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Abstract

:

Reasonable distribution network planning schemes can not only improve the power quality and power supply capacity of the power system, but also increase the economic benefits and welfare of the whole society. In this work, a bi-level optimization model is proposed for the joint planning of substations and lines in looped urban distribution systems. The upper-level model aims to address the substation locating and sizing problem, whereas the lower-level model the network planning problem. Both the substations directly supplying power to a load and the contralateral substations that act as backup power source to the load are considered in the bi-level model. In order to solve the bi-level planning model which is mathematically mixed integer programing and with plenty of continuous and discrete variables, the bird swarm algorithm is improved and applied based on the idea of parallel computing of big data theory. Simulations on actual planning problems are employed to verify the effectiveness of the proposed bi-level distribution network planning model and the parallel bird swarm algorithm.
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1. Introduction


Reasonable distribution network planning schemes can not only improve the power quality and power supply capacity of the power system, but also increase the economic benefits and welfare of the whole society. In the distribution network planning (DNP) problem, the load amount and the status of the distribution network within the future planning horizon should be forecasted, and the planning requirements of substations in each voltage level should be determined on the basis of the power balance constraint [1,2]. Then the locations and sizes of substations can be optimized. The planning of lines or the network is performed finally. After the power is balanced, there is also an alternative, i.e., joint planning for substations and lines in a distribution network, which is the focus of this work.



So far, there have been many research works on optimization models and solving algorithms of the DNP problem. The researches on optimization models for distribution system planning include single stage ones and multi-stage ones, which generally aim to minimize the investment with the power balance constraint and transmission limit constraints met. The distributed generators, energy storage system, DC distribution system, active distribution network, and energy internet are also considered in this category of works to formulate the optimization models. This is thanks to the advancements in sophisticated control, monitor and coordination technologies and data mining as well as analyzing methods in power systems [3,4,5]. In ref. [6], a two-stage robust investment co-planning model is presented, wherein the first stage model addresses the investment decisions, while the second stage model adjusts the demand response participations so as to coordinate the distributed generation. In ref. [7], a DNP model is proposed taking into account wind power, solar power, controllable loads, the temporal characteristic and randomness of these distributed energy sources (DESs), and the reactive power balance. In ref. [8], a DNP model is presented with the applications of multi-energy conversion and storage equipment to the energy internet considered. In ref. [9], a bi-level robust planning method considering distributed generator and loads in an active distribution network is proposed and a second order cone optimization model is formulated to describe the problem. In ref. [10], a multi-configuration multi-period optimal power flow (OPF)-based method for assessing the maximum distributed generator capacity in active distribution systems is proposed with the uncertainties and different operational status of distributed generator considered. In ref. [11], the reinforcement of the existing substations and distribution lines, capacitor and voltage regulator placement, as well as network expansion of the active distribution network are addressed and are proposed as a multi-stage optimization model in minimizing the net present values of investment cost. In ref. [12], the investment costs of an AC/DC hybrid distribution system and an AC distribution system are compared, and the results show that the hybrid system with sensitive loads has a smaller investment cost. Based on the characteristics of the DNP problem, some publications have proposed multi-objective models that consider the investment and operating costs and reliability of the distribution system. In ref. [13], the objectives are to minimize the investment cost, the cost of network losses, and the index of network risk. In ref. [14], the annual equipment investment cost, the cost of active power losses, the cost of reliability losses, and the cost of importing power from the upper power grid are used as the objectives of the DNP model. In ref. [15], a two level optimization model for the DNP problem with DESs is proposed, where the upper-level aims at minimizing the annual comprehensive cost, whereas the lower-level aims at minimizing the abandoned DES output power. In ref. [16], the objective of the DNP model is to maximize the total supply capability with the N-1 security constraint met. Some works on long-term DNP have investigated the multi-stage planning strategy. In these works, the decision variables at various stages are considered, and multi-stage DNP models are presented [17]. In ref. [18], based on geographic information system data an integrated model for distribution network load forecasting, substation location, and planning is proposed to improve the accuracy of the DNP, in which the spatial attributes of loads, substations, and networks in the distribution network are considered.



In terms of solving algorithms, substation and network planning in the distribution network is essentially a mathematical optimization problem, thus the methods for solving mathematical optimization problems, such as heuristic algorithms and mathematical programming [19], can be utilized to solve DNP models. In ref. [20], the improved immune clonal selection algorithm is used to optimize the DNP model, and the graph theory to repair the infeasible solution and improve the efficiency of the algorithm [21]. The planning problem of three-phase reactive power optimization, in which the variables in the optimization model are continuous but the model itself is non-convex, is addressed in ref. [22] by converting the non-convex model to a convex one through the second-order cone relaxation technique. Then the problem can be solved in polynomial time using the existing optimization algorithms. In ref. [13], a multi-objective DNP model is presented, in which the improved strength pareto evolutionary algorithm and TOPSIS (technique for order preference by similarity to an ideal solution) method are utilized to optimize the multi-objective model. In ref. [14], the multi-objective DNP model is transformed into a single-objective programming problem by weights. Some works have formulated the DNP model considering uncertainties. In ref. [23], a DNP model considering natural disasters is presented utilizing robust optimization to tackle uncertainties of natural disasters. In ref. [24], the impacts of natural disasters on the distribution network are modelled as scenarios, and the scenario-based method is used for DNP. In ref. [25], the blind number theory is used to describe the uncertainties of future power sources and load demands, and a blind number theory based DNP model is presented.



