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Abstract: As offline control photovoltaic (PV) plants are not equipped with online communication
and remote control systems, they cannot adjust their power in real-time. Therefore, in a distribution
network saturated with offline control PVs, the distribution system operator (DSO) should schedule
the distributed energy resources (DERs) considering the uncertainty of renewable energy to prevent
curtailment due to overvoltage. This paper presents a day-ahead network operation strategy using
a mobile energy storage system (MESS) and offline control PVs to minimize power curtailment.
The MESS model efficiently considers the transportation time and power loss of the MESS, and
models various operating modes, such as the charging, discharging, idle, and moving modes. The
optimization problem is formulated based on mixed-integer linear programming (MILP) considering
the spatial and temporal operation constraints of MESSs and is performed using chanced constrained
optimal power flow (CC-OPF). The upper limits for offline control PVs are set based on the prob-
abilistic approach, thus mitigating overvoltage due to forecasting errors. The proposed operation
strategy was tested in the IEEE 33-node distribution system coupled with a 15-node transportation
system. The test results show the effectiveness of the proposed method for minimizing curtailment in
offline control PVs.

Keywords: offline control photovoltaic; mobile energy storage system; renewable curtailment mitigation;
distribution system operator; chanced constrained optimal power flow

1. Introduction

Over the last decade, the penetration of renewable energy resources (RESs) in a dis-
tribution grid has dramatically increased in many countries across the world. However,
integration of the distributed and highly uncertain generation from RESs into the distribu-
tion grid poses several challenges for grid planning and operation. System operators (SOs)
have faced several system security and quality problems, such as voltage rise, congestion,
stability, and low flexibility [1–4]. These problems have inevitably caused a percentage of
renewable energy generation to be cut off.

Fast-developing energy storage technology could offer carbon-free power system oper-
ations with a fast response, improving flexibility and stability of the system, while enabling
high efficiency, a long life cycle, and low maintenance. Energy storage types are classified
into four technologies for grid-scale applications including electrical, mechanical, chemical,
and thermal [5,6]. Mechanical storage systems, such as pumped-hydro and compressed-air,
are the most widely adopted type of energy storage system, accounting for 99% of the
worldwide storage capacity [7]. However, these systems have strict locational requirements,
which hinder their widespread development. Battery-based energy storage technologies
have emerged as the most promising technologies for grid-scale storage with the increasing
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penetration of renewable energy [8,9]. It can help to mitigate system uncertainties and
ensure the stable and reliable operation of power grids with a high share of renewable
energy in the electricity generation portfolio. However, an intelligent operation strategy
is required to maximize the benefits offered by battery energy storage systems (BESSs),
as such devices are expensive and have limited energy resources. Different operation
strategies perform the scheduling of different objective functions (e.g., maximizing profit
and system reliability, minimizing power loss and operating costs), subject to the system
operation constraints (e.g., system constraints, charging/discharging limit, energy limit,
and power rating) [10–14].

In recent years, the application of battery-based energy storage for transportation
in power systems has been introduced and studied extensively. Mobile energy storage
systems (MESSs) are a mobile and transportable storage technology, consisting of battery
cells and a power converter carried on a truck [15]. This resource is flexible both spatially
and temporally, being free from spatial constraints unlikely in traditional energy storage
systems. It is a powerful tool that can enhance system reliability and respond flexibly and
rapidly to digesters or system uncertainties. MESSs can be positioned prior to a disaster for
emergency power supply and can be re-positioned after the disaster to maximize the system
restoration time [16]. The researchers in [17] and [18] used the MESSs to realize optimal
energy allocation in emergency situations. The distribution system is reconfigured to
change the network topology using MESS. In [7], system restoration was further considered
along with the routing and scheduling of MESSs. MESS investment and relocating strategies
were proposed in [19] to minimize the load shedding under emergency conditions. The
critical load restoration method was proposed in [20] to select the optimal position of
MESSs along with a network topology and a load switching sequence for power grids. The
researcher in [21] used the mobile energy resource to perform energy management in the
island group.

