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 Background: As a result of low voltage level in distribution systems the value of 
power loss is relatively high in these systems. This is usually one the main issues in 

distribution systems and distributed energy resources (DER) can be effectively used to 

solve the problem. They also reduce the electrical energy which should be purchased 
from electricity market. Objectives: This paper proposes a methodology to find the 

optimal location and size of DERs considering the stochastic nature of the loads in 

distribution systems. The Monte Carlo simulation method is used to model the 
uncertainties associated with random outages of the lines and the long-term load 

forecasting. An effective scenario reduction technique is applied to reduce the 

computational burden of scenarios. Two different objective functions are considered. 
Firstly DERs are applied to maximize the ratio of total benefit to sum of the investment 

and operation cost in three years, considering the load growth and load growth 

uncertainties. Profit maximization can be also considered as the objective function, but 
the investment should be justified comparing to the other investment fields. In order to 

model this comparison the second objective function is the profit gained by placement 

of DERs and the benefit to cost ratio is considered as a constraint which its value 
should be greater than a predefine value. This predefined value is gained based on the 

other investment opportunities. In order to maximize the values of objective functions 

the proposed method attempts to reduce the value of energy dissipation and power 

which should be purchased from electricity market. Particle swarm optimization (PSO) 

algorithm is a powerful tool in locating and sizing problems. Results: The proposed 

algorithm is applied to find the optimal location and size of DERs to maximize the 
value of objective functions. In order to show the necessity of stochastic modeling of 

the problem the deterministic problem is also solved with both objective functions and 

the solutions of deterministic problems are compared to the stochastic solutions in case 
studies. The results demonstrate the necessity of consideration of uncertainties 

associated with power system in the optimization process.  
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INTRODUCTION 

 

 Deregulation in control and management of power system has created an augmented interest in Distributed 

Energy Resources (DERs). DERs are expected to play an increasingly essential role in electric power systems 

operation and planning [1]. This new tendency has been primarily motivated by progresses in generation 

technologies that have made smaller generating units viable and feasible; along with an increasing awareness of 

environmental issues [2].  

 DER can be generally defined as the production of electrical energy by small-size generators that are 

located near the consumers [3]. There are several benefits resulting from integrating DERs into the power 

system. Reference [4] modeled and quantified most important benefits of DER in economic terms. Technical 

benefits of integrating DER into the power system can also be modeled. Reference [5] proposes a general 

approach and a set of indices to quantify these benefits. Main benefits regarding locating of DERs in the power 

system includes, reduced system losses, deferral or elimination of system upgrades, and improvement in system 

reliability as well as efficiency [6]. 

 Since the potential benefits of DER mainly depend on its location and size, many of the works studying 

DERs, address the problem of its optimal locating and sizing [7]–[9]. A method based on multi-objective 

formulation for the siting and sizing of DER into distribution networks is proposed in [7]. The proposed method 
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compromise between cost of network upgrading, cost of power losses, cost of energy not supplied, and cost of 

energy required by the served customers to find the optimal location and proper size of DER. Genetic algorithm 

and an ε-constrained method are used as optimization technique to solve this optimization problem. In [8] 

analytical methods to determine the optimal location for placement of DER in radial as well as meshed systems 

to minimize the power loss of the system is proposed. Reference [9] proposes cost-benefit analysis approach 

based on a new heuristic approach to find the optimal sizing and siting decisions for DER capacity aimed to 

minimize the disco's investment and operating costs as well as payment toward loss compensation. In [10] a 

multi-period AC optimal power flow (OPF) is proposed to determine the optimal accommodation of DER in 

order to minimize the system energy losses. In [11] a cost/worth analysis is used which study optimal locating 

and sizing of DER by considering reliability indices and loss reduction in the power system. In [12] the 

simultaneous placement of DG and capacitor is studied; 14-bus test system has been employed to justify their 

proposed method. An improved nondominated sorting genetic algorithm–II is used in [13] to find the optimal 

location and size of multiple DG in distribution network. A multi-objective approach is used composed of loss 

minimization, minimum voltage deviation, and maximal voltage stability margin for optimization. Reference 

[14] uses the same approach as the last study for optimal location of DG in distribution system with special 

requirements for power quality and power supply.  

