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This paper discusses the simultaneous management of active and reactive power of a flexible
renewable energy-based virtual power plant placed in a smart distribution system, based on the
economic, operational, and voltage security objectives of the distribution system operator. The
formulated problem aims to specify the minimum weighted sum of energy cost, energy loss, and
voltage security index, considering the optimal power flow model, voltage security formulation, and
the operating model of the virtual power plant. The virtual unit includes renewable sources, like wind
systems, photovoltaic, and bio-waste units. Flexibility resources include electric vehicle parking lot
and price-based demand response. In the mentioned scheme, parameters of load, renewable sources,
electric vehicles, and energy prices are uncertain. This paper utilizes the Unscented Transformation
method for modeling uncertainties. Fuzzy decision-making is utilized to extract a compromised
solution. The suggested approach innovatively considers the simultaneous management of active
and reactive power of a virtual unit with electric vehicles and price-based demand response. This

is performed to promote economic, operational, and network security objectives. According to
numerical results, the approach with optimal power management of renewable virtual units is capable
of boosting the economic, operation, and voltage security status of the network by approximately
43%, 47-62%, and 26.9%, respectively, to power flow studies. Only price-based demand response
can improve the voltage security, operation, and economic states of the network by about 19.5%,
35-47%, and 44%, respectively, compared to the power flow model.
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Motivation

A Virtual Power Plant (VPP) is a coordinating framework and an integrated unit of resources, storage systems,
and various energy management programs'. Generally, utilization of renewable energy sources (RESs) such as
wind turbines (WTs), photovoltaics (PVs), and bio-waste units (BUs) in VPPs is proposed by various organiza-
tions to reduce environmental pollutants. WT and PV generate electrical energy respectively from wind collision
with the turbine and solar radiation to the panel®. BU also uses environmental waste for energy production®.
The power generated by these RESs is uncertain, so the day-ahead and real-time operation results for a VPP
with a RES may differ*. This situation is recognized under conditions of flexibility shortage, and following that,
generation-consumption unbalance may occur in real-time mode*. To deal with the mentioned issue, the use of
flexible resources (resources capable of controlling active power), including storage systems, demand response
programs (DRPs), and RESs in VPPs is necessary for system flexibility management*. Mobile storage devices
like electric vehicles (EVs) and DRP are more accessible than mobile storage and RESs because they are in the
hands of energy customers. Because to use RESs and stationary storage, it is necessary to incur installation and
construction costs. However, EVs and DRP can be utilized with various incentive solutions for the goals of the
Distribution System Operator (DSO) such as flexibility. In addition to this issue, various resources and storage
devices are capable of controlling their active and reactive power at the same time®. So, a VPP can have a role in
the Power Management System (PMS) in the distribution system. In this situation, a VPP can play the role of a
reactive power source in the distribution system, following which, by establishing optimal performance for the
VPP, it can enhance various technical and economic metrics of the distribution system.

Background study

A vast amount of research has been presented to investigate the operation of VPPs within the distribution system.
To attain optimal operation of technical VPPs in a rearrangeable network, the formulation of an optimization
problem is utilized in Ref.6 to handle the potential contingency issue in the system’s lines. The objective of this
endeavor is to achieve optimal performance. Combined heat and power (CHP), renewable distributed generators
(DGs), and dispatchable DGs are some of the carriers that are incorporated into the VPP, which is a sophisticated
energy system that incorporates other carriers. The thermal and electrical storage systems, in addition to loads,
are included in this category. To effectively plan and manage a VPP that is comprised of charging stations for
EVs, stationary batteries, and renewable energy sources, it is reccommended in Ref.” that an Energy Management
System (EMS) be used. Through the utilization of a two-stage stochastic formulation, the model can optimize the
bidding procedure in the Day-Ahead Market (DAM). In this formulation, the uncertainties that have an impact
on the estimation of the amount of energy that will be required for the following day are taken into considera-
tion. In Ref%, carbon trading and green certificate trading methods are incorporated into the optimal dispatch
model of a VPP that incorporates WTs, PVs, gas turbines, and energy storage devices. The objective of the VPP
optimization process is to provide the highest possible net profit while considering both economic and emission
variables. VPP’s involvement in carbon trading and green certificate trading is used to develop three different
schemes, compare and evaluate them, and investigate their effectiveness. The Ref.’ presents an effective strategy
for maximizing the economic dispatch of a VPP. Taking into consideration the potential of energy storage systems
(ESS) in EVs and data centers, the technique operates. In a test model of a data center facility, the optimiza-
tion is carried out with the assistance of an advanced EMS. The problem is evaluated to maximize revenue for
VPP, taking into consideration the pricing of the market as well as the hazards that are linked with distributed
energy resources. The energy management of a VPP that includes a demand response program, energy storage
technology, and a wind farm (WF) is the topic of discussion in the study'’. The approach that has been deployed
functions at the level of electricity transmission and takes into consideration the relationships between VPPs in
day-ahead energy and reserve markets.