Based on the current research works related to substation locating, a joint planning method for substations and lines in the distribution network is proposed in this work. The proposed model is applicable to looped networks. The traditional DNP models usually consider only the selection of substations that supply power to the loads, whereas in order to reduce the total length of the lines and reduce the investment cost, the proposed model considers the selection of the contralateral substation that is connected to the load but does not directly supply power to that load under normal operating conditions. Besides, in order to deal with the data-intensive problem in the planning model, the solving algorithm is improved based on the idea of parallel computing of big data theory, so as to attain the planning schemes.



In summary, the main contributions of this works are as follows. (1) A bi-level optimization model for distribution network planning is presented, in which the upper-level model focuses on the substation locating and sizing problem, whereas with the lower-level model the network planning problem; (2) A joint planning method for substations and lines in the distribution network based on the bird swarm algorithm (BSA) is proposed for dealing with plenty of continuous and discrete variables in the bi-level distribution network planning model; (3) A master-slave architecture based parallel BSA for joint planning of substations and lines in distribution systems is proposed based on the idea of parallel computing of big data theory for increasing the computational efficiency.



The rest of this work is organized as follows. Section 2 presents the BSA method, the bi-level joint planning model and the master-slave architecture based parallel BSA for solving the bi-level planning model. Simulations, compressions, and discussions of the proposed parallel BSA-based bi-level joint planning model are presented in Section 3. Section 4 concludes this work.




2. The Joint Planning Method for Substations and Lines in the Distribution Network Based on Parallel Bird Swarm Algorithm


The current researches on DNP first optimize the substation locating problem, and then determine the network planning scheme after the locations of substations are known. This category of planning models is generally small-scale. On the other hand, there are also joint methods for planning substations and lines in the distribution network, which aim to attain a globally optimal solution [26]. In this work, the joint planning of substations and lines in the urban distribution network is investigated. Since the joint planning of substations and lines is an optimization problem, generally characterized as nonlinearity, multi-extreme value, and plenty of variables, BSA is introduced for the joint planning of the distribution system. Then, a bi-level DNP model is proposed, in which the upper-level model aims to address the substation locating and sizing problem while the lower-level model the network planning problem. For the sake of solving the proposed bi-level problem, the procedures of applying BSA are presented in detail and a master-slave architecture based parallel BSA is proposed for the bi-level DNP optimization problem.



To increase the reliability of power supply, urban distribution networks are generally designed to be closed loop, although they are open loop when in normal operation [27,28]. When the power supply to a load is from two different substations, the substation not directly connected to that load (i.e., the contralateral substation) generally has a greater impact on the line length and cost since that substation has a longer distance than the substation that provides the concerned load with power. Based on these conditions, the DNP model for the urban distribution system is presented in this work. The characteristic of the closed loop of the urban distribution network is taken into account in the presented model, i.e., in addition to consideration of the substation directly providing power, the contralateral substation is also considered.



After the selection of substations, only a few locations of the substation can be optimized to be the candidate sites, which are represented as a binary variable. Then the locating and sizing problem of substations can be formulated as a mixed integer programming model with binary variables, and the network planning problem as an integer programming model. The objective functions of the models are characterized as nonlinearity, multi-extreme value, and plenty of variables. The feasible domain of these models is discontinuous and even non-analytic on some conditions. Therefore, heuristic algorithms can be used to solve the DNP models. Among many heuristic algorithms, the swarm intelligence based evolutionary methods are suitable tools for solving planning problems, since they can approximate the optimal solutions by randomly generating initial solution groups and iteratively optimizing the problems of concern. Many research works have been conducted to explore and improve the intelligence based evolutionary algorithms, such as the genetic algorithm [29], particle swarm optimization [29,30], the artificial fish school algorithm [31], the firefly algorithm [32], chicken swarm optimization [33], and the bird swarm algorithm (BSA) [34]. Among these algorithms, BSA can effectively optimize non-convex and non-differentiable optimization problems through simulating the natural behavior of birds [35], and is not subject to local optimal solutions. Therefore, BSA is utilized in this work for solving the proposed planning model.



2.1. The Bird Swarm Algorithm for DNP


BSA is a new heuristic algorithm established based on the characteristics of swarm behaviors of many birds in nature, such as foraging, vigilance, and migration of bird swarms [34]. These swarm behaviors of BSA are presented as follows.



2.1.1. Foraging Behavior of BSA


Each bird in the swarm searches for food based on the foraging experience of the swarm and its own. The bird immediately records the best position and shares it with the entire swarm. The optimal foraging position of the entire swarm is counted as an updated foraging experience for further foraging. The foraging behavior can be expressed as follows [33,34]:


   x  i , j   t + 1   =  x  i , j  t  + (  B j  −  x  i , j  t  ) ·  C 1  · r a n d ( 0 , 1 ) + (  p  i , j   −  x  i , j  t  ) ·  C 2  · r a n d ( 0 , 1 )  



(1)




where    x  i , j  t    represents the jth direction of the position of the ith bird at time t;    B j    represents the jth direction of the optimal position of the swarm;    p  i , j     represents the jth direction of the optimal position of the swarm that the ith bird has gone through; C1 and C2 are two positive coefficients representing the cognitive and social accelerated levels respectively; rand(0,1) represents a random number within interval [0, 1] that satisfies the uniform distribution.




