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Abstract

:

This paper addresses the problem of Distribution Systems Reconfiguration (DSR), which consists of finding the state of switching devices (open or closed) in a given distribution network, aiming to minimize active power loses. DSR is modeled as a mixed-integer non-linear optimization problem, in which the integer variables represent the state of the switches, and the continuous variables represent the power flowing through the branches. Given the multi-modal and non-convex nature of the problem, an improved harmony search (IHS) algorithm is proposed to solve the DSR problem. The main novelty of this approach is the inclusion of a Path Relinking phase which accelerates convergence of the DSR problem. Several tests were carried out in four benchmark distribution systems, evidencing the effectiveness and applicability of the proposed approach.
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1. Introduction


Distribution systems play a key role in the electricity supply chain. Their main purpose consist on meeting the customer’s demand after receiving the bulk electrical energy from a transmission or sub-transmission substation. To reduce operation costs and facilitate the coordination of protections, distribution systems are usually built in a mesh way, but operate radially [1,2]. Such constructive characteristic also facilitates solving restoration and reconfiguration problems [3]. Given its importance, distribution network operators must be attentive to new tools and procedures that allow them to improve the quality and efficiency of supply [4]. Minimizing active power losses is one of the ways to improve the efficiency of distribution systems. Different ways of minimizing active power losses in distribution networks are reported in the specialized literature. These include the repowering of conductors [5], location of new elements such as distributed generation (DG) [6,7] and network reconfiguration [8,9]. The latter consists of opening and closing switches, keeping the radial topology of the network with the main objectives of loss reduction and voltage improvement.



Distribution systems reconfiguration (DSR) is a large-scale, non-convex optimization problem whose solution is a challenging task. Several researchers have proposed different approaches to solve the DSR problem, among which metaheuristic techniques stand up. In [10], the  DSR is formulated as a mixed integer programming problem for loss minimization and solved through a genetic algorithm (GA). The authors also included a penalty for voltage drop violations. In [11,12], the DSR problem is solved by means of a simulated annealing (SA) technique. Although this algorithm is efficient, its implementation is limited to small-scale test systems.



In [13], a binary integer programming method of feeder reconfiguration is presented for loss minimization in distribution systems. Within this methodology, it is taken into account the fact that the composition of loads in every feeder may be different, and their loading patterns may also vary with time; nonetheless, presenting power losses in this way is complicated for medium and large-sized distribution systems. To overcome this issue, the authors in [14] proposed a network partitioning theory able to achieve online distribution system reconfiguration for loss reduction. In this case, the distribution network is split into several groups of buses and the power losses between these groups are minimized.



In [15], the authors propose a non-linear heuristic constructive method for distribution system reconfiguration. In this case, the configuration with the smallest discrete increase in active power losses is selected by picking up and adding loads as incremental steps. The authors of [16] introduced a new approach to solve the DSR problem. In this case, the standard Newton method with second derivatives was used to compute branch currents; in addition, the increase in power losses of each branch was estimated through quadratic terms of the branch current. This approach turned out to be effective for real-size distribution systems. In order to reduce the computing time and number of power flows evaluated, the authors in [17] modeled the DSR as an optimal power flow problem through sensitivity analysis.



Radiality constraints have always posed a major challenge when modeling distribution system optimization problems. In [18], the authors proposed a new way to include radiality constraints in the DSR problem. Such constraints are considered in a simple and efficient way through a proper handling of transfer nodes (nodes without load). Nonetheless, this strategy increases computation time. In [19], distribution systems are modeled as planar graphs and their radiality constraints are considered as a spanning tree optimization problem using graph theory. This formulation allows for the reduction of the reconfiguration time of planar networks; nonetheless, it cannot be applied to non-planar distribution systems.



Taylor and Hover [20] proposed second-order cone programming models for distribution system reconfiguration and present quadratically constrained and second-order cone approximations to power flow in radial networks. These type of models guarantee convexity but require high computational resources; therefore, they are limited to small and medium-size distribution systems. To overcome this issue, the authors in [21] proposed a mixed-integer linear programming model for finding the tree of minimum active power losses. Nonetheless, this methodology depends on a set of parameters that must be tuned for each specific system. In addition, according to [8], the approximations implemented may degrade the performance of the model when solving highly non-linear combinatory problems.



In [22], a mixed integer linear programming (MILP) model is proposed to solve the DSR problem considering load variations and uncertainty; nonetheless, the piecewise linear approximations implemented in the model reduce the accuracy of solution and limit the application to small-scale distribution systems. In [23], the authors include demand response (DR) in the reconfiguration problem not only to reduce power losses but also to increase network reliability. Following a similar approach, the authors in [24] propose a dynamic DSR approach also considering battery energy storage systems and renewable resources; nonetheless, the application is carried out from the standpoint of the distribution system operator and is also limited to small and medium-size distribution systems. In [25], an Improved Harmony Search (IHS) algorithm is developed to solve the DSR problem. The authors also present an effective system impedance matrix based process to detect isolated nodes as a strategy to meet the radiality constraint.



There are several limitations related to all metaheuristic techniques: (i) global optimal solutions are not guaranteed, (ii) several parameters must be fine-tuned for the proper performance of the metaheuristic and (iii) they usually imply high computational cost. In this paper, we deal with this last issue. This paper presents an efficient way of solving the DSR problem by means of an IHS algorithm. The main contribution of this paper is the improvement of the algorithm presented in [25]. In the proposed approach, a Path Relinking phase is added which accelerates the convergence of the algorithm. The tests carried out in several benchmark distribution systems allow for the conclusion that the proposed methodology is an effective way of approaching the DSR problem in medium-sized and large distribution systems. Finally, it is worth mentioning that the performance improvement of the HS algorithm implemented in this paper can be extrapolated to other applications different from the DSR problem.




