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Abstract This study relies on a dynamic reliability-based model for distributed energy resources (DER) planning in electric

energy distribution networks (EEDN) with the aim of maximizing the profit of EEDN companies by increasing income and

reducing costs. Load uncertainty is considered in the proposed planning model and the robust optimization (RO) approach is

employed to cope with the uncertainty. The developed methodology is illustrated using real-world voltage-dependent load

models, including residential, commercial and industrial types. These load models are used in evaluating the reliability cost and

energy selling for customers. The reliability cost is calculated based on the total unsupplied load after an outage. Furthermore, a

new modified harmony search algorithm is proposed to solve the formulated robust dynamic DER planning problem. The

solution of the proposed optimization model provides the size, location, and power factor of DER. Furthermore, the need for

transformers or lines upgrades and the best year for DER installation are other decision variables determined by the model. The

effectiveness and capability of the developed model have been demonstrated with the aid of a case study based on a typical

EEDN. The obtained results indicate that installing DER in EEDNs can relieve congestion on feeders; therefore, it can mitigate

or defer upgrade investment. Moreover, if carefully planned, other benefits of DER integration such as reliability improvement

and energy loss reduction can be achieved.

Keywords Distribution networks planning; Distributed energy resources; Load uncertainty; Robust optimization; Harmony

search algorithm.

Nomenclature
A. Indices

i, u Bus indices

t Year index

j Transformer index

k Substation index

l Feeder index
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B. Sets
t Set of uncertainty for loads of network buses in year t

LB Set of network load buses

C. Parameters

N Life of the project (year)

T Planning horizon (year)

d Discount rate

The annual rate of load growth

Budget of uncertainty

NLB Total number of network load buses

NCB Number of candidate buses for DER  installation

NSS Number of existing substations

NT Number of installed transformers

NL Total number of network feeders

NFD Number of upgraded feeders

Vmax Maximum allowed operation voltage

Vmin Minimum allowed operation voltage

pfmax
DER Maximum DER  operating power factor

pfmin
DER Minimum DER  operating power factor

P0i
D Active power demand of bus i at nominal voltage

Q0i
D Reactive power demand at a nominal voltage at bus i

i
c Costumer electricity price at bus i ($/MWh)

j
g Electricity market price at the substation j ($/MWh)

Cupg
F Cost of feeder upgrading ($/km)

Ci
ENS Cost of energy not served at bus i ($/MWh)

CO
DER Cost of DER operation and maintenance ($/MWh)

Ck,j
T Cost of installing transformer j at substation k ($)

CInv
DER Cost of DER installation ($/MVA)

Sl
max Maximum capacity of the feeder l (MVA)

Smax
DER Maximum capacity of DER  (MVA)

MDER Allowable number of installed DER

Ll Length of the feeder l (km)

0 Attractiveness coefficient

Light absorption coefficient

Randomization parameter

svm Cartesian distance between solution vector v and m

Maximum deviation of the load from the forecasted value for bus i in year t

Active power exponent in voltage-dependent load model

Reactive power exponent in voltage-dependent load model

,
D
i t
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D. Variables

Pi
D, Qi

D Active and reactive power demand at bus i

InvC Investment cost of the network ($/year)

OprC Operation cost of the network ($/year)

RelC Reliability cost of the network ($/year)

0 ,
D

i tP Forecasted active power demand at bus i in year t (MW)

Su
DER Capacity of installed DER  at bus u (MVA)

Pj
grid Active power imported from the grid by the substation j (MW)

Vi Voltage magnitude of bus i

pfu
DER Power factor of installed DER  at bus u

Sl Transmitted power in the feeder l

,
D
i t

Load deviation from the forecasted value for bus i in year t

rand() Random number uniformly between 0 and1

E. Abbreviations

ENS Energy not served

HM Harmony matrix

HMS Harmony memory size

HMCR Harmony memory consideration rate

PAR Pitch adjustment rate

BW Bandwidth

UB Upper bound of optimization variable

LB Lower bound of optimization variable

1. Introduction

Motivation and background

Electrical energy distribution networks (EEDNs) are the final stage in delivering a reliable and faultless electric energy supply

to end-users, and accordingly, expansion planning of electrical energy distribution networks (EDNEP) is one of the most

important problems in electric power system [1]. On the other hand, EEDNs are the main recipient of all the new interactions

resulting from the increasing penetration of distributed energy resources (DER) and the arrival of novel technologies facilitating

demand response programs. End users can take advantage of the new options provided by DER, smart metering devices, and

communication infrastructures. Traditionally, EDNEP was performed by building new substations, adding new transformers to

the existing substations, and upgrading the network feeders. Nevertheless, with the increasing penetration of DERs

EEDNs, distribution companies (DISCOs) have learnt another way of meeting the rising load growth. Therefore, the EDNEP

problem has changed with the arrival of DER. The main benefits of the DER utilization are loss reduction, deferral of

transmission and EEDN reinforcement, voltage profile improvement, network reliability, and power quality [2]. Provided that an

appropriate planning scheme is designed, all of these advantages can be achieved. Hence, this study models the EDNEP problem

in the presence of DER with the aim of maximizing above-mentioned benefits taking into account the load uncertainty.
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Literature review

In general, the EDNEP problem can be investigated from four major aspects including timing, problem formulation, solution

method, and uncertainty handling. From the timing point of view, there are two commonly used approaches for solving the

EDNEP problem: static planning [3] and dynamic planning [4]. The static planning approach determines the optimal location,

type, and capacity of equipment to be expanded and/or installed at the beginning of the planning horizon. On the other hand, the

dynamic planning approach not only considers the expansion and/or installation, but also defines the best time to make such

investments. Although the dynamic planning approach makes the EDNEP problem more complex and harder to solve, it has the

advantage of investment savings and better technical responses. Moreover, in the dynamic planning approach, the investment

cost has a slow annual growth, but in the static planning approach, the whole investment needs to be made at the beginning of the

project. From the problem formulation viewpoint, the EDNEP problem is solved considering different objective functions mainly

including minimizing network investment and operational costs, minimizing network losses, minimizing pollution emission, and

improving the voltage profile. Regarding the benefits of DER, reliability improvement can also be included in the problem

formulation which requires choosing appropriate indices and modelling network for reliability calculations. Furthermore, it has

been shown that considering voltage-dependent load models in power flow calculations in the optimal DER planning problem

can significantly affect the results [5, 6]. From the solution method standpoint, various techniques have been applied to optimize

objective functions which can be divided into three main groups namely mathematical optimization, heuristic methods, and

meta-heuristic algorithms. Mathematical optimization techniques, such as linear programming (LP), have a high computational

cost and also require some simplifications on the problem formulation, and therefore, their application is limited. On the other

hand, heuristic methods and meta-heuristic algorithms, such as genetic algorithm (GA), are faster and require few or no

simplifications about the problem. Therefore, they have been more popular for solving the EDNEP problem.