 The vast majority of work in this area has ignored the uncertainties associated with the power system 

component and bus loads. This leads to a high risk in DER application since the optimization problem result in 

the solution with non-optimal stochastic saving. In [15] an algorithm for long-term resource planning by the 

modeling of random outages, and load forecasting inaccuracies is proposed. 

 In this paper in order to model these uncertainties a set of scenarios is created by the Monte-Carlo 

simulation, each with a probability. DER placement and sizing problem considering a long-term period of study 

includes a large number of variables, and so requires an appropriate scenario reduction approach to reduce the 

computational costs of the optimization problem in handling of the large number of scenarios. 

 A novel method is proposed to solve the complicated problem of finding the optimal location and proper 

size of DERs considering the uncertainties associated with the load fluctuations in a long-term infrastructure. 

The proposed method is utilized to obtain a solution which maximizes the saving caused by the DER application 

in the set of scenarios after reduction, applying the Particle Swarm Optimization (PSO) algorithm. 

 The costs associated with generation of energy by DER are categorized into investment cost, operation and 

maintenance (O&M) costs. On the other hand, benefits regarding DER placement include earnings on selling of 

the generated electricity and energy loss reduction. All of these costs and earnings are calculated in terms of the 

present value factor (PVF), compounded over the study period. It is a common practice for a decision maker to 

translate future cash flows into their present values [16]. The interest rate is also considered for the calculation 

of the PVF. 

 Two different objective functions are considered. In the first one the optimization is aimed at maximization 

of the ratio of benefit to cost (BCR). Though this is a typical trend in literature to consider such an objective 

function, it suffers some drawbacks. The main of those is that the profit could be very low while the BCR is 

high. The other objective function considered is the profit gained by installation of the DERs, but a high profit 

could be achieved with high investment and operation cost. In the other words the value of profit could be very 

high while the BCR is low. In such a case the investment on DER placement lose its justification. As an 

acceptable remedy the profit and BCR are considered as the objective function and constraint respectively. The 

value of BCR should be greater than a predefined value. This predefined value should be selected based on the 

other investment opportunities. 

 The contribution of this paper is a novelty in defining the objective function in which not only a high value 

of BCR is desired but also the highest value of profit is aimed to be found. In this way solution that have a low 

value of profit (even though they have a high value of BCR) are not selected as the best solution, because they 

result in low profit and cannot solve the problems of the distribution system in long-term. Moreover, in this 

study uncertainties associated with power system are taken into account. A very uncertain environment is 

considered and simulated in this paper and the results are compared with those obtained by deterministic 

approach to identify the necessity of stochastic analysis.  

 The proposed method carried out on IEEE-30 bus radial distribution test system. The simulation results 

show the effectiveness of the proposed method and demonstrate the vitality of considering uncertainties 

associated with the system loading in DER planning problems. 

 The rest of this paper is structured as follows. The long-term scenario generation and reduction procedure 

are described in section II. Section III gives an overview of the Particle Swarm Optimization algorithm. 

Proposed method is explained in section IV. The simulation results are presented and discussed in section V. 

The concluding remarks are presented in section VI.  
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Stochastic Long-term Model: 

Monte Carlo simulation method: 

 In the proposed stochastic planning problem scheme, each possible system state is represented by a 

scenario. The Monte Carlo simulation is applied to create scenarios that simulate stochastic characteristics of 

system components and load growth. Scenario reduction technique is used to decrease the number of created 

scenarios. The annual load duration curve, expressed as multiple load blocks, (shown in Fig. 1) is used in 

consideration of forced outages of lines and load forecasting inaccuracies. 

 

 
 

Fig. 1: Load duration curve (LDC). 

 

 Each load block of Fig. 1 represents hours with similar loads. Future annual peak loads and energy demands 

are expressed as the base year value times the growth rate. The growth rate is considered as an average growth 

rate, ARP and ARE, and a random component, RRPt and RREt for annual peak loads and energy demands, 

respectively. Normally distributed random components with certain standard deviations are added to the average 

growth rates in order to reflect uncertainty in economic growth or weather changes. Random trajectories in sth 

scenario and tth year, denoted by Pt,s for peak load, and denoted by Et,s for energy demand, are expressed in the 

Monte Carlo simulation as [15]: 

, ( 1), ,(1 )t s t s t sP P ARP RRP   
                        (1) 

 

, ( 1), ,(1 )t s t s t sE E ARE RRE   
                          (2) 

 

 The future load block in scenario s, Lbt,s , is calculated via a linear transformation of the base year load and 

formulated as 

, 0t s s sLb a Lb b  
                                                (3) 
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 The bus load at each load block is calculated by multiplying load distribution factor and load at each block, 

, ,zbt s zbt t sPD D Lb 
                                                (6) 

 UYjbt is used in the Monte Carlo simulation to represent transmission line availability in which UYjbt =1 

indicates that the transmission line j is available at load block b in year t while UYjbt = 0 indicates otherwise. 