2. Reconfiguration in Distribution Systems


The DSR problem presents high mathematical complexity. This is due to the fact that it involves binary and continuous decision variables along with non-linear constraints and objective function. Furthermore, a normal operative condition must be guaranteed when solving the DSR problem, which is verified by solving the system power flow.



Basically, the traditional DSR study seeks to find an optimal topology that generates the lowest possible losses in the system under study. The system topologies are generated by opening/closing the disconnecting switches present in the system branches. The DSR problem does not involve the installation of new equipment or new power generation. The only costs of the DNR are the ones associated with opening or closing switches, which are negligible. Within the mathematical optimization models reported in the technical literature to solve the DSR problem, the model proposed in [18] stands out. The proposed mathematical formulation is given by Equations (1)–(7).


     min   P  l o s s   t o t a l       =  ∑   ( i , j )  ∈  Ω l      α  i j    g  i j    (  V  i  2  +  V  j  2  − 2  V i   V j  c o s  θ  i j   )       



(1)




subject to:


         P  S i   −  P  D i   −  ∑  i ∈  Ω b     α  i j    P  i j   = 0 ;    ∀ i ∈  Ω b      



(2)






         Q  S i   −  Q  D i   −  ∑  i ∈  Ω b     α  i j    Q  i j   = 0 ;    ∀ i ∈  Ω b      



(3)






         V  m i n   ≤  V i  ≤  V  m a x   ;    ∀ i ∈  Ω b      



(4)






         x  i j     I  R  e  i j    2  +  I  I  m  i j    2   ≤  I  m a  x  i j    2  ;    ∀  ( i j )  ∈  Ω l      



(5)






         ∑   ( i j )  ∈  Ω l     α  i j   =  (  n b  − 1 )      



(6)






         α  i j   ∈  0 , 1  ;    ∀  ( i j )  ∈  Ω l      



(7)







Equation (1) represents the objective function, which is the minimization of the total active power losses of the distribution system. In this case,   Ω l   is the set of system branches,   α  i j    is a binary variable that indicates if the switch of the corresponding branch   i j   is open (zero) or closed (one),   g  i j    is the line conductance and   V i   and   V j   are the voltage magnitudes at nodes i and j, respectively. Finally,   θ  i j    is the difference of the voltage angles between nodes i and j.



The constraint given by Equation (2) represents the active power balance in the nodes of the distribution system.   P  S i    and   P  D i    represent the active power generated and demanded at node i, respectively; while   P  i j    is the active power flow from node i to node j. Note that the power flow is multiplied by the binary variable that indicates whether the corresponding switch of the branch is open or closed. Equation (3) represents the reactive power balance which is analogous to the aforementioned constraint regarding active power. In this case,   Q  S i    and   Q  D i    represent the reactive power generated and demanded at node i, respectively; while   Q  i j    is the active power flow from node i to node j. Note that this variable is also multiplied by   α  i j    to indicate whether or not there is reactive power flow in branch   i j  .



Equation (4) represents the limits of voltage magnitudes, where   V  m i n    and   V  m a x    indicate the minimum and maximum limits of   V i  , respectively. Constraint given by (5) represents the maximum current capacity of branch   i j  . In this case,   x  i j    is the reactance of branch   i j  ,   I  R  e  i j      and   I  I  m  i j      are the real and imaginary components of the current in branch   i j  , respectively and   I  m a  x  i j      is the maximum current allowed in branch   i j  . Equation (6) corresponds to the basic radiality constraint of the distribution system where   n b   represents the number of nodes. Finally, (7) is the declaration of the binary variable   α  i j    associated with the state of the switch (open/closed) in branch   i j  .



For the solution of the DSR problem, the constraint given by Equation (6) alone is not enough to ensure the radiality of the network under study, in the sense that a configuration may present islanding (nodes electrically disconnected from the rest of the network) even when meeting condition (6). For this reason, it is necessary to complement the verification of constraint (6) with the use of methods for detecting islanding, which are usually based on graph theory. In this work, we used the method proposed in [25] to test the radiality of each new configuration obtained in the process of finding the optimal solution of the DSR problem.




3. Implemented Algorithms


Three algorithms were implemented to solve the DSR problem, namely: Harmony Search, Improved Harmony Search and Improved Harmony Search with Path Relinking. It is worth mentioning that all metaheuristic techniques, these included, present certain drawbacks such as the fact of not guaranteeing global optimal solutions, the  fine-tuning of several parameters and high computational cost. The contribution of this paper is focused on this last issue. The implemented algorithms are described below.



3.1. Harmony Search (HS)


The Harmony Search (HS) optimization method, proposed in [26], is inspired by the improvisation and memorization process of musical groups, in which each decision variable of the optimization problem is equivalent to a musical instrument, while the fitness or objective function corresponds to the appreciation of the listeners. An iteration of the solution process is analogous to the improvisation of musicians in the search for new harmonies, and the optimal solution of the problem corresponds to the perfect harmony achieved. HS algorithm presents five main control parameters: Harmony Memory Size (HMS), which determines the amount of solutions stored in memory; Harmony Memory Consideration Rate (HMCR), which defines the probability of creating a new solution based on those stored in memory; Pitch Adjustment Rate (PAR), that acts as a perturbation mechanism; BandWidth (BW) which determines the adjustment range of the value of each decision variable (in the case of continuous variables); and Number of Improvisations (K), which acts as a stopping condition for the iterative process.



