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Abstract: Distributed energy resources (DERs), including renewable energy resources (RESs) and
electric vehicles (EVs), have a significant impact on distribution systems because they can cause
bi-directional power flow in the distribution lines. Thus, the voltage regulation and thermal limits of
the distribution system to mitigate from the excessive power generation or consumption should be
considered. The focus of this study is on a control strategy for DERs in low-voltage DC microgrids to
minimize the operating costs and maintain the distribution voltage within the normal range based
on intelligent scheduling of the charging and discharging of EVs, and to take advantage of RESs such
as photovoltaic (PV) plants. By considering the time-of-use electricity rates, we also propose a 24-h
sliding window to mitigate uncertainties in loads and PV plants in which the output is time-varied
and the EV arrival cannot be predicted. After obtaining a request from the EV owner, the proposed
optimal DER control method satisfies the state-of-charge level for their next journey. We applied the
voltage sensitivity factor obtained from a load-flow analysis to effectively maintain voltage profiles
for the overall DC distribution system. The performance of the proposed optimal DER control
method was evaluated with case studies and by comparison with conventional methods.

Keywords: DC microgrid; microgrid operation; vehicle-to-grid operation; mixed-integer linear
programming; optimal operation; voltage sensitivity factor; voltage regulation

1. Introduction

In recent decades, the concept of a DC microgrid has been proposed to improve the
local reliability and flexibility of electric power systems comprising distributed energy
resources (DERs), AC and/or DC loads, and energy-storage units [1–3]. DC microgrids
combined with renewable energy sources (RESs) such as photovoltaic (PV) plants, energy-
storage systems (ESSs), and electric vehicles (EVs) are the preferable solution for effectively
integrating and improving the energy efficiency of electric loads using DC power convert-
ers [4].

Microgrid operators can profit from supplying reliable power for electric loads and
also by selling surplus power generated by DERs to the grid. The profit can be increased
by effectively controlling the power generation and consumption in the microgrid with
various DERs and controllable loads. This can be achieved by establishing not only a
sophisticated energy-management system with high data processing and communication
speed, but also a reasonable and efficient energy-price policy for the microgrid. In addition,
it is essential to link up with various incentive systems and ancillary service markets
provided by electric power companies [5].

There have been various optimization approaches applied to microgrids; these include
classic and artificial intelligence techniques, such as particle-swarm optimization (PSO) [6],
genetic algorithms [7], or adaptive differential evolution algorithms [8]. In [7], the authors
formulated an optimal power flow problem using a genetic algorithm to minimize the total
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operation cost of a DC microgrid while considering real-time pricing. The total operating
cost covered the operation cost of utility grids, renewable energy resources, energy-storage
systems, and fuel cells. Similarly, the authors in [8] suggested an adaptive differential
evolution algorithm to minimize the operating cost of DC microgrids under real-time
electricity prices. In [9], the authors suggested an optimal design and model predictive
control (MPC) of a standalone hybrid renewable energy system (HRES). In the paper,
the authors focused on a techno-economic analysis with an optimized sizing of a HRES
components to meet the residential load demand of a specific area.

EVs will be an important component of the electric-power network in the near future.
The widespread deployment of EVs might introduce a solution to the world’s fossil-fuel
shortage, as well as the air-pollution crisis [10,11]. The goal of emissions reduction can be
achieved by the proper and optimal utilization of EVs as energy-storage devices and loads
in the power system integrated with RESs [12–15]. Beyond these advantages, connecting
EVs to the power network could bring about many technical challenges that need to be
addressed properly. The authors in [16] proposed to use an energy-storage system for EV
charging and discharging stations to achieve better utilization of intermittent PV systems
for EV charging. The approach in [16] can minimize the overall operating cost of the parking
station by prioritizing the utilization of energy from RES, ESS, and the scheduling of every
EV’s charging and discharging. This paper focuses on optimal-operation algorithms to
minimize the operation cost of a DC microgrid with various DERs, such as RES and EVs.

Voltage regulation is another important issue in the low-voltage DC (LVDC) distribu-
tion system. Because of the low voltage level (1500 VDC), the voltage profiles in the overall
LVDC distribution system are very sensitive to variations in the load and DER. Hence,
changes in the load or PV-plant power generation could easily cause the voltage profiles
in the DC distribution system to drop or rise out of the normal standard range, which
is normally defined as 0.95 to 1.05 per-unit (p.u.) [17]. Many researchers have focused
on voltage regulation in a DC distribution system. The authors in [18,19] proposed a
voltage-control algorithm by coordinating the main AC/DC converter and DER scattering
in a distribution system. They calculated voltage sensitivity factors (VSFs) based on the
solution of load-flow analysis to calculate the relevant power injection or absorption to
compensate for the voltage problems. In their approach, the power compensation for
voltage control was computed based on the rank of the sensitivity factor, and the DER
with the highest sensitivity value could be considered as the highest priority for voltage
regulation. However, these control approaches did not consider the generation cost of the
DERs or the total operating cost. Furthermore, the authors applied the voltage-control
algorithm only after the voltage problem occurred, as it is difficult to control the voltage
before this. In addition, their method did not consider the price of voltage compensation.