2.1.2. Vigilance Behavior of BSA


In BSA, the birds would attempt to move to the center of the swarm. When a bird moves towards the center of the swarm, it is inevitably subject to competition with other birds in nature. In order to express the vigilance behavior, BSA considers that birds with more food reserves have a greater probability of flying to the center of the swarm, but each bird does not fly directly to the center of the swarm. The process of the vigilance behavior can be represented as follows [33,34].


   x  i , j   t + 1   =  x  i , j  t  + (  M j  −  x  i , j  t  ) ·  A 1  · r a n d ( 0 , 1 ) + (  p  k , j   −  x  i , j  t  ) ·  A 2  · r a n d ( − 1 , 1 )  



(2)






   A 1  =  a 1  · exp [ − p F i  t i  / ( s p F i t + ε ) · N ]  



(3)






   A 2  =  a 2  · exp [ − ( p F i  t i  − p F i  t k  ) · p F i  t k  · N / (  |  p F i  t i  − p F i  t k   |  + ε ) / ( s p F i t + ε ) ]  



(4)




where N represents the number of birds in the swarm, k takes a value randomly from the set {1, 2, …, N} and k ≠ i; a1 and a2 are constant numbers and are within the interval [0, 2];   p F i  t i    represents the fitness value of the ith bird, i.e., the food reserves of the optimal position the ith bird has gone through;   s p F i t =   ∑  i = 1  N   p F i  t i      represents the sum of fitness values of all the birds;  ε  is a sufficiently small positive real number to avoid zero of the denominator;    M j    is the average value of the jth direction of the positions of all the birds in the swarm; rand(−1,1) represents a random number within interval [−1, 1] that satisfies the uniform distribution.




2.1.3. Migration Behavior of BSA


In order to avoid natural enemies and find new food spots to maintain the continuation of the swarm, the bird swarm will migrate to other areas and forage regularly. In the BSA, the birds are classified as producers and scroungers. Producers look for food directly, while the scroungers follow producers for food. The bird with the best position in the swarm is designated as one of the producers, and the other birds are designated as producers and scroungers, respectively. The ratio between the producers and scroungers is about 1:1 in the swarm. The producer’s behavior is expressed as follows.


   x  i , j   t + 1   =  x  i , j  t  +  x  i , j  t  · r a n d ( 0 , 1 )  



(5)




where   r a n d ( 0 , 1 )   represents a random number between [0, 1] that satisfies the normal distribution. The scrounger’s behavior is expressed as follows.


   x  i , j   t + 1   =  x  i , j  t  + (  x  k , j  t  −  x  i , j  t  ) ·  F L  · r a n d ( 0 , 1 )  



(6)




where k is a random number taking value from the set {1, 2, 3, …}, and   k ≠ i  ;    F L  ∈ [ 0 , 2 ]   is a random parameter, which means that the scrounger would follow the producer for food.



Each bird performs the above behaviors according to the following rules.



(1) Each bird in the swarm randomly selects foraging or vigilance behaviors. This random behavior is determined by the following procedures.



i. Set a threshold for each bird in each iteration, i.e., for the ith bird the threshold vi can be determined by:


   v i  = a · r a n d ( 0 , 1 ) + 1 − a  



(7)




where a is a user-set parameter.



ii. Set a random number ri for the ith bird in the iteration. If    r i  <  v i   , select the foraging behavior; otherwise, select the vigilance behavior.



(2) Each time BSA is iterated FQ times, a migration behavior will occur for the bird swarm. FQ is a positive integer. After migration, the status of the producer or scrounger of each bird has changed once.





2.2. The Bi-Level Distribution Network Planning Model


When using BSA to solve a problem, the status of each bird in the swarm is stored as a temporary variable in the system. If single-level planning is used, the number of birds that represent the variables of substation locating and network planning problems will increase rapidly as the scale of the problem rises, resulting in a rapid increase in the occupied storage resources. For most of the currently used heuristic algorithms, the position of a computing unit of the algorithm is updated via referring to the positions of other computing units, i.e., by calling the data of other computing units. In order to perform parallel computing for each computing unit, the positions of all computing units must be updated in one main process. On the other hand, due to the different nature of variables in the substation locating and sizing problem and in the network planning problem, the search speed of the corresponding heuristic algorithm is also different. Therefore, in order to reduce the significant increase of number of birds and reduce the occupancy of storage resources in large-scale planning problems, the DNP model is transformed into and solved by a bi-level optimization model in this work [36], wherein the upper-level focuses on the substation planning problem while the lower-level the network planning problems. For most of the heuristic algorithms including BSA, the upper and lower levels of programming models are solved by means of mutual iteration [37,38].



The DNP problem generally aims to minimize the investment cost for the planning years and estimated operating costs [39,40]. Thus, the upper-level optimization model of the bi-level optimization problem of DNP can be formulated as [18,25]:


  min C =  C S  +  C M  +  C W  = (  C  S f   +  C  S v   )   r   ( 1 + r )  m      ( 1 + r )  m  − 1   +  C M  +  C W   



(8)




where r represents the discount rate; m represents the depreciation year of substations; CM represents the estimated maintenance cost; CS represents the cost of the substation; CSf represents the fixed cost for the substation; CSv represents the variable cost that varies with the capacity of the substation; CW represents the cost of lines.