The spatial and temporal operation of MESSs can also offer various benefits for grid
operation, such as congestion management, grid security enhancement, profit improve-
ment, expansion deferral, and uncertainty mitigation of RES. System operators have sought
to directly own and operate MESS under various operational conditions within distribu-
tion and transportation systems. In [22], MESSs were treated as the alternative to reduce
transmission congestion in power systems with high renewable penetration, proposing a
transmission planning using both mobile and stationary storage resources. The reliability
assessment of distribution system with MESSs was developed using an analytic approach
based on Markov models [23]. In [24], MESSs were used to alleviate the impact of photo-
voltaic fluctuations on distribution networks and to postpone equipment upgrades. An
optimization framework that can be performed under the realistic operation conditions of
distribution system was proposed in [25]. This framework proposes an optimal scheduling
algorithm for MESS to minimize the EV waiting at a charging station. A day-ahead opti-
mization method for MESS operation was introduced in [26] to improve the profit of the
DSO while maintaining a normal voltage profile along the distribution feeder. Stochastic
scheduling of power systems with wind farms was proposed in [27], which can allevi-
ate wind energy curtailment and reduce operating costs. The author in [28] focused on
the MESS optimal scheduling in a distribution grid with wind and PV units to mitigate
renewable energy curtailment.

The curtailment of RES in the distribution grid is expected to worsen as reinforcement
and investment in the distribution network are delayed. In particular, offline-controlled PVs
can be easily tripped to solve overvoltage issues due to the uncertain production from RESs
because these resources are not equipped with online communication and remote control
systems. The MESS is an effective energy storage technology that can contribute to solving
the energy curtailment problems of RESs caused by voltage rises during different periods
at different locations. In many previous research works, MESS-based operation strategies
have been studied to minimize RES curtailment in distribution grids. However, based on
the current literature, optimal scheduling and energy management approaches that can
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minimize RES curtailment in distribution grids with high penetration offline control PVs
have not yet been developed. This paper presents a day-ahead operation strategy using
MESS and offline control PVs to minimize PV energy curtailment in distribution grids
with a high penetration of offline control units. The spatial and temporal operation model
for the MESS efficiently accounts for power loss during transportation was developed.
This model includes various operating modes, such as the charging, discharging, idle, and
moving mode. The reactive power of the MESS was linearized using the circular constraint
linearization method. Day-ahead offline control for PVs was performed considering fore-
casting errors. The proposed operation strategy was integrated into the linearized DistFlow
algorithm to minimize curtailment and was solved using the MILP optimization model.
The contributions of this paper can be summarized as below:

• Day-ahead offline control for PVs is implemented to mitigate the PV trips result-
ing from uncertainties in renewable energy. This day-ahead offline control is pre-
determined based on a probabilistic approach to respond to unexpected voltage rises
because offline control units cannot adjust the upper limit in real-time.

• CC-OPF is used to minimize energy curtailment considering soft chance constraints
related to voltage, which can ensure that the system conditions are not below the
confidence level. This can lead to moving the MESS to nodes with overvoltage risk to
minimize energy curtailment due to overvoltage.

• The energy and transportation scheduling is performed to minimize total operating
costs considering the cooperative operation of MESS and offline control PVs. The
proposed method can significantly reduce PV production curtailment in forecasting
error scenarios, while hardly increasing the operating costs of DSO in the base case
scenario without forecasting errors.

The rest of this paper is organized as follows: Section 2 introduces the mathematical
model for offline control PV and MESS. In Section 3, the proposed optimization model is
formulated considering spatial and temporal operating conditions. Section 4 presents case
studies on the IEEE 33-node distribution system coupled with a 15-node transportation
system. Finally, the conclusions are drawn in Section 5.

2. Mathematical Modeling
2.1. Offline Control PV Model

In this study, offline control PVs are defined as solar PVs that cannot adjust their
power output in real-time to satisfy the electricity demand or system limits. They are not
equipped with an online communication and remote control system; thus they cannot
change the upper limit in real-time. Therefore, the system operator should request day-
ahead curtailment to adjust offline control PV owners to manually change the upper limit
if PV curtailment is expected to be required [29]. Figure 1 shows a day-ahead offline
control of PVs to prevent generator trips due to overvoltage. The black dashed line is
a day-ahead forecasted output and a red dashed line is the upper limit of PV output to
prevent overvoltage due to an oversupply at the node. In a network with high output
uncertainty, day-ahead offline control may cause curtailment due to the upper limit of the
output, but it can alleviate total energy curtailment because it can prevent PV trips due to
voltage rises. If the upper limit is lower than the power output before energy curtailment,
the PV output is reduced by the upper limit. On the other hand, if the upper limit is higher
than the power output before energy curtailment, the PV output does not curtail. The PV
output with the upper limit can be modeled in Equation (1).