In this paper, we propose a control method for DERs such as RESs and EVs that
can be implemented in the energy-management system (EMS) for a DC microgrid. The
vehicle-to-grid (V2G) capability is also exploited in this research. With V2G capability, the
state-of-charge (SoC) of an EV battery can go up or down depending on the electricity
price, voltage profiles, and grid demand. Hence, we propose an optimal control strategy
for the distributed energy resource in a DC microgrid that takes energy-cost reduction and
voltage regulation into account.

The main advantages of the proposed optimization scheme are as follows. First, we
apply an advanced forecasting algorithm into load consumption and solar irradiation
for PV generation based on a recurrent neural network (RNN) [20] to predict the load
and PV outputs every hour for the next 24 h. Second, we use the 24-h rolling-horizon
window with 1-h sliding steps so that we can optimally operate DERs by considering the
next 24-h microgrid operation. The sliding-window concept can deal with the uncertainty
issue of EV connections to the microgrid by updating the new EV connections every
hour. The time-varying electricity price with time-of-use (ToU) can be applied to the 24-h
cost-optimization process. Third, we calculate the VSFs based on the Jacobian matrix of
the system and load-flow analysis. Therefore, we can calculate the required amount of
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power injection/curtailment for the DERs by considering line losses and voltage drops
in the distribution lines. This method can be applied to both radial and mesh networks.
Moreover, we propose constraints for voltage regulation based on the sensitivity factor and
voltage deviations.

This paper is organized as follows. Section 2 contains an introduction of the EMS for a
DC microgrid. In Section 3, we formulate an objective function for DER control. Section 4
comprises an explanation of the optimal DER control scheme. Last, in Section 5, we report
the experimental results of various simulation studies to verify the effectiveness of the
proposed optimal strategy method compared to conventional methods [18,19].

2. The EMS for a DC Microgrid
2.1. Configuration of the DC Microgrid

Consider a DC microgrid system consisting of the main AC/DC converter and other
entities such as a number of EV charging stations, PV power generation, and AC and DC
loads. An AC/DC converter interconnects the DC microgrid to a 22.9 kV medium voltage
AC grid, whereas other entities connect to the system via power electronic devices. As
shown in Figure 1, the EMS for the DC microgrid receives the electricity tariffs for the ToU
for load consumption and electric vehicle charging from the utility distribution company
(distribution system operators/distribution network operators (DSO/DNO)). The EMS for
the DC microgrid (MG-EMS) communicates with the other entities in the DC microgrid via
an ethernet connection, which allows the MG-EMS to monitor and control the charging
and discharging actions of a connected EV battery, as well as the PV power generation
and/or the load shedding.

Figure 1. A typical LVDC distribution system and control-base architecture for the voltage-control algorithm.

2.2. The Objective of DER Control in a DC Microgrid

The aim of using an EMS for a DC microgrid in the LVDC distribution system is to
meet the following fundamental objectives:

• The MG-EMS was designed to minimize the total operating cost of the microgrid in
terms of the load consumption and the EV charging cost. The MG-EMS tries to charge
the EV during a high PV generation period or a low electricity tariff period. During
peak-loading conditions, the MG-EMS encourages the EVs to discharge their battery
to enable shifting of the peak load.

• The EMS for the DC microgrid controls the DERs to maintain the voltage profiles on
the distribution lines within the normal range. Because of the low voltage level, the
voltage profiles in the DC distribution system are very sensitive to variations in the
load consumption and DER generation. Small changes in the loads and PV plants
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can easily make the voltage profiles on the distribution system drop or rise out of the
normal range, which is defined as within ±5% of the rated voltage. Therefore, voltage
control is one of the most interesting issues in DC microgrid operations.

• The MG-EMS can curtail DERs such as PV plants for overvoltage regulation in some
critical cases.

To obtain the above objectives, the following control variables are considered:

• Two continuous variables representing the EV charging and discharging rates of the
connected EV. Based on these, the MG-EMS can assign EV charging or discharging to
minimize the operating cost of the DC microgrid and maintain the voltage profiles in
the distribution lines.

• PV output-power curtailment. The EMS for the DC microgrid can curtail the PV
power via the power electronic controller to reduce the overvoltage problem when the
plugged-in EV batteries cannot solve it.

• Load shedding/shifting. The MG-EMS can shift or shed loads if the discharging of
connected EV batteries cannot solve the undervoltage problem.

3. Formulation of Objective Function for DER Control
3.1. Statement of the Problem

In this study, the operational cost of a DC microgrid is minimized based on information
concerning the loads, connected EVs, and PV generation. However, the loads and PV
output power are known to be time-varying uncertainty factors. PV output power depends
on the availability of solar irradiation related to the weather conditions, whereas load
consumption depends on the consumer’s behavior. To solve the uncertainty problem, we
apply an advanced forecasting algorithm for the load and PV plants based on an RNN [20]
to predict the load and PV requirements 24 h ahead.

The ToU rates for EV charging and load consumption vary over time. They are not
fixed for predetermined time intervals, but vary depending on the load period categorized
as off-peak, mid-peak, and on-peak. Thus, we apply the 24-h window with 1-h step sliding
on the horizon to encourage the charging of connected EVs during the off-peak period to
minimize the EV charging cost and discharging during the on-peak period. This shifts
the load, thereby minimizing the cost of the load consumption. The details of the sliding
window are described in the next section.

