. Recent research proposed some new ideas on how to deal with the special topological characteristics of distribution systems [24], but these ideas require new data formats or some data manipulations. To cope with this problem, in this study, a new load-flow method was proposed and introduced in the GA and PSO algorithms for solving the distribution network reconfiguration problem in order to enhance reliability and reduce power losses. The only input data of this algorithm is the conventional bus-branch oriented data used by most utilities. The novelty in this study is to develop a formulation, which takes advantage of the topological characteristics of distribution systems and solves the distribution load flow directly. It means that the time-consuming forward/backward substitution of the Jacobian matrix or the admittance matrix, required in the traditional Newton Raphson and Gauss implicit matrix algorithms, are not necessary in the new development. Two developed matrices, the bus-injection to branch-current matrix and the branch-current to bus-voltage matrix, and a simple matrix multiplication are utilized to obtain load flow solutions.



This paper is organized as follows: Section 2 presents a mathematical simulation of the distribution network reconfiguration problem, as well as all the constraints that must be met and the methods for solving the optimization problem. Section 3 discusses the application of these optimization tools ina distribution network. Section 4 finally draws conclusions on the results of the study.




2. Materials and Methods


This section described the tools and methodology that were used to achieve the results presented in this work.



2.1. Mathematical Formulation of the Distribution Network Reconfiguration Problem


2.1.1. Generalities


We first define a criterion optimization problem, also known as an objective function, as part of the research study. The latter can be subject to a set of constraints. A mono-objective optimization problem is commonly expressed mathematically as follows [22]:


      O p t i m i z e     F  x          Under   the   constraints :         g  x  = 0       h  x  ≤ 0        x i  m i n   ≤ x ≤  x i  m a x               x =    x 1  ,  x 2  , … ,  x n         



(1)




where     F  x    is the mono-objective function to be optimized,  x  is the vector of n variables representing the parameters of the problem to be optimized,   g  x    and   h  x    are, respectively, the set of constraints of equality and inequality, and    x i  m i n     and    x i  m a x     are the domain of constraints.




2.1.2. Formulation of the Objectives Function for the Reconfiguration Problem


The goal of this study is to find the best distribution network reconfiguration that reduces both the ENS index and the active power losses while maintaining a set of constraints. The objectives of the optimization problem are detailed as follows.



	
Energy not supplied criterion






The reliability of distribution networks has become increasingly important in the deregulated power sector. To address these issues, distribution network reconfiguration is regarded as a cost-effective and efficient way to increase system reliability. The ENS index is used in distribution system planning studies to refer to customer interrupted electricity. The majority of customer interruptions are caused by distribution system component failures. The ENS index forecasts the amount of energy that will be lost due to failures over a given time period. Based on the accurate estimation of the ENS index, appropriate planning and design initiatives in distribution systems can be implemented to provide consumers with cost-effective and reliable power. The ENS is one of the most significant reliability indices that must be included in the distribution network reconfiguration formulation in order to enhance reliability. This study aims to find a radial operating structure that minimizes the ENS while satisfying operational constraints in order to increase customer reliability worth.



We used Equation (2) [25] to calculate the total reliability index ENS, which assesses the quality of supply of all customers.


   f  o b j e c t i f 1   = E N S =   ∑   j = 2    N c    E N  S j  =   ∑   j = 2    N c     P j  ×   ∑       i = 1       i ≠ j        n b     λ  i j   ×  l  i j   ×  t  i j    



(2)




where




	
   P j    is the active power of the unpowered load point j [kW], and    n b    is the number of radial configuration branches.



	
   N c    is the total number of consumers.



	
   λ  i j    ,    l  i j    , and    t  i j     are, respectively, the failure rate [fault/km. year], length [km], and the repair and commissioning time of the line (i, j) [h/fault].








The minimization of the ENS criterion contributes to the maximization of the reliability of various configurations. Therefore, the configuration with the lowest index is the most reliable.



	
Active power losses criterion






The distribution networks constitute the majority of the electric power system. This results in a large amount of active power loss. To this end, this criterion cannot be ignored in the distribution network planning problem. Reducing this objective culminates in an optimal distribution network reconfiguration. The mathematical formulation of this problem can be represented as [22]


   f  o b j e c t i f 2   =   ∑   i = 1  N    ∑   j = i + 1  N   R  i j   ×  I  i j     2   



(3)




where N is the total number of nodes,    R  i j     is the resistance of the line (i,j), and    I  i j     is the electrical current flowing through the line (i,j).



It was important to determine the voltage magnitude and phase angle of each node in order to obtain an accurate expression for the system power losses. Therefore, a load-flow calculation was required. In this context, a new load-flow method for radial distribution networks is proposed.