PPV
i,t =

{
PV′

i,t PV′
i,t < PVUpper

i,t

PVUpper
i,t PV′

i,t ≥ PVUpper
i,t

, ∀ i, t (1)
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where PPV
i,t is the power output of PV at node i at time t, PVUpper

i,t is upper limit offline
control PV output at node i at time t, PV′

i,t is the power output of offline PV before energy
curtailment at node i at time t.
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If the upper limit is lower than the forecasted output, the energy abandonment can be
computed by the forecasted output from the upper limit. Second, energy abandonment due
to overvoltage is equal to total energy at a node with overvoltage because offline control
PVs cannot adjust their output in real-time.

2.2. The MESS Model

MESSs can be described as the mobilized grid-scale battery systems employed in
power systems [4]. They consist of an energy storage system carried on a truck. MESSs can
be operated in moving mode, as well as in charging, discharging, or idle mode, which are
operating modes of traditional stationary energy storage systems (SESSs) [30,31]. Figure 2
illustrates the characteristics of spatiotemporal MESS mobility in a transportation network.
The vertical axis in Figure 2 denotes the MESS station, and the horizon axis represents the
time span. S1, S2, S3, and S4 are locations with MESS charging stations, and the MESS
can only connect nodes with charging stations. There are four possible mobility states:
S1→S1, S1→S2, S1→S3, and S1→S4 during the initial period. The solid lines represent the
determined path during each time period, while the dashed lines are the possible mobility
paths during each time period.

The spatiotemporal status of the MESS can be described from the binary variables.
The binary variables in this paper are classified into four statuses, such as the charging,
discharging, idle, and moving modes. The idle mode means that the MESS waits at the
connected node before charging, discharging, or moving. The location of the MESS can
be can be expressed as Equation (2). It means that MESS can only connect to one position.
The MESS initially operates based on a pre-determined spatiotemporal status. It should
be relocated to this status at the end of the scheduling period. This paper assumes that
the initial and final locations of the MESS should be connected to node 1, as expressed in
Equations (3) and (4).

∑
i

(
o3

i,t

)
≤ 1, ∀ t (2)

o3
1,t0

= 1 (3)

o3
1,T = 1 (4)
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where o3
i,t are the binary variables indicating the connection statues of MESS at node i at

time t, t0 are the initial scheduling period, and T is the final period.
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The charging and discharging power of MESS can only be provided if MESS is con-
nected to nodes, as expressed in Equation (5).

o1
i,t + o2

i,t ≤ o3
i,t, ∀ t (5)

where o1
i,t and o2

i,t are the binary variables describing the charging and discharging statues
of MESS at node i at time t.

MESS can travel between nodes with a charging station, and the transportation of
MESS from node i to node j can be modeled by Equations (6) and (7). Equation (6) means
that the total travel time TTi,j is required to transport between i to node j. Equation (7)
means that a non-connection time of MESS cannot be longer than the TTi,j.

o3
i,t + o3

j,u ≤ 1, ∀ i, j, t, i ̸= j, u =
{

t + 1, · · · , t + TTi,j
}

(6)

o3
i,t ≤

t+TTi,j

∑
u=t+1

o3
j,u ∀ i, t (7)

The transportation path is modeled by Equations (8) and (9). This means that the
MESS is located at node i at time t and has moved to node j at time u. The minimum
number Nmoving of moving modes is limited by Equation (10).

o4
i,j,t ≥ o3

i,t ∀ i, t (8)

o4
i,j,t ≥ o3

j,u ∀ i, t (9)

∑
t

∑
i

∑
j

(
o4

i,j,t

)
≥ Nmoving (10)

where o4
i,j,t means the transportation path, which MESS departures at node i at time t to

node j.
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3. Problem Formulation
3.1. Objective Function

The proposed mathematical operation model for MESS is integrated into the energy
scheduling of the distribution network [32–34]. The problem formulation is described using
the DistFlow algorithm and is solved using mixed integer linear programming [19,25]. The
objective of the proposed approach is to minimize the total operation costs of the distri-
bution network. The operation costs include the electricity purchase cost from upstream
grids, the cost of the energy supplied by PV, and the charging/discharging costs of the
MESS, which is stated as:

min(OC) = min
(

∑
t∈T

λtPSub
t + ∑

t∈T
∑
i∈I

λt(1 − zi,t)PPV
i,t

+ ∑
t∈T

∑
i∈I

λt

(
PVUpper

i − PV′
i,t

)
+ ∑

t∈T
∑
i∈I

λtPch
i,t

++ ∑
t∈T

∑
i∈I

λtPdch
i,t

) (11)

where PSub
t is active power purchased from upstream gird at time t, zi,t is the binary variable

indicating PV trip at node i at time t, Pch
i,t is charging power of MESS at node i at time t,

Pdch
i,t is discharging power of MESS at node i at time t, and λt is the electric price at time t.

