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ABSTRACT Virtual resistance-based droop control is widely adopted as secondary-layer control for
grid-connected converters in DC microgrids. This paper presents an alternative usage of the virtual resis-
tances to minimize the total operating cost of DC microgrids under real-time pricing. The total operating
cost covers the running cost of utility grids, renewable energy sources (RES), energy storage systems (ESS),
fuel cells, and power loss on the distribution lines. An adaptive Differential Evolution (ADE) algorithm is
adopted in this paper to optimize the virtual resistances of the droop control for the grid-connected converters
of dispatchable units, such that the power flow can be regulated. The performances of the proposed strategy
are evaluated by the case studies of a 12-bus 380 V DC microgrid using Matlab and a 32-bus 380 V DC
microgrid using a Real-Time Digital Simulator (RTDS). Both results validate that the ADE can significantly
reduce the operating cost of DC microgrids and outperform the conventional Genetic Algorithm (GA) in
terms of cost saving. Comparisons among the microgrids with different numbers of dispatchable units reveal
that the cost saving is more prominent when the expansion of dispatchable units.

INDEX TERMS Adaptive differential evolution (ADE), DC microgrids, operating cost, virtual resistance.

I. INTRODUCTION
With high penetrations of renewable energy sources (RES),
and energy storage systems (ESS), DC microgrids with
on-site power generations are widely adopted in electric
ships, data centers, smart buildings, island grids, and some
residential communities, etc. [1]–[9]. Grid-connected con-
verters are widely used for the integrations of utility grids,
RES, ESS, fuel cells, and loads to the DC microgrids.
To ensure stability, efficiency improvement, dynamic cur-
rent sharing, state-of-charge (SoC) balance of battery stor-
age systems, etc., droop control and its derivatives, owing
to the merits of being communication-free and easy plug-
and-play implementation, have been widely adopted for
grid-connected converters [10]–[14]. In [10], a virtual resis-
tance is introduced in the inner current control loop of
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the consensus control to achieve decentralized current shar-
ing and enhance the system damping for the DC micro-
grid. In [11], an enhanced adaptive droop control scheme
is proposed to further improve the current sharing accu-
racy and eliminate the DC voltage deviation by using both
voltage-shifting and slope-adjusting approaches for the droop
coefficients. In [12], an adaptive virtual resistance-based
droop control is designed to balance the output current of dis-
tributed battery systems in DC microgrids. In [13], an adap-
tive droop control based on the n-th order of the SoC is
proposed to balance the SoC of the energy storage units.
In [14], a hierarchical control scheme based on variable bus
voltages is proposed to mitigate distribution power loss in
islanded DC microgrids. Virtual resistance is a critical con-
cept of droop control to compensate the mismatch of external
feeder impedance, and achieve accurate active power sharing
in DC microgrids. However, investigations of controlling
virtual resistances to effectively improve the economic profit
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of DC microgrids are rarely conducted. In this paper, power
flow between the utility grids, RES, ESS, fuel cells, loads
and DC microgrids, respectively, and the power loss on the
distribution lines are regulated by the control of virtual resis-
tances. Considering the cost of the utility grids, RES, ESS,
fuel cells, and the distribution power losses, electricity prices
of DC microgrids can be minimized under real-time pricing
and load profiles via the optimization of virtual resistances.
The stability of DC microgrids is inherently guaranteed by
the capacity limits of dispatchable units, tolerances of bus
voltages, and constraints of virtual resistances in the objective
function for the economic dispatch. This paper aims to mini-
mize the total operating cost of DC microgrids by regulating
the virtual resistances of the droop control for grid-connected
converters and investigate the cost reduction performance
when the dispatchable units are expanded.

By far, several pioneering research works have been car-
ried out to reduce the operating cost of various DC micro-
grids [15]–[20]. In [15], cost-based dynamic droop gradients
are included in the control scheme for distributed generators
to produce more power from less costly generators. As a
result, the overall generation cost in DC microgrids can
be reduced without centralized control and communication
links. In [16], a prioritized normalized cost algorithm is devel-
oped to reduce the generation cost for DC microgrids at light
load conditions. In [17], a distributed sub-gradient algorithm
is presented to reduce the generations of DC microgrids in
both grid-connected and islanded modes. In [18], economic
load sharing and power balance are simultaneously achieved
by a distributed adaptive droop hierarchical control, which
consists of secondary and tertiary controllers. In [19], a dis-
tributed cost optimization control scheme with the consid-
erations of communication delay is addressed for islanded
DC microgrids. In [20], the incremental cost of distributed
generators is equalized by a fully distributed consensus-based
optimizer. Nevertheless, the traditional methods of reduc-
ing operating cost in DC microgrids are struggling in find-
ing global optimality with high computation complexity.
This is because the numerical evaluation of the derivatives
requires much computation, such as linear programming (LP)
and nonlinear programming (NLP) by resorting to different
relaxation methods of the underlying formulation [21]–[23].
Thereupon, prohibitive computation time is needed to find
optimal solutions. Nevertheless, heuristic algorithms can find
optimal solutions more efficient than conventional optimiza-
tion techniques without sacrificing accuracy and running
speed [24].

