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1. Introduction 

  The traditional power system consists of three main 

parts; generation, transmission and distribution. The 

system is designed to work with the unidirectional 

power flow, where the end consumers in the 

distribution side are solely supplied by centralized 

generation units through extensive transmission lines1). 

However, the power generated by centralized 

generation units uses non-renewable energy resources, 

and this causes fuel depletion and environmental 

problems2). Thus, the installation of Renewable-Energy 

Distribution units (REDGs) is one of the promising 

solutions in which the power generated from main 

generation can be replaced by the power from REDGs. 

REDGs can also supply power to some of loads during 

network disturbances through successful islanding 

operation so that the system reliability can be 

improved3-5). Moreover, REDGs can improve the system 

stability and reduce the power losses6,7). Although 

REDGs offer a lot of benefits, they can have drawbacks, 

depending on their sizes and locations8). Hence, REDGs 

have to be adequately planned and installed in order to 

achieve those benefits and minimize the negative 

impacts. In other words, proper planning is essential, 

where the optimal sizes and locations of REDGs have to 

be determined9-11). 

  Therefore, the authors proposed the REDG planning 

in their previous study. Firstly, the optimization 

problem was addressed for REDGs-installed 

distribution network, where the REDGs are wholly 

owned by the Distribution Company (DisCo). The 

purpose of the optimization is to attain multiple 

objectives; reducing the fuel consumption cost that is 

incurred by main grid generators and maximizing the 

reliability of the distribution network. The cost 

reduction is achieved by replacing the power from fuel-

consuming main grid generators with power from  

REDGs. The system reliability is evaluated using some 

common indices, Expected-Energy-Not-Supplied 

(EENS) is one of them. To achieve these objectives, the 

authors proposed a formulation that considers various 

aspects including economic, environmental, technical 

and geographical aspects. The formulation considers 

possible REDG locations based on availability of 

renewable-energy resources, cost-benefit ratio, 

uncertainties of REDG output and load demand 

variations. The new algorithm called Clonal 

Differential Evolution (CDE) with randomized scaling 

factor was proposed to solve the optimization problem. 

The CDE that is the combination of Clonal Selection 

Algorithm and Differential Evolution (DE) enhanced 

the exploration ability and searching capability 

towards promising area. However, the randomized 

scaling factor applied does not guarantee the 

robustness of the algorithm.  

  Thus, this study extends the authors’ previous study. 

The improved CDE, called Adaptive CDE (ACDE) is 

proposed. The control parameters that are involved in 

ACDE are treated in an adaptive manner, where these 

parameters are independently updated by utilizing 

their collected data. The implementation of ACDE 

allows us to achieve better solutions that are more 

robust and stable compared to CDE. This algorithm can 

also be easily applied in different problems without 

requiring predetermined control parameters. 

  This study is organized as follows. In Section 2, the 

aspects considered in the REDGs size and location 

planning are described. The CDE is explained in 

Section 3 and the ACDE is proposed in section 4. 

Section 5 and 6 present the problem formulation and 

simulation settings, respectively. Several algorithms 

and studied cases are carried out and are described in 

Section 7. The Results obtained are shown in Section 8 

and the conclusions are drawn in Section 9. 

 

2. REDG Size and Location planning 
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  The purpose of this study is to determine the 

locations and sizes of REDGs that attains maximum 

Fuel Cost Saving (FCS) at the generation side and 

minimum EENS. The FCS is a reduction of fuel 

consumption cost while EENS is an index used to 

assess the reliability of the system with the presence of 

REDGs.  

  A model of REDGs-installed distribution network is 

considered where the DisCo is responsible for REDGs 

including its operation and planning. The Mini-Hydro 

(MH) and Photovoltaic (PV) are promising REDGs, thus 

are considered. MH has high potential to produce a 

continuous supply of electrical power. However, the PV 

output is uncertain, depending on weather conditions. 

  The uncertainty associated with PV affects the 

assessment of FCS and EENS, hence it must be 

appropriately considered. Therefore, as proposed in12), 

a random variable is used to treat the PV power output. 