The proposed approach in Ref.!" is a bi-level coordinated dispatch method that utilizes VPPs, consisting
of battery storage devices and dispatchable EVs. This technique aims to boost the robustness of the electrical
energy and gas systems. The Monte Carlo simulation technique was employed to replicate the unpredictable
and sequential nature of cascade failures resulting from severe weather events affecting power and gas systems.
Additionally, VPPs use the direct control mode to deploy battery storage resources. Because of the cost-conscious
nature of EVs, the relationship between VPPs and EV owners is likened to a Stackelberg game. The objective
of this game is to determine the optimal pricing and timetable for discharging. This enables the reduction of
dispatch costs while simultaneously optimizing the resilience and revenues of EV owners. In Ref.!?, a proposition
is made regarding the utilization of a method to visually represent, measure, and effectively employ the collective
operational adaptability of a set of units. The developed technique depends on five parameters that are linked to
active and reactive power. These measures aid the VPP’s operator in decision-making when faced with uncertain
circumstances. The authors propose a leasing method for coal-fired units, as outlined in Ref.", which relies on
the integration of carbon credits and prices. This technique would grant the privilege to employ coal-fired units
for VPPs. Subsequently, a range of demand response solutions are implemented to manage the adjustable loads
of different customers, finally generating specific controlled resources for the VPP. Furthermore, to provide
optimal decision-making by the VPP operator, a cost model is built that accurately represents the state of
capacity degradation of the energy storage system. Reference' investigates the challenges related to achieving
complementary synergy between various power sources and micro-grids. Currently, there is a strong emphasis
on enlarging the capacity of the power system for regulation, which is a crucial aspect. The study also considers
various resources to create micro-grids with different features. These resources encompass both household and
industrial loads, which serve as typical instances of demand-side resources. These resources possess unique
power and energy attributes within the market for demand-side regulation. Literature'® provides an analysis of
the management and operational challenges that arise when implementing distributed PV and ESS for residential,
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commercial, and industrial users. When it comes to combining distributed energy resources (DERs), VPP
aggregators in many locations face the dilemma of choosing between two separate pricing strategies. This is an
overlooked component in several currently accessible studies. The presentation in Ref.'® focuses on a bi-level
power management approach for an active distribution network (ADN) that includes a VPP. The suggested
technique coordinates the VPP operator (VPPO) and the distribution system operator. The VPP encompasses
RES, ESS, and EV parking lots that are synchronized with the VPPO.

Reference!” outlines the operation of a Distribution Network that couples a VPP and Electric Springs. In fact,
this system participates simultaneously in energy and reactive service markets. The prime aim of the proposed
scheme is to maximize the predicted profits of systems in the mentioned markets. The constraints in the problem
formulation are the AC optimal power flow equations, flexibility limits in the network, and the operating model
of VPPs. Reference'® proposes a network state-based power scenario reduction strategy for renewable energy
generation, where typical scenarios are selected by the state of the grid voltage. The proposed day-ahead sched-
uling model is a mixed-integer, nonlinear, large-scale, stochastic optimization problem with high dimensional
random variables, which is difficult to solve directly by traditional centralized method. Reference'® contributes
with a VPP operating model considering a full AC Optimal Power Flow while integrating different paths for the
use of green hydrogen, such as supplying hydrogen to a Combined Heat and Power (CHP), industry, and local
hydrogen consumers. In Ref.?’, an interaction-based VPP operation methodology using distribution system
constraints is proposed for DSO voltage management, assuming that the VPP primarily participates in the
wholesale energy market. The research background includes an overview of the studies, which is presented in
Table 1, the last portion of the document.

Research gaps
According to the previous review and Table 1, some research gaps related to VPPs operation in the distribution
network include the following.

- Generally, in most research, the energy management or active power of VPPs in the power system has been
considered. However, it should be noted that resources and storage devices that are in the VPP can also play a
role in controlling reactive power. For example, in Refs.?"?%, EV's control their active and reactive power with
their charger. Also, RESs such as wind and solar systems are connected to the network by power electronic
devices. These devices can also play a role in controlling reactive power. However, in only a small fraction of
studies like'®, the control or management of reactive power of VPPs in the power system has been considered.
Note that reactive power management of the network can be effective in improving operational indices and
voltage security'®2..

- Most research attempts to boost the economic and operational metrics of the power system by VPPs have
been considered. However, a network has various technical and economic metrics that are not correlated to
each other. For instance, boosting the economic situation will require high power injection by local resources
into the power system. But in this situation, a suitable situation for the operational index like voltage profile
is not achieved. In addition to this, in the distribution network, the voltage is very sensitive to the power
demand of the network. So much so that there is a high voltage drop at the end of the feeder buses of this

Power management of VPP

Ref. Active Reactive Network indices Voltage security model Flexibility sources Uncertainty model

° v X Operation X Non-renewable DG SBSO

7 v X Economic and operation X Storage SBSO

8 v X Operation X Storage X

o v X Economic and operation X Storage and EVPL SBSO

10 v X Economic and operation X Storage HSRO

u v X Operation and resiliency X EVPL X

12 v X Operation X Storage SBSO

3 v X Operation X Storage SBSO

1 v X Economic and operation X Storage X

15 v X Economic and operation X Storage DRO

16 v v Economic and operation X Non-renewable DG and EVPL | HSRO

7 v v Economic and operation X Storage SBSO

18 v X Economic and operation X Storage SBSO

19 v X Economic and operation X Storage SBSO

0 v X Economic and operation X Storage SBSO

Proposed study v v feccouri'?tr; ic, operation, and v EVPL and PBDR uT
Table 1. The categorization of current research studies. EVPL electric vehicles parking lot, PBDR price-based
demand response, UT unscented transformation, HSRO hybrid stochastic-robust optimization, SBSO scenario-
based stochastic optimization, DRO distributionally robust optimization.
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network. Therefore, in this situation, estimating the voltage security index in the distribution network by
local resources is of special importance. However, this issue has been discussed in fewer studies.

Power fluctuations in RESs arise from the inherent uncertainty in the power they generate. This results in
VPPs with a RES having limited flexibility. This lack of flexibility can cause generation-consumption unbal-
ance during real-time operation. To address this challenge, flexible sources are utilized alongside the RES.
A flexible resource is an element used for controlling its active power. In most research, stationary storage
like a battery has been used as a flexible resource. But note that EVs and demand response are also flexible
resources that are more accessible. However, this issue has been discussed in fewer studies, so in Refs.>!>16
EVs were utilized as a flexible resource.

Energy management of VPP in the distribution system is part of operational problems. In these problems, the
execution steps are small thus making the solving part a time-consuming task. To reduce computational time,
one solution is to simplify the problem. However, scenario-based stochastic optimization (SBSO) has mostly
been employed to model uncertain parameters. In this method, quite a few scenarios are needed to access a
trustable solution, so the volume of the problem in this method is not low. To address this issue, methods are
needed that have a low number of scenarios. One of these techniques is the unscented transformation (UT)
method, which is a stochastic optimization with a minimum number of scenarios than their counterpart
methods. However, the use of this technique has been focused in fewer studies.