3.2. Charging and Discharging of the MESS

The power of the MESS can be described using two mutually exclusive terms, charging
and discharging. This means that the power of the MESS cannot be charged and discharged
simultaneously. The active power is limited by Equations (12) and (13), and they are defined
using two binary variables such that the two conditions cannot occur at the same time. The
reactive power is limited from Equation (14). The net active power injected from the battery
same as the difference between its charging and discharging power and is represented
in Equation (15). The sum of active and reactive power in both the charge and discharge
modes cannot be greater than the rated power of the battery, and this condition is imposed
in Equation (16). Equations (17) and (18) are the sum of the charging and discharging
power of MESS s at time t.

Pch,min
m o1

i,t ≤ Pch
i,t ≤ Pch,max

m o1
i,t ∀ i, t, m (12)

Pdch,min
m o2

i,t ≤ Pdch
i,t ≤ Pdch,max

m o2
i,t ∀ i, t, m (13)

−Qmin
m

(
o1

i,t + o2
i,t

)
≤ QNet

i,t ≤ Qmax
m

(
o1

i,t + o2
i,t

)
∀ i, t, m (14)

PNet
i,t = Pch

i,t + Pdch
i,t ∀ i, t (15)√(

PNet
i,t

)2
+

(
QNet

i,t

)2
≤ SMESS

m ∀ i, t, m (16)

Pch
m,t =

i

∑ Pch
m,i,t ∀ i, t, m (17)

Pdch
m,t =

i

∑ Pdch
m,i,t ∀ i, t, m (18)

where Pch,max
m and Pch,min

m are maximum and minimum charging active power of MESS m,
Pdch,max

m and Pdch,min
m are maximum and minimum discharging active power of MESS m,

Qmin
m is maximum charging reactive power of MESS m, PNet

i,t and QNet
i,t are net active and

net reactive power of MESS at node i at time t, and SMESS
m is maximum allowable MESS

power rating.
To avoid the non-linearity of the MESS model based on Equation (16), this constraint is

substituted by Equations (19) and (20). Two constraints are approximated using the circular
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constraint linearization method, as shown in Figure 3 [35]. The vertical axis ‘P’ in Figure 3
represents the active power, and the horizontal axis ‘Q’ represents the reactive power. The
radius of the circle ‘S’ represents the maximum allowable power rating.

−
√

2SMESS
m ≤ PNet

i,t + QNet
i,t ≤

√
2SMESS

m ∀ i, t, m (19)

−
√

2SMESS
m ≤ PNet

i,t − QNet
i,t ≤

√
2SMESS

m ∀ i, t, m (20)
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The stored energy in the battery during any period is a function of the previously
stored energy and the net energy transacted in the current period. It is equal to the stored
energy during the previous period, the energy charge and discharge during the present
period, and the energy loss due to movement during the present period. The stored energy
should be limited between the upper and lower bounds. Finally, the state of charge (SOC) at
the end of the time periods must equal the initial conditions. These constraints are modeled
in Equations (21)–(23).

SOCMESS
m,t = SOCMESS

m,t−1 + ηch
m Pch

s,t −
Pdch

m,t

ηdch
m

− o4
i,j,tP

tr
i,j ∀ i, j, t, m (21)

SOCMESS,min
m ≤ SOCMESS

m,t ≤ SOCMESS,max
m ∀ t, m (22)

SOCMESS
m,t0

= SOCMESS
m,T ∀ t, m (23)

where SOCMESS
m,t is the SOC of MESS m at time t, SOCMESS,max

m is maximum energy content
of MESS m, SOCMESS,min

m is minimum energy content of MESS m, ηch
m is charging efficiency

of MESS m,ηdch
m is discharging efficiency of MESS m, Ptr

i,j is energy loss due to travel of MESS
between different nodes.
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3.3. The System Constraints

The power flow in a radial distribution network is derived from a set of recursive
equations, called the DistFlow method [19,25]. The active power, reactive power, and
voltage magnitude at the sending end of the branch are used to represent the same quantities
at the receiving end of a branch, as below:

∑
ij

Pij,t = Psub
t − PL

i,t − Pch
i,t + Pdch

i,t + PPV
i,t − rij

P2
ij,t + Q2

ij,t

V2
i,t

∀ i, t, ij (24)