Finally, from the uncertainty perspective, the EDNEP problem faces several uncertainties related to DER production, load and

electricity price which need to be incorporated to improve the planning efficiency. The most commonly used methods to deal

with the uncertainties are: fuzzy method [7], point estimate method [8], scenario-based modeling [9, 10], interval numbers [11],

chance-constrained programming [12], and Monte Carlo simulation [13]. However, most of these methods are inherently

complex and numerically intractable models for realistic power systems. The complexity of these methods originates from this

fact that they require probability density functions of the uncertain variables to be built which may not be straightforward for

many real-world systems. Moreover, a large number of scenarios are needed to obtain a high-quality solution leading to a

computationally intractable approach. Furthermore, the optimal solution is only feasible for the generated scenarios. These

methods are also unable to control the conservation level of the optimal investment strategy. Another approach for decision

making under uncertainty is robust optimization (RO), which models uncertainties by means of a set of deterministic and

bounded intervals [14, 15]. The RO method solves a deterministic form of the initial non-deterministic problem, called the robust

counterpart, to obtain an optimal solution which is immunized against uncertain parameters. This is the important characteristic

of the RO model which makes it computationally tractable even for medium or large scale problems. Also, it does not require the

probability distribution function of the uncertain parameter. This approach has received growing attention in various fields of

power system optimization [16-18].

In the following, some recently published studies in DER planning are discussed considering the above-mentioned four

aspects. In [19] a GA based static approach is proposed for the optimal DER allocation in EEDNs, to minimize network losses

and ensure an acceptable reliability level as well as the voltage profile. The benefit of DER on reliability indices is effectively

analyzed, however, voltage-dependent load models and uncertainties are not included in this study. Artificial bee colony
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algorithm is another approach utilized in [19] to decide on the optimal size, power factor, and location of DER. The impacts of

proper installation of DER on system loss is investigated, but the reliability impact and uncertainties are ignored. Reference [20],

without considering uncertainties, introduces a static multi-objective approach based on the shuffled frog leaping algorithm for

optimal DER planning to control losses, energy cost, and pollutant emissions simultaneously. An interactive fuzzy satisfaction

technique is used to optimize the opposing objective functions simultaneously. In [21] and [22], without considering

uncertainties, a cuckoo search and a combined GA/PSO approach were proposed for optimal static DER planning to improve the

voltage profile and reduce power loss, respectively. A dynamic multi-objective model for the EDNEP problem in the presence of

DER is presented in [23]. Even though the proposed model simultaneously optimizes two objective functions namely, total costs

and degree of satisfaction of the technical constraints using a hybrid multi-objective immune genetic algorithm, it is unable to

analyze the reliability benefits of DER and their impacts on EDNEP decisions. More importantly, the uncertainty of the load is

not taken into account. A multi-objective dynamic formulation based on the shuffled bat algorithm for the optimal allocation of

DER considering power losses, cost and voltage deviation is introduced in [24]. Voltage-dependent load models are successfully

taken into account, however, uncertainties and reliability impact of DER are neglected. In another study conducted in [25], a

dynamic multi-objective mixed integer linear programming framework for the EDNEP problem is constructed which takes into

account the reliability impact of DER.  K-means clustering technique is used to represent the uncertainty and correlation in the

load and DER production. In Ref. [26], without considering uncertainty and reliability impact of DER, an approximate non-

linear programming based model for the static allocation of DER is developed that aims to minimize a cost function. The

objective of this study is to reduce the calculation time of a mathematical optimization technique while preserving the quality of

solution. A hybrid fuzzy GA based model is proposed in [27] to find the location, type and size of DER to maximize customer

benefit and reduce network losses. The problem of static sizing of DER in a hybrid power system with wind and energy storage

units considering the reliability index as an optimization constraint, is investigated in [28]. Although uncertainties are included

using the autoregressive moving average technique, historical data need to be collected first and analyzed to generate the

required uncertainty model which increases the computational burden of the problem. The research work proposed in [29],

provides a new solution for the problem of loss allocation in EEDNs considering the effects of various types of DER and

voltage-dependent load models. DER are categorized based on their real and reactive power generation ability. Refs. [30-33],

without considering uncertainty and networks reliability, have focused on the static modelling of DER siting and sizing in

EEDNS and used meta-heuristic algorithms to solve the model. The objective functions including minimizing power losses,

maximizing voltage stability index, and improving voltage profile are converted to one objective function using the weighting

coefficients. Ref. [34], have considered simultaneous placement of DER and capacitor banks in view of harmonic pollution in

EEDNS. Minimization of power losses and loadability maximization are selected as the objective functions for the optimal DER

allocation in [35]. System loadability is defined as the capacity of the system with which the maximum load could be connected

without violating the system and operating constraints. Ref. [36], introduces a new multiobjective multi-stage formulation for the

EDNEP problem taking into account the reliability benefits of DER. However, it fails to address the uncertainties that the

problem encounters. In [37], the optimal placement and scheduling of dispatchable DER for loss minimization is investigated. In

Refs. [38] and [39] fuzzy numbers have been utilized to address the uncertainties in a static DER planning problem. Improved

versions of harmony search algorithm are implemented in [40] and [41] for solving the static DER planning problem. The

uncertainties are modelled using Monte Carlo method, but the network reliability is neglected. A dynamic model for DER

planning is proposed in [42] with the aim of evaluating economic regulations on the EDNEP which takes into account load and

DER uncertainties and network reliability indices. The impact of optimal placement of DER on the total harmonic distortion

level of the EEDNS is investigated in [43]. Uncertainties and load growth are included in the proposed static model. Recently, an
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integrated EDNEP problem in the presence of DER considering the reliability of network and uncertainties is introduced in [44].

Scenario-based modeling is used to include uncertainties and GA is utilized as the optimization tool. Although it proposes a

comprehensive planning model, it is a static planning model and also does not include the voltage-dependent load models in the

formulation. In a similar study conducted in [45], a dynamic EDNEP problem is considered by including the load uncertainty via

Monte Carlo simulation technique. The effects of the uncertainties on the optimal solution and network parameters are

effectively discussed. However, the reliability evaluation of the network in the presence of DER is not investigated. To sum up

the literature survey, Table 1 shows the outline review of the published papers in the DER planning problem. The papers are

evaluated from different aspects and a complete comparison is carried out.

Contributions

Although the reviewed studies provide important insights into the DER planning problem, none of them have considered a

stochastic dynamic planning framework incorporating the reliability benefits and voltage-dependent load models simultaneously.

Therefore, to address the shortcomings of the reviewed studies, a stochastic dynamic reliability-based framework is proposed for

the integration of DER into EEDNs in this paper

d reducing the costs. To cope with the load uncertainty, an RO

approach is employed to model the uncertain parameters, and accordingly, the robust DER planning problem is solved. The

solution of the proposed optimization model provides the size, location, and power factor of DER. Moreover, the best year of

DER installation as well as the need for transformers and/or distribution lines upgrading are the other optimization variables

determined by the proposed pseudo-dynamic approach. One of the other practical aspects of the proposed model is the

consideration of the impact of the load using the practical voltage-dependent load models in power flow calculations, reliability

evaluations, and energy selling to customers. Moreover, a new heuristic approach is proposed and applied for solving the

formulated planning problem. This algorithm is obtained by a combination of harmony search algorithm (HSA) and firefly

algorithm (FA). The proposed combined optimization algorithm outperforms the original algorithm in terms of solution quality,

convergence characteristic and calculation time. The effectiveness of the proposed planning model has been demonstrated with

the  aid  of  a  case  study  based  on  a  typical  EEDN.  In  short,  regarding  the  analysed  research  works  in  the  previous  section  and

summarized in Table 1, the main contributions of this paper can be stated as follows:

Different from most of the works listed in Table 1, which used the static planning approach, this paper formulates a dynamic

DER planning approach to provide more accurate results.