Accordingly, a scenario is consisted of RRPt,s , RREt,s  and UYjbt ,s. 

 

Scenario reduction: 

 Number of scenarios directly affects the computational requirements for solving scenario-based 

optimization models. So an effective scenario reduction method could be very essential for solving large-scale 

systems. The reduction technique is a scenario-based approximation with a smaller number of scenarios and a 

reasonably good approximation of original system [15]. Therefore, a subset of scenarios and a probability 

measure based on this subset that is the closest to the initial probability distribution in terms of probability 

metrics is determined. The scenario reduction technique that is used in this study control the goodness-of-fit of 

approximation by measuring a distance of probability distributions as a probability metric. Efficient algorithms 

developed from backward and fast forward methods determine optimal reduced measures. Simultaneous 

backward and fast forward reduction methods are explained in [17]. Let ξs (s=1,…,N) denote N different 

scenarios, each with a probability of PRs, and Dists,s’ be the distance of scenario pair (s,s’). The simultaneous 

backward and fast forward reduction includes the following steps: 
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Step 1: Set S as the initial set of scenarios; DS is the set of scenarios to be deleted. The initial DS is null. 

Compute the distances of all scenario pairs: Dists,s’ = Dist(ξs ,ξs’), s,s’ =1,…,N; 

Step 2: for each scenario k, Distk(r) = min Distk,s’ , s’, k S and s’ ≠ k, r is the index of scenario that has the 

minimum distance with scenario k; 

Step 3: compute DDk(r) = PRk * Distk(r), k S . Choose d so that DDd = min (DDk), k S ; 

Step 4: S = S – {d}, DS = DS + {d}; PRr =PRr + PRd; 

Step 5: repeat steps 2-4 until the number to be deleted meets the predefined number of scenarios. 

 

Particle Swarm Optimization: 

 Heuristic methods may be used to solve some combinatorial multi-object optimization problems. These 

methods are called “intelligent,” because the move from one solution to another is done using rules based upon 

human reasoning. Heuristic algorithms may search for a solution only inside a subspace of the total search 

region. Although, they are able to give a good solution for certain type of problems in a reasonable 

computational time, they do not completely assure to reach the global optimum. The most important advantage 

of heuristic methods lies in the fact that they are not limited by restrictive assumptions about the search space 

like continuity, existence of derivative of the objective function, etc. Several heuristic methods can be addressed 

such as: Tabu Search (TS), Simulated Annealing (SA), Genetic Algorithms (GAs) and Particle Swarm 

Optimization (PSO) [18-20]. Each one has its own pros and cons which make them possible to apply to the 

appropriate problems, where in this paper PSO method is selected as an intelligent optimization method. 

Kennedy and Eberhart first introduced PSO method, which is also an evolutionary computation technique [21-

22]. Similar to genetic algorithms (GA), PSO is a population-based optimization tool. The system is initialized 

with a population of random solutions and searches for the optima by updating generations. However, unlike 

GA, PSO has no evolution operators such as crossover and mutation.  

 In PSO, the potential solutions, called particles, are “flown” through the problem space by following the 

current optimum particles. Compared to GA, the advantages of PSO are that it is easy to implement and there 

are few parameters to be adjusted. It can be said that PSO has been successfully applied in many areas. Each 

individual in PSO flies in the search space with a velocity which is dynamically adjusted according to its own 

flying experience and its companions’ flying experience. Each individual keeps track of its coordinates in the 

problem space, which are associated with the best solution (fitness) it has achieved so far. This value is called 

pbest, while another best value that is tracked by the global version of the particle swarm optimizer is the overall 

best value, and its location the so-called gbest, obtained so far by any particle in the population. At each time 

step, the particle swarm optimization consists of velocity changes of each particle towards its pbest and gbest. 