∑
ij

Qij,t = Qsub
t − QL

i,t − Qch
i,t + Qdch

i,t + Qcompensator
i,t − xij

P2
ij,t + Q2

ij,t

V2
i,t

∀ i, t (25)

V2
j,t = V2

i,t − 2
(
rijPij,t + xijQij,t

)
+

(
r2

ij + x2
ij

)P2
i,t + Q2

i,t

V2
i,t

∀ i, j, t, ij (26)

where Pij,t is active power flow on branch ij at time t, Qij,t is reactive power flow on branch

ij at time t, Qcompensator
s,i,t is reactive power of compensator at node i at time t, rij is resistance

of branch ij,xij is reactance of branch ij, Vi,t is voltage at node i at time t, PL
i,t is active load

at node i at time t, QL
i,t is reactive load at node i at time t.

Equations (24)–(26) should be approximated to overcome the quadratic terms. Some
tolerable assumptions and simplifications are applied in the linearization process. First, the
branch losses, which are non-linear terms, can be ignored in the DistFlow equations when
the non-linear terms are much smaller than the branch flows. Second, it is assumed that
the voltage deviation at each bus is very small and can be neglected. Then, the linearized
DistFlow equations are expressed in Equations (27) and (28). The lower and upper voltages
are limited in Equation (30). The active and reactive power supplied from the upstream
grid is represented by Equations (31) and (32), respectively. The voltage magnitude of
the substation bus is always valued as 1.0 p.u. according to Equation (33). The active
power supplied from PVs can be modeled as Equation (34) and can be tripped to prevent
overvoltage at the node by a binary variable.

∑
ij

Pij,t
∼= Psub

t − PL
i,t − Pch

i,t + Pdch
i,t + PPV

i,t ∀ i, t, ij (27)

∑
ij

Qij,t
∼= Qsub

t − QL
i,t − Qch

i,t + Qdch
i,t + Qcompesator

s,i,t ∀ i, t, ij (28)

Vj,t
∼= Vi,t − rijPij,t − rijQij,t ∀ i, t, ij (29)

Vmin
i ≤ Vi,t ≤ Vmax

i ∀ i, t (30)

Psub,min ≤ Psub
t ≤ Psub,max ∀ t (31)

Qsub,min ≤ Psub
t ≤ Qsub,max ∀ t (32)

Vsub
t = 1.0 ∀ t (33)

PPV
i,t = PVi,tzi,t ∀ i, t (34)

where Vmax
i is the maximum voltage limit at node i, Vmin

i is the minimum voltage limit at
node i, Psub,max is the maximum active power supplied from upstream grid, Psub,min is the
minimum active power purchased from upstream grid, Qsub,max is the maximum reactive
power supplied from upstream grid, Qsub,min is the minimum reactive power supplied
from upstream grid, Vsub

t is a voltage of substation node at time t.
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3.4. Chance-Constraints

Chance-constrained optimal power flow (CC-OPF) is used to deal with the uncer-
tainties of power injections [36,37]. Chance constraints are used to ensure that the system
risks are not below the confidence level. This paper only considers soft constraints related
to voltage, and the remaining constraints are reflected as deterministic constraints. The
confidence level can be determined using analysis to minimize total energy curtailment.
Then, the voltage constraints in Equations (35) and (36) can be rewritten using acceptable
violation probability of voltage ϵV as:

Pr(Vi,t ≤ Vmax
i ) ≥ 1 − ϵV ∀ i, t (35)

Pr
(

Vi,t ≥ Vmin
i

)
≥ 1 − ϵV ∀ i, t (36)

4. Proposed Algorithm

In distribution networks with a high penetration of offline control PVs, the optimal
operation must be performed considering the day-ahead curtailment request, as offline
control PVs cannot adjust the upper limit in real-time. The PV output can be excessively
curtailed if a strict upper limit of the output is applied, while the generator can be tripped
due to overvoltage if the upper limit of the output is relaxed. This paper computes an
upper limit determined by the probabilistic method that considers output uncertainty.
First, the state of the MESS is pre-determined by the optimization problem based on
forecasting data. Second, Monte Carlo simulation (MCS) is used to generate a large number
of scenarios [38]. Third, optimal power flow (OPF) without voltage constraints in each
scenario is performed to determine the voltage distribution. If there is a node with a
voltage violation in each scenario, MESS charge to manage voltage rising using the voltage
sensitivity in Equation (37). After this, if overvoltage still occurs, the PV is curtailed to
bring the voltage back down to the reference voltage level, as outlined in Equation (38).
Fourth, the day-ahead curtailment requirement of offline control PVs is computed using
the forecasted output and curtailment to alleviate voltage to the reference level in each
scenario, and it is expressed as in Equation (39). Finally, optimal operation with day-
ahead curtailment is implemented to consider renewable energy uncertainty [39]. Figure 4
summarizes the overall process of the proposed scheduling strategy, taking into account
the MESS and offline control PVs.