Voltage magnitude is one of the most important parameters for LVDC distribution
systems. However, the voltage profiles in the LVDC distribution system are very sensitive
to variations in loads and PV plants because of the low voltage level. Hence, changes in
the load, PV power generation, and EV charging/discharging power can easily cause the
voltage profiles in the distribution system to be outside of their normal ranges. Hence, we
suggest the VSF for optimizing the operational cost of the microgrid without affecting the
voltage profiles. Moreover, inequality constraints between the total voltage compensation
from EV discharging power and the maximum voltage deviation are proposed to ensure
the stability of voltage profiles during the optimization horizon.

Finally, the SoC of the EV batteries requests the conditions required to avoid overcharg-
ing and deep discharging to determine the SoC level at the time of leaving the charging
station. To solve this problem, we use the SoC equations in every time interval and put
them in inequality constraints for both the upper and lower limits and constraints for the
departure SoC.

3.2. Definition of Objective Function

The total cost of load consumption can be reduced by increasing the PV power
generation and discharging power from the EV. The objective function for the optimization
is defined as follows:

φi
obj =

i+24

∑
j=i

M

∑
m=1

[
Cj

EVδ
j
msc,j

m Pc,max
m + Cj

load

(
Pj

load − Pj
PV − sd,j

m δ
j
mPd,max

m

)]
, (1)
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where Cj
EV is the electric vehicle charging tariff; Cj

Load is the load consumption tariff at the

j-th interval; the two continuous variables sc,j
m and sd,j

m are the EV charging and discharging
rates of the m-th connected EV, respectively; Pc,max

m and Pd,max
m are the maximum charging

and discharging power values provided to the m-th connected EV at the charging station,
respectively; Pj

Load and Pj
PV are the total load consumption and PV power generation in the

microgrid at the j-th interval, respectively; and δ
j
m signifies the connection state of the m-th

EV at each time step. For the latter, we suggest using a binary parameter defined as:

δ
j
m =

{
1 ∀j ∈

[
karr

m , kdep
m

]
0 otherwise

(2)

where karr
m and kdep

m are the plugged-in and disconnected times for the m-th EV. In particular,
Equation (2) implies that δ

j
m is 1 when the m-th EV is plugged in, and δ

j
m = 0, otherwise.

The EV charging and discharging power are respectively calculated from the charging
and discharging rates as:

Pc,j
m = Pc,max

m · sc,j
m (3)

Pd,j
m = Pd,max

m · sd,j
m (4)

3.3. Equality and Inequality Constraints for Optimization
3.3.1. Voltage Regulation Constraints

We respectively define ∆V j,UV
k , the maximum voltage deviation of the k-th bus that

has the lowest bus voltage at interval j, and ∆V j,OV
h , the maximum voltage deviation of the

h-th bus that has the highest bus voltage at interval j, as:

∆V j,UV
k =

∣∣∣V(j)
k − 0.95

∣∣∣ · u(V(j)
k − 0.95

)
(5)

∆V j,OV
h =

∣∣∣1.05−V(j)
h

∣∣∣ · u(1.05−V(j)
h

)
(6)

where

u(x) =

{
1 x > 0
0 x < 0

(7)

To maintain the voltage profiles on the overall distribution system, we must always
keep the maximum bus voltage less than the upper limit (1.05 p.u.) and the minimum bus
voltage higher than the lower limit (0.95 p.u.), which is conducive to normal operation
mode. To present this problem, we suggest the VSF

(
α

j
ki

)
defined as the effect of power

variation control of the DERs at the i-th bus on the voltage compensation of the k-th specific
bus. Based on the VSF, the total voltage compensation for the undervoltage problem from
total EV discharging must be higher than or equal to the voltage deviation at the k-th bus,
while the total voltage reduction for the overvoltage problem from overall EV charging
must be higher or equal to the voltage deviation at the h-th bus, which can be respectively
defined as follows:

M

∑
m=1

Pd,max
m sd,j

m α
j
ki ≥ ∆V j,UV

k (8)

M

∑
m=1

Pc,max
m sc,j

m α
j
hi ≥ ∆V j,OV

h (9)

where Pd,max
m sd,j

m denotes the power injection from the m-th EV discharging action located
at the i-th bus to compensate for the voltage at the k-th target bus at the j-th time step;
Pc,max

m sc,j
m represents the power absorption from the m-th EV charging action located at the

i-th bus to reduce the voltage at the h-th target bus at the j-th time step; α
j
ki is the VSF
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defined as the effect of the power-variation control of the DERs at the i-th bus on the voltage
compensation of the k-th specific bus at time step j.

The authors in [18,19] suggested that the VSF can be obtained from the Jacobian matrix
of the LVDC distribution system as follows:

α
j
ki =

δV j
k

δPj
i

= [J]−1
ki (10)

The Jacobian matrix corresponding to derivations of the active power from the bus
voltage magnitude is obtained as follows:

• Off-diagonal elements:
Jki = VkGki (11)

• Diagonal elements:

Jkk = 2VkGkk +
N

∑
i=1,i 6=k

ViGki (12)

where N is the number of buses; Vk and Vi are the bus voltages at the k-th and i-th
nodes, respectively; and G denotes the conductance matrix. The conductance matrix
is similar to the bus admittance matrix for an AC distribution system, with the only
difference being the absence of the reactance components.