Infeasible solutions obtained during the iterative process of the HS algorithm are discarded. The set of best feasible solutions is stored in a matrix called Harmony Memory (HM). Equation (8) exemplifies the HM matrix for an optimization problem with N decision variables    x i  ∈  X i  , i = 1 , … , N   where   X i   corresponds to the range of possible values for each variable   x i  . In the HM matrix, each column refers to the value of the i-th decision variable of the problem and each row corresponds to the vector of the j-th solution   x j   with objective function value   f (  x j  ) ,   j   =   1 , … ,   H M S  .


  HM =      x  1  1    ⋯    x  i  1    ⋯    x  N  1     f   x 1        ⋮   ⋱   ⋮   ⋮   ⋮   ⋮      x  1  j    ⋯    x  i  j    ⋯    x  N  j     f   x j        ⋮   ⋮   ⋮   ⋱   ⋮   ⋮      x  1   HMS      ⋯    x  i   HMS      ⋯    x  N   HMS       f   x  HMS           



(8)







HS algorithm starts by initializing the general control parameters (HMS, HMCR, PAR, BW and K) and the initial randomly generated HM matrix. At each iteration of the HS algorithm, a new solution vector    x  n e w   =  (  x 1  n e w   , … ,  x i  n e w   , … ,  x N  n e w   )    is obtained based on three rules: memory consideration, pitch adjustment and random selection. Algorithm 1 shows the search mechanism for new solutions, where rand1 and rand2 are random numbers of uniform distribution between 0 and 1. For each new solution   x  n e w    that meets the constraints of the problem (feasibility analysis), the value of the objective function or fitness criterion is calculated and, if the new solution is better than the worst fitness solution stored in the HM matrix, the new solution enters the set of solutions of the HM matrix in place of the worst solution. The process is repeated until the adopted number of improvisations K is reached and the solution that presents the best objective function or fitness criterion is chosen as the optimal solution of the optimization problem.



	Algorithm 1: HS search process for new solutions.



	  1for   i ← 1 to N do   

  2     if   (  r a n  d 1  < H M C R  ) then   (memory consideration)

  3          x i  n e w   ←  x i  ∈ [  x i 1  ,  x i 2  ,...,  x i  H M S   ]   T   (random selection)

  4        if   (  r a n  d 2  < P A R  ) then   (pitch adjustment)

  5             x i  n e w   ←   x  ( i + c )   , c ∈  [ − 1 , 1 ]    (discrete variable)

  6             x i  n e w   ←   x i  ± b w × r a n  d 2    (continuous variable)

  7       end if   

  8     else   (no memory consideration)

  9          x i  n e w   ←  x i  ∈  X i   (random selection)

10     end if   

11 end for   









3.2. Improved Harmony Search (IHS)


As discussed in [25], applying HS to the DSR problem may require too many iterations when the search space is too large (typically, large networks), such that the HS algorithm may get stuck momentarily in local minima or even fail to find the global minimum. To overcome these difficulties, improvements in the solution finding process of the HS algorithm were proposed in the literature. In [27], a dynamic modification of the PAR and BW parameters in each iteration is proposed, as a way to mitigate the difficulty of the basic version of HS in obtaining optimal solutions as a result of the parameters remaining fixed throughout the improvisation process. In [28], a modification of the pitch tuning process is proposed, where the value of PAR is dynamically adjusted based on a range of values and the maximum number of improvisations.



In [29], an alternative version of HS entitled Improved Harmony Search (IHS) is presented, applied to the discrete-time chaotic system synchronization problem. The authors propose the variation of PAR based on Equations (9) and (10) at each iteration i.


  P A R  ( i )  = P A  R min  +  P A  R max  − P A  R min   × degree  



(9)






  degree =     F max   ( i )  − mean  ( F )     ÷     F max   ( i )  −  F min   ( i )    



(10)







In this case,   P A  R min    and   P A  R max    represent the smallest and largest value assigned to the PAR fit, respectively,    F min   ( i )    and    F max   ( i )    correspond to the smallest and largest objective or fitness function value stored in the HM matrix, respectively, and   m e a n ( F )   is the average value of all the objective or fitness functions stored in the HM. As shown by Equations (9) and (10), the adaptive nature of PAR is attributed to the degree variable, which depends only on data from the HM memory matrix for its adjustment to each improvisation/iteration of the algorithm. Algorithm 2 presents the implementation of the IHS metaheuristic for discrete decision variables.



	Algorithm 2: IHS search process for new solutions.



	  1for   i ← 1 to K do

  2     g r a d  e 1  ← C a l c  ( m i n  ( f i t n e s s  ( H M )  )  , m a x  ( f i t n e s s  ( H M )  )  , a v e r a g e  ( f i t n e s s  ( H M )  )  )   

  3       P A  R i   ←  C a l c ( P A  R  m i n   , P A  R  m a x   , g r a d  e i  )  

  4     if     r a n  d 1  < H M C R   then   (memory consideration)

  5          x i  n e w   ←  x i  ∈ [  x i 1  ,  x i 2  ,...,  x i  H M S   ]   T   (random selection)

  6        if     r a n  d 2  < P A R   then   (pitch adjustment)

  7             x i  n e w   ←   x  ( i + c )   , c ∈  [ − 1 , 1 ]   

  8        end if   

  9     else   (no memory consideration)

10          x i  n e w   ←  x i  ∈  X i   (random selection)

11     end if   

12 end for   









3.3. Path Relinking


In [25], the IHS algorithm is applied to the DSR problem, where a higher convergence speed compared to the basic HS is verified by the authors of the paper. This work aims to propose an improvement of the IHS algorithm with the introduction of the search mechanism known as Path Relinking.