Contributions

To deal with the mentioned gaps, simultaneous management of active and reactive power of renewable VPPs with
EV parking lots (EVPL) and price-based load response (PBDR) is utilized in the present study, which is based on
the economic, operational, and voltage security objectives of the DSO, as Fig. 1 depicts. The approach minimizes
the weighted sum of expected energy cost functions, expected energy losses, and voltage security index. This
problem is subject to AC power flow (AC-PF) constraints, operational and voltage security limitations of the
Smart Distribution Network (SDN), operational model of RESs, EVPL, and PBDR in the form of VPP. RESs in
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Figure 1. Active and reactive power management framework of renewable VPPs in the distribution network
according to the economic and technical objectives of DSO.
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the VPP include WT, PV, and BU. BU, by consuming environmental waste, produces gas and then uses this gas
to generate electrical energy®. Therefore, it has a significant effect on reducing environmental pollutants. EVPL
and PBDR are utilized in the VPP as a flexibility resource. By controlling the active power of these elements, the
VPP is expected to experience desirable flexibility conditions. In the proposed scheme, load, energy price, renew-
able power, and EV parameters are uncertain. In the suggested approach, to deal with the last sturdy gap, the
UT technique is adopted. Subsequently, to find an optimal or compromised solution, the fuzzy decision-making
method is employed. In the end, by making a comparison between the background studies and the suggested
approach, the following novelties are obtained for the proposed scheme:

- Simultaneous active-reactive power management of flexible-renewable VPPs in the SDN to boost the eco-
nomic, operational, and security indices of the distribution system simultaneously.

- Investigation of the impact of the optimal performance of renewable VPPs with EV parking and price-based
load response on the voltage security index of the distribution network.

- Use of more accessible flexibility resources (elements that are in the hands of customers and do not require
the installation of a new element) such as parking of electric vehicles and price-based load response alongside
RESs in the form of VPP.

- Use of the UT technique for simultaneous modeling of uncertainties of load, renewable power, EVPL, and
energy price to simplify the problem.

- Use of bio-waste in the VPP to reduce environmental pollutants by consuming environmental waste and
examining its optimal performance in enhancing the economic and technical metrics of the distribution
system.

Paper organization

In the subsequent sections, we delve into the details of our study. “Modelling of the suggested approach” sec-
tion presents the mathematical modeling of renewable VPP operation, incorporating EVPL and PBDR in the
SDN. The uncertainty modeling is presented in “Modelling of uncertainties based on the UT method” section.
“Numerical results and discussion” section reports the numerical findings derived from different cases. Lastly,
“Conclusions” section provides a summary of the general conclusions drawn from this study.

Modelling of the suggested approach

The mathematical model of energy management of SDN in the presence of renewable VPPs with EVPL and PBDR
is presented here following the economic, operational, and voltage security objectives. This scheme minimizes
the weighted sum of operational costs, energy losses, and voltage security index, while it is subject to AC optimal
power flow (AC-OPF), and the operational model of VPPs. The details of the proposed scheme formulation are
explained below.

Objective function

Equation (1) gives the objective function and minimizes the weighted sum of the expected cost of energy pur-
chased from the upstream network (first term), SDN energy losses (second term), and voltage security index
(third term). The cost of SDN’s energy purchased from the upstream network per operating hour equals the
product of the active power on the distribution substation located at the reference bus and the energy price*"*.
The network energy losses, like the second term of Eq. (1), equal the sum of the active power of the distribution
post and VPPs minus the active power of passive consumers in the network. Here, the worst security index (WSI)
has been adopted?'. In this method, the weak bus in SDN is first identified. The weak bus has the lowest voltage
amplitude. Then, WSI is found for the weak bus. This quantity varies in the range of 0 to 1. Zero value shows
voltage collapse conditions, and unity represents the no-load conditions of the network (the network with the
minimum voltage drop). Therefore, the WSI should be maximized. Since the objective function is expressed as
a minimum expression, the third term of Eq. (1) includes a negative coefficient?'.

Energy loss

Energy Cost Voltage Security Index
—
min  wgc. Z PwVtwPsp=stw +OEL- Z Ow (Ps bitw + Z (AvypPviw) — Pc b,t,w) —wys. Z PwWSly
t,w bit,w v t,w

(1)

In Eq. (1), the parameters wgc, wg, and wyg represent the weight coefficients of the energy cost, energy loss,

and voltage security functions, respectively. These coeflicients have a value between zero and one, and their sum

must always be equal to 1?. Therefore, by changing the values of these weight coefficients, it is expected that

the mentioned functions’ outputs are different, the plot of which in a 3-dimensional reference frame denotes

the Pareto front of the suggested approach?. Next, a fuzzy decision-making technique®* is utilized to access an
optimal or compromise point. The details of this technique for the suggested problem are as follows*:

- Step I Find the minimum (F™") and maximum (F"*) value of the energy cost, energy loss, and voltage
security functions for three case studies wgc=1, wg; =1, and wyg=1.

- Step 2 Select a random value for the weight coefficients so that their sum equals 1 (wgc + wgp + Wyg=1)..

- Step 3 Calculate the linear membership function for the energy cost, energy loss, and voltage security functions:

e If the value of a function (F) is less than F™", the linear membership function value for this function is 1.
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e If the value of a function is between F"" and F"*, the linear membership function value for the men-
tioned function equals the difference of the function value to F"** divided by the difference of F™" and
Frmax ((F— Fmax)/(Fmin _ Fmax)).

e If the function value is greater than F™*, then the linear membership function value is zero.

- Step 4 Determine the minimum value between the linear membership function of energy cost, energy loss,
and voltage security (this amount is denoted by ¢).

- Step 5 Upon reaching the maximum number of specified members of the Pareto front, step 6 is executed.
Otherwise, repeat steps 2 and 3.