The proposed approach considers the impact of the practical voltage-dependent load models in power flow calculations,

reliability evaluations, and energy selling to customers simultaneously. To the best of the authors' knowledge, none of the

papers listed in Table 1 has included all these three aspects together in their formulations.

The uncertainty of the load is considered and RO is utilized to cope with the uncertainty. It provides a computationally

tractable formulation to make a tradeoff between the riskiest and/or the most conservative solution. Moreover, it does not

require the probability distribution function of the load demand, unlike other stochastic methods.

A new meta-heuristic optimization method based on the HSA algorithm is presented to solve the formulated dynamic model.

The proposed new algorithm is faster and generates better solutions.

Paper organization

The rest of the paper is organized as follows. Deterministic mathematical formulation of the proposed DER planning is

presented in Section 2. Section 3 describes the robust counterpart problem of the proposed model. The solution methodology of
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the proposed planning model by the new HSA approach is provided in Section 4. Numerical results are given in Section 5.

Finally, the main conclusions are summarized in Section 6.

2.  Deterministic model description

The decision variables of the proposed dynamic model are:

Expansion the capacity of existing substations;

Upgrading the existing feeders;

Size, power factor, and location of DER;

The best investment time for each facility within the planning horizon.

In the proposed EDNEP model, all of these decision variables are found by the proposed optimization algorithm (i.e., CHSFA)

excluding the last one which is determined by the pseudo-dynamic strategy. In this section, the mathematical formulation of the

proposed planning problem is introduced.

2.1. Load models

As discussed in [48], the voltage-dependent load models have an effect on the optimal DER planning in real-world problems.

As a result, in order to obtain a proper scheme for DER installation in EEDNs, the impact of voltage-dependent load models are

analyzed in this paper. Generally, there are three frequently used load models in EEDN studies: the industrial, commercial, and

residential models. These load models can be mathematically represented as follow [48]:

0
D D

i i iP P V (1)

0
D D
i i iQ Q V (2)

Typical values of  and  are given in [48]. By considering the annual load growth rate, the load at bus i and in the year t of

the planning period can be modeled as below [6].

1
, 0 (1+ )D D t

i t i iP P V (3)

1
, 0 (1+ )D D t

i t i iQ Q V (4)

It is worth mentioning that only the peak load is considered in the load modelling in this paper because if the network

equipment such as lines and transformers are designed and selected based on the peak loading condition, they can definitely

work safely under normal operating conditions of the network. However, this assumption is not mandatory and the proposed

planning model has the capability to include different loading levels over the planning horizon.

2.2. Objective function

The proposed model of this study i

mainly consider cost as the objective function, nt objective

in this paper. The reason is that it has been shown in [6] that in the presence of voltage-dependent loads, formulating objective

function for the profit maximization is more profitable for the DISCO than the case with the objective function of cost

minimization.  It  is  also  assumed that  the  DISCO is  the  owner  of  DER.  Therefore,  while  the  DISCO is  responsible  for  EEDN

maintenance and operating costs, it is also assumed to be accountable for the operation and maintenance costs of DER. Hence,

the net profit of the DISCO in each year of the planning period is the objective function which should be maximized and defined

by [6]:
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max    (  -  )Profit Income Cost (5)

where Income and Cost

and can be calculated as follows [6]:

1

8760
LBN

c D
i i

i

Income P (6)

[1]:

Cost = InvC +OprC + RelC (7)

The investment cost demonstrates the total annual costs of the new equipment that is needed to be added to the system,

including the new transformers and DER, and also the expansion costs of the existing ones, which require reinforcement. The

investment cost covers  cost as well. The second term in (7) represents the annual operating costs of the

EEDN, which cover the cost of purchasing power from the grid along with the operation and predictive maintenance costs of

DER. The third term represents the annual reliability cost calculated based on the total unsupplied load after an outage. Provided

that the DER are allowed to operate in islanded mode [49], they can supply loads of the EEDN during both scheduled and

unscheduled outage events, which can improve the network reliability. The total unsupplied load at each load point of the

network depends on the topology of the network and location of the protection devices. In this paper, the proposed method of

[50] is applied to evaluate the unserved energy of each load point. The mathematical description of each term of t

cost is as follows [51]:

,
1 1 1 1

(1 )
(1 ) 1

SS CBT FDN NN Nn
T DG DG F
k j Inv u upg ln

k j u l

d d
InvC C C S C L

d (8)

1 1

8760
SS CBN N

g grid DG DG DG
k k O u u

k u

OprC P C S pf (9)

LBN
ENS
i i

i=1

RelC = C × ENS (10)

It is worth mentioning that the following assumptions are considered in evaluating the unserved energy:

For a successful islanding event, the output power of all DER within the island should be higher than or equal

to a certain percentage of the load power. This percentage is assumed to be 100% in this paper.

When an island is created, relying on renewable DER might bring about voltage and frequency stability

problems. Hence, conventional DER are usually in charge of controlling the power balance within the island

between generation and the load. In other words, to guarantee a successful islanding, a minimum percentage of

conventional DER should be assumed and below this threshold, the island would not be successful. In [49],

this threshold is assumed to be 60%. In this paper, all DER are assumed to be conventional ones such as diesel

or natural iii units, fuel cell and microturbines.

The topology of the network and customers at load points do not change during the planning period.

It is straightforward to include the salvage value of the newly added generations in (8). However, in this paper,

this cost item has been neglected for the sake of simplicity.
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2.3. Constraints

The constraints regarding the proposed planning problem are described here.

1) Network power balance: This constraint is fulfilled by load flow calculations. In this paper, the forward-backward sweep

method for radial EEDNs, which is reliable and easy to implement, is employed [52].

2) Voltage limit: Voltage magnitude at each bus should remain within the safe operating limits as:

min max ,   i Ni LBV V V (11)

3) Maximum capacity of the distribution feeders: The maximum transferable power capacity of the feeders has to be met over

the planning period:

max ,  l Nl l LS S (12)

This constraint may be violated as the load of the system grows. In this case, the overloaded feeders must be upgraded.

However, proper allocation of DER in an EEDN may relieve congestion on feeders and therefore mitigate or defer upgrade

investment.

4) Maximum capacity and power factor limits of DER: The maximum possible installed capacity and power factor limits of

DER should be enforced as follows:

max0 DG DG
uS S (13)

min max
DG DG DG

upf pf pf (14)

5) Maximum DER penetration level: In order to avoid malfunction of protective devices due to the reverse power flow, the

following inequality constraint must be fulfilled [49]:

1 1 1

 0.6 0.3
CB SS LBN N N

DG DG grid D
u u k i

u k i

S pf P P (15)

 6) Number of DER: In some EEDNs, there might be a limitation on the maximum number of DER installed in the system.