The lower-level optimization model of the bi-level optimization problem of DNP can be formulated as:


  min  C W  = (  C  W f   +  C  W v   )   r   ( 1 + r )  m      ( 1 + r )  m  − 1   +  C  W l    



(9)




where CWf represents the fixed cost of lines; CWv represents the variable cost of lines and is considered as varying with the line length; CWl represents the estimated cost of network losses, and can be calculated by [18]:


   C  W l   =  β l    ∑  a = 1  N     ∑  i ∈  J a       (  P i a  )  2   L i a       



(10)




where    P i a    represents the power demand of the ith load in the ath substation;    J a    represents the set of loads in the ath substation;    L i a    represents the electrical distance from the power source to the ith load in the ath substation; N represent the number of substations.    β l    can be expressed as:


   β l  =    β 1   β 2   β 3     U l 2    cos  2  φ    



(11)




where    β 1    represents the electricity price in this concerned area,    β 2    represents the resistance per kilometer of the outlet of the substation;    β 3    represents the annual loss hours of the line;    U l    represents the line voltage;   cos φ   represents the power factor.



The constraints for the bi-level DNP model are as follows.


    ∑  i ∈  J a      P i a    ≤  S  max  a  cos φ  



(12)






    max   i ∈  J a     L i a  ≤  L  max  a   



(13)







Equation (12) represents the supply capability constraint.   S  max  a   represents the maximum allocated capacity for the new planned load. Equation (13) represents the constraint to the power supply radius.   L  max  a   represents the maximum power supply radius of the ath substation. Besides, the N-1 security constraint should also be met. The loop power-supply network is of high reliability and itself can meet the requirements of the line N-1 security. Therefore, the N-1 security can be checked via offline of a single substation in the proposed DNP model.



It should be noted that for the sake of simplicity and focusing mainly on the joint planning of distribution systems, the uncertainty of load demands in the planning period is not considered in the proposed bi-level model. Robust optimization is a widely used uncertainty tackling method and will be applied in our future works to manage the uncertainty of the DNP problem [41,42,43].




2.3. BSA-Based Optimization Procedures of the Proposed Bi-Level Optimization Model of DNP


2.3.1. Optimization Procedure of the Upper-Level DNP Model


The upper-level DNP model can be optimized by the following procedures.



(1) Vectorize in numerical order the capacities of the substation to be built and the substation to be expanded in the planned area as a new/expanded vector whose elements are positive real numbers. Number the candidate locations of the substations to be built and form a location vector whose elements are binary variables. The two vectors form the input vector for the upper-level model.



(2) Initially, the sum of elements in the new/expanded vector is set to be equal to the sum of the capacities of all the substations to be built and expanded, and the sum of elements in the location vector to    n 1    the number of substations to be built. Each update in the optimization process should ensure the above two equations; otherwise:



i. Correct the new/expanded vector    V →  = (  V 1  ,  V 2  , … ,  V   n 1  +  n 2    )  , where    n 2    is the number of the substations to be expanded, by the following steps.



Step 1: set all the elements less than zero in   V →   as zeros;



Step 2: correct    V i  ( i = 1 , 2 , … ,  n 1  +  n 2  )   by:


   V i ∗  =    V i      ∑  i = 1    n 1  +  n 2      V i       V T   



(14)




where    V T    represents the overall capacities of the substations to be built and expanded.



ii. Correct the location vector    B →  = (  B 1  ,  B 2  , … ,  B   n 1  +  n 2    )   by the following equation.


   B j ∗  =  {    0    B j  < max (  B j  ) ( j = 1 , 2 , … ,  n 1  )     1    B j  = max (  B j  ) ( j = 1 , 2 , … ,  n 1  )      



(15)








2.3.2. Optimization Procedure of the Lower-Level DNP Model


The lower-level DNP model can be optimized by the following procedures.



Number each load planned for building, and then form a decision vector of loads. Each load in the vector has two decision variables. The first variable represents which two substations the load is connected to, while the second represents which connected substation supplies power to the load. In order for BSA to have a certain searching direction, the first decision variable is specified as follows.



The value of the variable is 1, 2, …,   C  (  N , 2  )   , where N is the total number of substations, including the existing substations (expanded and to be expanded) and the planned substations to be built; C is the operator for the combination number, i.e.,   C  (  N , 2  )  = N ( N − 1 ) / 2  . If the sum of the distances from a load to two certain substations is the minimum, then the value of this variable at that load is 1; if it is only larger than the minimum but smaller than the other sum of distances, the value of this variable at that load is 2; other situations can be done in the same manner. All values of the variables are initialized to be 1. Each update during the optimization process should guarantee that the value of the first variable is in the range [1,   C  (  N , 2  )   ], and the value of the second decision variable is 1 or 2. Otherwise, the decision vector    D →  = (  D 1  ,  D 2  , … ,  D m  )   is corrected as follows:



Step 1: set all elements in   D →   less than 0 as 0, and set elements greater than    D  max     the maximum of the codomain to be    D  max    .



Step 2: correct the elements in   D →   by:


   D i ∗  =  {     D i  − {  D i  } + 1    D i  <  D  max   ( i = 1 , 2 , … , m )      D i     D i  =  D  max   ( i = 1 , 2 , … , m )      



(16)




where   {  D i  }   represents the decimal part of    D i   .