Path Relinking is a generalization of the application of Scatter Search. This search method has two principles: (1) the capture of information contained separately in original vectors and (2) the heuristic selection of elements that need to be recombined to generate new vectors of individuals. According to [30], Path Relinking is an evolutionary method that operates with a population of solutions rather than a single solution, which allows the combination of pre-existing solutions, generating new solutions by exploring paths that can connect to high-quality solutions. The sweeping flow method under study is as follows: it starts by choosing an initial solution, calculating the symmetric difference between the two solutions. By definition, the symmetric difference is the cardinality of the set of moves required to go from the initial solution to the target solution. The closure of the process occurs when the symmetric difference between the target solution and the final solution is less than or equal to zero.



Figure 1 illustrates the basic steps performed by Path Relinking for the network reconfiguration problem. The algorithm starts by randomly selecting a predefined number of solutions stored in the HM, then the necessary moves are calculated to reach the target solution from these initial solutions, which corresponds to the best solution obtained so far by the algorithm. Then, the algorithm selects the movement that provides the best objective function (highlighted line), and from there the procedure is repeated until the initial solution is equal to or better than the target solution.



As presented in [31], several alternatives can be considered and combined in Path Relinking implementations:




	
Periodical relinking: the mechanism is not applied continuously but periodically (i.e., every predefined number of iterations of the main algorithm).



	
Forward relinking: the mechanism is applied using the worst one between   x s   and   x t   as the initial solution and the other one as the target solution.



	
Backward relinking: the mechanism is applied using the best one between   x s   and   x t   as the initial solution and the other one as the target solution.



	
Back and forward relinking: two different trajectories are explored, the first one using   x s   as the initial solution and the second one using   x t   for this condition.



	
Mixed relinking: two paths are explored concurrently, the first one starting from   x s   and the second from   x t  , until they meet at an intermediate solution equidistant from   x s   and   x t  .



	
Randomized relinking: instead of selecting the best movement, one is randomly selected from a list of candidates with the most favorable movements on the path being investigated.



	
Truncated relinking: the total trajectory between   x s   and   x t   is not explored but only part of it.








In this work, the alternatives Backward relinking, Periodical relinking, Randomized relinking and Truncated relinking are implemented simultaneously. Path Relinking is carried out within the IHS algorithm with the intention of performing a perturbation in the HM matrix and thus accelerating the process of finding better solutions. For each test system, a different frequency (called PR rate) is defined for the execution of Path Relinking, corresponding to a fixed number of iterations of the IHS algorithm that are executed before applying the Path Relinking process. For the initial solutions, 25% of the best solutions are stored in the current HM matrix and the current best solution is selected as the target solution. If the solution found in the local search has a better objective function than the worst solution stored in the HM, it will replace that solution in the HM. The search process continues until a new solution better than the target solution is found. If it is not found, the process is terminated after performing a predefined number of iterations (in this work, it is set at 5% of the maximum number of iterations of the IHS algorithm). Algorithm 3 describes the implemented Path Relinking mechanism.



	Algorithm 3: Path Relinking search process for new solutions.



	  1Input:   starting solution   x s   and target solution   x t  

  2 Output:   best solution   x b   in path from   x s   to   x t  

  3 while   Δ (  x i  ,  x t  ) > 0  : difference between   x i   and   x t  

  4        x i  ← r a n d  (  x s  )   

  5     if   Δ (  x i  ,  x t  ) < 0  : difference between   x i   and   x t  

  6           x  H M S   ←  x i    (  x  H M S    worst solution)

  7        break

  8     else if   Δ (  x i  ,  x s  ) < 0  : difference between   x i   and   x s  

  9           x  H M S   ←  x i    (  x  H M S    worst solution)

10     end if

11     if   5 % · K = t r u e  

12   break

13     end if

14 end while








In order to illustrate the improvements made to the IHS algorithm, Figure 2 presents the flowchart of the proposed methodology for solving the DSR problem.





4. Tests and Results


In order to demonstrate the applicability and effectiveness of the IHS algorithm with the addition of Path Relinking proposed in this paper, several tests were carried out in four benchmark distribution systems: 14-bus test system [32], 33-bus test system [33], 84-bus test system [34] and 119-bus test system [35].



Table 1 summarizes the results obtained with the aforementioned test systems. The simulations were implemented in MATLAB software with a base power of 100 MVA for all systems. A solution to the reconfiguration problem is found for each test system using the IHS algorithm presented in Section 3. This validation aims to compare the results with those reported in the technical literature and ensure that the proposed approach is effective and reliable. For the benchmark distribution systems, it was found that all tests carried out with the proposed IHS algorithm were able to accurately obtain the optimal configuration of each test system as reported in [25,36,37,38].