Accordingly, the following constraint should be satisfied [49]:

1

( ) M
CBN

DG
u DG

u

sign S (16)

where:

1     0
( )

0    0

DG
uDG

u DG
u

if S
sign S

if S
(17)

It should be noted that constraints (13) and (14) are simply handled by forcing optimization variables, i.e, DG
uS and DG

upf  to be

within their bounds during the optimization process. For constraints (11), (12), (15) and (16), the penalty function approach is

used to transform the constrained problem into an unconstrained one [53, 54]. In this approach, a simple way to penalize

infeasible solutions is to apply a constant penalty, consists of a penalty parameter multiplied by a measure of violation of the

constraints, to those solutions that violate feasibility in any way. Therefore, the penalized objective function consists of the

original objective function in (5) plus a penalty term.
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3. Robust model description

In this section, the robust formulation of the proposed EDNEP model in the presence of DER is discussed. Among the vast

amount of literature on the RO approach, a tractable RO modeling proposed in [15, 16] has been utilized. The main components

in the RO modeling are the uncertainty sets and the robust counterpart problem. The uncertainty of the input data is introduced

by the uncertainty sets, which include all, or most, possible values that may be realized for the uncertain parameters. Besides, a

deterministic problem called the robust counterpart of the problem is associated with the uncertain problem. It is to be noted that,

unlike the stochastic optimization method, the uncertainty model in an RO formulation is not a probability distribution, but rather

a deterministic set. It is the choice of the decision maker to construct such an uncertainty set according to the historical data or

estimate it with a confidence interval. The robust counterpart is obtained by replacing the random parameters with their potential

values defined in the uncertainty sets in the deterministic formulation. This is an important characteristic of the RO technique,

which makes it computationally tractable even for medium- or large-scale problems.

In this paper, the uncertain parameter is the load at each bus of the network. It is assumed that the load of each bus consists of

a forecasted value plus an error component. The error component is defined as a deviation from the forecasted value. Thus, in

each year of the planning period, the load at each bus of the network is as follows:

0 ,0 , , ,

DD D D
i ti t i t i tP P z (18)

where , 0,1D
i tz  is a binary variable used to determine which bus has the load uncertainty. , 0D

i tz  indicates that bus i at year t

does not have load uncertainty and , 1D
i tz  means an uncertain load for bus i at year t. Thus, the uncertainty set for the network

loads in each year of the planning period becomes:

0 ,0 0 , , , , , , , ,
1

  , , , 0,1 , ,
LB

LB

N
DNt D D D D D D D D D t

i tt i t i t i t i t i t i t i t LB i t
i

P P P z z i z (19)

This set contains all the load of the network that faces uncertainty. In the above equation, parameter t,  which  is  called  the

budget of uncertainty t adjusts

the conservatism degree of the solution. This parameter takes integer values between 0 and NLB (the number of uncertain

parameters). When t=0, it is equal to the deterministic condition, where there is no uncertainty about the load values. By

increasing the t parameter, the uncertainty set is enlarged. This means that the number of buses with load uncertainty increases,

and as a result, the solution of the robust model is more conservative against a higher degree of uncertainty. Finally, when
t=NLB, the most conservative solution is achieved. The decision maker has the opportunity to make a tradeoff between the

riskiest and/or the most conservative solution.

According to the above discussion, the robust counterpart of (5) can be written as follows:

0

1min max ( )
1

(11) (16)

DP  Profit
subject to : constraints -

(20)

As can be seen, the robust planning approach considers all possible values of the load in its corresponding uncertainty set and

computes a worst-case optimal solution, which is protected against the change of uncertain parameters. Such a solution remains

feasible, and therefore, robust for any realization of uncertain loads. In order to better illustrate the efficiency of the RO model, it

should be compared with deterministic models and scenario-based techniques which are the most common methods to construct
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stochastic models. Deterministic models only consider the nominal realization of the uncertain parameters and therefore the

feasibility of the solution is only guaranteed for one realization. Similarly, in the scenario-based models, only a finite set of the

pre-selected scenarios for the uncertain parameters are considered and the feasibility of the solution is only guaranteed for those

scenarios. Moreover, the probability distribution function of the uncertain parameter is not required to be determined for the RO

approach, unlike with other stochastic models which totally depend on the probability distribution function of the uncertain

parameter.

It should be noted that optimization variables of the robust model are the same as the deterministic model which include the

size, location, power factor, and the best year of DER installation as well as the need for transformers and/or distribution lines

investment.

4. Proposed optimization methodology

4.1. The modified harmony search algorithm

The HSA has been inspired by the improvisation process of composing a piece of music [55-57]. The main advantages of

HSA are its simple concept and model, easy implementation, less adjustable parameters, and quick convergence. This algorithm

has been previously applied to different power system planning and optimization problems, such as economic load dispatch

problem [55], distribution system planning [40, 41], optimal capacitor placement [56] and optimal operation of storage devices

[57]. The capability and performance of this algorithm have been compared with other methods and it has been shown that it

performs well compared to various optimization algorithms.

In the first step of the HSA, the HM is initialized by a HMS×N randomly generated matrix, in which N is the number of

optimization variables. The HM resembles the initial population in the other evolutionary algorithms and each row of the HM

represents a solution vector of the optimization problem. After the HM initialization, a new harmony vector is generated, which

i) HM consideration: Each component

of the new harmony vector 1 2( , ,..., )Nx x xx  is randomly selected from the corresponding components stored in the HM with

the probability of HMCR. ii) Pitch adjustment: Every component selected from the HM is further modified according to the

PAR. The value of each component is changed during the pitch adjustment phase by x ()
q

rand BW . iii) Random generation:

Any component, which is not selected for memory consideration, will be randomly set to a value between the lower and upper

bounds of its possible range with the probability of (1-HMCR). The new improvised harmony vector is now assessed according

to the value of the objective function. If the value of the objective function for the new harmony vector is better than that of the

worst harmony in the HM, then the existing worst harmony is replaced with the new improvised harmony. This process is

repeated until the maximum number of improvisations is obtained.

The HSA has many advantages, which have made it a reliable method for solving different optimization problems with higher

complexity. Nevertheless, in order to improve the capability of the HSA for both local search and global exploration, a novel

modification is proposed. The key idea in the proposed modification is based on forcing the population to move toward the best

individual in order to decrease the possibility of trapping in local optima [58]. In this regard, a new scheme is proposed to

perform the pitch adjustment phase of the HSA. Unlike the original HSA, in which each selected component for pitch adjustment

is randomly changed in the range of ±BW, in the new approach, the new harmony can mimic the best harmony vector stored in

the HM. In the proposed combined harmony search and firefly algorithm (CHSFA), each selected component is altered by

applying the procedure, which moves fireflies in the FA. The FA is another meta-heuristic optimization algorithm inspired by the
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movement of fireflies [59]. In the FA, each firefly is a solution of the optimization problem, and the brightness or light intensity

value is assigned to each firefly. The brightness of each firefly is determined proportional to the value of the objective function to

be optimized. In each iteration of the FA, fireflies move toward the brighter ones. Moreover, each firefly has a random

movement. The proposed CHSFA has the same steps as the original HSA with the exception of the improvisation process, which

is shown in Fig. 1. It can be observed that, in the CHSFA, each component selected for pitch adjustment phase experiences two

movements: the first  one is toward the best harmony vector in the HM and the second one is a random movement. These two

movements balance the exploration and exploitation abilities of the CHSFA and enhance its performance.