 Acceleration is weighted by a random term, with separate random numbers being generated for acceleration 

towards pbest and gbest. This new technique for nonlinear optimization involves simulating social behavior 

among individuals (particles) "flying" through a multidimensional search space, where each particle represents a 

single intersection of all search dimensions. The particles evaluate their positions relative to a goal (fitness) for 

any iteration, and particles in a local neighborhood share memories of their "best" positions, and then use those 

memories to adjust their own velocities for subsequent positions. In PSO i
th

 particle “Xi” is defined as a 

potential solution in D-dimensional space, where
 

1 2
, , ,

Di i i iX x x x 
. Each particle also maintains a memory of 

its previous best position and a velocity along each dimension represented as:  
1 2, , ,

Di i i iP p p p 
, 

 
1 2
, , ,

Di i i iV v v v 
. At each iteration, the P= [P1, P 2, … P i ,… P n] vector of the particle would be adjusted with 

the best fitness in the local neighborhood. This adjustment will be done by using a factor “gbest” and with the 

best fitness of the population by a factor “pbest”. Velocity adjustment along each dimension, can be defined by 

Equation (11), where it is used to compute a new position for the particle [21-22] 

1 1

2

w. (0,1) ( )

(0,1) ( )

gbest

pbest

i i i i

i i

v v c rand x x

c Rand x x

     

  
                       (7) 

1i i ix x v  
                                            (8) 

 

Where:  

w: inertia weight factor, often decrease linearly from about 0.9 to 0.4 during a run [22]. 

c1, c2: acceleration constants. 

rand (0,1), Rand(0,1): random numbers. 

gbestix
: The best particle among all individuals in the population. 

pbestix
: The best history of position of particle xi. 
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 The constants c1 and c2 represent the weighting of the stochastic acceleration terms that pull each particle xi 

towards pgbestix
 and pbestix

 positions. According to the literature c1, c2 were often set to be 2.05. A suitable 

selection of inertia weight w in Eq. (11) provides a balance between global and local explorations, thus requiring 

less iteration to find a sufficiently optimal solution. As it is originally developed, w often decreases linearly from 

about 0.9 to 0.4 during optimization process. The inertia weight w can be set according to Equation (13) [21]. 

max min
max

max

w w
w w iter

iter


  

                          (9) 

 Where maxiter
 is the maximum number of iterations (generations), while iter is the current number of 

iterations. PSO like GA is initialized by a population of random solutions with some advantages. It has memory 

to support the knowledge of good solutions by all particles. PSO has constructive cooperation between particles 

in order to share their information. 

 

Proposed Method: 

 In deregulated electricity markets the objective of power system operation and planning is maximization of 

social welfare through minimization of operation costs [1]. Having a relatively high capital cost, there is 

considerable risk in DERs application. Therefore, achieving the optimal location and appropriate size of DER is 

very important, especially in restructured environment. The focus of this study is on loss minimization of the 

power system through appropriate implementation of DERs in an uncertain environment.  

 In this section, initially the objective functions are defined, and then system constraints such as line flow 

limits, voltage limits and reactive power constraints are discussed. Finally, Implementation of the PSO 

algorithm as a powerful optimization technique, to optimize the objective functions is discussed. 

 

The Deterministic Problem: 

 The average load and energy growths are considered, and three different load duration curves (LDCs) are 

drawn each one representing one year of the three year time horizon. Each LDC is divided into four load blocks 

(Fig. 1), so there will be 12 load levels, each of which having a chance of occurrence. The following subroutines 

are performed for each solution created by the PSO algorithm in order to calculate the value of each objective 

function. 

 For each year and each load block a PF subroutine is performed including the DERs. The location and size 

of the DERs are obtained based on the solution created by the PSO algorithm.  

Two different objective functions are considered for placement and sizing problem. 

 In the first one the optimization is aimed at maximization of the benefit to cost ratio. Here, a cost/worth 

approach is explained for placement and sizing of DER. DER cost is composed of the Investment Cost (IC), 

Operation Cost (OC) and Maintenance Cost (MC). DER benefit is composed of Power Purchase Saving (PPS) 

and Total Loss Reduction (TLR) of the system due to application of DER.  