- Step 6 Select a solution or compromise point corresponding to a point from the Pareto front that has the
maximum value of ¢.

Constraints of SDN

The constraints of the SDN are presented in Egs. (2)-(13). Constraints (2)-(7) describe the AC power flow model
in the SDN®-'°. These equations respectively express the active-reactive power balance on the buses, the active
and reactive power on the distribution lines, and the voltage phase angle and magnitude at the reference bus. In
this section, the desired voltage magnitude is equal to 1 p.u. The operational constraints of the SDN are stated
in constraints (8)-(11)'?"*2. The maximum apparent power passing through the distribution lines and posts
is modeled respectively in Egs. (8) and (9). These constraints are also known as line and substation capacity
constraints. Equation (10) presents the voltage magnitude constraint for the buses. The lower boundary leads to
the prevention of SDN’s shutdown in severe voltage drop conditions. Its upper limit prevents insulation damage
of SDN equipment due to high overvoltage?!. Constraint (11) models the power factor limitation of the distribu-
tion posts. The power factor is equal to the ratio of active to apparent power. In the present study, the minimum
power factor is set at 0.9%. The voltage security model corresponding to the WSI is stated in Egs. (12) and (13)?".
In constraint (12), the WSI for the weak bus (p) is calculated?'. WSI constraint is presented in Eq. (13). In this
paper, the minimum value of WSI is considered to be 0.82!.

PS b.,t,w + Zv: AV v,bPV v,t,w + zAL b,rPL brt,w = PC b,t,w Vb’ t,w, (2)
Qsbotw + O AvupQvuiw + O ALbrQubrtw = Qcbiw Yoot w, 3)
v r

P brtow = &L byr (Vb,t,w)z - Vb,t,w Vr,t,w {gL b,r COS (ab,t,w - ar,t,w) + bL b,r sin (ab,t)w - O‘r,t,w) } Vb, r,t,w,

(4)
2 .
Qrortw = —by b,r (Vb,t,w) + Vit Vr,t,w{bL b,r COS (Olb)t,w - Olr,t,w) — 8L b,y SIN (Olb,t,w - ar,t,w)} vb,r,t,w,

(5)
apiw =0 Vb=stw, (6)
Vorw=1 Yb=stw, (7)

2 2 <
V (Proniw)’ + (Quoiw)® = Stor Vouratow, ®)

2 2 =
V (Psiin)’ + (Qsiuw) <Ssp Voutw, ©)
Vi < Vpsw < Vi Vb, t,w, (10)

Power Factor
P
52"’”“ =209 Vhihw, (11)
N
4 2
WSl = (foht,w) - 4(Vp71,2,w) (RLpfl,p Pro—1ptw +Xp-1p QLpfl,p,t,w) (12)
2
- 4(XLp71,p Prp—1ptw — RLp-1p QLpfl,p,t,w) vt,w,

WSl > 0.8 Vi, w. (13)

Renewable VPP constraints
The operation model of renewable VPPs with EVPL and PBDR is presented in constraints (14)-(25). In con-
straints (14) and (15), the active and reactive power of VPPs from the SDN perspective is calculated. The active

Scientific Reports|  (2024) 14:19136 | https://doi.org/10.1038/s41598-024-70095-1 nature portfolio



www.nature.com/scientificreports/

power of VPP is equal to the sum of the active power of RESs (wind, solar, and bio-waste), PBDR, and EVs
in discharge mode minus the sum of the active power of EVs in charge mode and passive load. The reactive
power of VPP is equal to the sum of the reactive power of RESs and EV chargers minus the reactive power of
the passive load. In constraints (16)-(18), the apparent power capacity limitation of controllable PVs, WTs, and
BUs is presented. These constraints also represent the capability curve of RESs. The operation model of PBDR
is stated in constraints (19) and (20)*. The active power control limitation of consumers participating in the
DRP is consistent with constraint (19). In constraint (20), it is also ensured that all the energy consumed by the
consumer participating in PBDR is supplied from SDN during the operation horizon. Active power variations
of PBDRs depend on the price signal so that the minimum energy cost based on Eq. (1) is achieved. In this DR
model, in hours when the energy price is low (corresponding to off-peak hours), consumers increase their energy
consumption in these hours. However, in the case of high energy prices (corresponding to peak hours), these
consumers reduce their energy consumption®. In constraints (21)-(25), the operation model of EV parking is
stated*"?>?%, In constraint (21), the energy storage in the EV batteries is calculated. This quantity is the sum of
energy stored in the previous hour, the primary energy of the EVs that are connected to the VPP recently, and
the energy stored as a result of EVs operating in charge mode minus the energy discharged by EV's in discharge
mode and the energy consumed by EVs?. The limitation of the charge and discharge rate of EV batteries is mod-
eled in constraints (22) and (23). Equation (24) ensures that the charging and discharging operation of EVs does
not occur simultaneously. Finally, the apparent power limitation or capability curve of EV chargers is stated in
Eq. (25). In this equation, the limitation of active and reactive power controllable by EV chargers is stated®?2.
CR and DR in each hour are the sum of the charge and discharge rate of the connection of EVs to the VPP. E,
in each hour equals the primary energy of EVs newly linked to the VPP in that period. Ej, is also for the energy
consumed by EVs leaving the VPP.