According to Equations (10)–(12), the VSF can be calculated based on the conductance
matrix and bus voltages, which can be easily calculated by solving the power-load-flow
equations using the predicted load and solar irradiation.

3.3.2. EV Charging/Discharging Restriction Constraints

EV charging and discharging should be restricted depending on the voltage profiles
in the overall distribution system. During each time interval, we check for any voltage
deviations in the buses to define the operation mode. Based on the voltage deviations
calculated using Equations (5) and (6), operations are divided into three modes:

• Normal operation mode (∆V j,UV
k = 0 and ∆V j,OV

h = 0). When there are no voltage
problems, the EVs can be in idle mode or charging/discharging mode to minimize
the total operational cost of the DC microgrid. To avoid violating the constrained
maximum charging and discharging power and preventing the simultaneous charging
and discharging of the connected EVs during the scheduling process, the following
constraints are implemented:

0 ≤ sc,j
m ≤ κ j (13)

0 ≤ sd,j
m ≤

(
1− κ j

)
(14)

where κ j is a binary variable that represents the charging and discharging status of the
connected EVs at the time step j defined as:

κ j =

{
1, when EV charged
0, when EV discharged

(15)

• Undervoltage operation mode (∆V j,UV
k > 0). The EVs are restricted to either idle

mode or discharging mode to avoid the worst undervoltage problems. The following
constraints are implemented:

0 ≤ sd,j
m ≤ 1 (16)

sc,j
m = 0 (17)
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• Overvoltage operation mode (∆V j,OV
h > 0). The EVs are restricted to either idle mode

or charging mode to avoid the worst overvoltage problems. The following constraints
are implemented:

0 ≤ sc,j
m ≤ 1 (18)

sd,j
m = 0 (19)

3.3.3. SoC of the EV’s Batteries

At step j, the SoC of each connected EV should be restricted by an upper SoC limit and
lower SoC limit to avoid the overcharging and deep discharging of the battery, respectively.
The SoC at each time step can be obtained by considering the initial SoC and incrementing
or decrementing it due to charging or discharging of the EV battery, respectively. The SoC
of the m-th connected EV at time step j, denoted as SoCm

j , is given by:

SoCm
j = SoCm

k +
j

∑
i=k+1

(
sc,i

m Pc,max
m

Ecap
m

− sd,i
m Pd,max

m

Ecap
m

)
(20)

where SoCm
k represents the initial SoC of the connected EV m. Hence:

SoCm
j ≤ SoCmax,m,m = 1, . . . , M, j = k, . . . , k + 24 (21)

SoCm
j ≥ SoCmin,m,m = 1, . . . , M, j = k, . . . , k + 24 (22)

Each EV needs to be sufficiently charged to guarantee the minimum energy require-
ments for its next journey. For this reason, the SoC of the m-th connected EV must satisfy
the departure limit when it leaves the charging station:

SoCm
kdep

m
= SoCm

k +
kdep

m

∑
i=k+1

(
sc,i

m Pc,max
m

Ecap
m

− sd,i
m Pd,max

m

Ecap
m

)
≥ SoCm

depart (23)

4. Optimal DER Control Scheme
4.1. Optimization with a 24-H Sliding Window

In each instant k, we optimize the total operation within 24 h based on the ToU rates,
EV connection, and predicted load and PV power. However, the number of EVs joining the
system is one of the unpredictable components, so it is difficult to optimize the EV charging
and discharging cost in the time horizon. To solve this problem, the rolling horizon concept
with 1-h sliding steps over 24 h is considered for reducing the effect of the uncertainty’s
variables, such as EV participation and forecasting values of loads and PV [21–23]. The
rolling-horizon strategy is described in detail in Section 4.2.

Figure 2 shows the updating scheme of the electric-vehicle participations using the
rolling-horizon concept. In the first interval, the MG-EMS for the DC microgrid recognizes
two EVs connected to the charging station, and the optimization process is executed based
on the information on EVs 1 and 2, the forecasting values of loads and PV in the prediction
horizon of 24 h. However, when another EV is connected in the second interval, the EMS
detects EV 3’s connection and updates the SoCs of the three EVs. The EMS will re-optimize
the system operation using the updated information on three EVs. Assuming that the EMS
should obtain the initial SoC and the plugged-in and disconnected times for the EVs via
the EV supply equipment (EVSE).
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Figure 2. The 24-h window optimization with 1-h sliding steps on the horizon.

4.2. The Proposed Procedure for the Optimal DER Control Scheme

The flowchart in Figure 3 shows the overall optimization process for minimizing
the operational cost of DC microgrid. As shown in the figure, the proposed procedure is
divided into four steps using the rolling-horizon concept: (i) forecasting the load and PV
output power for the next 24 h, (ii) updating the current EV states, (iii) running optimization
in the 24-h horizon, and (iv) deciding the optimal output. The outputs for the optimal
process are the power scheduling for charging and discharging of the connected EVs.

Figure 3. Flowchart of the optimal scheduling scheme when considering voltage regulation.

• Step 1: The MG-EMS for the DC microgrid use the historic data of the load and
PV plants as well as power-distribution network data such as line parameters and
topology. A long short-term memory-based RNN (LSTM-RNN) process is used as the
forecasting model for load and PV plant data for the next 24 h [20].