The unpredictable event of solar irradiance for each 

hour and season is modelled using the beta Probability 

Density Function (PDF) based on its historical data. 

The expected value is used to assess the FCS, and that 

value is calculated numerically. The idea can be 

implemented by dividing the continuous range of solar 

irradiance for each hour and season appropriately into 

a large number of intervals. The probability and PV 

output of each interval are then calculated. The PV 

output falls in each interval is called possible PV 

output. The expected FCS value is obtained by 

summing the products of the FCS and its probability 

over the number of possible PV outputs. This implies 

that the probability for MH to output this constant 

value is one, hence no effects on the estimation of 

expected FCS. On the other hand, the Monte Carlo 

Simulation (MCS) is employed to evaluate the EENS, 

where the PV output is sampled from the beta PDF of 

its historical data. The details on the evaluation is 

explained in Section 5.  

  To determine the REDG sizes and locations, several 

constraints that are explained in Section 5.2 are to be 

satisfied. The constraints can be categorized into three, 

which are operational, economic and geographical 

constraints. Here, the operational constraints are 

checked in every considered possible PV output by 

doing a load flow analysis for each of them. As for 

geographical constraint, the availability of energy 

resources for each type of REDGs must be ensured 

during planning. Therefore, a number of possible 

locations for both MH and PV that are based on 

geographical features are considered. For instance, the 

river or existing water infrastructures and a relatively 

large amount of open space are possible locations for 

MH and PV, respectively. To ensure the REDG 

investment is worth it, the payback period is introduced 

as an economic constraint to assess the cost benefit 

ratio. The payback period is calculated by identifying 

the number of years required for the REDG installation 

cost to be repaid by the FCS. Additionally, the hourly 

and monthly load variations are considered since the 

power consumed by end users varies from hour to hour. 

 

3. Clonal Differential Evolution 

3.1 Introduction 

 

  The allocation and sizing of REDGs problem is a 

complex problem with mix discrete and continuous 

variables, and very time consuming. In addition, the 

size and location of REDG are related to each other. 

Therefore, metaheuristic method is often applied, but 

the algorithm varies from study to study. The 

Differential Evolution (DE) algorithm is one of the 

meta-heuristic optimization methods that was 

developed by Stone and Price for optimization with 

continuous variables13). DE is a robust algorithm and 

can perform better with continuous variables14-17) 

compared to other algorithms based metaheuristic. 

However, the algorithm suffers from slow convergence 

when the problem becomes more complicated. 

  To overcome this problem, the Clonal Differential 

Evolution (CDE) with randomized scaling factor is 

proposed in the authors’ previous study. In this 

algorithm, an additional operation, called cloning 

process is introduced to the DE. The algorithm is 

capable of enhancing the searching capability. The 

cloning operation favours the algorithm to provide 

various solution candidates, so that the algorithm is 

more explorative. The exploration ability is enhanced 

by introducing random scaling factors instead of fixing 

them as a constant to cover the whole searching region. 

To avoid an excessive exploration, the CDE selects and 

only keeps the solution candidates with high 

performance.  

 

3.2 Procedure of CDE 

  The concept of CDE is to generate more than one trial 

vector for each target vector at the same time 

maintaining the population size. To implement the 

algorithm, four operations are involved, which are 

cloning, mutation, crossover and selection that begin 

after the initialization process is completed. After the 

initialization, the rest of the operations are repeated 

until the stopping conditions are reached. 

 

A) Initialization 

  The CDE algorithm starts by generating the initial 

population, P(0) which is a set of NP individuals as in 

(1). Each individual Xi(0) is a vector that contains D 

dimensional problems, and randomly generated within 

a searching area as described in (2) and (3), 

1 2

(0) (0) (0)(0)
{ , , .. },NPP X X X   

(1) 

(0) (0) (0) (0)
1 2[ , , .. ]  

1, 2, .. ,

i Dii i

i NP

X X X X



  

(2) 

(0)
maxmin min(0,1).( ),DiX X rand X X     

(3) 

where Xmin and Xmax are the lower and upper bounds of 

Xi(0) respectively, and rand(0,1) is a uniformly 

distributed random number in the range of [0,1]. 