Py ntw = Ppy wiw + Pwr wtw + Ppy wiw T+ Ppr wtw + (pDCH vtw — Pcy V,t,w) — Pc vtw Vv, t,w,

(14)
Qv vtw = Qpv wtw + Qwr vtw Qpu wiw T Qgv vtw — Qc vtw Vv, t,w, (15)

2 2 =
\/(PPVV,t,w) + (Qpviuew)” <Spvy Witw, (16)

2 2 =
\/(PWTv,t,w) + (Qwrviw)” < Swry Yntw, (17)

2 2 =
\/(PBU wiw) + (QBUvtw) < Ssuv Yn.t,w, (18)
—0vPcvtw < PpRvtw < 0vPcCviw Vv, t,w, (19)
Z PDR vtw — 0 VV, w, (20)

v,w
Eevytw = EEvvt—1w + Eavitw — EDvtw + NcHPCH v,t0 — PpcH v,tw Vv, £, w, (21)
NDCH
0 < Pcy ntw = CRv,t,w Vv, t,w, (22)
0 < Ppcu ntw = DRv,t,w Vv, t,w, (23)
PcaviwPpcHviw =0 Yy tw, (24)
2 2 =

\/(PDCHv,t,w —Pctiviw) + (Qevvew) <Sevy Vv t,w. (25)

In this article, as shown in Fig. 1, VPP is an aggregator and coordinator of resources, storage systems, and
response loads managed by DSO. Based on this definition of VPP, its operation model will be in the form of
relations (14)-(25). It is noteworthy that in this article, the optimal operation of VPP on the improvement of
technical and economic indicators in the distribution network has been investigated. Therefore, VPP’s goals, such
as obtaining financial benefits, were not considered in this article. But there is no limit to the implementation of
this issue, and VPP’s objectives can be added to the objective function (1).

Modelling of uncertainties based on the UT method

Uncertain parameters of the problem (1)-(25) include the amount of load, P and Q; renewable power genera-
tion, Py, Ppy, and Ppy; energy price, y, charge and discharge rate of EVs, CR and DR, and initial and consumption
energy of EVs, E, and Ej,. The proposed problem is an operation problem with a small execution step; so, the
problem needs to be simplified and the computation burden is lessened”. To achieve this goal, the volume of the
problem should be decreased. To this end, the UT-based stochastic optimization*” has been adopted here so that
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uncertainties can be properly modeled. The method with the minimum number of scenarios can derive a trust-
able optimal solution. So, for b uncertainty parameters, it requires 2n + 1 scenarios. In the suggested approach,
n=10, so the number of scenarios is equal to 21.

The formulation of the problem is denoted as y=f(z). Here, y € R" is an uncertain output vector with r ele-
ments and the z€ R” represents the vector of uncertain inputs. Also, y, and o, are the mean and covariance of
z. Symmetric and asymmetric elements of o, are used to calculate the variance and covariance of uncertain
parameters. Also, the UT method is applied to determine the mean and covariance of outputs, which are y, and
a,”’. The steps of the formulation of the problem are summarized here:

- Step I Take 2n+ 1 samples (z,) from the input data:

20 = Hz> (26)
[ b
Zs = Uz + maz Vs=1,2,...n, (27)
b
Ze = My — o, Vs=1,2,..,n, (28)
1—wo

here, W? shows the weight of y, (mean).
- Step 2 Evaluate the weighting factor of individual sample points:

w0 =wo, (29)
1—w°
W, = Vs=1,2,..,n, (30)
2n
_ o
Wepp = Vs+n=n+1,n+2,..2n, (31)
n
Z W, =1. (32)
s=1
- Step 3 Take 2n+ 1 samples from the nonlinear function to achieve output samples using Eq. (33).
Vs :f(zs)~ (33)
- Step 4 Evaluate 0, and p, of the output variable 6.
n
Ky = Z W6, (34)
s=1
- T
oy =D W6 —y) = (6 —1y) - (35)
s=1

In the proposed scheme, uncertainty parameters are P¢, Qc, Py, Ppys Pyys ¥ CR, DR, E, and Ej,. The total
number of uncertainty parameters (1) is 10. According to the UT method, the total number of scenario samples
is 2n+ 1, therefore, it is equal to 21 for the proposed problem. In each scenario, a specific value is selected for
each uncertainty parameter including load, renewable sources, and EVs based on the UT technique, (26)-(33),
and the mean and standard deviation value of these uncertainties. In other words, the UT method considers the
simultaneous modeling of all uncertainties in this section.

The proposed scheme includes a mathematical model*®~*2. This model is based on the optimization
formulation®*~. It includes the objective function that is in terms of min or max**~*. The optimization problem
includes the different constraints**-*’. Constraints are equality or inequality**->%. To apply the optimization model
on the distribution network, the network needs smart devices®->%. Smart systems include Telecommunication
devices and intelligent algorithms>"~°.

Numerical results and discussion

Case study

The suggested scheme, consistent with the formulation (1)-(25) and uncertainty modeling based on UT,
(26)-(33), is applied in this section to the 69-bus IEEE SDN as illustrated in Fig. 2°!. The network has a base
power of 1 MVA. The base voltage is 12.66 kV. The minimum and maximum permissible voltage magnitude
are respectively 0.9 and 1.05 per unit®%. The data of the distribution lines, such as resistance, reactance,
conductance, susceptance, and capacity for the mentioned network are provided in Ref.’. This network has
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Figure 2. IEEE 69 bus SDN®' with flexi-renewable VPPs.

one distribution post that is connected to bus 1. The bus is considered as the reference bus. The capacity of the
distribution post is also considered to be 5 MVA. The peak load data for different buses are stated in Ref.*'. The
load at different hours equals the multiplication of the peak load and load factor®-72. The expected daily curve
of the load factor, consistent with the data of Isfahan, Iran, is plotted in Fig. 3. The energy price is based on the
time of use (TOU), which for low-load (peak-load) hours, 1:00-7:00 (17:00-22:00), is 16 $/ MWh (30$/MWh).
The energy price in the mid-load range, 8:00-16:00 and 23:00-00:00, is 24$/MWh?!'. The mentioned network,
as shown in Fig. 2, has 8 flexible-renewable VPPs. The location of these VPPs is shown in Fig. 2. Their data are
based on Table 2. The power generated by a RES for different periods can be found by multiplying its capacity
and the power generation rate of this resource. The expected daily curve of the power generation rate of WT,
PV, and BU, based on the data of Isfahan, Iran, is plotted in Fig. 3. The number of EVs in each VPP is stated
in Table 2. The specifications of each EV, such as battery capacity, vehicle type, charge and discharge rate, and