Several previous investigations on economic dispatches of
DC microgrids using heuristic algorithms have been con-
ducted [25]–[28]. In [25], a conventional Genetic Algorithm
(GA) is adopted to reduce the operating cost of a six-bus
DC microgrid incurred by the fuel and efficiency of the
components and the demand response requirements from the
utility grid. However, the operating cost of the DC micro-
grid may suffer from local optimization. In [26], a matrix
real-coded GA is used to optimize the sizes, types, and

locations of ESS based on the dynamic models and the net
present values of DCmicrogrids. In [27], a distributed control
algorithm is applied in isolated DC microgrids to enhance
reliability and economic performance. However, the total
operating cost of the DCmicrogrids is not considered. In [28],
the countable operating cost of the resources in DC micro-
grids are qualified as fixed values while the uncountable
counterparts are neglected. However, operating cost reduc-
tion of DC microgrids by heuristic algorithms has not been
fully investigated. In this paper, an economic dispatch strat-
egy under real-time pricing based on an adaptive Differen-
tial Evolution (ADE) algorithm is proposed to reduce the
operating cost of DC microgrids with different numbers of
buses. The economic dispatch concerns the operating cost
of all the components, which includes the operating cost
of the utility grid, RES, ESS, fuel cells, and distribution
power lines, in DC microgrids. The total operating cost of
the DC microgrids being optimized by the proposed ADE
will be compared to that being optimized by the conventional
GA method.

Themain contributions of this paper include: (i) This might
be the first paper to globally optimize the total operating cost
of RES, ESS, fuel cells, loads, and distribution power loss in
DC microgrids. The total operating cost of DC microgrids is
minimized at different operating conditions. (ii) This paper
reveals that the operating cost reduction is more prominent
when more dispatchable units are connected to the DCmicro-
grid, which has never been reported.

FIGURE 1. A typical architecture of DC microgrid.

II. OPERATING COST OF THE COMPONENTS
Fig. 1 shows a typical DC microgrid with the penetrations of
the power supply by RES and the power demand by loads.
The power supply and demand are balanced by the integra-
tions of fuel cells, ESS, and the utility grid. Without consid-
ering any maintenance cost (which is neglible as compared to
the operating cost), the operating cost of the components in
the DC microgrid can be defined as follows:

A. UTILITY GRID COST
The operating cost of the utility grid is evaluated by the mar-
ket price [4]. By utilizing smart meters, end-users can actively
participate in the power regulation of DCmicrogrids as either
power consumers or suppliers [29]. Therefore, the utility grid
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cost can be expressed as

CU =


λbuyPU
1T

, PU> 0

λsellPU
1T

, PU< 0
(1)

where λbuy is the real-time buying electricity price of the
utility grid; λsell is the real-time selling electricity price from
the DCmicrogrid to the utility grid;PU is themeasured power
flow between the DCmicrogrid and the utility grid;1T is the
number of optimization cycles during one hour. In this paper,
according to the suggestions given by the National Develop-
ment and Reform Commission (NDRC) [30], the buying and
selling electricity prices are the same (i.e., λbuy = λsell).

B. ESS COST
The operating cost of ESS aremodelled based on the charging
and discharging efficiency [31],

CESS =


λbuy (PESS − ηchPESS)

1T
, PESS> 0

λsell

(
PESS −

PESS
ηdis

)
1T

, PESS< 0

(2.1)

where λbuy is the real-time buying electricity price of the
ESS; λsell is the real-time selling electricity price from the
DC microgrid to the ESS; PESS is the measured power flow
between the DC microgrid and the ESS; ηch is the charging
efficiency of the ESS, which is defined in [31] as

ηch = ach − bchPESS (2.2)

where ach and bchare two linear coefficients to calculate the
charging efficiency based on the power flow PESS; ηdis is
the discharging efficiency of the ESS, which is also defined
in [31] as

ηdis = adis + bdisPESS (2.3)

where adis and bdis are two linear coefficients to calculate the
discharging efficiency based on the power flow PESS.