2.1.3. Formulation of Constraints


The various constraints related to the voltages of the network nodes and to the transits of the currents in the lines are called security constraints.



	
Voltage constraints






The voltage constraint is expressed in an optimization algorithm in the following manner [25]:


   V i  m i n   ≤  V i  ≤  V i  m a x    



(4)




where




	
   V i    is the voltage at node ‘i’ of the network.



	
   V i  m i n    : minimum voltage, −10% of nominal voltage (1 pu).



	
   V i  m a x    : maximum voltage, +10% of nominal voltage (1 pu).








	
Currents constraints






In addition to the voltage constraints, the currents transmitted through the branches require special attention from distribution network operators. These currents must not exceed the steady-state thresholds. This constraint can be expressed mathematically (5) [25]:


   I  ij   ≤  I  ij   max _ adm    



(5)




where        I    ij     represents the electrical current transited in a branch (i, j), and    I  ij   max _ adm     represents the maximum current in the branch (i, j). These currents were calculated for each topology using the load-flow program [25].



	
Topological constraints






When looking for a topology that meets the aforementioned criteria, a set of topology constraints must be observed in addition to security constraints. The desired radial topology must be equivalent to a spanning tree that models the general structure of a network when topology constraints are translated into a graph theory. To ensure compliance with these constraints, it is mandatory that this spanning tree must adhere to the following:



	
Contain (N − 1) edges, where N is the total number of vertices in the graph;



	
Include all the graph’s vertices (we must then ensure that the graph is connected);



	
Be characterized by the absence of loops






The topological constraints are given by (6) and (7)


  N  b    c l o s e d   l i n e s   = N − 1  



(6)






  ∀  x i  ,  x j  ∈ N , ∃    C i  ∪  C j    ,   l e t     ∏  k n  Z  i k  .   ∏  k n  Z  j k  = 1    



(7)








	
  N  b    c l o s e d   l i n e s    : number of closed network branches.



	
N: total number of nodes.



	
   C i  ∪  C j   : unique path connecting node i and node j.



	
  Z  i  k ,   ,   Z  j k   : topological states (0/1) of the n branches that constitute the path    C i  ∪  C j   .



	
 k : index of the branches that constitute the path.










2.2. Proposed Load-Flow Approach


In this study, the proposed load flow algorithm uses the distribution network tree to determine the direction of the currents flowing through different branches and then calculates their values as well as the various node voltage profiles. The load flow algorithm is based on two matrices derived from the network topology: the bus injection branch current (BIBC) matrix and the branch current bus voltage (BCBV) matrix. A flowchart of the proposed load flow is shown in Figure 1. For the proposed load-flow method, each node is supplied by a unique source node; however, a source node can supply more than one bus. Initially, the node voltages were considered equal to the unity, with the exception of the source bus voltage, which was assumed to be equal to its nominal value. Moreover, it was assumed that the shunt capacitances were negligible.




2.3. Methods for Solving the Optimization Problem


In this study, three methods are used to solve the distribution network reconfiguration problem: the exhaustive approach, GA approach, and PSO approach.



2.3.1. Exhaustive Approach


The exhaustive approach entails explicitly enumerating all possible configurations, evaluating them, and finally identifying the one that best satisfies the criterion to be minimized [17]. In this study, we considered this exhaustive approach in order to compare the different results obtained by other solving techniques.



To find the optimal configuration, the set of solutions can be determined by considering the two possible states of each maneuverable line. As mentioned earlier, the total number of solutions is    2 M   , where M represents the number of maneuverable branches. We then calculated the combinations of the total number of operable lines and the total number of closed branches. The number of solutions given by the combinatorial formula (5) represents the maximum number of solutions that a search algorithm can explore.


  N  b  s o  l  p o s s i b l e s     =  ∁ M  M − N    



(8)




where M is the number of branches that can be operated and N is the number of branches to be opened.



The flowchart shown in Figure 2 provides a basic illustration of the exhaustive approach.




2.3.2. GA Approach


The developed optimization algorithm for distribution network reconfiguration in this section is based on the GA method. The basic principle of GA is to evolve a population of individuals using genetic operators (selection, crossover, and mutation) [26]. During each generation procedure, these operators are applied to each person to generate a new evolved population from the previous one. In GA, each person is represented by a single chromosome. According to graph theory, this chromosome corresponds to a radial distribution network configuration or a spanning tree of a given graph. The group of chromosomes is referred to as the population. In GA implementation, an initial population of individuals is randomly generated as a first step. Then, each chromosome is encoded. In this study, the network topology is represented by only considering closed branches. A real coding strategy, in which each gene corresponds to an edge of the spanning tree, was used. Following that, each person was evaluated. Three genetic operations are used to accomplish the proposed GA: crossover, mutation, and selection. A total of two crossover points were considered. These points were randomly selected and they split the chromosome into three segments. The second segments from two identified chromosomes were switched in the crossover operation. In this study, the crossover rate is 0.9. The mutation rate is set to be 0.01 to prevent a local optimum. The tournament approach is used for selecting the individuals. The flowchart of the GA approach is presented in Figure 3.