• Step 2: In the k-th time instance, the MG-EMS updates the information of the microgrid
operation with time-varied electricity rates for EV charging and load consumption;
EV data, including the current SoC level and the requested SoC for departure; the 24-h
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forecasting values for the load and PV power using the updated data; and the trained
model in Step 1.

• Step 3: Based on the updated information in Step 2, we formulate the optimization
problem using mixed-integer linear programming (MILP) to minimize the objective
function defined in Equation (1) to reduce EV charging and electricity costs for the
load consumption within 24 h. The SoCs of the EV batteries are calculated using
Equation (20). The power flow is calculated in each interval time using the predicted
load and PV power to determine the voltage profiles in the overall distribution system.
The constraints for voltage regulation and EV charging/discharging operations from
Equations (8) to (9) and (13) to (19), respectively, are added into the optimization
process based on the operation modes to restrict the EV charging and discharging
under the aforementioned voltage problems. Depending on which, the operation
modes are divided into three principal modes (Figure 4):
√

Normal operation. When there are no voltage problems, the EVs are in the
idle or charging or discharging modes based on the electricity rate to minimize
the operational cost of the microgrid.√
Undervoltage mode. When there is an undervoltage problem at the time step,
the MG-EMS schedules the EV to discharge to compensate. Load shedding is
applied when EV discharging cannot solve the problem.√
Overvoltage mode. When an overvoltage problem occurs due to overgenera-
tion by the PV plant, the EVs are encouraged to charge as much as possible.
Then, PV curtailment is used to reduce the overvoltage problem when EV
charging cannot solve the problem.

Figure 4. Operation modes for the scheduling scheme.

• Step 4: The control signal for EV charging/discharging to the system is executed, then
the SoC and the set of sampling instances are measured, after which Step 2 is repeated.

In general, EVs should be scheduled for charging during the off-peak period of the EV
charging tariff in normal operation mode or during an overvoltage problem; discharging
of EVs is encouraged in the on-peak period of the load consumption tariff or when an
undervoltage problem occurs.

5. Case Studies
5.1. The LVDC Microgrid Model

To verify the performance of the proposed scheduling algorithm, we implemented a
simulation model of an LVDC distribution system as shown in Figure 5, represented as a
bipolar DC distribution system with positive and negative poles. The simulation model
was a typical radial network with nine buses in which the rated voltage between two poles
is 1500 VDC. The distribution lines were modeled as a 60 mm2 overhead cable with a line
resistance of 0.313 Ω/km. The distances between buses are available in the figure. The
loads and DERs were connected to two poles via power electronic converters.
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Figure 5. Configuration of the LVDC distribution system for the simulation studies.

The window horizon for optimization was set as 24 h with a 1-h sampling interval.
The electricity prices (ToU-based) used in this simulation were obtained from the Korean
Electric Power Company (KEPCO), as shown in the next section. PV panels with a rated
power of 25 kW were installed at buses #4 to #9.

EVSEs with V2G capability were installed at buses #4, #6, #7, and #9 and the charg-
ing/discharging capacity of the EVSEs were limited to 9.6, 13.2, 9.6, and 13.2 kW, respec-
tively. We assumed various EV models with different battery sizes such as 25, 32, 35,
and 42 kWh, respectively. Random arrival and departure of EVs were considered for
realistic case studies. The initial and departure SoCs for each EV are reported in Table 1.
The departure time for each EV was recorded by the MG-EMS, as shown in Figure 6 and
Table 1. Moreover, the SOCs of the EVs were constrained by the upper and lower limits
of 90% and 20%, respectively. The simulations were run using MATLAB 2019a, and the
proposed optimization problem was solved using the CPLEX optimizer toolbox.

Table 1. Initial information for the EVs in the simulation cases.

EV
Number

EVSE
Location

Arrival
Time

Departure
Time

EV Capacity
(kWh)

Initial
SoC (%)

Departure
SoC (%)

1 #4 02 AM 08 AM 32 20 80
2 #7 02 AM 12 PM 35 20 90
3 #6 03 AM 13 PM 42 20 90
4 #9 04 AM 16 PM 35 20 85
5 #4 11 AM 17 PM 25 20 85
6 #7 14 PM 21 PM 35 20 85
7 #6 15 PM 24 AM 35 20 90
8 #9 18 PM 24 AM 25 20 80
9 #4 19 PM 24 AM 32 20 75

Figure 6. Random EV arrival and departure information.

5.2. ToU-Based Electricity Rates

KEPCO has many different electricity prices depending on the tariff: residential, gen-
eral, education, industrial, agricultural, street lighting, midnight power, and EV charging.
In this study, we used the EV charging tariff as listed in Tables 2 and 3.
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Table 2. The EV charging tariffs.

Energy Charge (KRW/kWh) (*)

Time period Summer Spring/Fall Winter

Off-peak 57.6 58.7 80.7
Mid-peak 145.3 70.5 128.2
On-peak 232.5 75.4 190.8

* Note: KRW is Korea Won, which is the official currency of South Korea. 1 US Dollar (USD) was about 1100 KRW
as of December 2020.

Table 3. Season and time-period classification.