When calculating the objective function, the two decision variables are converted into the number of the two substations connected to each load and the power supply substation. Then the length of the line under different connection combinations is calculated to determine the connection order of the loads connected to the two same substations. Figure 1 shows two different connection orders of loads.



For the single loop network, the line length can be approximately regarded as the sum of the distance between the substation and the directly connected loads and the distance between the directly connected loads; for the double loop network, the line length twice the above summation.



The Manhattan distance is utilized to calculate the distances in this work [44], as:


   d  i , j   =  |   x i  −  x j   |  +  |   y i  −  y j   |   



(17)




where    d  i , j     represents the distance between the load (or substation) in   (  x i  ,  x j  )   to the load in   (  y i  ,  y j  )  .



When connecting to the same substation and load, a connection mode with a longer line length leads to increase of the power supply radius, increase of network losses, and decrease of power supply reliability. Therefore, the connection mode with the shortest distance to connect the concerned substation and load is selected as the network planning scheme.



Each planning scheme should meet constraints (12) and (13). In order to check the N-1 security, the substation supplying a certain load is cut off and the load is transferred to the contralateral substation to which that load can be connected. If all the transferred loads can be supplied under a given operating condition, the N-1 security can be guaranteed.



The BSA-based optimization procedures for the proposed joint planning of substations and lines in the distribution network are shown in Figure 2.




2.3.3. The Master-Slave Architecture based Parallel BSA for the Bi-Level DNP Optimization


Conventionally, the data volume in the processes of distribution network substations and network planning is less than terabyte (TB) or petabyte (PB) levels, thus it is not economical to use Hadoop for calculation. However, when calculating the objectives of the bi-level planning model, a large number of calculations of the line lengths of different load connection orders is required. In addition, the planning schemes under the concerned operating conditions should also be checked, leading to a data-intensive problem. Therefore, based on the idea of parallel computing of big data theory, parallel BSA is proposed to increase the computational efficiency.



In this work, master-slave parallel architecture is adopted, and the complex calculation processes are allocated to each slave process to reduce the calculation time. The master process controls the entire calculations, as well as a bulletin board that records the bird behaviors in the BSA. The slave processes are responsible for computing the objective function, security checking, and forming the parallel BSA with master-slave structure. The proposed master-slave architecture based parallel BSA for the bi-level DNP optimization is shown in Figure 3.






3. Simulations and Discussions


An actual area in China with a distribution system to be planned is used as an example for demonstrating the effectiveness of the BSA-based algorithm for joint planning of substations and lines in the distribution system. A coordinate corresponding to actual geographical locations with unit km is established. There are currently three substations in the area. The substations 1, 2, and 3 are with coordinates of (1.00, 4.70), (0.45, 0.70), (4.15, 1.25), and with capacities of 20 MVA, 20 MVA, and 15 MVA to supply new added loads, respectively. According to load forecasting, power balance and load capacity requirements, a substation is determined to be built in this area, and substations 2 and 3 are determined to be expanded. The overall to be built and to be expanded capacity is 80 MVA. The candidate locations of the substation to be built are: location 1 at (3.00, 3.50), location 2 at (3.75, 4.15), and location 3 at (4.60, 3.40). According to reference [45] and other regional planning reports and guidelines, the fixed costs for the two substations to be expanded are all 7.5 million CNY. The fixed costs for the substation at candidate locations 1, 2, and 3 are 21.2, 21.05, and 21.25 million CNY, respectively. The variable cost is 45,000 CNY per MVA.



According to the load forecasting results in this area, 10 loads need to be built. The coordinates of the loads numbered from 1 to 10 are (1.00, 3.50), (1.00, 2.30), (1.00, 1.25), (1.80, 1.40), (2.25, 2.25), (2.00, 4.15), (3.10, 2.15), (3.00, 4.10), (4.25, 4.20), (3.90, 2.40), respectively, and the loads are 2.5 MW, 4 MW, 3 MW, 4 MW, 2.5 MW, 3 MW, 3.5 MW, 4 MW, 3 MW, 2.5 MW, respectively.



In the proposed BSA-based bi-level optimization method, the internal iterations I2 and I3 of the bi-level planning model are set as 50. The number of birds in the upper and lower levels is 40 and 90 respectively. Iteration I1 between the two levels is 500. The overall planning model runs 150 times. The optimization results are as follow. The annual cost of the optimized planning scheme is 6,430,980 CNY. The total length of lines is 18.25 km. Substations 1 and 3 will not be expanded, while substation 2 is expanded with 29 MW and the substation to be built is at location 2 with 51 MW. The traditional single level optimization method first designates which substation to supply power to the load and then determines the planning scheme. By the traditional single level optimization method [20], the annual cost is 6,573,098 CNY, and the total length of lines is 24.80 km. These two planning schemes are shown in Figure 4 (all circuit breakers are not illustrated). Figure 5 shows the iteration results of the joint planning of substations and lines in the distribution systems.



It can be seen from the results in Figure 5 that the annual cost of the proposed BSA-based bi-level optimization method considering the contralateral substation is significantly lower than that of the traditional single level optimization method, which verifies the effectiveness of the proposed BSA-based bi-level optimization method. Besides, the descending trend of the annual cost appears to be steadier after 200 iterations, which indicates that a large number of iterative processes are needed. As a result, it seems necessary to introduce the parallel BSA to improve the computing performance.