Rate value

—e—Network load

021

Hour

Figure 3. Daily curve of load factor, generation power rate of RESs, and EV penetration rate.
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Size of renewable

source (MVA)
VPP |WT |PV |BU | Total number of EVs | Consumer participation rate in PBDR (%)
1 0.6 02 |0 200 40
2 0 0.1 |05 100 40
3 0.3 03 |03 200 50
4 0.5 0 200 50
5 0 0 0.5 100 40
6 0 02 |03 100 40
7 0.4 02 |0 200 50
8 0 03 |0 100 30

Table 2. Data of RESs, EVPL, and PBDR in VPPs.

charger capacity are stated in Refs.?"?2. The efficiency of charging and discharging the EV battery is respectively
considered to be 93% and 92%%¢. The initial and consumed energy of each EV is respectively equal to 20% and
80% of the EV battery capacity. The number of EV's present at each hour will be a multiplication of the number
of EVs and the penetration rate of EVs. Figure 3 illustrates the expected daily curve of the EV penetration rate?.
The peak load in each VPP equals 150% of the peak load at the VPP connection location.

Numerical results

The findings of the suggested plan, consistent with the data from the previous section, are presented. The simula-
tion is performed in the GAMS optimization software environment, and the IPOPT algorithm’? is utilized in this
software to solve the problem. This algorithm is suitable for solving non-linear problems, and it has a toolbox
in the mentioned software. Therefore, this algorithm calculates the optimal values of the objective function, (1),
considering constraints (2)-(25). The following part provides a complete report on the findings.

Evaluation of the compromise solution between economic, operational, and DSO security objectives

Table 3 tabulates the Pareto front for the suggested plan, where 0, 0.25, 0.33, 0.5, 0.75, and 1 are the values
considered for different weight coefficients. Accordingly, the minimum values of energy cost, energy losses, and
voltage security index (total WSI based on Eq. (1)) are respectively equal to 1422.6 $, 1.354 MWh, and 19.8 p.u.
The maximum values of these functions are respectively equal to 2943.5 $, 3.023 MWh, and 23.1 p.u. Therefore,
the range of variations (the difference between maximum and minimum values) are respectively equal to 1520.9
$, 1.669 MWh, and 3.3 p.u. The minimum values of energy cost and energy losses are obtained respectively for
wgc=1 and wg; = 1. The maximum value of total WSI is obtained for wys= 1. In Eq. (1), the coeflicient of the
voltage security index is negative, because WSI should be maximized. Therefore, at wys =1, the best (maximum)
value of the voltage security index is obtained. The maximum values of energy cost and energy losses are obtained
respectively under conditions wg; =1 and wge = 1. The minimum value of total WSI is also obtained at wgc=1.
Based on Table 3, the ascending and descending trends of objective functions are not the same. With the decrease
in energy cost, energy losses become higher. The reason is that VPPs should inject high active and reactive power
into the network to minimize energy costs. However, in such conditions, the power in the direction of VPP may
increase towards the reference bus, which corresponds to an increase in the current flowing on the distribution
lines and ultimately an increase in energy losses. The findings for the compromised solution between energy

Wgc wg, | wys | Energy cost ($) | Energyloss (MWh) | Voltage Security (sum of WSI) (p.u.)
1 0 0 1422.6 3.023 19.8
0 1 0 2943.5 1.354 215
0 0 1 2381.2 2.137 23.1
0.75 025 |0 1923.7 2.479 20.0
0.75 0 0.25 | 1945.6 2.891 20.4
0 0.75 |0.25 |2811.3 1.573 21.7
0.25 075 |0 2683.2 1.897 19.9
0.25 0 0.75 | 2694.1 2.867 22,5
0 0.25 |0.75 |2900.4 1.676 22.7
0.5 0.5 0 2018.5 2.094 19.9
0.5 0 0.5 2057.2 2.746 20.9
0 0.5 0.5 2854.8 1.722 22.4
0.33 0.33 ]0.33 |2145.6 2221 212

Table 3. Pareto front of the suggested grid-connected VPP operation.
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cost, energy losses, and voltage security are reported in Table 4. To extract a more accurate solution, the number
of members of the Pareto front for Table 4 was increased. In such a way that the step of changes of each weight
coeflicient was considered equal to 0.01. According to Table 4, for modeling uncertainties with UT, the optimal
values of energy cost, energy losses, and voltage security at the compromise point are respectively equal to 1862.1
$, 1.902 MWHh, and 22.4 p.u. At this point, the energy cost is about 28.9% (1520.9 + (1422.6-1862.1)) away from
its minimum value (1422.6 $). This value for energy losses and voltage security is respectively about 32.8% and
21.2%. In other words, fuzzy decision-making has been able to obtain an optimal value for different objective
functions in such a way that they are a little away from their best value (minimum value equal to energy cost
and energy losses, and maximum value for voltage security).

In Table 4, the results for modeling uncertainties with the UT and SBSO methods are presented. The SBSO
combines the roulette wheel mechanism and the Kantorovich method”. The former initially produces quite a
few scenarios (in this section, 2000 scenarios). In each of the scenarios, the values of uncertainty parameters
are specified using their mean and standard deviation. The probability of each uncertainty parameter in each
scenario is found by utilizing the normal probability function. The probability of each generated scenario is the
multiplication of the probabilities of uncertainties. Subsequently, the Kantorovich method was adopted to reduce
the number of scenarios to select a specific number of generated scenarios with the minimum distance from
each other. Then, these scenarios are applied to the problem. The complete details of this method are explained
in Ref.”>. In Table 4, the results for 30, 60, 90, and 120 scenarios obtained from the Kantorovich method are
stated. As per Table 4, the mentioned objective functions for a high number of scenarios in SBSO (more than 90
scenarios) are close to the results obtained in the UT method. But UT has obtained the mentioned solution for
21 scenarios based on “Modelling of uncertainties based on the UT method” section. This has resulted in UT
obtaining a reliable solution in a much lower computational time than SBSO. For a low number of scenarios for
SBSO, the distance of results to UT is greater. In this situation, based on Table 4, a more desirable situation for
the objective functions compared to UT or a high number of scenarios in SBSO has been obtained. This desir-
able situation is because some of the important scenarios that have a significant impact on the problem have not
been considered, and this is a limitation. Therefore, a reliable solution for SBSO is obtained for a high number
of scenarios. The UT has a low number of scenarios, therefore, its computing time is much less than SBSO with
several different scenarios. In SBSO, the computing time increases with the increasing of scenarios number.
Because in this situation, the volume of the problem increases. Since for the number of scenarios more than 90,
SBSO obtains a reliable solution, therefore, the suitable number of scenarios for SBSO is equal to 90, because
compared to scenarios more than 90, it has less computing time.