By substituting (2.2) and (2.3) into (2.1), the operating cost
of ESS can be derived as

CESS=


λbuy

[
bchP2ESS + (1− ach)PESS

]
1T

, PESS>0

λsell
[
bdisP2ESS − (1− adis)PESS

]
1T (adis + bdisPESS)

, PESS<0
(2.4)

C. FUEL CELL COST
The operating cost of fuel cells can be calculated based on a
quadratic relationship of the output power [32],

CFC =
aFCP2FC + bFCPFC + cFC

1T
(3)

where PFC is the measured power flow between the DC
microgrid and the fuel cell; aFC, bFC, and cFC are constant
coefficients.

D. DISTRIBUTION POWER LOSS COST
The power loss on the distribution lines is calculated based
on the bus voltages, which are determined by the power flow
of the entire DC microgrid rather than a specified power
generation or consumption unit. However, due to the model
of accurate power flow is a non-negligible constraint in the
optimization problem, it can still be attributed to the utility
cost in an explicit way. The operating cost of distribution
power loss in this paper is defined as

Closs =
λbuyPloss
1T

(4)

where Ploss is the total power loss on the distribution lines.

III. OPERATING COST MODEL AND OPTIMIZATION
A. POWER FLOW MODEL
According to the applicability of droop control, DC micro-
grid buses can be categorized into non-dispatchable buses
and dispatchable buses [25], [32], [33]. Non-dispatchable
buses, also known as P-buses, are the buses with loads and
non-dispatchable units, such as RES. Droop control is not
applied for non-dispatchable units. Dispatchable buses are
the buses with dispatchable units, such as utility grid, ESS,
and fuel cells. Conventional droop control and its deriva-
tives are widely adopted to equalize the output impedances
of grid-connected converters of dispatchable units. Specif-
ically, virtual resistances are designed in droop control for
grid-connected converters to achieve active power balance.
Fig. 2 shows the schematic diagram of conventional droop
control for grid-connected converters of dispatchable units.

FIGURE 2. Schematic diagram of conventional droop control.

Here, Ri (i = 1, 2, 3) are the equivalent series resis-
tances between the dispatchable units and the DC buses;
Rd1 and Rd2 are the line resistances between the DC buses;
Rvi (i = 1,2,3) are the virtual resistances of droop control
to compensate the imbalance of the equivalent series resis-
tances; Vi (i = 1,2,3) are the output voltages of the dis-
patchable units, which are controlled to track the nomi-
nal bus voltage Vnom; VBi (i = 1,2,3) are the bus voltages;
Ii (i = 1,2,3) are the output currents of the dispatchable units;
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ILi (i = 1,2,3) are the input currents of the DC/DC converters;
di (i = 1,2,3) are the duty ratios of the DC/DC converters.
Conventionally, Rvi are designed in the feedback control loop
to compensate the imbalance of Ri, such that the output
currents Ii are equally shared. However, in this paper, Rvi
are optimized based on the operating cost model to reduce
the total operating cost of DC microgrids. The optimized
Rvi are further adopted for the feedback control in Fig. 2 to
regulate the DC/DC converters. The local controller 1 gener-
ates the inductor current reference for the controller 2 based
on the output voltage reference and the measured output
voltage, whereas the controller 2 generates the duty ratios for
the pulse-width-modulator to control the DC/DC converters
based on the inductor current reference and the measured
inductor current. In general, both the local controller 1 and
the local controller 2 can be proportional-integral (PI) con-
trollers.

Based on the Kirchhoff’s law,

VBi = Vnom − RviIi (5.1)

where

Ii =
PDi
VBi

(5.2)

PDi is the power provided/absorbed by the dispatchable unit i.
By substituting (5.2) into (5.1), the power of dispatchable
units can be expressed as

PDi = −
1
Rvi

V 2
Bi +

Vnom
Rvi

VBi (5.3)

Besides, the DC microgrid is purely resistive at steady
state, such that the injected current for all the non-
dispatchable and dispatchable buses can be calculated based
on the bus voltages and the admittances between the buses,

Ii =
n∑

j=1,j6=i

Yij
(
VBi − VBj

)
(6.1)

where Yij is the admittance between the bus i and the bus j.
The injected power for both non-dispatchable and dis-

patchable units are

Pi = VBiIi (6.2)

By substituting (6.1) into (6.2),

Pi = VBi
∑n

j=1,j6=i
Yij
(
VBi − VBj

)
(6.3)

where n is the number of buses. Considering the active power
balance of the DC microgrid,

Pi = PDi + PNi + PLi (7)

where PNi are the power of non-dispatchable unit (i.e. RES
power); PLi are the power consumed by the load. Generally,
profiles of PNi and PLi are known.
Then, the power flow model of a DC microgrid can be

formulated by (5.3) and (7), in which the number of total
mismatch functions is

N = 2ND + NN (8)

where ND is the number of dispatchable buses; NN is the
number of non-dispatchable buses. Due to the number of
unknown variables (i.e. all the bus voltages and power of dis-
patchable units) equalizes the number of mismatch functions,
the power flow of the DC microgrid has a unique solution,
which can be solved by trust-region dogleg algorithms [4].
Besides, sensitivities of control parameters and power loss on
the distribution lines can also be evaluated by the power flow
model.