The first objective function of is defined as follows: 

, ,

1 1

LbNT

t b t b

t b

Max Obj prob BCR
 

 
                            (10) 

 DER

DER

Benefit
BCR

Cost
                                                 (11) 

 Where, BCRt,b is the BCR of bth load block of LDC at year t and probt,b is the chance of occurrence of bth 

load block of LDC at year t. BenefitDER and CostDER refer to the total benefits and total costs of DER application, 

respectively. 

1

 
DERN

DER DER

DER k k

k

Benefit PPS TLR

                                 (12) 

1

( )


  
DERN

DR DER DER

DER k k k

k

Cost IC OC MC

                         (13) 

Where, NDER is the number of DERs. 

 Though the first objective function has been considered widely in the literature as objective function, it 

suffers some drawbacks. The main of those is that the profit could be very low while the BCR is high. The other 

objective function considered in this study is the profit gained by installation of the DERs, but a high profit 

could be achieved via high investment and operation costs. In the other words the value of profit could be very 

high while the BCR is low. In such a case the investment on DER placement lose its justification. As an 

acceptable remedy the profit and BCR are considered as the objective function and constraint respectively. The 

value of BCR should be greater than a predefined value. This predefined value should be selected based on the 

other investment opportunities. 
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, ,

1 1

[ ]
LbNT

t b t b

t b

Max Obj prob profit Penalty
 

  
                   (14) 

Where, profitt,b is the profit of bth load block of LDC at year t. The Penalty is defined as (15). 

[( )

]

Goal

Goal

Penalty BCR BCR

BCR BCR M

 

  
                                               (15)   

 BCR
Goal

 refers to the minimum desired level of BCR and M is a big positive value. Equation (15) shows 

that if the value of BCR is less than BCR
Goal

 a big positive value should be subtracted from the profit. In this 

way the optimization algorithm avoid the solutions with low value of BCR. 

 

DR Benefits Calculation: 

 All benefits of DER cannot be modeled on economic values such as environment benefits and voltage 

improvement which are quantified in non-economic values in [23]. In this study, economic factors such as 

Power Purchase Saving (PPS) and Total Loss Reduction (TLR) are used to study benefits of DER 

implementation.  

DER Benefits is composed of PPS and TLR as presented in the following: 

 

A. Power Purchase Saving (PPS): 

 PPS represents the saving due to reduction in electric power that must be purchased from electricity market 

to supply the customers. 

1

 
DERN

DER

k

k

PPS P EP

                                         (16) 

 Where, 
DER

kP
 is the output power of the k-th DER unit and EP  is the energy price. Considering interest 

rate (IR), the value of EP of the t-th year is calculated using (15). 
1

1 (1 )    t

tEP EP IR
                                   (17) 

 

B. Total Loss Reduction (TLR): 

 Power losses in distribution systems are very important for the utilities. Losses of the system reduce the 

efficiency of transmitting energy to customers. The total reduction of real power losses in a distribution system 

is calculated as follows. 

, ,( )  DER

t Loss t Loss t tTLR P P EP
                               (18) 

Where, ,Loss tP
 is the active power loss before installing DERs in the distribution system at the t-th year and 

,

DER

Loss tP
 is the total active power loss after installation of DERs in the network at the t-th year. 

 

DER Costs Calculation: 

 Cost of DER is composed of three components as follows: 

kIC
 : Initial cost of the k-th DER. 

kOC
 : Operating cost of the k-th DER. 

kMC
 : Maintenance cost of the k-th DER. 

 Initial cost (IC) includes procurement, installation costs of DER. Operating cost (OC) is the fuel cost that 

will be calculated for each year using IR. Maintenance cost (MC) consists of maintenance and repair costs.  

The objective functions are subjected to the following constraints. 

 

I. Power balance equations: 

1 1

B B

i i

N N

G D

i i

P P
 

 
                                                                    (19) 

1 1

B B

i i

N N

G D

i i

Q Q
 

 
                                                                (20) 

 

II. Transmission lines limits: 

1,...,Max

l l LT T l N 
                                                      (21) 
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III. Bus voltage limits: 
Min Max

i i iV V V 
                                                                      (22) 

 To consider the voltage magnitude and transmission line limits, penalty factors are also involved in the 

objective functions to cope with these limits [1]: 

 

T VObjective Function F F Obj  
                          (23) 

,

1

LN

T T l

l

F F



                                  (24) 

,

1

BN

V V i

i

F F



                                           (25) 

 Where, Obj  is one of the objective functions. ,T iF
 and ,V nF

 are the proposed penalty functions for 

transmission line and voltage limits that are shown in Figs. 2 and 3, respectively. 