4.2. Harmony vector codification

In the proposed model, the size, power factor, and location of the DER are determined by the CHSFA. Thus, the harmony

vector consists of two parts: The first part represents the installed capacity of the DER in each of the candidate buses and the

second part is used for determining the power factor of the DER to be installed at the candidate busses. The dimension of each

part of the harmony vector is equal to the number of candidate buses for the DER installation. Each element of the harmony

vector is represented by an integer. Each integer number corresponds to a certain DER capacity or a certain power factor. In this

method, the number zero means that no DER will be installed at the corresponding candidate bus. Given the capacity and power

factor of DER, the power required to be supplied by the substation is calculated through the load flow calculations, which shows

whether a new transformer needs to be installed in the substation or not. In addition, the number of feeders that need to be

upgraded is determined.

4.3. Harmony vector evaluation

As shown in (20), the robust counterpart model of the proposed robust problem is in a min-max form. The proposed CHSFA is

employed to solve this optimization problem. Each harmony vector stored in the HM or the new one generated in the

improvisation process is considered as a possible solution to the problem. The procedure of evaluating each possible solution can

be summarized as follows: first of all, the value of the budget of uncertainty, i.e. t, must be determined. Then, for each possible

solution, t load buses of the EEDN are randomly selected. For each selected bus, the load is randomly generated considering the

uncertainty set defined in (19) and the load flow program runs. In the load flow program, a DER is regarded as a negative PQ bus

with a constant power factor determined in the second part of the harmony vector. Using the load flow, the value of the objective

function is calculated. Finally, after repeating this procedure for 1,000 randomly selected load buses, the worst value among the

calculated objective functions (i.e. maximum value for profit) is chosen as the objective function for this solution. This number,

i.e., 1000, is adequately large and it is usually used for the RO applications [16, 17]. In Fig. 2, the flowchart of exploiting the

CHSFA for solving the robust DER planning problem is depicted.

4.4. The dynamic planning strategy

The proposed dynamic planning model is based on the pseudo-dynamic strategy [60]. This method consists of two phases. In

the first phase, a static planning model is solved to obtain a solution that can meet the load requirements for the final year of the

planning period in an optimal manner. In the second phase, the effect of load growth is explicitly considered and continuous

concatenated single stage expansions of the distribution network are found. For each intermediate year between the first and the

final year, an optimal intermediate system is determined. Each intermediate system uses only the set of equipment that has been

determined from the first phase. After covering all intermediate years, each equipment from the first phase will have a time

describing its expansion or construction year. The detailed steps of the proposed DER planning model considering the pseudo-

dynamic method are as follow:



13

Step 1: Determine the estimated load for the network buses for the final year of the planning horizon.

Step 2: Solve the problem for the last year using the proposed CHSFA considering all candidate buses as potential options for

DER installation. All selected facilities from this step are considered as the candidates for the next steps.

Step 3: Select the first year of the planning period and specify the load growth for each load bus.

Step 4: Solve the problem using the CHSFA with the selected facilities in Step 2. The obtained result is the best solution for

this year. All selected equipment for installation or expansion from this year is considered as existing ones for the next year.

Step  5:  If  the  problem  is  solved  for  all  intermediate  years,  stop.  Otherwise,  select  the  next  intermediate  year  and,  after

determining the load growth for each load bus, go to Step 4.

It should be noted that the power factor of DER is fixed during the planning period. Thus, they must operate by the power

factor, which is determined in Step 2 (i.e. solving the planning problem for the final year). In fact, the harmony vector structure

does not constitute the second part for Steps 3-5.

5. Simulation results

The proposed EDNEP model is implemented to a medium voltage 38-bus EEDN [49]. This network includes a mix of

residential, commercial, and industrial customers. The planning horizon for the network is five years. The total load in the

beginning year of the planning period is 4.045 MW and 2.5 MVAR, which reaches 5.5032 MW and 3.4012 MVAR at the end of

the planning period. This network is supplied from the grid by a substation with the capacity of 5 MVA at the power factor of

0.85. Two three-phase 2-MVA transformers are available and can be installed to expand the substation. Buses 5, 33, 34, 35, 36,

37 and 38 are considered as candidates for DER installation [49]. The discrete size of DER is set from 100-2000 kVA with a

100-step interval between the sizes. In addition, the maximum number of DER  in the network is limited to five [49]. These are

set to operate at the practical power factors, which are 0.85, 0.9, 0.95, and 1. The technical and cost parameters of the network

have been adopted from [3, 6]. The fault rates and repair times of feeders have been considered 0.12 f/km.yr and 3 h,

respectively. The other equipment of the network has been considered to be 100% reliable. The cost of the unsupplied energy for

different types of customers has been adopted from [3, 6]. The details of the input data and schematic diagram of the test network

are given in Appendix A.

It is to be noted that the parameters of the original HAS and CHSFA are determined based on experience or by trial and error

approach. In the numerical simulations of this paper, these parameters are set as follows: HMS = 15, PAR= 0.6, HMCR=0.9, =

iteration number/maximum number of iterations) and = 2.6.

5.1. The deterministic DER planning problem

In the deterministic model, load uncertainty is not taken into account and the problem is solved by considering the objective

function defined in (5) with constraints (11)-(16). First, in order to demonstrate the effectiveness of the proposed CHSFA, the

deterministic model is solved separately by the original HSA and proposed CHSFA. For this purpose and due to the stochastic

nature of these algorithms, both methods are run 20 times with different initial random values. Table 2 shows the best, average,

and worst results for the net present value of the total profit of the planning period obtained by implementing the two methods.

According to this table, the proposed CHSFA algorithm is superior and more efficient than the original HSA, since its best,

average and worst profit out of 20 trials is more promising than those of the original HSA. A typical convergence curve of the

two methods for the first year of planning with the same random initial values is compared in Fig. 3. It can be seen that the

proposed optimization algorithm has better convergence capability than the original one, as it reaches a better objective function
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value in fewer iterations. This means that fewer iterations are required for the proposed algorithm, and therefore it is faster than

the original one. Moreover, in order to compare the solution quality and robustness of the CHSFA with that of the HSA,

deviation of the best and worst solutions from the corresponding average result are calculated by the following equations [53]:

Best solution - Average result
Deviation of the best solution from the average result (%) = 100

Average result
(21)

Worst solution - Average result
Deviation of the worst solution from the average result (%) = 100

Average result
(22)

Deviations of the best and the worst solutions of the proposed CHSFA and HSA from the corresponding average results (in

terms of percentage) are tabulated in Table 3. According to this table, it can be observed that the solutions obtained by CHSFA

have lower deviations from the average result. Also, the small value of deviation for both best and worst solutions confirms the

algorithm's robustness in finding the global minima vicinity in any trial. Therefore, the outcomes of Tables 2 and 3 and Fig. 3

clearly show the efficiency, robustness, and stability of the results of the proposed CHSFA.

To further evaluate the robustness of the proposed CHSFA algorithm against the variation in parameters, a sensitivity analysis

is done and results are shown in Table 4. In this table, the first column shows the initial value of each parameter. This value is

perturbed in up and down directions while other parameters are constant, as indicated in the second column of the table. Also, the

effect of simultaneous change of all the parameters is evaluated and shown in the last row of this table. For each parameter

perturbation, best, average and worst profits out of 20 trials are reported. Moreover, the deviation from the solution with the

initial parameters in terms of percentage is calculated and shown within each cell of the table. A positive sign for a deviation

means profit with the perturbed parameter increases with respect to its initial solution (Table 3), therefore the solution with the

perturbed parameter is better than the initial solution. For example, when PAR- =0.5, the average profit becomes 4.6032,

which is higher than the initial average profit of 4.5569 (Table 3) by 1.0160%. The data of this table validates the robustness of

the proposed optimization algorithm since only very small deviations are seen in the results of the sensitivity analysis.