For a DC microgrid with the integrations of utility grids,
RES, ESS, fuel cells, and loads, the active power is balanced
at steady state

PRES + PU + PFC + PESS = Pload + Ploss (9)

where PRES are the power supplied by the RES; and Pload are
the power consumed by the loads.

B. OPERATING COST MODEL
The operating cost model allows the quantification and mini-
mization of the total operating cost of the DCmicrogrid under
real-time pricing, which can be expressed as

Ctotal = CU + CESS + CFC + Closs (10)

In this paper, the objective function is designed in positive
correlation with the total operating cost (i.e., Ctotal), which
means the smaller objective function value (i.e., J ) resulting
in lower totalt operating cost. To minimize the total operating
cost, the objective function of the optimization is

min J = Ctotal (Rvi,VBi,PU,PESS,PFC) (11)

where the dependent variablesVBi,PU,PESS, andPFC are cal-
culated based on the power flow model and the independent
variable Rvi in the optimization.

The constraints of the optimization include the constraints
of power flow, bus voltages, and virtual resistances. The
active power balance in (9) is one of the power flow con-
straints that restricts the overall power flow in the DC micro-
grid. Besides, the power of dispatchable units require to be
strictly controlled within their respective capacity limits

PUmin ≤ PU ≤ PUmax (12)

PESSmin ≤ PESS ≤ PESSmax (13)

0 ≤ PFC ≤ PFCmax (14)

where PUmin and PESSmin are the lower limits of PU and PESS;
PUmax, PESSmax and PFCmax are the upper limits of PU, PESS
and PFC. Generally, PUmin and PESSmin are negative, while
PUmax, PESSmax and PFCmax are positive. The utility grid
power (i.e. PU) is mainly constrained by the current limits of
the circuit breaker to implement over-current protection. The
ESS power (i.e.PESS) is constrained to prolong the lifespan of
ESS by prohibiting over-charge and -discharge. The fuel cell
power (i.e. PFC) is constrained to be positive and less than the
upper limit to ensure safe operations. Moreover, according
to the power grid standards in [33], the ESS is not allowed
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to operate in the discharging mode when the DC microgrid
injects power into the utility grid, such that

|PESS| =

{
−PESS PU < 0
|PESS| PU > 0

(15)

Furthermore, bus voltages of theDCmicrogrid are required
to be controlled within the limits,

VBimin ≤ VBi ≤ VBimax (16)

According to the power flow model in (5.3) and (7), con-
straints of virtual resistances is

0 ≤ Rvi ≤ Rvimax (17)

where Rvimax is the upper limit of Rvi.
Therefore, the operating cost model of the DC microgrid

is based on the objective function in (11), power flow con-
straints in (9), (12) ∼ (15), bus voltage constraints in (16),
and virtual resistance constraints in (17).

C. HEURISTIC OPTIMIZATION BASED ON ADE
GA is a well-established heuristic algorithm to solve the
optimization problems with multiple objectives and con-
straints [34]. However, the conventional GA is always
running the risk of being trapped in a local optimum. The
unstable performances of GA are frequently observed with
strong randomness. Beyond that, it is hard to choose param-
eters such as the number of population size, generations,
crossover rate, and mutation rate to guarantee the path to
the optimal. Instead, ADE, as a stochastic direct search
and global optimization algorithm developed by Storn and
Price for continuous space optimization, can overcome the
drawbacks of the conventional GA [35]. The advantages
of ADE over the conventional GA can be concluded as
follows [36]–[39]:

1) ADE can avoid being trapped in local optimum and
outperforms conventional GA regarding single-objective and
multiple-objective optimization problems;

2) ADE uses fewer tuning parameters than conventional
GA. Only population size, maximum generation, differen-
tial weight (F) bounds and crossover rate (CR) bounds are
adopted without resorting to an external probability density
function;

3) ADE exhibits better performance in exploration and
exploitation by dynamically adjusting F and CR.