 

 
Fig. 2: Proposed penalty function for transmission lines limit. 

 
Fig. 3: Proposed voltage penalty function. 

 

The Stochastic Problem: 

 In order to reduce the computational burden of the scenarios a Probability Density Function (PDF) is dawn 

for system load. There are 12 load levels in each scenario including four different load blocks in the three years 

of the study horizon, each with a certain probability. Each scenario itself has a probability. Combining the load 

levels of the scenarios, the load PDF is drawn. In order to quantize the load levels this PDF is divided into equal 

sections each with an occurrence probability (see Table VI). 

 The final set of scenarios is introduce to the placement and sizing algorithm discussed so far, combining 

these load levels with line outage scenarios. Considering the probability of each scenario placement and sizing 

problem is solved with the method described in previous section. 

 

RESULTS AND DISCUSSION 

 

 The proposed method is tested on IEEE 30-bus distribution system [24] which is shown in Fig. 4. This 

system comprises one main feeder and 6 auxiliary substations, 22 load points.   A three-year time period is 

considered and interest rate (IR) is 10%. 
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Fig. 4: IEEE 30-bus distribution system. 

 

 The peak load pattern in the first year of the study is given in Table I. Both real (kW) and reactive (KVAR) 

loads are specified. This table also shows the complex impedances of the lines. The power factor of each load 

remains constant as the load growths and fluctuates. The mean values of the load and energy growth rates are 

considered to be 0.08. A standard deviation of 5% of the mean values is considered for these rates. 

 

Sensitivity Analysis: 

 As maintained earlier the convergence of the PSO algorithm depends on its parameters introduce in section 

III. The values of the parameters that lead to the fastest convergence and optimal solution depend on the type of 

problem which is aimed to be solved.  

 A sensitivity analysis has been conducted to find the best parameters that guaranty a fast convergence as 

well a global optimum solution. In order to find this parameter, the program should be run several times. It takes 

a lot of time, so only the peak value of the load at present year is considered. The swarm size and maximum 

number of iterations are 50 and 200 respectively. The objective function which is considered in this section is 

the second one (profit maximization with BCR as a constraint). The results of this sensitivity analysis are 

presented in Table II. We consider C2 to be equal to C1. As can be seen in this table the values of parameters 

W1, W2, C1 and C2 which are presented in Table III result in the best solution for this simplified optimization 

problem. This section is continued in two other sub-sections. Firstly the deterministic problem is solved. The 

stochastic problem is solved in the next subsection and the results are compared to those achieved for 

deterministic problem. In each sub-section two objective functions are considered as mentioned earlier in 

section IV. 

 

Deterministic Problem: 

 Considering the average load growth for the three-year time horizon considered the placement and sizing 

problem is solved for both objective functions. 

 

BCR as the Objective Function: 

 The five top ranking solutions of the placement and sizing problem are ranked in Table IV for this case 

study. The value of profit is also calculated and presented in Table IV for these solutions. The first ranked 

solution has the maximum value of the BCR. It should be noted that in all cases the location and size of the 

DERs are drawn simultaneously. As the results of Table IV show bus 11 is selected in all the solutions. In order 

to find these top ranking solutions the program is run 5 times and in each run the DERs’ position in the best 

solution of the previous run is prohibited. 

 

Profit as the objective function: 

 Considering a minimum of 1.3 for the BCR, the five top ranking solutions for this case are presented in 

Table V. The value of BCR is also presented in Table V for each solution. Comparing the results of this table to 

those presented in Table IV, one can conclude that if we consider the BCR as the objective function the value of 

profit might well be very low. Considering the profit as the objective function one can solve this problem. The 



1096                                    Ali Afkousi-Paqaleh and Hossein Dehghan Tezerjani, 2014 

Advances in Environmental Biology, 8(17) September 2014, Pages: 1088-1098 

BCR should be considered as a constraint. This guaranties the profitability of the plan comparing to the other 

investment opportunities. 

 
Table I: Ieee 30-Bus Distribution System Data. 