 
B) Cloning 

  The population at each generation, G, is duplicated 

to form m clone populations as in (4), 

1 2

( ) ( ) ( )( )
{ , , .. }

1, 2, .. ,

NP

G G GG
q

q m

qP X X X



  

(4) 

where q indicates the qth clone population. 
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C) Mutation 
  After the population is cloned, each individual, Xi(G) 

called a target vector creates a mutant vector, Vq,i(G) 

independently in each of the original and m clone 

populations through mutation process. A Vq,i(G) is 

generated by choosing three differential individuals 
Vq,e(G), Vq,f(G), and Vq,g(G) at random. Independent scaling 

factors, Fq(G) is randomly selected in the range of 

[0.1,0.8] in each of m+1 populations. A single mutant 

vector is created by (5), 

, , , ,

( ) ( ) ( ) ( )
* ( )

,

q i q e q f q g

G G G G
V X F X X

e f g 

  
  

(5) 

 
D) Crossover 
  In crossover operation, each pair Xi(G) and its 

corresponding Vq,i(G) for each of m+1 populations are 

mixed to yield the trial vector, Uq,i(G) using binomial 

crossover operation. Whether the genes of Uq,i(G) are 

inherited from Vq,i(G) or Xi(G) is determined by a 

crossover probability, CR as described in (6), 

 

( )
 (0,1) ,, ,( )

, ( )
 (0,1) ,,

G
V if rand CRq r iG

Uq i G
X f rand CRr i











  

(6) 

where a suffix r indicates the rth element of individual 

vectors and rand(0,1) is a uniformly selected random 

number in the range of [0,1]. In CDE, fixed CR value is 

applied. 

 

E) Selection 
  In the last operation, all m+1 Uq,i(G) competes with 

Xi(G) for one position. The one with the best fitness value 

will be selected and survives to the following generation 

to form P(G+1). 

 

4. Adaptive Clonal Differential Evolution 

4.1 Introduction 

 

  However, the randomized F value does not guarantee 

the robust speed of reaching a good solution18) since it 

is not properly selected. In CDE, a good F is actually 

selected in every generation by choosing the best 

individual from all the populations. However, the F 

value is randomized in the next generation, and the 

choice of good scaling factor starts over again. Similar 

to CR value, using the constant value is not a proper 

way. Although a good F is identified, this constant value 

is only suitable for particular evolution stages. Due to 

these problems, control parameter adaptation is 

necessary. 

  The purpose of the adaptation is to keep promising 

parameter values by modifying it based on the data that 

is collected during the evolution process. The collected 

data assist in providing the estimated good control 

parameter values so that the individuals are fast 

moving towards the promising area. Inspired from the 

parameter adaptation proposed by J. Zhang19), the 

independent control parameters, F and CR values for 

each individual are dynamically updated at every 

generation by utilizing the parameters of trial vectors 

that replace the target vectors in that generation. This 

parameters are assigned as successful parameters. The 

mean of the successful parameters is then calculated to 

provide the algorithm to estimate good parameters. 

Figure 1 illustrates the flow of ACDE. 

 

4.2 Parameter adaptation in ACDE 

  This section describes the adaptation of crossover 

probability, CR and scaling factor, F in ACDE. 

 
A) Crossover probability, CR 

  In every generation, the CR of each individual in each 

of m+1 populations is randomly generated according to 

a standard normal distribution of mean CR, µCR, and 

fixed standard deviation 0.1.  

  The µCR is initialized to a certain value and then is 

updated at the end of each generation utilizing the 

successful CR, SCR and µCR at that generation. To ensure 

the µCR is adapted stably, the adaptation parameter, c 
is used to control the parameter adaptation rate as 

applied in (7), 

 (1 ). . ( )CR CR A CRc c mean S      
(7) 

where meanA(SCR) is a mean of SCR that is calculated 

using usual arithmetic mean and c is in the range of 

[0,1]. 