Classification Spring, Summer, and Fall (*) Winter (*)

Off-peak 23:00–09:00 23:00–09:00

Mid-peak
09:00–10:00
12:00–13:00
17:00–23:00

09:00–10:00
12:00–17:00
20:00–22:00

On-peak 10:00–12:00
13:00–17:00

10:00–12:00
17:00–20:00
22:00–23:00

* Note: Spring = March–May; Summer = June–August; Fall = September and October;
Winter = November–February.

5.3. Simulation Results

Two case studies were considered to evaluate the performance of the proposed optimal
control strategy. In Case 1, the system operation ran in normal mode with normal loading
conditions over all of the optimization horizon. In Case 2, heavy loading was applied, in
which the distribution system suffered an undervoltage problem in several time steps. In
both cases, the results were compared to the conventional methods in [18,19], in which
EVs were charged immediately after connecting to the system and discharging of the EV
batteries was carried out to compensate for undervoltage problem based on the rank of the
VSF. The conventional method did not consider the time-varying electricity price and cost
reduction by shifting the EV charging and discharging time.

5.3.1. Case 1: Normal Operation

In this case, normal loading conditions were applied to the distribution system, and
the MG-EMS ran the optimization process in every interval to find the optimal charging
and discharging of EV batteries to minimize the operating and EV charging costs.

The 24-h power profiles of the PV at buses 4, 5, 6, 7 and the loads at buses 2 to 9 are
plotted in Figure 7. Figure 8 shows the total net load in 24 h and the voltage profile with
the lowest bus for Case 1. The total net load is defined as the difference between the total
load consumption from buses 2 to 9 and total PV power generation from buses 4 to 9. The
solid line with square dots in Figure 8 show that the peak loads were concentrated from
6:00 AM to 9:00 AM and 17:00 PM to 21:00 PM during the day. The solid line with circle
dots in Figure 8 and the second column in Table 4 show the lowest voltages at the target
bus, which were between 0.95 p.u. and 1.05 p.u. under normal loading conditions.
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Figure 7. Active power profiles of PV (generation) and load (consumption) for Case 1.

Figure 8. The minimum voltage profiles in the distribution line according to loading condition for
Case 1.

When the EVs described in Table 1 were connected to the system, the EMS for the
DC microgrid ran the optimization process to optimize the total operating cost while
maintaining the voltage profile in the normal range. The 4th to 7th columns in Table 4
report the results for EV charging and discharging to optimize the total operating cost.
There were two EVs connected to EVSE 2 located at bus #6 within 24 h. The EVs were
scheduled to charge during the low-price electricity period and discharge during the high-
price electricity period to reduce the operating cost. For example, the EV plugged in at
3:00 AM and disconnected at 13:00 PM at the EVSE 2 was charged with 13.2 and 11.30 kW
at 04:00 AM and 05:00 AM, respectively, when the electricity price was 57.60 KRW/kWh,
and discharged 13.20 kW at 10:00 AM when the electricity price was 232.50 KRW/kWh.
The charging and discharging processes always followed the voltage constraints to keep
the voltage profile above the lower limit of 0.95 p.u. The third column in Table 4 lists the
results of the minimum voltage in the distribution line. We can see that the lowest voltages
were always higher than or equal to 0.95 p.u.

The 8th to 12th columns in Table 4 report the results for the voltage profiles and EV
charging power using the conventional method. The EVs were scheduled to charge im-
mediately after connecting to the system and to discharge when an undervoltage problem
occurred. In this case, there were no voltage problems during the day, and so the EVs
were charged immediately after being plugged into the system to reach the departure SoCs
required by the EV owners.

Figure 9 shows the charging and discharging power of each EVSE compared to TOU
EV charging price. It can be noted that the EV charging usually occurred during a low EV
charging price in the proposed method. Figure 10 represents the minimum voltage of the
distribution line for 24 h. Because of voltage control scheme, the lowest voltage could be
maintained at more than 0.95 p.u.
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Table 4. Voltage profiles and EV charging/discharging power for Case 1.

Proposed Optimization Method Conventional Method
Time Step

(h)
Lowest Voltage

Under Load (p.u.) V
(p.u.)

EVSE1
(kW)

EVSE2
(kW)

EVSE3
(kW)

EVSE4
(kW)

V
(p.u.)

EVSE1
(kW)

EVSE2
(kW)

EVSE3
(kW)

EVSE4
(kW)

1 0.9773 0.9773 0.00 0.00 0.00 0.00 0.9773 0.00 0.00 0.00 0.00
2 0.9788 0.9672 9.60 0.00 9.60 0.00 0.9672 9.60 0.00 9.60 0.00
3 0.9775 0.9770 0.00 0.00 0.60 0.00 0.9577 9.60 13.20 9.60 0.00
4 0.9771 0.9507 9.60 13.20 9.60 13.20 0.9567 0.00 11.30 9.60 13.20
5 0.9689 0.9554 0.00 11.30 0.61 11.30 0.9624 0.00 0.00 0.60 9.55
6 0.9609 0.9542 0.00 0.00 8.99 0.00 0.9609 0.00 0.00 0.00 0.00
7 0.9518 0.9518 0.00 0.00 0.00 0.00 0.9518 0.00 0.00 0.00 0.00
8 0.9567 0.9567 0.00 0.00 0.00 0.00 0.9567 0.00 0.00 0.00 0.00
9 0.9585 0.9585 0.00 0.00 0.00 0.00 0.9585 0.00 0.00 0.00 0.00