V′
s,i,t =

{
Vintial

s,i,t − ∆PMESS
s,i,t

∂Vs,i
∂Ps,i

, i f Vintial
s,i,t > Vmax

Vintial
s,i,t i f Vintial

s,i,t ≤ Vmax
∀ s, i, t ∈ TV′ (37)

Pcurtail
s,i,t =

{
(Vmax − V′

s,i,t)
∂Ps,i
∂Vs,i

, i f V′
s,i,t > Vmax

0 i f V′
s,i,t ≤ Vmax

∀ s, i, t ∈ Tv (38)

PVupper
i = mean

(
PV′

s,t − Pcurtail
s,i,t

)
, ∀ s ∈ Sv, i (39)

where Vintial
s,i,t is an initial voltage at node i at time t in scenario s, Pcurtail

s,i,t is PV energy
curtailment to alleviate the voltage to the reference voltage level at node i at time t in
scenario s, Tv is the time when curtailment occurs most frequently, Sv is the scenario where
overvoltage occurs. Ns and Ni are the number of scenarios and nodes, respectively.
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5. Case Study

Simulation was performed on an IEEE 33-bus distribution system and a 15-node
transportation system, as shown in Figure 5 [25]. These coupled systems include 33 nodes,
6 offline control PVs, 34 lines, 4 reactive power compensators, 32 loads, and 6 charging
stations. The line, load, and system data can be found in [40]. The offline control PVs were
located at buses 8, 10, 18, 25, 30, and 33. The hourly profile of the offline control PVs is
shown in Figure 6. The details of the reactive power compensator are presented in Table 1.
The system was equipped with 500 kW and 1000 kWh MESS with charging stations at
buses 1, 3, 6, 12, 20, 24, and 31 [26]. The battery charging and discharging efficiencies were
equal to 0.95 and the initial location was bus 1. The initial, minimum, and maximum SOCs
were 0.5, 0.2, and 0.8, respectively. The traveling efficiency was set to ηtr

s = 2kW/∆t and
the traveling time was assumed to be 3 min/km. MCS was used to generate 1000 random
scenarios to compute the day-ahead curtailment. The simulations were implemented on an
Intel(R) Core(TM) I7-970 CPU with 8 GB memory. The optimization problem was solved
using the MILP solver within MATLAB R2020b. This study considers four cases to compare
the results of the operating costs and expected curtailment:

• Case 1: OPF without day-ahead curtailment;
• Case 2: OPF with day-ahead curtailment;
• Case 3: CC-OPF without day-ahead curtailment;
• Case 4: CC-OPF with day-ahead curtailment.
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Table 1. Reactive power compensators data.

Case Reactive Power (MVAR)

6 0.3
14 0.3
18 0.4
33 0.6

The main results for the transportation schedule of the MESS are presented in Figure 7.
The initial and final positions of the MESS were located on bus 1 in all four cases. The
MESS in Case 1 moved to station 3 at hour 6, station 2 at hour 16, and station 1 at hour 21.
In Case 2, the MESS moved to station 3 at hour 11, station 2 at hour 16, station 1 at hour 22.
The MESS in these cases was mainly placed around bus 1 to minimize the power loss due
to movement of the MESS because they did not consider the overvoltage risk due to output
uncertainty. On the other hand, in Cases 3 and 4, it can be confirmed that MESS was located
at station 4, near the node at the overvoltage risk due to high PV output between hours
12 and 15. The MESS in Case 3 moved to station 2 at hour 2, station 3 at hour 9, station 4
at hour 22, and station 1 at hour 14. The MESS in Case 4 moved to station 4 at hour 12,
station 3 at hour 16, station 2 at hour 21, and station 1 at hour 23. They used CC-OPF for
distribution network scheduling and set strict voltage limits to keep the overvoltage risk
below a certain probability. Therefore, the MESS was located at station 4, which has high
voltage sensitivity for voltage management during high PV output periods. Table 2 shows
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the hourly operating mode of the MESS. The operating mode of the MESS was classified
into charging, discharging, idle, and moving modes. The operating mode pattern in all four
cases is similar because the MESS operated to obtain revenue from SMP arbitrage. This
means that the two optimization problems had a greater impact on the MESS’s travel paths
rather than the operating mode.
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Table 2. The hourly operating mode of the MESS for the four cases.