 

B) Scaling factor, F 

  The adaptive scaling factor may cause the diversity 

of the population descends faster, resulting a premature 

convergence. To avoid this, the adaptation has to keep 

a large F to improve the propagation rate of searching 

solution. 
  Therefore, scaling factor of each individual in each of 

m+1 populations in every generation is randomly 

generated according to a Cauchy distribution with 

location parameter, µF and fixed scale parameter 0.1. 

The mean of successful F, SF ,  is calculated using 

Lehmer mean. 

  Similar to µCR, mean F, µF, is initialized to a certain 

value and then is updated at the end of each generation 

utilizing the SF and µF. The adaptation parameter, c is 

used to control the parameter adaptation rate as 

applied in (8), 

 (1 ). . ( )LF F Fc c mean S      
(8) 

 

5. Problem Formulation 

 

  The objective functions and the constraints of the 

problem are described below. In this study, the sizes at 

possible locations of REDGs are the variables to be 

optimized. In other words, each individual Xi(G) in 

ACDE is represented by a D-dimensional vector of 

integer-valued REDG sizes, where D is the total 

number of possible REDG locations. Each individual 

Xi(G) can be either zero or a non-zero integer. The zero 

Xi(G) indicates the absence of REDG while the non-zero 

Xi(G) corresponds to an integer value that specifies the 

REDG size based on the sizes listed in the 

manufacturer’s catalogue. However, non-integer values 

can be produced during the solution process. Thus, 

those values are rounded to the nearest smaller integer 

value. The determined integer-valued REDG sizes 

identify both the optimal sizes and locations of REDGs. 

The actual REDGs power output is determined as 

described in 5.3.  
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5.1 Multiple Objectives  

  The optimization problem attains two objectives: to 

maximize the FCS and to minimize the EENS. For 

standardization, the objectives are converted to 

minimizing the negative FCS and the EENS. Both of 

them are evaluated on a yearly basis.  

 
A) Objective 1: Fuel Cost Saving 

  FCS is evaluated as an expected value using a 

probability of REDG outputs. Suppose that f1(x) is the 

negative annual FCS for the possible REDG outputs, 

where x is a vector of REDG sizes at possible locations. 

In this paper, suffix k stands for the kth possible PV 

power output value. The PV output values are obtained 

through the conversion from solar irradiance values. h 
stands for hour, and d stands for day, Cfls k,h,d stands for 

the FCS($/kwh) and ПC k,h,d is the probability of PV 

power output. 
 
B) Objective 2: Expected-Energy-Not-Supplied  
  When the failure occurs in the distribution network, 

the failure area has to be isolated from the network to 

ensure stability of the network is not affected by the 

failure. Since the distribution network is typically in 

radial, the affected area is disconnected and do not 

receive energy supply from the main grid. This area is 

called islanded area. This situation influences the 

reliability of the distribution network. In the current 

situation, the islanded area is not allowed to be 

operated due to safety reasons. However, if the 

islanding is allowed, the existence of REDGs in that 

island can enhance the reliability of the distribution 

network. In addition, the system reliability can be 

maximized if the locations and sizes of REDGs are 

properly determined20,21). Thus, study considers this 

issue by assessing the energy not supplied to end users 

using EENS index. To assess the EENS value, a 

number of possible system conditions has to be created. 

The conditions include the REDG connected system in 

normal condition and failure occurrences in a number 

of different places. Due to the fact that failures in power 

systems are random in nature, the sequential MCS22) is 

applied in this study. A behaviour of system component 

is predicted by creating a series of operating/failure 

states within a certain time period. The system 

components include the distribution line and REDGs. 

To consider the uncertainty of PV, the PV output of each 

state is randomly generated based using beta PDF of its 

historical data 

  There are two uncertainties involved in this 

assessment, which are PV output and failures. Thus, 

the MCS has to be performed for a large number of 

scenarios and the average is then calculated to obtain 

an accurate EENS. Suppose that f2(x) is the EENS, 

 , ,  , ,1( ) ,*fls

k h d C k h d

k d h

f x C     
(9) 

Figure 1 Flowchart of ACDE. 
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12 ( ) ,
LD
w Wf x E   

(10) 

where Ew  is an average of interruption energy per 

load w and LD is the total number of loads. 