The outcomes of solving the deterministic EDNEP problem by the proposed CHSFA are demonstrated in Table 5. The

proposed dynamic model determines the optimal size of the DER that should be installed on each candidate bus at each year

during the planning horizon. The required capacity is added to the previously installed DER until the target capacity which is

determined in the first phase of pseudo-dynamic strategy, is reached by the end of planning period. According to this table, not

all the candidate buses have been selected for DER installation and DER units are installed in only five buses of the network.

Moreover, the size and power factors of DER are different for each bus and the size of DER increases as the load of the network

grows. Interestingly, two buses which have not been nominated for DER installation, i.e., 5 and 35, are residential buses while

other candidates are industrial or commercial ones. This is because the cost of energy not served for commercial and industrial

loads is much higher than that for residential loads. Therefore, the optimization algorithm tends to install DER close to these type

of loads so that the reliability cost of the network is minimized.

Table 6 shows the expansion costs over the planning horizon. Results of the network planning without considerations of DER

are also given in this Table. In this case, the DISCO must upgrade network feeders and expand the existing substation, by

installing new transformers in order to support the load growth. As observed in Table 6, the use of DER in the EDNEP makes a

significant rise in the total profit of the planning period as a result of an increase in income and a decrease in total cost of the

DISCO. The income of the DISCO increases because in the presence of DER the voltage profile of the network is improved,

therefore the active and reactive load of the network increases due to the dependency of loads on the voltage. Hence, an

opportunity is provided for the DISCO to sell more electricity to voltage-dependent loads. Although, when DER are installed, the
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cost related to the investment and operation of these resources is added to costs of the DISCO, other costs of the network such as

reliability cost, upgrade cost and energy purchase cost from the grid drop remarkably.

The maximum reduction is in the cost of feeder upgrade, which is about 72.24%. This saving is achieved by postponing most

of the the following years. For instance, in the case of network planning without considerations of DER, 4,

8, 5, 2, and 2 feeders must be upgraded in the first, second, third, fourth, and fifth years of the planning period, respectively.

However, with the consideration of DER, only 4, 1, 2, 2, and 2 feeders should be upgraded over the planning period. In addition,

the need for a new transformer installation is eliminated when DER are included in the planning. It is to be noted that the load

flow calculations are used to determine the need for the line upgrade or substation expansion. In this regard, given the annual

load growth rate, the capacity and power factor of DER, the load flow program runs and lines current and amount of power to be

imported from the upstream grid is computed. If the power required to be supplied by the substation or current of any line is

greater than its capacity, the upgrade is necessary. It is assumed in this paper that network upgrading does not cause any supply

interruption for the network s customers.

The cost of purchasing power from the grid is diminished by 55.31%, which represents a good result. The reliability

evaluation is carried out for the test network before and after the installation of DER and accordingly the reliability cost is

calculated. Reduction in the reliability costs for the whole planning horizon by employing DER is about 26.31% because DER

are placed in commercial and industrial buses, which have a higher cost of ENS, and therefore they can supply loads during an

outage event.  A comparison between the unsupplied energy of the network in each year of the planning period for two different

planning cases is presented in Fig. 4. As can be seen, as the load of the network grows over the years, the amount of unsupplied

energy goes up accordingly for both cases. However, for the case of employing DER, the increase is smoother because the size

of DER increases over the planning horizon as well with the load growth. This clearly demonstrates the benefit of the DER in

improving the network s reliability.

. Utilization of DER in the EDNEP can also lessen the power losses with the EEDN. A comparison between the power losses

in each year of the planning period for two different planning cases is made in Fig. 5. This shows another advantage of using

DER in EEDN due to the fact that they are placed near the end of the feeders and reduce the current of all the upstream lines and

hence decrease energy losses.

Another point from Table 5 and 6 is that the required investments in the network to meet the load at the end of the planning

horizon do not need to be done in the beginning of the planning period. In other words, the best time for each construction and

investment is considered as a decision variable in this paper. This is the advantage of the dynamic planning approach in which

the investment cost is done yearly in a step-by-step manner as the load of the network grows, dissimilar to the static planning

approach in which the whole investment needs to be done at the beginning of the project.

5.2. The DER planning problem with load uncertainty

The robust planning problem is composed of the objective function in (20) with constraints (11)-(16) and the uncertainty set

defined in (19), which is solved by using the procedure described in Fig. 2. According to the defined uncertainty set, the budget

of uncertainty t which controls the number of buses in which the load value differs from the forecasted one takes values

between 0 and the number of uncertain parameters (i.e. NLB=37). When t=0, it is equal to the deterministic condition, where

there is no uncertainty about the load values. By increasing the t parameter, the number of buses with load uncertainty

increases, and as a result, the solution of the robust model is more conservative against a higher degree of uncertainty. Finally,

when t=37, the most conservative solution is achieved. Moreover, the range of load variation is set to be 0 ,, 0.1
DD
i ti t P  for
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each load bus i at year t, which means that 10% error is considered for the load forecasting.

Table 7 shows the results of solving the robust counterpart model for some values of t. The net present value of the total profit

for various values of t is displayed in Fig. 6. It can be concluded that the value of profit decreases when the uncertainty of load

is taken into account in the EDNEP model. Moreover, as the  gets larger, the net present value of the total profit increases. This

is  because  the  RO  protects  the  system  against  the  worst-case  realization  of  the  load;  this  worst-case  is  enlarged  as t grows.

Hence, the model imports more power from the grid or expands the DER capacity. Consequently, as the t rises, the cost of

DISCO soars. The income of DISCO also increases as the t becomes larger. Therefore, as the t becomes larger, the net present

value of the total profit increases.

6. Conclusions

In this paper, a novel and practical approach for the dynamic planning of EEDNs is proposed in which the installation of DER

is considered as an economic alternative for the DISCOs in order to respond to the load growth. The u

load is considered in the proposed model and the robust optimization technique is used to address this uncertainty. Assuming that

only the DISCO is authorized for DER integration, t

profit. The reliability benefits of DER installation is also taken into consideration in the model. The developed planning model

aims to find the best solution, which includes the DER size, location, and power factor. Besides, the best year for installation of

DER is considered as another optimization variable to be determined by the pseudo-dynamic approach. Different types of load,

such as industrial, residential, and commercial, are considered in load flow analysis, reliability evaluations and energy selling to

customers. In addition, a new modified harmony search algorithm is presented for solving the formulated RO-based optimization

model. Finally, the capability and performance of the proposed model have been demonstrated with the aid of a case study based

on a typical EEDN. Main observations from the obtained results of this paper are:

The proposed combined optimization algorithm, i.e., CHSFA outperforms the original HSA in terms of efficiency,

robustness, and stability.

All the potential benefits of DER integration for the DISCO can be achieved if an appropriate planning scheme is

designed.