10 0.9687 0.9891 0.00 −13.20 −9.60 −13.20 0.9687 0.00 0.00 0.00 0.00
11 0.9855 0.9855 0.00 0.00 0.00 0.00 0.9809 9.60 0.00 0.00 0.00
12 0.9783 0.9522 9.60 13.20 9.60 13.20 0.9751 6.65 0.00 0.00 0.00
13 0.9863 0.9831 6.65 0.00 0.00 0.00 0.9863 0.00 0.00 0.00 0.00
14 1.0000 0.9931 1.25 0.00 9.60 0.00 0.9937 0.00 0.00 9.60 0.00
15 0.9863 0.9879 −1.25 0.00 0.00 −1.75 0.9716 0.00 13.20 9.60 0.00
16 0.9649 0.9649 0.00 0.00 0.00 0.00 0.9553 0.00 11.30 3.55 0.00
17 0.9587 0.9587 0.00 0.00 0.00 0.00 0.9587 0.00 0.00 0.00 0.00
18 0.9514 0.9500 0.00 0.00 1.90 0.00 0.9500 0.00 0.00 0.00 2.80
19 0.9506 0.9500 0.00 0.00 0.75 0.00 0.9500 1.20 0.00 0.00 0.00
20 0.9508 0.9500 0.00 0.00 1.08 0.00 0.9500 1.70 0.00 0.00 0.00
21 0.9581 0.9509 0.00 0.00 9.60 0.00 0.9500 9.60 0.00 0.00 4.70
22 0.9682 0.9682 0.00 0.00 0.00 0.00 0.9599 5.10 0.00 0.00 7.50
23 0.9742 0.9528 9.60 13.20 0.00 13.20 0.9742 0.00 0.00 0.00 0.00
24 0.9803 0.9690 8.00 11.30 0.00 1.80 0.9803 0.00 0.00 0.00 0.00

Figure 9. EV charging/discharging power optimization for Case 1.

Figure 10. Voltage profiles at the lowest bus voltage for Case 1.
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Figure 11 shows the results of the SoC of the EV battery. The dashed blue lines in the
figure show the results of the SoC of the EV of the proposed optimal strategy control, and
the solid red lines represent the results of the conventional methods. The departure SoC of
each EV reached the request from the EV owner as listed in the 7th column in Table 1.

Figure 11. SoC of the EV batteries at each EVSE for Case 1.

Figure 12 exhibits a comparison of the total operating cost, including the total load
consumption cost and EV charging cost, between the proposed optimization method
and the conventional method in a month. The figure shows that by using the proposed
optimization approach, the DC microgrid operator could save KRW 360,225 per month,
which is roughly about USD 327.50 per month.

Figure 12. Operating cost comparison between the proposed optimization and conventional methods
for Case 1.

5.3.2. Case 2: Undervoltage Problem

In Case 2, high loading conditions were considered to evaluate undervoltage problems.
We assumed that the total loads increased by 20% at time intervals 7:00 AM and 8:00 AM,
and by 10% at intervals 18:00 PM and 19:00 PM compared to Case 1. Increasing the total
loads caused an undervoltage problem at target bus 7 with values of 0.9436, 0.9481, 0.9473,
and 0.9464 p.u. at intervals 7:00, 8:00, 18:00, and 19:00, respectively. The data of loads and
PVs of the 9-bus DC microgrid are shown in Figure 13 with 24-h in time-varying format.
Total loads and voltage profiles at the target bus are presented in Figure 14. The initial
information on the EVs was similar to Case 1.
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Figure 13. Active power profiles of PV (generation) and load (consumption) for Case 2.

Figure 14. The minimum voltage profiles in the distribution line according to loading condition for Case 2.

In each time step, the MG-EMS for the DC microgrid updated the EV arrival, initial
SoC, and request for departure SoC, and predicted the load and solar power. The EMS ran
the power-flow analysis to detect voltage violations. Then, the optimization process was
executed to achieve the total cost optimization, voltage regulation, and EV departure SoC.
Table 5 lists the results for EV charging/discharging power and voltage regulation in Case 2.
The third column in the table shows that the undervoltage problems during intervals 7:00–
8:00 AM and 18:00–19:00 PM were compensated for by EV discharging activity. The results
of EV charging and discharging power are also compared to the conventional method in
the table.

Figure 15 shows the results of the charging and discharging power calculations for
EVs at four charging stations. Between 7:00 and 8:00 AM, the EVs at EVSE 1 and 3 were
discharged to compensate for voltage problems. The EVs were also discharged during
intervals when the electricity price was high, such as at 11:00 AM, and charged when it was
low, such as at 12:00 PM. Figure 16 exhibits the voltage profiles at the target bus listed in
columns 2, 3, and 9 in Table 5. It can be seen that the lowest voltage values were improved
by both methods.
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Table 5. Voltage profiles and EV charging/discharging power for Case 2.

Proposed Optimization Method Conventional MethodTime
Step
(h)

Lowest Voltage
Under Load

(p.u.)
V

(p.u.)
EVSE1
(kW)

EVSE2
(kW)

EVSE3
(kW)

EVSE4
(kW)

V
(p.u.)