  The power output from REDGs is typically small and 

sometimes cannot supply the whole of island load. Thus, 

load curtailment is accomplished so that REDGs supply 

only part of the load. In this study however, the load 

curtailment is not considered. Thus, if the REDGs 

cannot supply the whole island load, then, none of the 

load in that island receives electricity power. 

 

C) Weighted-sum method  
  The weighted-sum method8) is applied to convert the 

multi-objective problem into a single objective problem. 

The single objective is to be minimized, which is defined 

by (11), 

 1 1 2 2( ) *[ ( )] *[ ( )]f x f x f x     
(11) 

where µ1 and µ2 are the weighting factors for f1(x) and 

f2(x), respectively, and the summation of them is equal 

to one. 

 

  Both the objective functions are on different scales 

with different units, and thus are standardized by 

employing the fuzzification. The fuzzified objective 

function, fz(x)fuzzy, z=1,2, scales the original function 

into an interval of [0,1]8) by equation (12),  

 where fz(x) is the objective function. fz(x)ideal and 

fz(x)nadir are the ideal and the nadir values of the 

objective function, respectively.  

 

  The pay-off table is used to estimate the ideal and the 

nadir values of each objective function. The ideal value 

of each objective function is optimized individually. The 

value of the other objective function is calculated using 

the solution obtained from the individual optimization, 

and is assigned as its nadir value. 

 

5.2 Constraints 

  The operational constraints include power balance 

equations, allowable voltage limits and REDG injection 

limit while the payback period limit and REDG 

installation cost are categorized as economic 

constraints. All of these constraints are treated as 

penalty functions to convert the constrained 

optimization problem into the unconstrained one. The 

possible locations for MH and PV are considered based 

on geographical constraint describe in 4.3. 

 

A) Power balance equations  

  Total power generated in the network is equal to the 

summation of total load and the total power losses.  

( * * )
     , , , MH , , ,1

 , ,

,
 , , ,  , , ,1 1

b

PV SIZE i MH SIZE iPV i k h d i k h di

G k h d

b c

D i k h d loss l k h di i

P S P S

P

P P






  
 

 

(13) 

 , ,  , , ,  , , ,
1 1

,
b c

G k h d D i k h d loss l k h d
i l

Q Q Q
 
    

(14) 

where PPV i,k,h,d and PMH i,k,h,d are the PV power output 

as a percentage of the PV size at bus i and the MH 

power output as a percentage of the PV size at bus i, 
respectively. SPV SIZE i and SMH SIZE i are the size of PV 

and MH at bus i, respectively. PGk,h,d and QG k,h,d are the 

active and reactive power supplied by a substation 

feeder, respectively. PD i,h,d  and QD i,h,d are the active 

and reactive power load at bus i, respectively. Ploss l,k,h,d 
and Qloss l,k,h,d are the active and reactive power loss in 

line l, respectively.  

 

B) Allowable voltage limits 

  The voltage of each bus must be within the allowable 

limits as shown in (15). 

               
min max

, , , .i i k h d iV V V    
    

(15) 

where Vi,k,h,d is the voltage of bus i, Vimin is the 

minimum allowable voltage of bus i and Vimax is the 

maximum allowable voltage of bus i. 
 
C) REDG injection limits 

  The total power injected from REDG must be equal 

to or less than the total load. 

 
 , , ,  , , .REDG i k h d D i h dP P

i i
    (16) 

where PREDG i,k,h,d is the active power from REDG at bus 

i. 
 
D) REDG installation limit 
  Total cost of REDG installation must be equal to or 

less than the available budget as stated in (17),  

    
1 1

* * .
b bPV MH

inst PV SIZE i inst MH SIZE i budget
i i

X S X S C
 
     

(17) 

where XinstPV  is the PV installation cost ($/kVA), 

XinstMH  is the MH installation cost ($/kVA), SPV SIZE i is 

the PV size at specified bus i, SMH SIZE i is the MH size at 

specified bus i and Cbudget is the available budget. 