From 

Bus i 

To 

Bus j 
( )ijr pu

 
( )ijx pu

 
Active load at j 

(MW) 
Reactive load at j 

(MVAR) 

Main Feeder 1 0.0963 0.3219 0 0 

1 2 0.0414 0.0022 0.5220 0.1740 

2 3 0.0659 0.0651 0 0 

3 4 0.2221 0.1931 0.9360 0.3120 

4 5 0.1045 0.0909 0 0 

5 6 0.3143 0.1770 0 0 

6 7 0.2553 0.1438 0 0 

7 8 0.2553 0.1438 0 0 

8 9 0.2506 0.1412 0.1890 0.0630 

9 10 0.2506 0.1412 0 0 

10 11 0.7506 0.4229 0.3360 0.1120 

11 12 0.3506 0.1975 0.6570 0.2190 

12 13 0.1429 0.0805 0.7830 0.2610 

13 14 0.2909 0.1639 0.7290 0.2430 

8 15 0.0898 0.0781 0.4770 0.1590 

15 16 0.1377 0.0775 0.5490 0.1830 

16 17 0.2467 0.1390 0.4770 0.1590 

6 18 0.0915 0.0795 0.4320 0.1440 

18 19 0.3005 0.2612 0.6720 0.2240 

19 20 0.2909 0.1639 0.4950 0.1650 

6 21 0.1143 0.0994 0.2070 0.0690 

3 22 0.1066 0.1054 0.5220 0.1740 

22 23 0.0649 0.0641 1.9170 0.0630 

23 24 0.1083 0.0941 0 0 

24 25 0.2760 0.2399 1.1160 0.3720 

25 26 0.2009 0.1746 0.5490 0.1830 

26 27 0.2857 0.1609 0.7920 0.2640 

1 28 0.0881 0.0047 0.8820 0.2940 

28 29 0.3091 0.1741 0.8820 0.2940 

29 30 0.2106 0.1187 0.8820 0.2940 

23baseV kV
,  

100baseS MVA
,  

15Total Load MW
 

 
Table II: Sensitivity Analysis for Parameter Selection. 

W1 C1 
W2 

1.5 1.6 1.7 1.8 1.9 

  Profit in peak load ($)      BCR > 1.3 

0.4 0.3 409.31 411.01 415.32 415.32 415.3 

0.5 0.3 409.31 411.01 416.11 412.32 412.3 

0.4 409.31 411.01 416.11 412.32 412.3 

0.6 0.3 419.40 419.57 419.57 420.57 425.0 

0.4 419.40 419.57 419.57 425.08 425.0 

0.5 411.01 416.11 416.11 412.32 412.3 

0.7 0.3 435.17 435.17 447.10 447.10 447.1 

0.4 435.17 447.10 451.08 447.1 435.1 

0.5 427.11 427.11 438.23 438.23 438.2 

0.6 435.20 438.23 438.23 438.23 438.2 

0.8 0.3 451.08 451.08 478.10 478.10 478.1 

0.4 451.08 485.22 485.60 475.78 478.1 

0.5 451.08 485.22 485.60 472.67 475.7 

0.6 457.76 456.03 467.98 467.98 467.9 

0.7 445.91 445.91 453.56 445.91 440.5 

 

Table III: PSO Algorithms’ Parameters. 

 SWARM SIZE C1 C2 W1 W2 ITERMAX 

DETERMINISTIC PROBLEM 30 1.7 1.7 0.8 0.4 150 

PROBABILISTIC PROBLEM 50 1.7 1.7 0.8 0.4 200 

 

Stochastic Problem: 

 In order to reduce the computational burden of the large number of scenarios the long term load scenarios 

are combined to find the appropriate load levels with their respecting probabilities. Table VI shows these load 

levels and the probabilities.  
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Table IV: Top Ranking Solutions of Deterministic Problem (BCR as the Objective function). 

Bus 
Rank 

8 11 16 20 23 25 BCR Profit ($) in three-
year time horizon 

 Size of DER (KW) 

1 - 106.5 - - - - 1.5850 152547.57 

2 - 576.0 - 175.6 - - 1.5329 980800.59 

3 - 904.2 600.8 583.5 - 256.9 1.4620 2719756.05 

4 214.8 1012.1 1081.9 209.2 98.1 1452.1 1.4223 4225066.50 

5 484.9 547.9 2557.1 - - 2787.3 1.3849 5989230.91 

 

Table V: Top Ranking Solutions of Deterministic Problem (Profit as the Objective function     BCR > 1.3). 