In Table 4, numerical results are presented for different solvers such as IPOPT, CONOPT, BARON, KNITRO,
LGO, and MINOS". These algorithms in GAMS software have toolboxes and they are useful for solving non-
linear problems. According to Table 4, among the mentioned algorithms, IPOPT has been able to obtain the most
optimal solution in a lower computing time. So that it has the lowest amount of energy cost and energy loss and
the highest amount of voltage security index. Its convergence time is equal to 472 s, but the calculation time in
other algorithms is more than 600 s. Therefore, IPOPT is the most suitable solution algorithm for the proposed
plan. Therefore, only the numerical results for IPOPT were expressed for SBSO.

Examination of the performance of renewable VPPs with PBDR and EVPL

In Figs. 4 and 5, the expected daily active and reactive power curves for RESs, EVPL, PBDR, and VPPs for the
compromise point are presented, respectively. As per Figs. 3 and 4a, the trend of changes in the active power
output of the RES is analogous to the daily power generation rate curve of this source, but they are numerically
different. Based on this, it is seen that the highest level of power generated from all RESs is obtained in the hours
of 8:00-18:00. But at other hours, the level of power generated by renewable wind, solar, and bio-waste resources
is less. In Fig. 4b, consumers involved in PBDR raise energy demand in low-load (1:00-7:00) and mid-load
(8:00-16:00 and 23:00-24:00) hours. Energy consumption in off-peak periods is more than mid-load hours.
Based on “Case study” section, the energy price in the mid-load range is higher than in the low-load range. In
peak-load hours (17:00-22:00), these consumers reduce their energy consumption. These hours correspond to
high energy prices. This mode of operation of consumers in PBDR corresponds to the price signal and its goal

Calculation
Uncertainty model Wi g Wys Energy cost ($) Energy loss (MWh) The sum of WSI (p.u.) | time (sec)
IPOPT 0.08 0.78 0.14 1862.1 1.902 224 472
CONOPT 0.08 0.78 0.14 1863.8 1.912 22.1 608
UT method with BARON 0.07 0.80 0.13 1879.2 2.067 21.1 985
KNITRO 0.07 0.80 0.13 1875.4 2.061 21.3 923
LGO 0.07 0.80 0.13 1871.5 2.022 21.6 867
MINOS 0.08 0.78 0.14 1866.3 1.942 21.9 712
30 scenarios 0.09 0.78 0.13 1840.7 1.849 23.1 514
SBSO with the IPOPT 60 scenarios 0.09 0.77 0.15 1852.1 1.869 229 712
solver 90 scenarios 0.08 0.78 0.14 1859.5 1.884 22.6 876
120 scenarios 0.08 0.78 0.14 1861.4 1.896 22.5 981

Table 4. Compromise point of the suggested approach based on different uncertainty models and solvers.
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Figure 4. Expected daily active power curve of, (a) RESs, (b) flexibility sources, (c) VPP.

is to reduce energy cost based on Eq. (1). EVs, based on Fig. 4b, receive high energy during oft-peak periods
(1:00-7:00) from VPP. This energy equals the energy consumption EVs need for future trips. They, because the
energy price in these hours is low, obtain their required energy consumption in the low-load range to reduce
energy costs. EVs also perform charging operations in the hours of 12:00-16:00. This operation is for storing
energy in the EV batteries that can be injected into the VPP or network during peak-load hours. In other words,
with the mode of operation of EVs, it is expected that their charging cost and ultimately the network energy
cost will be reduced. Finally, the expected daily active power curve of VPPs from the network’s point of view
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Figure 5. Expected daily reactive power curve of (a) RESs, (b) flexibility sources, (c) VPP.

is shown in Fig. 4c. This power is calculated by Eq. (14). According to Fig. 4c, VPPs inject a high level of active
power into the network during 8:00-18:00. Because in these hours, RESs produce high energy. VPPs are also
in the role of an electricity producer in peak-load hours. Because in these hours, EVPL and PBDR, along with
RESs, wind, solar, and bio-waste, act as an electricity producer. But at other operating hours, the level of active
power of VPPs is low, in such a way that VPPs are in the consumer mode in the low-load range. Because in these
hours, EVPL and PBDR are in the consumer mode.
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Based on Fig. 5, it is observed that RESs and EVPLs inject reactive power into VPPs in the hours of 1:00-7:00
and 19:00-24:00, and at other hours they do not produce reactive power according to Fig. 5a,b. In the hours
of 1:00-7:00, VPPs are in consumer mode according to Fig. 4. Therefore, to compensate for voltage drop and
improve operational conditions (reducing energy losses) and voltage security in these conditions, RESs and
EVPL inject reactive power into VPPs. In the hours of 19:00-24:00, the level of load consumption in the network
is high. Therefore, various resources in VPP produce reactive power to boost the economic, operation, and
voltage security metrics during these hours. Figure 5c shows the expected daily reactive power curve of VPPs.
This power is calculated by Eq. (15). Accordingly, VPPs are in the mode of producing reactive power during
1:00-7:00 and 19:00-24:00. Because in these hours, RESs and EVPL produce reactive power according to Fig. 5.
But at other hours, VPPs are in the mode of consuming reactive power. Because in these hours, based on Fig. 4,
VPPs inject larger amounts of active power into the network. Therefore, in such conditions, an excess voltage
may be created in the network. To address this issue, VPPs are in the mode of consuming reactive power to
prevent severe voltage deviation.