 

E) Payback period limit 
  The REDG is allowed to be installed only if the 

payback period is less than a specific number of years, 

which is determined based on the REDG lifetime. A 

simple calculation of payback period is as in (18) and is 

to satisfy (19). 

 
total REDG installation cost

,

 

PP
fls

annual C

   

 (18) 

*  .PP REDG lifetime   (19) 

where α is the payback coefficient. 

 

5.3 Determination of REDG power output 

  The REDG power output for each interval is 

calculated using equation (20), 

 

* , 0
,

,

n
rated n rated

ratedPV n

rated rated n

si
P si si

siP

P si si









 




 

(20) 

where Prated  is a rated PV power output, sin is a solar 

irradiance in interval n and sirated is a rated value of 

solar irradiance. The rated value of solar irradiance is 

      

( ) ( )
( ) = ,

( ) ( )

for ( ) ( ) ( )ideal

z z ideal

uzzyz z nadir z ideal

z z z nadir

f x f x
f x

f f x f x

f x f x f x





 

,  

(12) 
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set to be 1000 (kW/m2) while the length of its interval is 

fixed at 0.1 (kW/m2). The output of an MH is assumed 

the same as its size. 

 

6. Simulation Settings 

6.1 Distribution Network  

 

  The optimization problem is applied in a 33-bus test 

system as shown in Figure 2. The test system consists 

of 33 buses and 32 branches and is connected to the 

main substation of 132/12.66 kV. The power and voltage 

base values are 10 MVA and 12.66kV, respectively. The 

annual peak load data are listed in Appendix A, and the 

ratio of hourly peak load data to weekly peak load data 

and ratios of weekly peak load data to annual peak load 

data23) are utilized to generate hourly and seasonally 

load variations. The EENS is evaluated by performing 

100,000 scenarios. The parameter values required by 

REDG planner are shown in Table 1. This study 

assumes seven possible locations for REDG installation 

due to geographical conditions. Three possible locations 

are considered for MH, which are buses 4, 12 and 23 

while buses 8, 17, 19 and 26 are the possible locations 

for PVs. 

 

Table 1 Data required by REDG planner. 

 

6.2 Adaptive Clonal Differential Evolution 

  Unlike CDE, ACDE has additional parameter which 

is c ,that needs to carefully chosen. The large value will 

causes an unstable parameter update. In this study, c 

is fixed at 0.2. One clonal population is used in ACDE 

and the initial mean values for CR and F are set to 0.5. 

 

7. Studied Cases and Algorithms 

 

  ACDE is applied to solve the multiple objective 

problem. The weighting factors for all the objective 

functions can be changed to any values by the planner 

depending on which objective needs a greater attention. 

The optimization problem is solved in two different 

studied cases which have different purposes. 

  The studied case 1 is carried out by comparing ACDE 

with CDE in order to observe the performance of the 

proposed algorithm. In CDE, one clonal population is 

used and the CR value is at 0.2. In this studied case, 

equal weights are used, where the weighting factors on 

FCS and EENS are 0.5. 

  In order to validate the comparison of ACDE with 

CDE and investigate the features of ACDE precisely, 

the studied case 2 is conducted. The ACDE with 

different adaptation methods are applied as listed in 

Table 2, and then compared with CDE. The adaptation 

method as explained in section 4 is assigned as A. The 

method A is compared with another adaptation method 

called B. In B, the parameters of trial vectors that 

perform better than the target vectors are defined as 

successful parameters, and this is the only difference 

between A and B. The weighting factors on FCS is set 

to 1 while the weighting factors on EENS is set to 0 in 

this studied case. For accurate and fair comparison, the 

CR value is to be fixed at 0.2 in all ACDE and CDE.  

  Five trials are performed for each algorithm with 

different pseudo random number sequences. 

 

Table 2 Algorithms. 