In this paper, both the conventional GA and ADE are
adopted to optimize the total operating cost of DC micro-
grids. For the conventional GA, the individuals (i.e. Rvi) are
randomly generated with the population size of Psize. Based
on the fitness value of the objective function in (11) for each
individual, two parent individuals are randomly selected to
process crossover operator and mutation operator. If either
of the terminal conditions of (i) the generations reaching the
maximum generations or (ii) the algorithm being convergent,
is satisfied, the GA stops and outputs the optimum solutions
and the corresponding fitness value. On the contrary, if none

Algorithm 1 Initialization
Input: dimension dim(Rv), population size Psize, search
space (0, Rvmax)
Output: initialized parent vector R: yield of parent indi-
vidual Rvij
1. Begin
2. g← 1 // g: generation number
3. For i = 1: Psize // i: individual number
4. For j = 1 to dim // j: individual dimension
5. Rvi,j(g) = random (0, Rvmax)

R← Rvi,j(g)
6. End

End
7. g← g+1
8. End

of the terminal conditions is satisfied, the algorithm goes
to the operations of selection, crossover, and mutation. The
ADE algorithm consists of three stages, i.e., initialization
stage, iteration stage, and the final stage.

1) INITIALIZATION STAGE
During this stage, the values of population size (Psize), gen-
eration maximum (maxgen) and stopping criteria in iterations
are initialized. A random population of Psize individuals (Rv)
is formed within the search-space bounds (i.e., (0, Rvmax)).
We create an initialized solution with some attributes and
methods in Algorithm 1.

2) ITERATION STAGE
For the conventional evolutionary algorithm (i.e., DE),
the mutual operation performs at a low predefined probability
(i.e., at 0.2) while the crossover operation is applied using a
high value (i.e., 0.8). It is better to start with a high probability
of mutation in the early generations and decrease it gradually.
To achieve this, ADE adopts the adaptivemutual rate (pm) and
adaptive crossover rate (pc), such that the algorithm is apt to
more explorations of individual diversity in the early stage
and is inclined to the exploitation afterwards.

The iteration stage of ADE comprises adaptive mutation,
adaptive crossover, and selection operations. The main objec-
tive of mutation operation is to add some diversity by intro-
ducing more genetic materials into the population, to avoid
the local optimum trap. For each individual Rvi, mutation
operation modifies Rvi by a small differential variation to
create a mutant Rvmi. As a result, the perturbation defines the
direction and length of the search space. Specifically, three
distinct individuals Rvp1, Rvp2, Rvp3 are randomly selected
with p16= p26= p3, and the difference vector, Rvp2 − Rvp3,
is calculated, the mutant individual Rvmi is then calculated as

Rvmi = Rvp1 + pmi
(
Rvp2 − Rvp3

)
(18)

where pmi
(
Rvp2 − Rvp3

)
represents the mutation step size.

All the mutants Rvmi are recorded in a mutant vector Rm.
pmi is the mutation rate used to control the amplification of
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the differential variation. Compared to the conventional DE
of using a fixed value of pm, the mutation rate of the ADE is
adaptively generated for each individual as

pmi = Fmin + (Fmax − Fmin)
f2 − f1
f3 − f1

(19)

where Fmin and Fmax are the minimum and maximum muta-
tion rate. f1, f2 and f3(f1 < f2 < f3) are the fitness values of
Rvp1(g),Rvp2(g),Rvp3(g) based on the objective function (11).
Then, the crossover operator amalgamates the mutant vec-

tor Rm and the parent vector R to create a trial vector Rt.
Generally, the crossover operation can be implemented in
either binomial or exponential. Due to that the binomial is
more straightforward and more frequently used, it is adopted
for the crossover operation in this paper as

Rvti =

{
Rvmi, r < pci
Rvi, others

(20)

where r ∼ N (0,1) is a normal distribution. All the trail indi-
viduals Rvti are recorded in a trial vector Rt. Each offspring
is a stochastic linear combination of three randomly selected
individuals when r < pci. Otherwise, the offspring inherits
from the parent vector. Superior to the conventional DE of
using a fixed value of pc, the crossover rate of the ADE is
adaptively generated for each individual as

pci =

pmin +
(pmax − pmin) (fi − fmin)

fmax − fmin
, fi < f

pmin, fi ≥ f
(21)

where pmin and pmax are the minimum and maximum
crossover rate. fmin, fmax and f are the minimum, maximum
and average objectives of Rvp1(g), Rvp2(g), Rvp3(g). fi is the
fitness values of the current individual. Since the crossover
rate pci is adaptive, it makes better offspringsmore likely to be
survived next generation compared to the fixed crossover rate.
The successful crossover rate of the last generation would be
used to guide the generation of new offspring. Pseudocodes
of the adaptive mutation and crossover operations of ADE are
shown in Algorithms 2 and 3.
The third operation of ADE in the iteration stage is