2.3.3. PSO Approach


In PSO, each particle’s coordinates represent a possible solution that is associated with two vectors, the position (   x i   ) and velocity (   v i   ) vectors [27,28]. The size of vectors    x i    and    v i    is equal to the number of particles. A swarm consists of a number of particles or “possible solutions” that proceed (fly) through the feasible solution space to explore optimal solutions. Each particle’s position is updated based on its own best exploration, overall swarm experience, and previous velocity vector. The update rules with inertial weight for particle i at iteration k + 1 are given by (9) and (10).


   v i  k + 1   = w  v i k  +  c 1   r 1     p i k  −  x i k    +  c 2   r 2     g i k  −  x i k     



(9)






   x i  k + 1   =  x i k  +  v i  k + 1    



(10)




where    v i k  ,  x i k      are the velocity and position of particle i, respectively; w is the inertia weight; c1 and c2 are the acceleration coefficients; r1 and r2 are two random numbers between 0 and 1;    p i k    is the best position found so far for the ith particle,    g i k      is the best position found so far by the entire swarm. Figure 4 shows the flowchart of the PSO approach.






3. Simulation Results


The distribution network reconfiguration problem had two objectives: the first was to minimize the ENS, and the second was to optimize the reduction of active power losses.



3.1. IEEE 33-Bus Test System


Figure 5 depicts the IEEE 33-bus distribution network used in this analysis. It is made up of 33 nodes and 37 branches. The distribution network data (line data, bus data) are available in [25]. Initially, the open branches (OB) were as follows [33-34-35-36-37]. The ENS and active power losses for the initial configuration were 7.0980 kWh/year and 202.6774 kW, respectively. The MATLAB environment was used to program the proposed load flow and implement the proposed optimization approaches.




3.2. Minimization of the ENS Criterion


In this section, for the ENS criterion, the optimal topology for the IEEE 33-bus test network is obtained using the exhaustive approach, GA, and PSO algorithms. Based on the combinatorial formula, the number of solutions to explore in this case is equal to     Nb   sol   = 435.897    solutions   . There are a total of 50,751 radial configurations for this distribution network. Subsequently, using the proposed load-flow program, each of these configurations must be evaluated against the optimization criterion while adhering to all safety constraints.



Table 1 summarizes the characteristics of the three methods developed to solve the mono-objective optimization problem infindingan optimal configuration for the IEEE 33-bus test system. The PSO approach appears to be the most efficient. In comparison to the AG and exhaustive research, it requires less computational effort.



The optimal network configuration obtained for the minimization of the ENS criterion is shown in Figure 6. The open branches in this case are [7-9-14-16-27]. The ENS in this radial structure is 4.7304 kWh/year, which is 66.64% less than the initial topology (7.0980 kWh/year).



A good voltage profile with regard to the initial topology was obtained by maximizing the reliability (Figure 7). The voltages are as close to the nominal voltage (1 pu) as possible. As a result, voltage profiles were improved in all network nodes. It is also evident that the security constraints are observed.



In terms of the transited current restriction, we can observe from Figure 8 that all currents passing through the distribution lines were within their allowable limits. We also observed that the profile of the currents per branch was generally lower after the reconfiguration process.



Figure 9 shows the GA and PSO convergence characteristics of ENS for the IEEE 33-bus test system. From this figure, it is evident that the PSO algorithm outperforms the other algorithms in terms of speed to reach the optimal solution. The difference in terms of iterations in achieving an optimal solution was 25 iterations. Both algorithms achieved an optimal solution. However, compared to GA, the PSO approach appears to be more appealing due to its lower computational effort. This is demonstrated by the fact that, unlike the GA, we do not need to replicate the constraint validation test at each iteration. Therefore, this approach is considered one of the fastest techniques for solving distribution network optimization problems.




3.3. Minimization of the Active Losses Criterion


Relying on the load-flow method proposed in this study, the calculation of the active power losses in each branch was achieved. In this case, the ultimate aim was to reduce the power losses by applying the proposed approaches.



The results presented in Table 2 show that the active power losses decreased by 63.1258 kW compared to the base case value of 202.6774 kW. The percentage reduction was 31.15% compared with the initial topology presented in Figure 5. The open branches are 7-9-14-32-37 as indicated in Figure 10.