Hour Case 1 Case 2 Case 3 Case 4

1 Discharging Discharging Discharging Discharging
2 Idle Idle Moving Idle
3 Idle Idle Idle Idle
4 Charging Charging Charging Charging
5 Charging Charging Charging Charging
6 Moving Idle Idle Idle
7 Discharging Idle Idle Moving
8 Discharging Discharging Discharging Discharging
9 Idle Idle Moving Idle
10 Discharging Discharging Discharging Discharging
11 Idle Moving Idle Idle
12 Idle Idle Moving Idle
13 Charging Charging Charging Charging
14 Charging Charging Charging Charging
15 Charging Charging Charging Charging
16 Moving Moving Idle Idle
17 Charging Idle Idle Idle
18 Idle Discharging Idle Idle
19 Idle Idle Idle Discharging
20 Discharging Discharging Discharging Discharging
21 Moving Discharging Idle Moving
22 Charging Moving Idle Idle
23 Charging Idle Idle Moving
24 Idle Idle Moving Idle

Detailed results of the MESS operating schedule, such as the charge, discharge, and
SOC, are given in Figure 8. It can be seen that the SOC of the MESS increased as the
MESS charged power, and decreased as the MESS discharged power and movement loss.
The initial and final SOCs of the MESS were fixed at 50% by the SOC constraints. The
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optimization problem was solved to minimize the operating costs of the distribution
network. In all four cases, the active power was mainly charged at hours 4–5 and 13–15,
which were low SMP periods, and discharged at hours 1, 8, 10, and 20, which were high
SMP periods. The reactive power was mainly charged and discharged to maintain the
voltage. The MESS mainly charged reactive power during daytime hours when the voltage
was high due to the PV output, and discharged reactive power mainly during dawn hours
when the voltage was low owing to demand. However, Cases 3 and 4 tended to charge
more reactive power than Cases 1 and 2 from hours 13 to 15 when overvoltage was expected.
This was the result of strict voltage constraints in the optimization problems using CC-OPF.
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To analyze the impact of renewable energy uncertainty on the distribution network,
the results of the voltage profile in the four cases were compared. The base scenario was
forecasting data without forecasting error. The other scenarios were analyzed with a range
of forecast errors from +0.5 to +2.0 σ in 0.5 σ increments. Figure 9 shows the voltage
profiles at hour 14 in the four cases and five scenarios. As shown in Figure 9a, it can be
confirmed that overvoltage occurred in all scenarios except the base scenario. The most
vulnerable node to overvoltage was node 18, and the voltages in each scenario were 1.050,
1.052, 1.054, 1.056, and 1.058, respectively. The MESS in Case 1 was located at station 2,
which had low voltage sensitivity to node 18, and did not help mitigate overvoltage. Case
2 with day-ahead curtailment had a slightly lower overvoltage than Case 1, but it has been
confirmed that there was still a overvoltage risk. The voltage of node 18 represents 1.050,
1.051, 1.052, 1.053, and 1.054 in the Case 2. On the other hand, in Case 3 and 4, MESS was
located at station 4, which had high voltage sensitivity for nodes 18 and 33. As shown in
Figure 9c, it can be seen that overvoltage occurred only at node 33. The voltage at node
33 represents 1.044, 1.046, 1.048, 1.050, and 1.052, respectively. This means that the travel
schedule of the MESS can have a great impact on overvoltage relaxation. Finally, Figure 9d
shows that overvoltage did not occur in all scenarios at hour 14. As a result, it means that
appropriate day-ahead curtailment and MESS operation can help ensure stable network
operation against renewable energy uncertainty.
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Table 3 shows the operating costs of the distribution network in the four cases. It
is based on forecast data, assuming that there was no forecast error. The operating costs
in each case were KRW15,811,261, KRW15,815,593, KRW15,813,446, and KRW15,817,811,
respectively. In Case 2, the solar output was lower than in Case 1 owing to the tight upper
limit of PVs, and the operating cost was more than KRW4332. Case 3 had a KRW2185
higher operating cost than Case 1, which was mainly caused by the movement loss of the
MESS. Finally, Case 4 had a KRW6550 higher operating cost compared to Case 1, which
was related to the upper limit of the PVs and the movement loss of the MESS.

Table 3. The operating cost in each case.