Examination of the economic, security, and operational status of the SDN

In Table 5, the value of economic (energy cost), security (weak bus and minimum WSI value), and operation indi-
ces (energy losses, maximum voltage drop, maximum over-voltage, and peak load carrying capability (PLCC))
for various case studies are reported:

- Case I: Load flow study (network without VPPs).

— Case II: VPP including only RESs.

- Case III: Case II + PBDR.

- CaselV: Case II+EVPL.

— Case V: Case III + EVPL without considering reactive power management by VPPs.
- Case VI: Case IIT+ EVPL considering reactive power management by VPPs.

PLCC refers to the network’s ability to handle a certain peak load, considering the daily load factor curve
according to Fig. 3. As Table 5 expresses, the highest energy cost, energy losses, and voltage drop occur in Case
I, where the minimum values of WSI, excess voltage, and PLCC exist. This condition originates because the
entire network load is fed from different buses from the upstream network, and there are no local sources in the
network. In Mode II, with the presence of RESs in VPPs, the situation of the mentioned indices improves, except
for excess voltage. Compared to Case I, energy cost, energy losses, and voltage drop decrease by approximately
25%, 36.4%, and 44.6% respectively. WSI and PLCC increased by approximately 8.9% and 33.7% respectively. The
maximum excess voltage increases to 0.034 p.u., but this value is smaller than its allowable boundary of 0.05 p.u.
(1-1.05). In Case ITI, when PBDR are present along with RESs in the form of VPP, more desirable conditions for
different indices compared to Cases I and II are obtained. In such a way that energy losses, energy cost, maximum
voltage drop, WSI, and PLCC improve by approximately 40%, 44.2%, 46.7%, 19.5%, and 44.3% respectively than
in Case I. In this condition, the maximum excess voltage decreases by about 35.3% compared to Case IL In Case
IV, with the presence of EVPL along with RESs in VPP, a more desirable situation is obtained than in Case I,
but in comparison with Cases II and III, the network situation is weaker. In this case study, compared to Case I,
WSIL, PLCC, energy losses and cost, and maximum voltage drop improve by approximately 17.7%, 29.7%, 32.5%,
23.6%, and 46.7% respectively. The maximum excess voltage also decreases by about 29.4% in Case IV compared
to Case II. In Case V, EVPL and PBDR are placed in VPP along with RESs, but reactive power management
by EVPL and RESs in VPP is eliminated. In this case, more desirable conditions for the network are obtained
compared to Cases I to IV. However, the best economic, operational, and security situation of the network in
Case V1 is obtained compared to other case studies. Case VI is similar to Case V, with the difference that reactive
power management of VPP is also considered. In Case VI, energy cost, energy loss, and maximum voltage drop
decrease by approximately 43%, 47.9%, and 48.9% than in Case I. WSI and PLCC in this condition increase by
approximately 26.9% and 51.4% respectively. In this condition, the maximum excess voltage decreases by about
61.8% compared to Case II.

Case I 11 111 v v A%t
Economic Energy cost ($) 3269.2 |2451.6 |1824.2 |2502.3 |1891.3 |1862.1
Weak bus 27 27 27 27 27 27
Security
Min WSI (p.u.) 0.735 0.815 0.878 0.865 0.918 0.933
Energy loss (MWh) 3.65 2.321 2.192 2.465 1.936 1.902
Maximum voltage drop (p.u.) 0.092 |0.051 |0.049 |0.049 |0.048 |0.047
Operation
Maximum over-voltage (p.u.) 0 0.034 0.022 0.024 0.015 0.013
Peak load carrying capability (MW) | 3.715 | 4.967 | 5.361 5284 |5.601 5.624

Table 5. Economic, operation, and security situation of SDN considering various cases.
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Conclusions

This article presented an economic exploitation constrained by voltage security for a Smart Distribution Net-
work, by focusing on the simultaneous active-reactive power management of a renewable VPP equipped with
EV parking and price-responsive load. The suggested approach minimized the weighted sum of expected energy
cost and energy losses minus the voltage security index. It was also subject to optimal AC power flow equations,
voltage security constraints, and the operation model of resources, mobile storage, and energy consumption
management program as a VPP. Subsequently, a fuzzy decision-making technique was adopted to extract a
compromised solution between economic, operational, and voltage security objectives for the distribution sys-
tem operator. The approach is subject to uncertainties of load, renewable power, energy price, and aggregation
parameters of electric vehicles. In this article, the Unscented transformation method was incorporated so that
uncertain parameters are perfectly modeled. Findings have shown that the fuzzy decision-making found values
for economic, operational, and voltage security objective functions at a compromised point. The values had a
small distance from their best value (minimum/maximum value of losses and energy cost/voltage security). This
distance for energy loss, energy cost, and voltage security is approximately 32.8%, 28.9%, and 21.2%, respectively.
The Unscented transformation method, compared to scenario-based stochastic optimization, was able to reach
a trustable solution with the minimum possible number of scenarios and computational time. With the optimal
simultaneous active-reactive power management of electric vehicles, load responsiveness, and RESs as a virtual
power plant, the economic status, operation, and voltage security of the SDN have improved by approximately
43%, 47-62%, and 26.9% respectively, compared to power flow studies. Note that only PBDR can improve the
economic, operation, and voltage security indices of the distribution network by about 44%, 35-47%, and 19.5%,
respectively, compared to the power flow model.

Based on the numerical results, it was observed that the virtual power plants with their optimal performance
in the distribution network can improve the economic and technical status of this network. Therefore, they can
benefit from this in different markets. This topic was not included in the proposed plan; however, it was con-
sidered as future work.

Data availability

All data generated or analyzed during this study are included in this published article, “Case study” section.
Also, the datasets used and/or analyzed during the current study are available from the corresponding author
upon reasonable request.
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