The great advantage of DER integration is that the need for line upgrade or substation expansion due to load growth

is mitigated or postponed to the later years, which brings about a significant decrease in the total cost, and therefore a

significant increase in the total profit, over the planning period for the DISCO.

Another benefit of utilization of DER is that it reduces power flow through the feeders and therefore lessens power

losses. Also, it lowers the stress of the feeders and subsequently increases the duration of the lifetime of the

equipment.

 DER also can supply loads of the EEDN during both scheduled and unscheduled outage events, which can improve

the network reliability.

The RO technique is a good method to handle load uncertainty in EDNEP as it provides the decision maker with a

computationally tractable formulation to make a tradeoff between the riskiest and/or the most conservative solution.

Moreover, it does not require the probability distribution function of the load demand, unlike other stochastic

methods which require a probability distribution function of uncertain data discretized into a finite number of

scenarios. Additionally, obtained results of the stochastic methods might not be reliable if an inaccurate distribution
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assumption is made.

The tractability of RO is controlled budget of uncertainty , t which adjusts the conservative degree of the

solution. When t =0, a deterministic problem is solved. By increasing the t value, the uncertainty set enlarges, and

as a result, the solution of the robust model is more conservative against a higher degree of uncertainty.

The main challenge for RO approach is that it might lead to a large cost because the system behaviour is optimized

against the worst-case realization of the random parameters. Therefore, the solution is often too conservative and

pessimistic.

The formulated planning model can be directly implemented in real life distribution networks which face load

uncertainty and consist of a mixture of voltage-dependent loads, rather than constant loads.

Future research work will investigate the coordinated DER planning and network reconfiguration in an active EEDN while

considering both conventional and renewable distributed energy resources. Moreover, private investors for DER should be

considered, as their objectives are not aligned with the objectives of the DISCO.
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Table 1. Outline study of researches in DER planning problem

Reference Decision variables Static/Dynamic Uncertainty
handling

Voltage
dependent
load model

Reliability
benefit of DER Objective function(s) Optimization

method

[1] site + size + type S Min cost, Min emission -constraint
technique

[2] site + size S Min cost Classical
MINLP

[3] site + size S Max (benefit-cost) DP
[4] site + size D Min cost GA-OPF
[6] site + size + power factor S Max DISCOs profit GA
[7] site + size S Min cost, Min risk NSGA-II

[8] site S Min cost, Min loss,
Min outage cost NSGA-II

[9] site + size D Min cost GA
[10] site + size + type D Min cost, Min emission Binary PSO
[11] site + size S Min loss ANN
[12] site + size + type S Min cost GA

[13] site + size+ type D Min cost,
Min technical risk NSGA-II

[19] site + size + power factor S Min power loss ABC

[20] site + size + type S Min power loss,
Min cost, Min emission

Hybrid MO
MSFLA-DE

[21] site + size S Max voltage profile,
Min loss CS

[22] site + size S Min loss,  Max voltage profile,
Min voltage stability

Combined
GA/PSO

[23] site + size D Min cost, Min technical
dissatisfaction

Hybrid
Immune GA

[24] site +  size S
Min power loss,

Max voltage profile,
Min cost

MO SB

[25] site +  size D Min cost, Max DER utilization MO MILP
[26] site +  size S Min cost, Min power loss MINLP
[27] site +  size + type S Min cost, Min power loss Fuzzy GA
[28] size + type S Min cost SAEA

[29] type S Min loss Mathematical
method

[30] site + size S
Min power loss,

Max voltage profile, Min
voltage stability index

 ALOA

[31] number +  site +  size + type S Min loss Local PSO

[32] site + size S
Min power loss,

Max voltage profile, Min
voltage stability index

combined GA
and IWD

[33] site +  size S Min reactive loss, Min voltage
deviation GWO

[34] site + size S Min cost, Min power loss,
Max voltage profile BBO

[35] site +  size + type S Max loadability Hybrid PSO

[36] site +  size S
Min cost, Min energy not-
distributed, Min loss, Min

voltage stability index
MO PSO

[37] site S Min loss TLBO

[38] site +size + type S
Optimizing economic function,

technical function, and
environmental function

NSGA-II

[39] site +size S Min power loss,
Max voltage index GA

[40] site + size + power factor S
Min power loss,

Max voltage profile,
Min cost

Grid-based
MO HSA

[41] site +  size + type D Min cost, Min emission Improved HSA
[42] site +size D Min cost MILP

[43] site +size S
Min Total Harmonic
Distortion,  Min cost,

Min loss,  Min emission
PSO

[44] site + size+ type S Min cost GA
[45] site + size D Min cost PSO

[46] site +size + type S Min cost, Min emission,
Min loss NSGA-II

[47] site + size D Min cost Discrete PSO

[48] site + size S
Min power loss,

Min line power flow,
Max voltage index

GA

Proposed site + size + power factor D Max DISCOs profit CHSFA
MO= multi-objective, MINLP= mixed integer nonlinear programming, ANN= artificial neural network, DP= dynamic programming, GA= genetic algorithm, PSO=
particle swarm optimization, OPF= optimal power flow, ABC= artificial bee colony, DE= differential evolution, MSFLA= modified shuffled frog leaping algorithm,
NSGA= non-dominated sorting genetic algorithm, GWO = grey wolf optimizer,  ALOA=  Ant Lion Optimization Algorithm, CS= cuckoo search, BBO=  biogeography-
based optimization, IWD=  Intelligent Water Drops, SB= Shuffled Bat, SAEA=self-adapted evolutionary strategy, TLBO =teaching learning based optimization
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Table 2. Net present value of total profit by two optimization algorithms

Worst Profit (M$)Average Profit (M$)Best Profit (M$)Optimization Algorithm

4.44994.55694.6848CHSFA
4.29724.48084.6335HSA

Table 3. Deviation of the best and the worst solutions of two algorithms from the corresponding average results

Deviation of the worst solution

from the average result (%)

Deviation of the best solution

from the average result (%)
Optimization algorithm

2.34802.8067CHSFA
4.09743.4078HSA

Table 4. Results of the sensitivity analysis for the proposed CHSFA

Parameter
Best profit

(Deviation %)

Average profit

(Deviation %)

Worst profit

(Deviation %)

HMS=15
HMS- 10 4.6791 (-0.1216) 4.5217 (-0.7724) 4.4331 (-0.3775)

20 4.6841 (-0.0149) 4.5477 (-0.2018) 4.4309 (-0.4269)

PAR=0.6
PAR- 0.5 4.6795 (-0.1131) 4.6032 (1.0160) 4.4103 (-0.8899)

0.7 4.6712 (-0.2903) 4.5135 (-0.9522) 4.3102 (-3.1393)

HMCR=0.9
HMCR- 0.85 4.6704 (-0.3073) 4.6026 (1.0028) 4.4181 (-0.7146)

0.95 4.6394 (-0.9690) 4.5137 (-0.9480) 4.4254 (-0.5505)

0= 1.2
0- 0=0.7 4.6812 (-0.0768) 4.4786 (-1.7182) 4.3469 (-2.3146)

0+ 0=1.7 4.6743 (-0.2241) 4.4120 (-3.1797) 4.3277 (-2.7461)

=2.6
- =2 4.6712 (-0.9306) 4.5872 (0.6649) 4.4501 (0.0044)