Algorithms Adaptation 

method 

Scaling factor, F 

CDE - Random [0,1,0.8] 

ACDE A Mean F is initialized 

to be 0.5 

ACDE B Mean F is initialized 

to be 0.5 

 

8. Results And Discussions 

8.1 Comparison of ACDE with CDE  

 

  Based on the payoff table, the ideal and the nadir 

value of FCS are 489,632,605 and 476,354,896, 

respectively, while the ideal and the nadir value of 

EENS are 0.381 and 0.39, respectively. Table 3 shows 

the best results among five trials. The fitness value 

obtained by ACDE is 0.0976 which is lower than offered 

by CDE which is 0.1097. Implementation of ACDE 

produces larger FCS than CDE while the EENS values 

from both of them are almost same. The total REDG 

size provided by ACDE and CDE are different, where 

ACDE offers larger total size than CDE. The 

distributions of REDGs for both algorithms are shown 

Data Value 

Cost budget 12.012 million dollars 

Installation cost for PV $4004/kVA 

Installation cost for MH $3000/kVA 

Fuel price $0.63/kWh 

REDG lifetime 10 years 

REDG size increment 0.1MW 

Payback coefficient, α 0.5 

Figure 2 33-bus test system. 
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in Table 3. 

  During the evolution process, all the constraints in all 

possible conditions (from minimum possible PV output 

until maximum possible PV output) are checked. As the 

result, the total REDG sizes obtained by ACDE and 

CDE satisfy the REDG injection limit and voltage limit 

as shown in Figure 3 and Figure 4. The total REDG size 

determined by ACDE is determined when the 

maximum REDG injection limit is almost reached, 

however none of the constraints becomes critical when 

CDE is applied. This implies that the solution obtained 

from ACDE is better than that obtained from CDE, as 

the CDE is trapped in a local optimum. 

 

8.2 Validation of ACDE performance  

  This section validates the effectiveness of ACDE. The 

average FCS and the average speed of algorithm with 

their variance over five trials for all algorithms are 

presented in Table 4. The speed of the algorithm is 

defined as the number of generations required to find 

the best solution.  

  The result shows that the ACDE_A_(0.5) produces 

larger FCS than CDE and ACDE_B_(0.5). 

ACDE_A_(0.5) outperforms CDE when ACDE_A_(0.5) 

is more robust and gives FCS stably (with small 

variance of FCS and speed of algorithm). The difference 

in FCS value obtained by ACDE_A_(0.5) and CDE is not 

significant. However, the randomized F values cause 

poor robustness of CDE. The other adaptation method 

is applied in ACDE_B_(0.5). However, this adaptation 

technique worsen the performance of ACDE even worse 

than CDE(random).  

  The result indicates that the ACDE has better 

performance than CDE. The reason is the fact that CDE 

uses randomized scaling factor while ACDE estimates 

a good scaling factor and uses it. In short, CDE relies 

on chances too much. The adaptation method A 

performed better than B because it uses more strictly 

successful parameters than those used in B. This 

implies that the way that successful parameters are 

defined influences the performance. 

 

8.3 Features of ACDE 

  The variables treated in this simulation study are the 

REDG sizes in all possible locations, where seven 

locations are considered and each location has 33 

possible sizes. To obtain all feasible solutions, it 

requires 4.3x1010 fitness evaluations. As previously 

mentioned, all constraints are to be checked in all 

considered possible PV output and a large number of 

scenarios are to be carried out in MCS to calculate the 

objective function values. Therefore, it took 25 minutes 

in our computation environment for one fitness 

evaluation so that requires 2million years to implement 

the exhaustive search which is a very long time and not 

practical. On the other hand, for ACDE to obtain a good 

solution, it only requires 280 fitness calculations. This 

shows that ACDE is able to reduce the computational 

time.  

  Additionally, the result obtained in this study implies 

that ACDE which is the extension of DE and CDE is a 

stable and robust algorithm compared to other 

metaheuristic methods. Thus, the algorithm can find a 

good solution without requiring a large number of trials, 

so that the computational burden can be reduced. The 

algorithm also does not require to tune the parameter 

values. 

 

 

Table 3 The FCS, EENS and determined REDG sizes and locations of ACDE and CDE. 