Case Operating Cost (KRW)

Case 1 15,811,261
Case 2 15,815,593
Case 3 15,813,446
Case 4 15,817,811

This paper also conducted simulations to quantify the curtailment by forecasting error.
The curtailment was divided into power generation tripping to remove the overvoltage
caused by the forecasting error and the output reduction caused by the upper limit of offline
control PVs. Table 4 shows the results of the curtailment and operating costs in the four
cases and five forecasting error scenarios. Case 1, which applied OPF without day-ahead
curtailment, had no curtailment due to the upper limit. However, this case did not help
resolve the overvoltage due to forecasting error as MESS was far from the bus, which was
vulnerable to overvoltage. The total curtailments represent 0, 1186, 1236, 1262, and 2000 kW,
respectively. Case 2 was eased more than Case 1 because the upper limit was applied
to the offline control PVs. The total curtailments were 22, 828, 1290, 1406, and 2212 kW,
respectively. The total curtailment in Case 3 only occurred for forecasting errors of +1.5 σ

and +2.0 σ and the amount of curtailment was 1201 and 2000 kW, respectively. Finally, the
total curtailments of Case 4 were 22, 51, 79, 149, and 1339 kW, respectively. The curtailment
caused by PV tripping only occurred in the forecasting error +2.0 σ scenario, and the value
was 1110 kW. In Cases 3 and 4 using CC-OPF, the MESS was located at station 4 during
periods of high PV output to alleviate overvoltage, which greatly reduced curtailment due
to PV tripping compared to Cases 1 and 2. In particular, Case 4, which is the proposed
method, sets the upper limit of offline control PV output to cope with overvoltage due to
renewable energy uncertainty and can significantly reduce the overvoltage risk. As shown
in Table 4, it reduced the curtailment due to overvoltage to 0 kW in the forecasting error
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+1.5 σ scenario, which was reduced by approximately 1262, 1258, and 1201 kW compared
to Cases 1, 2, and 3, respectively. Therefore, the proposed method can greatly reduce the
total curtailment in scenarios with forecasting error while the operating costs in the base
scenario hardly increase compared to other methods.

Table 4. The curtailment in each case and scenario.

Case Forecasting
Error

Operating
Cost (KRW)

Total
Curtailment

(kW)

Curtailment
Due to Upper

Limit (kW)

Curtailment
Due to Trip (kW)

Case 1

0 σ 15,811,261 0 0 0
+0.5 σ 16,044,332 1186 0 1186
+1.0 σ 16,054,169 1236 0 1236
+1.5 σ 16,059,278 1262 0 1262
+2.0 σ 16,213,351 2000 0 2000

Case 2

0 σ 15,815,593 22 22 0
+0.5 σ 15,975,341 828 51 778
+1.0 σ 16,064,836 1290 79 1211
+1.5 σ 16,087,617 1406 149 1258
+2.0 σ 16,255,175 2212 229 1983

Case 3

0 σ 15,813,446 0 0 0
+0.5 σ 15,813,446 0 0 0
+1.0 σ 15,813,446 0 0 0
+1.5 σ 16,049,431 1201 0 1201
+2.0 σ 16,215,536 2000 0 2000

Case 4

0 σ 15,817,811 22 22 0
+0.5 σ 15,823,394 51 51 0
+1.0 σ 15,828,976 79 79 0
+1.5 σ 15,842,709 149 149 0
+2.0 σ 16,084,269 1339 229 1110

6. Conclusions

This paper presented an optimal scheduling strategy for distribution networks satu-
rated with offline control units. Offline control PVs are not equipped with online communi-
cation and remote control systems, as they were mainly included into the grid before facility
obligation regulation were enacted. This means that offline-controlled PVs can be easily
tripped in distribution networks because it is difficult to respond in real time to overvoltage
caused by renewable energy uncertainty. Therefore, DSOs must operate the distribution
network considering renewable energy uncertainty to minimize PV power curtailment due
to overvoltage. The proposed method uses CC-OPF with upper limits for offline control
PVs to maintain the overvoltage risk below a certain probability. In addition, the proposed
method can prevent PV tripping due to overvoltage by moving and charging the MESS to
nodes with high voltage sensitivity. Several case studies were performed on IEEE 33-bus
distribution test system and 15-bus transportation system to verify the performance of the
proposed method. The results show that the proposed operation scheduling strategy can
reduce curtailment for PVs due to renewable energy uncertainty.

In future work, we plan to verify the performance of the proposed operation schedul-
ing strategy in distribution grids equipped with various DERs, such as wind farms, ESSs,
and demand response resources. In addition, the proposed method can be expanded to
operation strategies in distribution networks with system problems such as line congestion
and overvoltage.
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