In order to further demonstrate the validity of the proposed parallel BSA, the proposed DNP model is run on two computers. The details of the two computers are shown as follows.



PC1: Intel® Core(TM) i5-7300HQ CPU @ 2.50 GH, 8 GB 2400 MHZ DDR4 memory (Hynix, Wuxi, China), parallel computing environment: MATLAB 2016a (MathWorks, Natick, MA, USA).



PC2: Inter® Core(TM) i5-4590HQ CPU @ 2.50 GHz, 4 GB 1600 MHZ DDR3 memory (Hynix, Wuxi, China), parallel computing environment: MATLAB 2013a (MathWorks, Natick, MA, USA) with at most 12 slave processes.



The indexes of speedup factor Sn (the ratio of the computing time with parallel strategy to that without parallel strategy) and parallel computing efficiency En (the ratio of speedup factor to the number of processes) are utilized to evaluate the algorithm performance [46]. The results are shown in Table 1.



When the number of processes is 2 (that is, one master process and one slave process), the speedup factors of the two computers are less than 1, i.e., the efficiency is lower than that when the master-slave parallel structure is not used. Since the tasks performed by the main process and the slave process are different and the processes are not executed simultaneously, the execution structure in the case of two processes is the same as that in the serial computing. The decrease of efficiency is mainly caused by the communication between the master and slave processes. When the number of processes is greater than 2, that is, when there are multiple slave processes, the speedup factors of both computers are greater than 1, indicating that the parallel algorithm is faster than the serial one. The maximum speedup factors of the two computers exceed 2, which means that parallel computing can save more than half of the time and it has a remarkable acceleration performance. As the number of processes increases, the speedup factor increases first and then decreases. This is because when the number of processes is significantly more than the number of computer processors, the hardware condition of a computer cannot accommodate all the processes running at the highest speed simultaneously, hence resulting in some processes being idle. Therefore, the actual configuration of the hardware needs to be considered when implementing the parallel strategy.




4. Conclusions


A bi-level model for the joint planning of substations and lines is proposed for urban distribution systems. The model is solved by the well-established BSA that incorporates parallel computing through a master slave architecture. Simulation results and comparisons show that the proposed BSA-based bi-level joint planning method for the distribution system can obtain better planning schemes, and the proposed parallel BSA can effectively increase the calculation speed and reduce the running time of the DNP model.







Author Contributions


K.W., K.L. and R.L. conceptualized the study; R.M. performed the analyses; L.Y. and M.H. acquired funding; J.W. and L.Q. performed investigations; S.L. and C.H. acquired resources; R.M. and Y.Z. wrote the original draft; and Y.Z., L.Y. and M.H. reviewed and edited the manuscript.




Funding


This work was supported by State Grid Shandong Electric Power Company (52062516001H).




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Li, R.; Wang, W.; Chen, Z.; Jiang, J.; Zhang, W. A review of optimal planning active distribution system: models, methods, and future researches. Energies 2017, 10, 1715. [Google Scholar] [CrossRef]

	



Lin, Z.; Wen, F.; Xue, Y. A Restorative Self-Healing Algorithm for Transmission Systems Based on Complex Network Theory. IEEE Trans. Smart Grid 2016, 7, 2154–2162. [Google Scholar] [CrossRef]

	



Cagnano, A.; De Tuglie, E.; Bronzini, M. Multiarea voltage controller for active distribution networks. Energies 2018, 11, 583. [Google Scholar] [CrossRef]

	



Lin, Z.; Wen, F.; Ding, Y.; Xue, Y. Data-driven coherency identification for generators based on spectral clustering. IEEE Trans. Ind. Informat. 2018, 14, 1275–1285. [Google Scholar] [CrossRef]

	



Lin, Z.; Wen, F.; Ding, Y.; Xue, Y. Wide-area coherency identification of generators in interconnected power systems with renewables. IET Gener. Transm. Distrib. 2017, 11, 4444–4455. [Google Scholar] [CrossRef]

	



Yu, Y.; Wen, X.; Zhao, J.; Xu, Z.; Li, J. Co-planning of demand response and distributed generators in an active distribution network. Energies 2018, 11, 354. [Google Scholar] [CrossRef]

	



Zhang, L.; Tang, W.; Cong, P.; Bai, M.; Suo, L. Optimal configuration of generalized power sources in distribution network based on chance constrained programming and bi-level programming. Automat. Electron. Power. Syst. 2014, 38, 50–58. [Google Scholar]

	



Zhang, X.; Zhou, X.; Li, Z.; Zhou, J.; Xu, C.; Chen, C.; Li, Z.; Lin, X. Optimization planning of future distribution network orienting to energy internet. Electr. Power. Constr. 2017, 38, 45–51. [Google Scholar]

	



Gao, H.; Liu, J.; Wei, Z.; Su, Y. Bi-level robust planning model of active distribution network and its solution method. Proc. Chin. Soc. Electr. Eng. 2017, 37, 1389–1400. [Google Scholar]

	



Al Kaabi, S.S.; Zeineldin, H.H.; Khadkikar, V. Planning active distribution networks considering multi-DG configurations. IEEE. Trans. Power. Syst. 2014, 29, 785–793. [Google Scholar] [CrossRef]