EVSE1
(kW)

EVSE2
(kW)

EVSE3
(kW)

EVSE4
(kW)

1 0.9773 0.9773 0.00 0.00 0.00 0.00 0.9773 0.00 0.00 0.00 0.00
2 0.9788 0.9783 0.00 0.00 0.60 0.00 0.9672 9.60 0.00 9.60 0.00
3 0.9775 0.9577 9.60 13.20 9.60 0.00 0.9577 9.60 13.20 9.60 0.00
4 0.9771 0.9529 9.60 11.30 9.60 11.3 0.9567 0.00 11.30 9.60 13.2
5 0.9689 0.9534 3.20 0.00 9.60 13.2 0.9624 0.00 0.00 0.60 9.55
6 0.9609 0.9609 0.00 0.00 0.00 0.00 0.9609 0.00 0.00 0.00 0.00
7 0.9436 0.9500 0.00 0.00 −8.30 0.00 0.9500 0.00 0.00 −8.40 0.00
8 0.9481 0.9500 −3.20 0.00 −0.41 0.00 0.9500 0.00 0.00 −2.60 0.00
9 0.9585 0.9532 0.00 0.00 8.71 0.00 0.9585 0.00 0.00 0.00 0.00

10 0.9687 0.9891 0.00 −13.20 −9.60 −13.2 0.9687 0.00 0.00 0.00 0.00
11 0.9855 0.9855 0.00 0.00 0.00 0.00 0.9809 9.60 0.00 0.00 0.00
12 0.9783 0.9522 9.60 13.20 9.60 13.2 0.9751 6.65 0.00 0.00 0.00
13 0.9863 0.9831 6.65 0.00 0.00 0.00 0.9863 0.00 0.00 0.00 0.00
14 1.0000 0.9992 0.00 0.00 1.78 0.00 0.9937 0.00 0.00 9.60 0.00
15 0.9863 0.9871 0.00 0.00 0.00 −1.75 0.9716 0.00 13.2 9.60 0.00
16 0.9649 0.9578 0.00 0.00 9.60 0.00 0.9553 0.00 11.3 3.55 0.00
17 0.9587 0.9514 0.00 0.00 9.60 0.00 0.9587 0.00 0.00 0.00 0.00
18 0.9473 0.9500 0.00 0.00 −3.49 0.00 0.9500 0.00 0.00 −3.55 0.00
19 0.9464 0.9500 0.00 0.00 −4.75 0.00 0.9500 0.00 0.00 −4.80 0.00
20 0.9503 0.9500 0.00 0.00 0.41 0.00 0.9500 0.50 0.00 0.00 0.00
21 0.9581 0.9509 0.00 0.00 9.60 0.00 0.9500 3.70 0.00 8.35 0.00
22 0.9682 0.9682 0.00 0.00 0.00 0.00 0.9532 9.60 0.00 0.00 13.20
23 0.9742 0.9528 9.60 13.2 0.00 13.2 0.9738 0.00 0.00 0.00 0.55
24 0.9803 0.969 8.00 11.3 0.00 1.80 0.9803 0.00 0.00 0.00 0.00

Figure 15. EV charging/discharging power optimization for Case 2.
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Figure 16. Voltage profiles at the lowest bus voltage for Case 2.

Figure 17 shows the SoCs of the EVs, all of which were fully charged when reaching
the requested departure SoC; these are listed in the last column in Table 1. Because the
proposed method used a 24-h window, it can charge an EV more than the EV owner’s
request and discharge the surplus energy during a high electricity price period. In this way,
the proposed method can provide more economic solutions to DC microgrid.

Figure 17. SoC of the EV batteries at each EVSE for Case 2.

Figure 18 presents a comparison of the total operating cost using the proposed schedul-
ing optimization and conventional methods for Case 2. We can easily see that the total
cost savings by using our proposed algorithms is KRW 264,660 per month (about USD
240.60 per month) compared to the conventional method.

Figure 18. Operating-cost comparison between the proposed optimization and conventional methods
for Case 2.
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6. Conclusions

In this study, we leveraged EVs available in a DC distribution system to optimize
the total operating cost and control the voltage regulation. The proposed optimal control
strategy was formulated using MILP in the 24-h horizontal with 1-h sliding steps. By
using this, information such as load and PV power forecasting, ToU-based time-varying
electricity price, EV arrival and departure time, and initial and departure SoC of EVs can
be updated at each time interval to implement the optimization process. We applied an
advanced forecasting algorithm based on an RNN to predict the load demand and the
output of PV plants.

In this approach, we applied the voltage sensitivity factor concept, which is calculated
from the power-flow analysis to ensure the voltage control in the proposed optimization.
The VSF is to define the voltage sensitivity against power injection. Hence, it determines
the effect of varying the power of the DERs at one bus on the voltage compensation at
the other buses. In the optimization process, we considered the constraints of voltage
regulation using VSF and voltage deviation; these constraints are to guarantee the overall
voltage profiles will be within the normal range.

In normal operation mode, the proposed method encouraged EV charging at the
low electricity price and discharging at the high electricity price to minimize the overall
operating cost. On the other hand, when an undervoltage problem occurred, the EVs
were prohibited from charging and encouraged to discharge to compensate for the voltage
problem. Moreover, the constraints of the connected EVs were considered to satisfy the
departure SoC level requested by the EV owner. The proposed method was compared with
a conventional method in two case studies. The simulation results numerically verified
that the proposed method is cheaper to run than the conventional method.
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