selection, which is similar to the elitism operation of the
conventional GA. Selection operation is conducted based
on one-to-one competition between the individuals in the
parent vector and the trial vector at every generation. Better
individuals are chosen for the next generation. Specifically,
if the fitness value of the objective function based on the trial
vector is less than or equal to that of the parent vector R,
the trial vector will survive and be used for the next genera-
tion. Otherwise, the parent vector will be adopted for the next
generation. Pseudocode of the selection of ADE is described
in Algorithm 4.

3) FINAL STAGE
Two terminal criteria of ADE include the maximum gener-
ation maxgen and the maximum deviation rate maxdr. In the

Algorithm 2Mutation Operation
Input: mutation rate bound (Fmin, Fmax), population size
Psize, parent vector R
Output: mutant vector Rm: yield of offspring Rvmi
1. Begin
2. g← 1
3. For i = 1: Psize
4. While (p1 = p2 or p1 = p3 or p2 = p3) do
5. Select Rvp1(g), Rvp2(g), Rvp3(g) from R(g)
6. End
7. Rvmi(g) = Rvp1 (g)+ pmi(Rvp2 (g)

−Rvp3 (g))
8. Rm← Rvm(g)
9. End
10. g← g+1
11. End

Algorithm 3 Crossover Operation
Input: crossover rate bound (Pmin, Pmax), mutant vector
Rm, population size Psize
Output: trial vector Rt: yield of offspring Rvti
1. Begin
2. g← 1
3. For i = 1: Psize
4. If r < pci, then Rvti(g) = Rvmi(g) else Rvti(g)

= Rvi(g)
5. Rt← Rvti(g)
6. End
7. g← g+1
8. End

final stage, the algorithm stops when any one of the terminal
criteria is satisfied.

By considering all the stages of ADE, pseudocode of the
entire algorithm is presented in Algorithm 5.

IV. CASE STUDIES
Two cases are studied in this paper to validate the general-
ity of ADE algorithm to reduce the operating cost of DC
microgrids. Cases 1 is carried out on a 12-bus 380V meshed
DC microgrid using Matlab, while case 2 is conducted on a
32-bus 380V DC meshed DC microgrid using a Real-Time
Digital Simulator (RTDS).

FIGURE 3. Structure of the 12-bus 380V meshed DC microgrid.

A. CASE 1: 12-BUS DC MICROGRID
The structure of the 12-bus DC microgrid is plotted in Fig. 3.
Buses 3, 5, and 10 are three dispatchable buses that are
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Algorithm 4 Selection Operation
Input: trial vectorRt, parent vectorR, population sizePsize
Output: optimum vector R: yield of optimum individual
Rvi
1. Begin
2. g← 1
3. For i = 1: Psize
4. If f (Rvti(g))<= Rvi(g), then Rv(i+1)(g) = Rvti(g)

else Rv(i+1)(g) = Rvi(g)
5. R← Rvti(g)
6. End
7. g← g+1
8. End

Algorithm 5 The ADE Algorithm
Input: dimension dim(Rvi), population size Psize,
crossover rate bound (Pmin, Pmax), mutation rate bound
(Fmin, Fmax), maximum generation maxgen, maximum
deviation rate maxdr
Output: optimal solutions Rvi, optimal fitness J
1. Begin
2. g← 1 // g: generation number
3. \\ Initialization
4. Rvi(g) = initialization ();
5. \\ Iteration
6. While the terminal criteria not met do
7. J = fitness (Rvi(g));

// J : fitness of the objective function
8. //mutation operation

Rvmi(g) = mutation (Rvi(g))
9. J = fitness (Rmvi(g))
10. // crossover operation

Rvti(g) = crossover (Rvi(g), Rvmi(g))
11. J = fitness (Rvti(g))
12. // selection operation

Rvi(g) = selection (Rvi(g), Rvti(g))
13. End while
14. \\ The final stage
15. Output optimal solution Rvi; optimal fitness J
16. End

interfaced with a utility grid, ESS, and fuel cells. Bus 1 is
a non-dispatchable bus that is interfaced with RES. The
rest buses are non-dispatchable buses contributing to feeding
loads. Line resistances of the DC microgrid, parameters of
the components to calculate their operating cost, and con-
straints of power flow, bus voltages, and virtual resistances,
are listed in Tables 1∼3, respectively. The parameters of the
conventional GA and ADE, which are selected by taking both
optimization accuracy and computation time into considera-
tion, are provided in Tables 4 and 5, respectively. The 24-hour
power profiles of the RES at the bus 1 and the loads at the
buses 2, 4, 6, 7, 8, 9, 11, and 12 are plotted in Fig. 4. Real-time
electricity prices (λbuy and λsell are assumed to be equal)

TABLE 1. Line impedances of the 12-bus dc microgrid.