Table 1 details, for the base case and optimized configuration, the open switches and total active power losses. Furthermore, the parameters of the IHS algorithm are also presented. It should be noted that in all cases, an important reduction of active power losses is obtained after reconfiguration. In this case, a variable PAR adjustment was used, ranging between 0.28 and 0.33. The additional parameters implemented and the comparative results of HS, IHS and IHS+Path algorithms, for each test system under study, are detailed as follows. In this case, 200 simulations were carried out for each algorithm and distribution test system.



The 14-bus test system was first introduced by [32]. It is composed of 16 branches and 14 buses. The system operates at a nominal voltage of 23 kV and has a total active load of 28.7 MW. Table 2 presents the comparative results between HS, IHS and IHS with the addition of Path Relinking for Average, Standard Deviation and processing time. It is worth mentioning that the IHS with Path Relinking (labeled in Table 2 as IHS+Path) showed convergence to the optimal solution in all runs performed. For this analysis, a maximum number of 300 iterations and a PR rate equal to 50 were used.



Figure 3 presents a histogram that quantifies the frequency of convergence of the algorithms for the 14-bus test system. To elaborate the histogram, 10 classes containing intervals of 30 iterations were used. Based on the frequency distribution shown, it is observed for all cases that the optimal solution is found in the execution of at most 30 iterations. It should be noted that the use of IHS with the addition of Path Relinking presents better results than HS and IHS because in 102 out of 200 runs, the algorithm is able to find the optimal solution performing a smaller number of iterations.



Figure 4 illustrates the convergence of the metaheuristics techniques implemented for a random execution. The first harmony of the HM matrix is plotted on the graph for each iteration, in order to find the optimal solution, and it can be seen that the IHS with Path Relinking presents the best results and the HS presents the worst performance. These results prove that the use of Path Relinking together with a metaheuristic such as IHS is effective in reducing the computational effort when dealing with small systems such as the 14-bus test system.



The 33-bus test system has 37 branches operating at a nominal voltage of 12.66 kV and features a total active demand of 3715 kW. The data of this system can be found in [33]. A maximum of 2000 iterations was used as stopping criterion and a PR rate equal to 50 was adopted, obtaining the results presented in Table 3.



Figure 5 shows the histogram that quantifies the frequency of convergence of the algorithms implemented for the 33-bus test system. This histogram presents 10 classes containing intervals of 100 iterations. Based on the frequency distribution depicted in Figure 5, the optimal solution is found by the algorithms after running more than 100 iterations. It can be seen that in the classes where fewer iterations are performed, the IHS+Path algorithm had the highest frequency of occurrence.



Figure 6 shows the convergence of a random run of each of the implemented algorithms. It can be observed that the three algorithms present similar convergences; nonetheless, the IHS with Path Relinking achieves a faster convergence.



The 84-bus test system was presented by [34]. The base voltage adopted for this system is 11.4 kV. This test system features 11 feeders, 96 disconnecting switches and a maximum active power of 28.351 MW. In this case, a maximum number of 7000 iterations was used as stopping criteria and a PR rate equal to 25, obtaining the results presented in Table 4.



Figure 7 presents the convergence histogram of the algorithms implemented for the 84-bus test system, in which the frequency with which each algorithm converges to the optimum is quantified. To obtain the histogram, 10 classes containing intervals of 450 iterations were used. Based on the frequency distribution shown in Figure 7, the optimal solution is mostly found between 901 and 1350 iterations, with the IHS with Path Relinking algorithm presenting the highest frequency.



In large systems, such as the 84-bus test system, the need for high computational performance is evident by observing the time spent (See Table 4) to perform the required tests.



The 119-bus test system was presented by [35]. The base voltage adopted for this system is 11 kV and it has 133 branches with their respective disconnecting switches. The total installed active load is 22.71 MW. For this system, a maximum of 12,000 iterations was used as a stopping criterion and a number of 50 iterations was adopted as the PR execution rate, obtaining the results presented in Table 5.



Figure 8 presents the convergence histogram of the algorithms implemented. This histogram illustrates the frequency of convergence of each algorithm for 10 classes containing intervals of 800 iterations. Based on the frequency distribution shown in Figure 8, the optimal solution is found after running more than 800 iterations. In this histogram, the convergence of the IHS and IHS with Path Relinking algorithms is similar for that interval with the highest frequency of occurrence.



Comparison of Results


As described previously, for all the systems tested, the IHS algorithm with the addition of Path Relinking presented better results with a decrease in the number of iterations of the simulations. The test systems of 14, 84 and 119 buses obtained more expressive reductions in the average number of iterations, as demonstrated in Table 2, Table 3 and Table 5. On the other hand, the 33-bus test system presented a small improvement in relation to HS and IHS. Table 6 presents the reduction of the average number of iterations in relation to HS according to the results presented in Table 2, Table 3, Table 4 and Table 5.



Based on the obtained results, it was found that all simulations performed using the IHS algorithm with the addition of the proposed Path Relinking are able to accurately obtain the optimal configuration of each system as reported in [25,36,37,38].





5. Conclusions


The use of metaheuristics to solve the distribution system reconfiguration problem is very common among researchers in the area. Since their use demands a high computational effort and a long period of time for data processing, this paper shows that, by implementing Path Relinking within a metaheuristic, it is possible to reduce the time and computational effort involved in the analysis of electric power distribution networks, which facilitates the decision making process.



From the tests performed and the analysis of the results presented in this paper, it can be seen that, in fact, the execution of the implemented algorithms requires a high computational performance, where the tests demand approximately 12 h of execution to perform the 200 simulations required.