	



Koutsoukis, N.C.; Georgilakis, P.S.; Hatziargyriou, N.D. Multistage coordinated planning of active distribution networks. IEEE. Trans. Power. Syst. 2018, 33, 32–44. [Google Scholar] [CrossRef]

	



Ghadiri, A.; Haghifam, M.; Larimi, S.M.M. A novel approach for hybrid AC/DC distribution network planning using genetic algorithm. IET Gener. Transm. Distrib. 2017, 16, 3892–3902. [Google Scholar] [CrossRef]

	



Sheng, S.; Fan, L.; Li, X.; Tan, X. Multi-objective planning of distribution network based on pareto optimality. Automat. Electron. Power. 2014, 38, 51–57. [Google Scholar]

	



Lu, T.; Tang, W.; Cong, P.; Bo, B. Multi-objective coordinated planning of distribution network incorporating distributed generators. Automat. Electron. Power. 2013, 37, 139–145. [Google Scholar]

	



Fang, C.; Zhang, X.; Cheng, H.; Zhang, S.; Yao, L. Framework planning of distribution network containing distributed generation considering active management. Power Syst. Technol. 2014, 38, 823–829. [Google Scholar]

	



Xiao, J.; Zhang, T.; Zhang, Y.; Wang, C. TSC-based planning idea and method for distribution networks. Proc. Chinese Soc. Electr. Eng. 2013, 33, 106–113. [Google Scholar]

	



Mohtashami, S.; Pudjianto, D.; Strbac, G. Strategic distribution network planning with smart grid technologies. IEEE Trans. Smart Grid 2017, 8, 2656–2664. [Google Scholar] [CrossRef]

	



Zhou, Q. Study of Intelligent Decision Support System and its Algorithm for Distribution Network Planning based on GIS. Doctor’s Thesis, Chongqing University, Chongqing, China, 2004. [Google Scholar]

	



Lin, Z.; Wen, F.; Zhao, J.; Xue, Y. Controlled islanding schemes for interconnected power systems based on coherent generator group identification and wide-area measurements. J. Modern Power Syst. Clean Energy 2016, 4, 440–453. [Google Scholar] [CrossRef][Green Version]

	



Xu, Y.; Li, X. An improved immune clonal selection algorithm based planning method for distribution network with distributed generators. Power Syst. Technol. 2010, 34, 97–101. [Google Scholar]

	



Lin, Z.; Wen, F.; Wang, H.; Lin, G.; Mo, T.; Ye, X. CRITIC-based node importance evaluation in skeleton-network reconfiguration of power grids. IEEE Trans. Circuits Syst. II Express Briefs 2018, 65, 206–210. [Google Scholar]

	



Liu, Y.; Wu, W.; Zhang, B.; Li, Z.; Ju, Y. Reactive power optimization for three-phase distribution networks with distributed generators based on mixed integer second-order cone programming. Automat. Electron. Power. Syst. 2014, 38, 58–64. [Google Scholar]

	



Yuan, W.; Wang, J.; Qiu, F.; Chen, C.; Kang, C.; Zeng, B. Robust optimization-based resilient distribution network planning against natural disasters. IEEE Trans. Smart Grid 2016, 7, 2817–2826. [Google Scholar] [CrossRef]

	



Xiao, J.; Zhong, H.; Yu, B. Multi-scenario anti-disaster planning for urban distribution networks containing microgrid. Power Syst. Prot. Control. 2012, 40, 101–106. [Google Scholar]

	



Xu, R. Power Networks Planning under Power Marketing based on Unascertained Number. Master’s Thesis, Beijing Jiaotong University, Beijing, China, 2007. [Google Scholar]

	



Lin, J.; Li, H.; Luo, P.; Gao, D. Integrated planning for the distribution system with the unified optimization of substation and network frame. Automat. Electron. Power. Syst. 2006, 30, 42–46. [Google Scholar]

	



Cui, J.; Meng, F.; Chen, L. Practical Technology of Distribution Network; Water Power Press: Beijing, China, 2011. [Google Scholar]

	



State Grid Corporation of China. Technical Guidelines for Distribution Network; China Electric Power Press: Beijing, China, 2016. [Google Scholar]

	



Zhu, M.; Li, J.; Chang, D.; Zhang, G.; Chen, J. Optimization of antenna array deployment for partial discharge localization in substations by hybrid particle swarm optimization and genetic algorithm Method. Energies 2018, 11, 1813. [Google Scholar] [CrossRef]

	



Hong, Y.; Choi, B.; Oh, G.; Lee, K.; Kim, Y. Nonlinear conflict resolution and flow management using particle swarm optimization. IEEE Trans. Intell. Transp. Syst. 2017, 18, 3378–3387. [Google Scholar] [CrossRef]

	



Li, X. A New Intelligent Optimization Method—Artificial Fish School Algorithm. Ph.D. Thesis, Zhejiang University, Zhejiang, China, 2003. [Google Scholar]

	



Jallad, J.; Mekhilef, S.; Mokhlis, H.; Laghari, J.; Badran, O. Application of hybrid meta-heuristic Techniques for optimal load shedding planning and operation in an islanded distribution network integrated with distributed generation. Energies 2018, 11, 1134. [Google Scholar] [CrossRef]