TABLE 2. Parameters for operating cost calculation.

TABLE 3. Constraints of the parameters.

TABLE 4. Parameters of the GA.

TABLE 5. Parameters of the ADE.

are obtained from Open Energy Information [40], which are
plotted in Fig. 5.

Initially, to verify the convergence of ADE, the total oper-
ating cost of the 12-bus DC microgrid at every hour are
optimized based on the power profiles in Fig. 4 and the
electricity prices in Fig. 5. The initial virtual resistances
for all the dispatchable units are 0.5 �. The total operating
cost is converged within short periods, which are less than
2 seconds Fig. 6. shows the convergence traces of ADE from
1-hour to 8-hour (Due to the page limit, convergence trances
from 9-hour to 24-hour are not shown in the paper. TOC is
the acronym of total operating cost). Compare to one hour,
the computation time of ADE is negligible. Then, the total
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FIGURE 4. 24-hour power profiles of RES and loads of the 12-bus
microgrid.

FIGURE 5. Real-time pricing profile.

FIGURE 6. Convergence traces of ADE from 1-hour to 8-hour.

operating cost of the 12-bus DC microgrid without optimiza-
tion and with the optimization of GA are also conducted. The
comparisons of the total operating cost among the microgrid
without optimization, with the optimization of GA, and ADE
are presented in Fig. 7.

Compared to the microgrid without optimization,
the microgrid with the optimization of GA can reduce the
total operating cost at every hour. The average operating cost
per hour are 2.74 $/h and 2.32 $/h (1 $ = 100 cents) for
the microgrid without optimization and with the optimization
of GA, respectively. The cost reduction by using GA is about
15.33%. The total operating cost can be further reduced by

FIGURE 7. Total operating cost of the 12-bus DC microgrid without
optimization, with the optimization of GA and ADE.

FIGURE 8. Power of dispatchable units in the 12-bus DC microgrid
with ADE.

FIGURE 9. Bus voltages of the 12-bus DC microgrid with ADE.

the optimization of ADE at every hour. The average operating
cost per hour of the microgrid can be reduced to 1.73 $/h with
the optimization of ADE, which is about 36.86% and 25.43%
reduction as compared to the microgrid without optimization
and with the optimization of GA. Accordingly, the power
of dispatchable units and the bus voltages of the microgrid
with the optimization of ADE are presented in Figs. 8 and 9,
respectively.

Here, UL and LL indicate the upper and lower limits of
the bus voltages. Obviously, the power and bus voltages
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FIGURE 10. Ten-times average operating cost per hour for both
algorithms.

FIGURE 11. Total operating cost of various 12-bus DC microgrids with
ADE.

at every hour are within the tolerances. Besides, compared
to the high randomness of the conventional GA, ADE is a
much steadier algorithm, which ensures the consistency of
the minimum operating cost of the microgrid. To verify this,
the optimization with GA and ADE are conducted ten times
independently. Fig. 10 shows the ten-times average operating
cost per hour for both algorithms. ADE is more stable in
virtue of the standard deviation is zero, while GA varies with
a standard deviation of 0.273.

Moreover, based on the structure of the microgrid in Fig. 3
(i.e. microgrid-0), an ESS is integrated at bus 6. As a
result, bus 6 is changed from non-dispatchable to dispatch-
able. The total operating cost of the altered DC microgrid
(i.e. microgrid-I) is optimized by GA and ADE. The average
total operating cost per hour of the microgrid with the opti-
mization of ADE can be reduced about 40.33% and 28.12%,
as compared to the microgrid without optimization and with
the optimization of GA. The power of dispatchable units and
the bus voltages for the microgrid with the optimization of
ADE are within the tolerances. Compare the total operat-
ing cost of the microgrid-I with the optimization of ADE
to the counterparts of the microgrid-0 in Fig. 7, the total
operating cost at every hour are further reduced, as shown
in Fig. 11. The average operating cost per hour is reduced
about 11.99% (from 1.73 $/h to 1.522 $/h). Furthermore,
a utility grid is interfaced at bus 11 of the microgrid-I to
become microgrid-II. The total operating cost at every hour
of the microgrid-II with the optimization of ADE is lower
than the counterparts of the microgrid-I, as shown in Fig. 11.
The average operating cost per hour is reduced about 5.01%
(from 1.522 $/h to 1.446 $/h). Then, fuel cells are integrated at

bus 12 of the microgrid-II to become microgrid-III. The total
operating cost at every hour of the microgrid-III with the opti-
mization of ADE are lower than the counterparts of the
microgrid-II, as shown in Fig. 11. The average total operating
cost is reduced about 2.27% (from 1.446 $/h to 1.413 $/h).
The cost saving for DC microgrids with the optimization
of ADE is more prominent when the dispatchable units are
expanded.