With the implementation of the proposed heuristic, IHS with the addition of Path Relinking, the execution time of the simulations was reduced and, consequently, the computational effort required for data analysis. Thus, it can be said that the proposed approach presents a better performance when compared to HS and IHS, sometimes more significant, as is the case of the 14-bus system and other times less expressive, such as the 33-bus test system. The histograms presented in the results section are distorted to the left. This indicates that the frequency of convergence occurs in the first classes of the implemented heuristics. This finding highlights the optimality of the solutions, reducing the required computational effort.



Therefore, it is concluded that the addition of Path Relinking in IHS algorithm provides agility in obtaining results, especially for large systems, such as the 84-bus and 119-bus presented in this paper. This makes the research more accessible to the entire academic community, since with the reduction of computational effort the DSR problem can be applied in larger distribution systems or in low spec computers.







Author Contributions


Conceptualization, J.D.S., F.M., L.P.G.N. and G.A.A.B.; Data curation, J.D.S. and F.M.; Formal analysis, J.D.S., F.M., L.P.G.N., G.A.A.B., J.M.L.-L. and N.M.-G.; Funding acquisition, J.M.L.-L. and N.M.-G.; Investigation, J.D.S., F.M., L.P.G.N., G.A.A.B., J.M.L.-L. and N.M.-G.; Methodology, J.D.S., F.M., L.P.G.N., G.A.A.B., J.M.L.-L. and N.M.-G. Project administration, L.P.G.N., G.A.A.B., N.M.-G. and J.M.L.-L.; Resources, J.D.S., F.M., L.P.G.N., G.A.A.B., N.M.-G. and J.M.L.-L. Supervision, L.P.G.N., G.A.A.B., N.M.-G. and J.M.L.-L.; Visualization, J.D.S., F.M., L.P.G.N., G.A.A.B., N.M.-G. and J.M.L.-L.; Writing—original draft, J.D.S., F.M., L.P.G.N., G.A.A.B., N.M.-G. and J.M.L.-L.; Writing—review and editing, J.D.S., F.M., L.P.G.N., G.A.A.B., N.M.-G. and J.M.L.-L. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Not applicable.




Acknowledgments


The authors gratefully acknowledge the support from the Colombia Scientific Program within the framework of the call Ecosistema Científico (Contract No. FP44842-218-2018). The authors also want to acknowledge Universidad de Antioquia for its support through the project “Estrategia de Sostenibilidad”.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Jaramillo Serna, J.D.J.; López-Lezama, J.M. Alternative Methodology to Calculate the Directional Characteristic Settings of Directional Overcurrent Relays in Transmission and Distribution Networks. Energies 2019, 12, 3779. [Google Scholar] [CrossRef]

	



Saldarriaga-Zuluaga, S.D.; López-Lezama, J.M.; Muñoz-Galeano, N. Optimal Coordination of Overcurrent Relays in Microgrids Considering a Non-Standard Characteristic. Energies 2020, 13, 922. [Google Scholar] [CrossRef]

	



Wang, Y.; Xu, Y.; Li, J.; He, J.; Wang, X. On the Radiality Constraints for Distribution System Restoration and Reconfiguration Problems. IEEE Trans. Power Syst. 2020, 35, 3294–3296. [Google Scholar] [CrossRef]

	



García-Montoya, C.A.; López-Lezama, J.M. Caracterización del Costo de Distribución de Energía Eléctrica Mediante Modelos de Fronteras de Eficiencia considerando un Indicador de Calidad del Servicio. Inf. Tecnol. 2017, 28, 37–46. [Google Scholar] [CrossRef]

	



Muñoz-Delgado, G.; Contreras, J.; Arroyo, J.M. Distribution System Expansion Planning Considering Non-Utility-Owned DG and an Independent Distribution System Operator. IEEE Trans. Power Syst. 2019, 34, 2588–2597. [Google Scholar] [CrossRef]

	



López-Lezama, J.M.; Buitrago, L.F.; Villada, F. Ubicación Dimensionamiento y Precio de Contrato óptimo de Generación Distribuida en Sistemas de Distribución. Inf. Tecnol. 2015, 26, 109–120. [Google Scholar] [CrossRef]

	



Zhang, C.; Li, J.; Zhang, Y.J.; Xu, Z. Optimal Location Planning of Renewable Distributed Generation Units in Distribution Networks: An Analytical Approach. IEEE Trans. Power Syst. 2018, 33, 2742–2753. [Google Scholar] [CrossRef]

	



Mahdavi, M.; Alhelou, H.H.; Hatziargyriou, N.D.; Al-Hinai, A. An Efficient Mathematical Model for Distribution System Reconfiguration Using AMPL. IEEE Access 2021, 9, 79961–79993. [Google Scholar] [CrossRef]

	



Mahdavi, M.; Romero, R. Reconfiguration of Radial Distribution Systems: An Efficient Mathematical Model. IEEE Lat. Am. Trans. 2021, 19, 1172–1181. [Google Scholar] [CrossRef]

	



Nara, K.; Shiose, A.; Kitagawa, M.; Ishihara, T. Implementation of genetic algorithm for distribution systems loss minimum re-configuration. IEEE Trans. Power Syst. 1992, 7, 1044–1051. [Google Scholar] [CrossRef]

	



Chang, H.C.; Kuo, C.C. Network reconfiguration in distribution systems using simulated annealing. Electr. Power Syst. Res. 1994, 29, 227–238. [Google Scholar] [CrossRef]

	