Bus 
Rank 

1 2 3 7 8 9 13 16 18 23 25 Profit ($) 
in three-

year 

BCR 

 Size of DER (KW) 

1 1472 45 1498 1457 643 512 1236 379 679 408 1186 8745646.19 1.3599 

2 1833 44 1833 1833 617 - 1057 603 656 - 1463 8709869.36 1.3592 

3 1980 - 2000 2000 692 - 1111 - 659 - 1369 8640617.27 1.3602 

4 2305 - 1993 4853 - - 534 - - - - 8265659.96 1.3498 

5 1584 - 2684 3288 - - - - - - - 8014669.71 1.3673 

 

Table VI: Load Levels. 

 Load level 
(percent of 15 MW 

peak load) 

Probability  Load level 
(percent of 15 MW 

peak load) 

Probability 

1 62.64 0.120 6 95.83 0.085 

2 69.27 0.136 7 102.47 0.092 

3 75.91 0.147 8 109.11 0.080 

4 82.55 0.125 9 115.75 0.075 

5 89.19 0.085 10 122.38 0.055 

 

Table VII: Top Ranking Solutions of Stochastic Problem (BCR as the Objective function). 

Bus 

Rank 

1 3 4 7 12 17 21 22 26 29 BCR Profit ($) 

in three-year Size of DER (KW) 

1 - - - - 820 - 45 - - - 1.548 1166558.21 

2 - - 241 - 2093 - 96 - - - 1.467 2774988.73 

3 - - 1836 - 1116 - 242 138 154 299 1.407 3763911.87 

4 - - 2094 - 719 186 242 1484 1230 298 1.372 5678771.34 

5 609 153 2720 0.807 1030 1138 - 2000 657 - 1.360 8026554.30 

 

Table VIII: Top Ranking Solutions of Stochastic Problem (Profit as the Objective function     BCR > 1.3). 

Bus 
 

Rank 

1 3 8 11 15 22 24 Stochastic Profit ($) 
in three-year 

BCR 

Size of DER (KW)   

1 2036 221 1707 1360 1869 1878 592 8303172.27 1.352 

2 2115 - 1812 1430 1870 1754 620 8208638.31 1.366 

3 1983 315 1756 1360 1923 2137 - 8201236.35 1.342 

4 2115 - 1873 1435 1985 2356 726 8156899.08 1.3498 

5 2365 452 1967 2290 - - - 8116791.57 1.3673 

 

BCR as the Objective Function: 

 Considering the BCR as the objective function, the stochastic problem is solved in this sub-section. The 

results are presented in Table VII. 5 top ranking solutions are ranked in this table. These results (both location 

and size) are different from the results of the deterministic problem presented in Table IV. The values of profits 

in these solutions are again very low though the BCRs is as high as possible, showing that this objective 

function is unsuitable for the placement and sizing problem. 

 

Profit as the objective function: 

 The stochastic problem is solved in this case and again 5 top ranking solutions are presented in Table VIII. 

 The top ranking deterministic solution was fed to the stochastic problem to find the value of the stochastic 

profit for this solution. The first ranked deterministic solution leads to a stochastic profit of 7455867.25 $ for the 

three-year time horizon. This simply justifies the necessity of stochastic modeling of the problem. 

 

Conclusion and suggestions: 

  In this paper a methodology has been proposed to model the stochastic nature of power system components 

and bus loads in finding the optimal location and size of DERs in distribution systems. The other uncertainties 

such as the ones associated with the energy price should also be taken in to account. The method is the same as 

the load uncertainties modeling presented, but these uncertainties are not considered in this paper.  As shown in 

different case studies, the stochastic solution is different from deterministic solution. It was also shown in case 
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studies that the deterministic solution leads to a stochastic profit which is so much lower than the stochastic 

profit achieved by stochastic solution. These two reasons show why the stochastic modeling of the problem is 

vital in order to reach a reliable optimal solution. A proper modeling of economic aspects of the problem is also 

presented in this paper. The results of case studies also show the effectiveness of this modeling. 
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