Algorithms Fitness 

value 

FCS($) EENS 

(MW) 

REDG sizes at possible REDG locations (bus   

number) 

Total 

REDG 

(MW) 4 8 12 17 19 23 26 

ACDE 0.0976 489,132,756 0.38182 0.2 0.6 0.1 0 0.1 0.5 0 1.5 

CDE 0.1097 488,946.621 0.38186 0 0.1 0.5 0.4 0.1 0.2 0 1.3 

 

 
Figure 3 maximum REDG injection limit. 
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Figure 4 Annual voltage. 

Table 4 Results for seven possible REDG locations. 

Algorithm_adaptation 

method_(F) 

FCS FCS 

(variance) 

Speed of algorithm Speed of algorithm 

(variance) 

CDE(random) 489,532,398 85,503 105 3872.0 

ACDE_A_(0.5) 489,532,425 42,445 145 404.92 

ACDE_B_(0.5) 489,532,036 312,682 146 1457.67 

9. Conclusion 

This study focused on optimization for sizes and 

locations of REDGs that attains multiple objectives. A 

proper planning is required to ensure the results 

obtained are good. Hence, various aspects are taken 

into consideration in the planning. To solve the problem, 

ACDE is proposed. The results obtained from the 

analysis shows that ACDE provides a better solution 

than CDE. Implementation of adaptive control 

parameters in ACDE accelerates the parameter 

adaptation by estimating good parameter values. The 

use of strictly successful parameters helps the 

algorithm to predict good control parameters.  As the 

result, CDE can reach a good solution with more 

stability and robustness. Moreover, ACDE is no longer 

required a separate analysis to identify the good 

parameter values, in which good control parameters are 

self-estimated during the solution process. Due to this, 

ACDE is easy to be used and applied in any different 

problems. The reconfiguration of distribution network 

is another way to enhance the reliability when the 

failure occurs in the distribution network. The proposed 

method can deal with the reconfiguration. Thus, it 

would be interesting to be included in the future work. 
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Appendix A 

DATA FOR 33-BUS TEST SYSTEM 

From Bus To Bus R (ohm) X (ohm) P-load (MW) Q-load (MVAr) 

1 2 0.0922 0.0477 0.100 0.060 

2 3 0.4930 0.2511 0.090 0.040 

3 4 0.3660 0.1864 0.120 0.080 

4 5 0.3811 0.1941 0.060 0.030 

5 6 0.8190 0.7070 0.060 0.020 

6 7 0.1872 0.6188 0.200 0.100 

7 8 0.7114 1.2351 0.200 0.100 

8 9 1.0300 0.7400 0.060 0.020 

9 10 1.0400 0.7400 0.060 0.020 

10 11 0.1966 0.0650 0.045 0.030 

11 12 0.3744 0.1238 0.060 0.035 

12 13 1.4680 1.1550 0.060 0.035 

13 14 0.5416 0.7129 0.120 0.080 

14 15 0.5910 0.5260 0.060 0.010 

15 16 0.7463 0.5450 0.060 0.020 

16 17 1.2890 1.7210 0.060 0.020 

17 18 0.7320 0.5740 0.090 0.040 

2 19 0.1640 0.1565 0.090 0.040 

19 20 1.5042 1.3554 0.090 0.040 

20 21 0.4095 0.4784 0.090 0.040 

21 22 0.7089 0.9373 0.090 0.040 

3 23 0.4512 0.3083 0.090 0.050 

23 24 0.8980 0.7091 0.420 0.200 

24 25 0.8960 0.7011 0.420 0.200 

6 26 0.2030 0.1034 0.060 0.025 

26 27 0.2842 0.1447 0.060 0.025 

27 28 1.059 0.9337 0.060 0.020 

28 29 0.8042 0.7006 0.120 0.070 

29 30 0.5075 0.2585 0.200 0.060 

30 31 0.9744 0.963 0.150 0.070 

31 32 0.3105 0.3619 0.210 0.100 

32 33 0.341 0.5302 0.060 0.040 

 