Arun, M.; Aravindhababu, P. A new reconfiguration scheme for voltage stability enhancement of radial distribution systems. Energy Convers. Manag. 2009, 50, 2148–2151. [Google Scholar] [CrossRef]

	



Sarma, N.; Prakasa Rao, K. A new 0–1 integer programming method of feeder reconfiguration for loss minimization in distribution systems. Electr. Power Syst. Res. 1995, 33, 125–131. [Google Scholar] [CrossRef]

	



Sarfi, R.; Salama, M.; Chikhani, A. Distribution system reconfiguration for loss reduction: An algorithm based on network partitioning theory. IEEE Trans. Power Syst. 1996, 11, 504–510. [Google Scholar] [CrossRef]

	



McDermott, T.; Drezga, I.; Broadwater, R. A heuristic nonlinear constructive method for distribution system reconfiguration. IEEE Trans. Power Syst. 1999, 14, 478–483. [Google Scholar] [CrossRef]

	



Schmidt, H.; Ida, N.; Kagan, N.; Guaraldo, J. Fast reconfiguration of distribution systems considering loss minimization. IEEE Trans. Power Syst. 2005, 20, 1311–1319. [Google Scholar] [CrossRef]

	



Gomes, F.; Carneiro, S.; Pereira, J.; Vinagre, M.; Garcia, P.; Oliveira, E.; Araujo, L. A new distribution system reconfiguration approach using optimal power flow technique and sensitivity analysis for loss reduction. In Proceedings of the IEEE Power Engineering Society General Meeting, San Francisco, CA, USA, 12–16 June 2015; Volume 1, pp. 897–901. [Google Scholar] [CrossRef]

	



Lavorato, M.; Franco, J.F.; Rider, M.J.; Romero, R. Imposing Radiality Constraints in Distribution System Optimization Problems. IEEE Trans. Power Syst. 2012, 27, 172–180. [Google Scholar] [CrossRef]

	



Ahmadi, H.; Martí, J.R. Mathematical representation of radiality constraint in distribution system reconfiguration problem. Int. J. Electr. Power Energy Syst. 2015, 64, 293–299. [Google Scholar] [CrossRef]

	



Taylor, J.A.; Hover, F.S. Convex Models of Distribution System Reconfiguration. IEEE Trans. Power Syst. 2012, 27, 1407–1413. [Google Scholar] [CrossRef]

	



Llorens-Iborra, F.; Riquelme-Santos, J.; Romero-Ramos, E. Mixed-integer linear programming model for solving reconfiguration problems in large-scale distribution systems. Electr. Power Syst. Res. 2012, 88, 137–145. [Google Scholar] [CrossRef]

	



Haghighat, H.; Zeng, B. Distribution System Reconfiguration Under Uncertain Load and Renewable Generation. IEEE Trans. Power Syst. 2016, 31, 2666–2675. [Google Scholar] [CrossRef]

	



Jahani, M.; Nazarian, P.; Safari, A.; Haghifam, M. Multi-objective optimization model for optimal reconfiguration of distribution networks with demand response services. Sustain. Cities Soc. 2019, 47, 101514. [Google Scholar] [CrossRef]

	



Azizivahed, A.; Arefi, A.; Ghavidel, S.; Shafie-khah, M.; Li, L.; Zhang, J.; Catalão, J.P.S. Energy Management Strategy in Dynamic Distribution Network Reconfiguration Considering Renewable Energy Resources and Storage. IEEE Trans. Sustain. Energy 2020, 11, 662–673. [Google Scholar] [CrossRef]

	



Santos, M.; Brigatto, G.; Garcés, L. Methodology of solution for the distribution network reconfiguration problem based on improved harmony search algorithm. IET Gener. Transm. Distrib. 2021, 14, 6526–6533. [Google Scholar] [CrossRef]

	



Geem, Z.W.; Kim, J.H.; Loganathan, G.V. A New Heuristic Optimization Algorithm: Harmony Search. Simulation 2001, 76, 60–68. [Google Scholar] [CrossRef]

	



Mahdavi, M.; Fesanghary, M.; Damangir, E. An improved harmony search algorithm for solving optimization problems. Appl. Math. Comput. 2007, 188, 1567–1579. [Google Scholar] [CrossRef]

	



Li, G.; Wang, H. Improved harmony search algorithm for global optimization. In Proceedings of the 2018 Chinese Control And Decision Conference (CCDC), Shenyang, China, 9–10 June 2018; pp. 864–867. [Google Scholar] [CrossRef]

	



dos Santos Coelho, L.; de Andrade Bernert, D.L. An improved harmony search algorithm for synchronization of discrete-time chaotic systems. Chaos Solitons Fractals 2009, 41, 2526–2532. [Google Scholar] [CrossRef]

	



Lin, P.; Kuang, L.; Chen, X.; Yan, J.; Lu, J.; Wang, X. Adaptive subsequence adjustment with evolutionary asymmetric path-relinking for TDRSS scheduling. J. Syst. Eng. Electron. 2014, 25, 800–810. [Google Scholar] [CrossRef]

	



Resende, M.; Ribeiro, C. GRASP with Path-Relinking: Recent Advances and Applications. Oper. Res. Comput. Sci. Interfaces Ser. 2005, 32, 1–35. [Google Scholar] [CrossRef]

	



Civanlar, S.; Grainger, J.; Yin, H.; Lee, S. Distribution feeder reconfiguration for loss reduction. IEEE Trans. Power Deliv. 1988, 3, 1217–1223. [Google Scholar] [CrossRef]