+ =3.2 4.6787 (-0.1302) 4.5378 (-0.4191) 4.2211 (-5.1416)

All
Down 4.6732 (-0.2476) 4.5032(-1.1784) 4.4217 (-0.6337)

Up 4.6344 (-1.0758) 4.5001 (-1.2464) 4.2893 (-3.7304)
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Table 5. Optimal DER installation capacities (MVA) over the planning period

Candidate buses for DER installation
Bus

5

Bus

33

Bus

34

Bus

35

Bus

36

Bus

37

Bus

38
1st year 0 1.1 0.3 0 0.5 0.4 0.1
2nd year 0 1.2 0.3 0 0.5 0.5 0.1
3rd year 0 1.3 0.4 0 0.5 0.5 0.1
4th year 0 1.4 0.5 0 0.5 0.5 0.1
5th year 0 1.6 0.5 0 0.6 0.5 0.1

p.f.* - 0.9 0.95 - 0.95 0.95 0.95
                                                                   * Power factor

Table 6. Detailed results of two planning case studies

Cost/Profit (M$) Without DER With DER
1st year 2nd year 3rd year 4th year 5th year 1st year 2nd year 3rd year 4th year 5th year

Annual profit 0.4558 0.3465 0.3655 0.6666 0.7180 0.9601 1.3046 1.3864 1.4933 1.6123
Annual income 3.4000 3.6549 3.9276 4.2190 4.5302  3.5471 3.8275 4.1255 4.4449 4.7979
Total annual cost 2.9442 3.3084 3.5621 3.5524 3.8122  2.5871 2.5229 2.7392 2.9517 3.1856
Purchasing power 2.4588 2.6533 2.8631 3.0892 3.3328  1.1003 1.1841 1.2806 1.3932 1.4746
Transformer cost - 0.0064 - - - - - - - -
DER investment - - - - -  0.1545 0.0129 0.0129 0.0129 0.0193
DER operation cost - - - - -  0.9746 1.0556 1.1366 1.2176 1.3381
Feeder upgrading 0.1607 0.2980 0.3203 0.0542 0.0367  0.1199 0.0135 0.0317 0.0284 0.0301
Reliability cost 0.3247 0.3507 0.3787 0.4090 0.4418  0.2378 0.2568 0.2774 0.2996 0.3235
NPV* of total 1.7500  4.6848

*Net Present Value

Table 7. Obtained results from the robust counterpart of the RO model for different values of t

t=14 t=25
1styr 2ndyr 3rdyr 4thyr 5thyr p.f 1styr 2ndyr 3rdyr 4thyr 5thyr p.f

D
ER

un
its

ca
pa

ci
ty

at
ca

nd
id

at
e

bu
se

s Bus 5 0 0 0 0 0 - 0 0 0 0 0 -
Bus 33 0.8 0.8 0.8 0.8 0.9 0.9 0.1 0.1 0.4 0.6 0.9 0.95
Bus 34 0 0 0 0 0 - 0.4 0.4 0.4 0.4 0.4 0.95
Bus 35 0.6 0.8 0.9 0.9 0.9 0.95 0.3 0.4 0.4 0.4 0.4 0.85
Bus 36 0.5 0.5 0.6 0.8 0.9 0.95 1.4 1.4 1.4 1.4 1.4 0.95
Bus 37 0.4 0.4 0.4 0.4 0.4 0.95 0.2 0.2 0.3 0.3 0.3 0.9
Bus 38 0.1 0.1 0.1 0.1 0.1 0.95 0 0 0 0 0 -

A
nn

ua
liz

ed

co
st

/in
co

m Income 3.5640 3.8344 4.1355 4.4226 4.7033   3.6217 3.8941 4.2533 4.5659 4.9718
Cost 2.6110 2.5960 2.8123 2.9757 3.1543 2.6535 2.6683 2.9557 3.0796 3.3555
Profit 0.9530 1.2384 1.3232 1.4469 1.5490 0.9682 1.2258 1.2976 1.4863 1.6163
NPV 4.5178   4.5653
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  [1, ]
    / * memory consideration */
     int(1 ( -1) )
     ( , )
        / * pitch adjusment */

        , where  is the inde

new
i

best new

each q N
rand () HMCR

a HMS rand ()
x HM a q

rand () PAR

s x x best

for do
if then

if then

2
0

x of best harmony vector of

1        exp( )( ) ( )
2

  / * random generation */
    ( - )

new new best new
q q q q

new
q q q q

HM

x x s x x rand ()

x LB UB LB rand ()

end if
else

end if
end for

Fig. 1.  Pseudo code of improvisation process in the proposed CHSFA
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First phase of the dynamic planning model:

Year = final year

Input data:
Forecasted loads, network topology, DER characteristic, budget of uncertainty, CHSFA parameters, planning horizon

Determine the load growth for this year for each load bus

Initialize HM randomly

h=1

Encode hth harmony vector

r=1

Select  buses randomly and generate loads for the
selected buses based on uncertainty set in (19)

Run load flow program

Reliability cost
of network

Investment and
operation cost of DER

Necessity of upgrading
any feeder or substation

Purchased
power cost

Calculate objective function

Evaluate reliability of the network

r < 1000r=r+1

Save the maximum objective function for the harmony vector h

h < HMSh=h+1 Improvise a new harmony vector based on the
proposed process in Fig. 1

Encode the new harmony vector

Update HM

Stopping criteria
obtained for this year?

Save the optimal solutions for using at the next steps

Second phase of the dynamic planning model:

Year = 1
Year = final year?

Year = final year-1?Year = Year + 1

Next iteration

W
or

st
-c

as
e

sc
en

ar
io

de
te

ct
io

n

Yes

No

NoYes

No

Yes

Yes

Yes

No

No Output:
Print the optimal solutions for

the DER planning problem

Proposed
CH

SFA
loop

r=1

Select  buses randomly and generate loads for the
selected buses based on uncertainty set in (19)

Run load flow program

Reliability cost
of network

Investment and
operation cost of DER

Necessity of upgrading
any feeder or substation

Purchased
power cost

Calculate objective function

Evaluate reliability of the network

r < 1000r=r+1

Save the maximum objective function for the harmony vector h

W
or

st
-c

as
e

sc
en

ar
io

de
te

ct
io

n

Yes

No

Fig. 2.  The procedure of the proposed CHSFA to solve the dynamic robust DER planning problem
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Fig. 3.  Objective function values according to the iteration number for the first year planning

Fig. 4.  Unsupplied energy in the network for the two planning cases
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Fig. 5.  Network loss for the two planning cases

Fig. 6.  Net present value of total profit according to the variation of budget of uncertainty
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Appendix A:

Fig. A. The 38-bus distribution test network

Table A. Technical/cost parameters of case study

ValueUnitParameter

70$/MWhGrid electricity price

0.05M$New transformer cost

0.15M$/kmFeeder upgrading cost

0.5M$/MVADER investment cost

50$/MWhDER O&M cost

12.5%Discount rate

8%Annual load growth rate

5%Allowed voltage deviation

30yearProject lifetime

5yearPlanning period
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Table B. Reliability cost and customer price for the case study

Load type
Cost of not supplied energy

($/kWh)

Price of customer electricity

Industrial 11.05 7

Residential 0.105 11.8

Commercial 3.6 10.4