The simulation results show that, for the IEEE 33-bus test system, all methods have found the optimal network configuration with minimum power loss. However, the number of runs reaching out to the optimal configuration of PSO is superior to the remaining methods. Specifically, the success rate, which is defined as a result obtained in percent by dividing the number of runs finding out the optimal configuration by the total of runs, of PSO is 85% while this value of GA and exhaustive approaches are 61 and 8%. Figure 11 shows the comparisons of the successful rate of the proposed methods for IEEE 33-bus test system.



The evolution of the active power losses during the searching process using the GA and PSO algorithms for the test distribution system is shown in Figure 12. The difference in terms of iterations in achieving an optimal solution was 14 iterations. Although GA is superior to the exhaustive approach, it is still inferior to PSO in terms of speed to reach the optimal solution. In addition, this method can solve, in a satisfactory manner the problem of finding the optimal configuration for a large network in a reasonable time.



The PSO-based reconfiguration solution proposed in this paper provides significant improvements in active power losses and reliability of the IEEE 33-bus distribution network. Indeed, the PSO approach is a population-based evolutionary technique that has many key advantages over other optimization techniques. First, it is a derivative-free algorithm, unlike many conventional techniques. Second, it has the flexibility to be integrated with other techniques to form a hybrid tool such as a load flow algorithm. Then, it has fewerparameters to adjust, unlike many other competing evolutionary techniques. It also has the ability to escape from local minima. Finally, it does not require a good initial solution to start its iteration process.





4. Conclusions


In this paper, the network reconfiguration problem has been considered for reliability enhancement and active power loss reduction. To enhance the efficiency of the metaheuristic algorithms for the network reconfiguration problem, an effective method is proposed. The idea of this method is to develop a formulation, which takes advantage of the topological characteristics of distribution systems and solves the distribution load flow directly. The objective functions for the network reconfiguration considered in this work are the active power losses and ENS index. The constraints considered in this study are security and topology constraints. Optimizing the considered objective functions allows us to deal with mono-objective optimization problems. In this context, exhaustive, GA, and PSO approaches to distribution reconfiguration are proposed. The results show that PSO is superior to exhaustive and GA approaches in terms of the success rate for finding the optimal network configuration and the number of convergence iterations. The voltage and current profiles obtained from simulation results show that all the node voltage amplitudes and the current of branches have been changed more positively than before reconfiguration. The result comparison indicated that the proposedPSO approach provides faster convergence than the exhaustive approach and GA, as shown by the convergence graph in Figure 9 and Figure 12. The performance of the proposed PSO approach is better and more appropriate for practical applications in power system reconfiguration.
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Figure 1. Flowchart of the proposed load flow. 
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Figure 2. Flowchart of the exhaustive approach. 






Figure 2. Flowchart of the exhaustive approach.



[image: Applsci 11 03092 g002]







[image: Applsci 11 03092 g003 550] 





Figure 3. Flowchart of the genetic algorithm (GA)approach. 
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Figure 4. Flowchart of the particle swarm optimization (PSO) approach. 
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Figure 5. IEEE 33-bus test system. 
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Figure 6. Optimal configuration for the minimization of the ENS criterion (open branches: 7-9-14-16-27). 
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Figure 7. Voltage profiles for the minimization of the ENS criterion (before and after reconfiguration)). 
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Figure 8. Currents profiles for the minimization of the ENS criterion (before and after reconfiguration)). 
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Figure 9. GA and PSO convergence characteristic for the minimization of the ENS criterion. 
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Figure 10. Optimal configuration for the minimization of the active power losses criterion (open branches: 7-9-14-32-37). 
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Figure 11. The comparison of the successful rate of the proposed methods for IEEE 33-bus test system. 
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Figure 12. GA and PSO convergence characteristic for the minimization of the active power losses criterion. 
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Table 1. Comparison between the proposed approaches for the minimization of the energy not supplied (ENS)criterion.
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	Optimal Configuration

(Open Branches)
	ENS

(kWh/an)
	Calculation Time (s)





	Exhaustive approach
	7-9-14-16-27
	4.7304
	1.296 × 10−4



	GA
	7-9-14-16-27
	4.7304
	335.14



	PSO
	7-9-14-16-27
	4.7304
	150.36
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Table 2. Comparison between the proposed approaches for the minimization of the active power losses.
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	Optimal Configuration

(Open Branches)
	Success Rate (%)
	Active Power Losses

(kW)
	Calculation Time (s)





	Exhaustive approach
	7-9-14-32-37
	82
	139.5516
	1.123 × 10+6



	GA
	7-9-14-32-37
	61
	139.5516
	328.63



	PSO
	7-9-14-32-37
	8
	139.5516
	120.25
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