FIGURE 12. Structure of the 32-bus 380V meshed DC microgrid.

B. CASE 2: 32-BUS DC MICROGRID
Case studies are also carried out on a 32-bus 380V meshed
DC microgrid built in RSCAD and tested using a Real-Time
Digital Simulator (RTDS) to validate that the proposed
method is universally applicable to DC microgrids and more
operating cost can be reduced when more dispatchable units
are connected. The structure of the 32-bus DC microgrid is
plotted in Fig. 12. Buses 4, 8, and 32 are three dispatchable
buses. Buses 1, 17, and 25 are three non-dispatchable buses
with RES. The rest buses are non-dispatchable buses con-
tributing to feeding loads. Line resistances of the 32-bus DC
microgrid are listed in Table 6. The parameters for operating
cost calculation, the constraints, and the parameters of the
conventional GA and ADE are identical to those of the 12-bus
microgrid in Tables 2∼5. The 24-hour power profiles of RES
and loads are plotted in Fig. 13. Real-time electricity prices
are the same as the electricity prices in Fig. 5.

The optimization of the 32-bus DC microgrid by the
conventional GA and the ADE are conducted offline. The
obtained optimal virtual resistances are modelled in
the 32-bus microgrid in RSCAD. The total operating cost at
every hour of the 32-busmicrogridwithout optimization, with
the optimization of GA, and ADE are presented in Fig. 14.
Compared to the microgrid without optimization and with
the optimization of GA, the total operating cost of the micro-
grid with the optimization of ADE can be reduced at every
hour. The average operating cost per hour are reduced about
23.75% (from 3.422 $/h to 2.609 $/h) and 10.97% (from
2.931 $/h to 2.609 $/h) by the ADE, respectively. Besides,
with more integrations of dispatchable units, more operating
cost reduction can be achieved by the ADE, as shown in
Fig. 15. The average operating cost per hour is reduced
about 12.49% (from 2.609 $/h to 2.284 $/h) when an ESS is
interfaced at the bus 24 (microgrid-I). The average operating
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TABLE 6. Line impedances of the 32-bus dc microgrid.

FIGURE 13. 24-hour power profiles of RES and loads for the 32-bus DC
microgrid.

FIGURE 14. Total operating cost of the 32-bus DC microgrid without
optimization, with the optimization of GA and ADE.

cost per hour are further reduced about 6.2% (from 2.284 $/h
to 2.142 $/h), 3.54% (from 2.142 $/h to 2.066 $/h), and
1.34% (from 2.066 $/h to 2.038 $/h) when the integrations

FIGURE 15. Total operating cost of various 32-bus DC microgrids
with ADE.

of a utility grid at the bus 28 (microgrid-II), fuel cells at
bus 13 (microgrid-III), an ESS at bus 19 (microgrid-IV).

V. CONCLUSION
This paper presents an ADE-based optimization scheme
for DC microgrids to reduce the total operating cost under
real-time pricing. The ADE optimizes the virtual resistances
of dispatchable units, such that the power flow of DC micro-
grids can be regulated to minimize the total operating cost.
Case studies of a 12-bus DC microgrid in simulation validate
the microgrid with the optimization of ADE can be reduced
about 40.33% and 28.12% average operating cost per hour,
as compared to the microgrid without optimization and with
the optimization of GA. Besides, with more integrations of
dispatchable units, the total operating cost reduction by ADE
are more significant. The average operating cost per hour is
sequentially reduced about 11.99%, 5.01%, and 2.27% for
the 12-bus DC microgrid from with 3 dispatchable units to
with 4, 5, and 6 dispatchable units. Case studies of a 32-bus
DC microgrid using an RTDS also demonstrate the ADE can
reduce the average operating cost per hour about 23.75% and
10.97%, as compared to the microgrid without optimization
and with GA, respectively. The average operating cost per
hour of 32-bus DC microgrids with ADE is sequentially
reduced about 12.49%, 6.2%, 3.54%, and 1.34% from with
6 dispatchable units to with 7, 8, 9, and 10 dispatchable
units.
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