	



Baran, M.; Wu, F. Network reconfiguration in distribution systems for loss reduction and load balancing. IEEE Trans. Power Deliv. 1989, 4, 1401–1407. [Google Scholar] [CrossRef]

	



Chiou, J.P.; Chang, C.F.; Su, C.T. Variable scaling hybrid differential evolution for solving network reconfiguration of distribution systems. IEEE Trans. Power Syst. 2005, 20, 668–674. [Google Scholar] [CrossRef]

	



Zhang, D.; Fu, Z.; Zhang, L. An improved TS algorithm for loss-minimum reconfiguration in large-scale distribution systems. Electr. Power Syst. Res. 2007, 77, 685–694. [Google Scholar] [CrossRef]

	



Zhu, J. Optimal reconfiguration of electrical distribution network using the refined genetic algorithm. Electr. Power Syst. Res. 2002, 62, 37–42. [Google Scholar] [CrossRef]

	



Gomes, F.; Carneiro, S.; Pereira, J.; Vinagre, M.; Garcia, P.; Araujo, L. A new heuristic reconfiguration algorithm for large distribution systems. IEEE Trans. Power Syst. 2005, 20, 1373–1378. [Google Scholar] [CrossRef]

	



Patiño Cardona, N. Reconfiguração de Sistemas de Distribuição de Energía Elétrica Utilizando uma Metodologia Multipartita. Ph.D. Thesis, Universidade Estadual Paulista (UNESP), Sao Paulo, Brazil, 2016. [Google Scholar]








[image: Energies 15 02083 g001 550] 





Figure 1. Example of Path Relinking applied to the DSR problem. 
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Figure 2. Implementation of the IHS and Path Relinking algorithm to the DSR problem. 






Figure 2. Implementation of the IHS and Path Relinking algorithm to the DSR problem.



[image: Energies 15 02083 g002]







[image: Energies 15 02083 g003 550] 





Figure 3. Convergence frequency of different algorithms for the 14-bus test system. 
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Figure 4. Convergence of the algorithms implemented for the 14-bus test system. 
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Figure 5. Convergence frequency of different algorithms for the 33-bus test system. 
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Figure 6. Convergence of the algorithms implemented for the 33-bus test system. 
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Figure 7. Convergence frequency of different algorithms for the 84-bus test system. 
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Figure 8. Convergence frequency of different algorithms for the 119-bus test system. 
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Table 1. Results obtained for different test systems.
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Test System

	
Base Configuration

	
Proposed IHS Solution

	
Loss Reduction (%)




	
Open Switches

	
Losses (kW)

	
IHS Parameters

	
Best Configuration

	
Losses (kW)






	
14-Bus

	
s11; s13;

s16

	
511.43

	
N = 3

HMS = 5

HMCR = 0.85

K = 130

	
s7; s12, s16

	
466.13

	
9.77




	
33-Bus

	
s33; s34;

s35; s36;

s37

	
202.68

	
N = 3

HMS = 20

HMCR = 0.85

K = 2000

	
s7; s9, s14;

s32; s37

	
139.55

	
31.15




	
84-Bus

	
s84; s85;

s86; s87;

s88; s89,

s90; s91;

s92; s93;

s94; s95;

s96

	
531.99

	
N = 3

HMS = 20

HMCR = 0.85

K = 5000

	
s7; s13; s34;

s39; s55; s62

	
469.87

	
11.68




	
119-Bus

	
s119; s120;

s121; s122;

s123; s124;

s125; s126;

s126; s127;

s128; s129;

s130; s131;

s132;

s133

	
1298.1

	
N = 3

HMS = 20

HMCR = 0.85

K = 15,000

	
s23; s25; s34;

s39; s42; s50;

s58; s71; s74;

s95; s97; s109,

s121; s129;

s130

	
854.03

	
34.21
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Table 2. Convergence analysis results for the 14-bus test system.
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	Algorithm
	Average
	Standard Deviation
	Time (s)





	HS
	49.5050
	48.1178
	5.5016



	IHS
	43.5250
	47.0691
	5.4253



	IHS+Path
	40.4000
	41.9686
	4.9657
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Table 3. Convergence analysis results for the 33-bus test system.






Table 3. Convergence analysis results for the 33-bus test system.





	Algorithm
	Average
	Standard Deviation
	Time (s)





	HS
	256.9150
	152.5867
	90.7441



	IHS
	249.4050
	144.6317
	83.8367



	IHS+Path
	248.2450
	155.7405
	85.5317
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Table 4. Convergence analysis results for the 84-bus test system.
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	Algorithm
	Average
	Standard Deviation
	Time (s)





	HS
	1411.5650
	618.1724
	15,701.49



	IHS
	1315.8550
	519.0843
	16,265.06



	IHS+Path
	1295.6300
	551.3007
	13,990.85
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Table 5. Convergence analysis results for the 119-bus test system.
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	Algorithm
	Average
	Standard Deviation
	Time (s)





	HS
	2366.8350
	1911.1893
	41,873.63



	IHS
	2227.0750
	1851.4560
	41,519.57



	IHS+Path
	2147.8500
	1698.3796
	40,645.44
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Table 6. Convergence analysis results for the 119-bus test system.
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	14-Bus
	33-Bus
	69-Bus
	119-Bus





	HS
	12.08 %
	2.92 %
	6.78 %
	5.90 %



	IHS+Path
	18.39 %
	3.37 %
	8.21 %
	9.25 %
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