	



Meng, X.; Liu, Y.; Gao, X.; Zhang, H. A new bio-inspired algorithm: chicken swarm optimization. In Proceedings of the International Conference in Swarm Intelligence, Hefei, China, 17–20 October 2014. [Google Scholar]

	



Meng, X.; Gao, X.; Lu, L.; Zhang, H. A New bio-inspired optimisation algorithm: bird swarm algorithm. J. Exp. Theor. Artif. Intell. 2015, 28, 673–687. [Google Scholar] [CrossRef]

	



Zeng, C.; Peng, C.; Wang, K.; Zhang, Y.; Zhang, M. Multi-objective operation optimization of micro grid based on bird swarm algorithm. Power Syst. Prot. Control. 2016, 44, 117–122. [Google Scholar]

	



Liu, B.; Zhao, R.; Wang, G. Uncertainty Programming and Application; Tsinghua University Press: Beijing, China, 2003. [Google Scholar]

	



Pan, C.; Meng, T.; Cai, G.; Yin, H. Bi-level programming model of distributed generation in active distribution network. Electr. Meas. Instrum. 2015, 52, 19–23. [Google Scholar]

	



Zhang, B.; He, D.; Zhang, Q.; Deng, J.; Long, J. Double distribution network expansion planning including distributed power. Power Syst. Prot. Control. 2016, 44, 80–85. [Google Scholar]

	



Wang, C.; Liu, T.; Xie, Y. Substation locating and sizing based on hybrid genetic algorithm. Automat. Electron. Power. Syst. 2006, 30, 30–34. [Google Scholar]

	



Yang, H. A Study on Substation Site Selection based on Particle Swarm Optimization Algorithms. Master’s Thesis, North China Electric Power University, Beijing, China, 2006. [Google Scholar]

	



Hosseinzadeh, M.; Salmasi, F.R. Robust optimal power management system for a hybrid AC/DC micro-grid. IEEE Trans. Sustain. Energy 2015, 6, 675–687. [Google Scholar] [CrossRef]

	



Xiang, Y.; Liu, J.; Liu, Y. Robust energy management of microgrid with uncertain renewable generation and load. IEEE Trans. Smart Grid 2016, 7, 1034–1043. [Google Scholar] [CrossRef]

	



Zhang, Y.; Gatsis, N.; Giannakis, G.B. Robust distributed energy management for microgrids with renewables. IEEE Trans. Sustain. Energy 2013, 4, 944–953. [Google Scholar] [CrossRef]

	



Li, J.; Peng, L. New approach to facial expression classification—Manhattan distance. Comput. Eng. Appl. 2008, 44, 74–75. [Google Scholar]

	



Liu, Z. The General Cost of the Transmission and Transformation Projects under State Grid Corporation of China; China Electric Power Press: Beijing, China, 2014. [Google Scholar]

	



Li, Y.; Cao, Y.; Liu, Z.; Liu, Y.; Jiang, Q. Dynamic optimal reactive power dispatch based on parallel particle swarm optimization algorithm. Comput. Math. Appl. 2009, 57, 1835–1842. [Google Scholar] [CrossRef][Green Version]








[image: Energies 11 02669 g001 550] 





Figure 1. Two different connection mode forms of the same line: (a) connection order 1; (b) connection order 2. 
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Figure 2. The bird swarm algorithm (BSA)-based optimization procedures for joint planning of substations and lines in distribution systems. 
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Figure 3. Flow chart of the master-slave architecture based parallel BSA for joint planning of substations and lines in distribution systems. 
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Figure 4. Planning schemes for the actual distribution system using different methods: (a) proposed BSA-based bi-level optimization method; (b) traditional single level optimization method [20]. 






Figure 4. Planning schemes for the actual distribution system using different methods: (a) proposed BSA-based bi-level optimization method; (b) traditional single level optimization method [20].



[image: Energies 11 02669 g004]







[image: Energies 11 02669 g005 550] 





Figure 5. Optimized annual costs for each iteration in joint planning of substations and lines in distribution systems. 
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Table 1. The indexes of speedup factor and parallel computing efficiency for the proposed bi-level distribution network planning (DNP) optimization.
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Process No.

	
Sn

	
En

	
Process No.

	
Sn

	
En




	
PC1

	
PC2

	
PC1

	
PC2

	
PC1

	
PC2

	
PC1

	
PC2






	
2

	
0.9155

	
0.8963

	
0.4578

	
0.4481

	
8

	
1.5885

	
2.142

	
0.1986

	
0.2678




	
3

	
2.0192

	
1.5798

	
0.6731

	
0.5266

	
9

	
1.4092

	
2.0896

	
0.1566

	
0.2322




	
4

	
2.2797

	
2.0994

	
0.5699

	
0.5249

	
10

	
1.3087

	
2.0347

	
0.1309

	
0.2035




	
5

	
2.2121

	
2.4925

	
0.4424

	
0.4985

	
11

	
1.2149

	
1.9679

	
0.1104

	
0.1789




	
6

	
1.9657

	
2.23

	
0.3276

	
0.3717

	
12

	
1.1147

	
1.867

	
0.0929

	
0.1556




	
7

	
1.7721

	
2.1487

	
0.2532

	
0.307

	
13

	
1.0242

	
1.6064

	
0.0788

	
0.1236
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