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a b s t r a c t

Environmental concerns, improvements in renewable energy technologies, governmental incentives for
the use of these resources, and increased T&D costs, are the main factors driving the energy sector into
a new era, where considerable portions of electrical demand will be met through widespread installation
of Distributed Energy Resources (DERs). The Virtual Power Plant (VPP) is a decentralized energy manage-
ment system tasked to aggregate the capacity of some Distributed Generations (DGs), storage facilities,
and Dispatchable Loads (DLs) for the purpose of energy trading and/or providing system support services.
Due to the stochastic behavior of the prime sources of some DGs, such as wind speed and temperature,
the steady state analysis of the systems with integration of such DG units requires a probabilistic
approach. In this paper, a probabilistic Price Based Unit Commitment (PBUC) approach using Point Esti-
mate Method (PEM) is employed to model the uncertainty in market price and generation sources, for
optimal bidding of a VPP in a day-ahead electricity market. Also, the uncertainty of stochastic DGs gen-
erations is handled through increasing the amount of required reserve. The proposed model allows a VPP
to decide on the unit commitment of its DERs, and the optimal sale/purchase bids to the day-ahead mar-
ket. The proposed optimization algorithm is applied to an 18-buses system.

� 2012 Elsevier Ltd. All rights reserved.
1. Introduction

Due to the growth of energy consumption, the extensive use of
conventional fossil fuels from the exhaustible resources and the
environmental concerns, high penetration of distributed energy re-
sources is considerably observed worldwide [1]. The integration of
DERs in the electricity system imposes benefits and costs to elec-
tricity market players such as DERs, distribution and transmission
networks operators. On the other hand, renewable energy technol-
ogies are playing an important role into the energy mix of future
power systems. However, the intermittent nature of the output
from these resources is frequently discussed as a potential barrier
to larger scale application of these technologies.

Several definitions are available for describing distributed en-
ergy resources. Sometimes these definitions are not consistent.
Distributed generation, can be defined as generation located at or
near the load centers. CIGRE defines DG as the generation that
has the following characteristics [2]: It is not centrally planned;
it is not centrally dispatched at present; it is usually connected
to the distribution network and it is smaller than 50–100 MW.
Also, the DER portfolio includes not only the generators but also
energy storage and load control.
ll rights reserved.
DGs can generally be divided into two main groups: renewable-
based and fueled-based technologies. Fuel-based technologies in-
clude conventional steam and combustion turbines, Internal Com-
bustion Engine (ICE) generators, Micro-Turbines (MTs), and Fuel
Cells (FCs). Renewable based technologies include Photovoltaic cells
(PVs), Wind Turbines (WTs), and small-scale hydro-generation.
High penetration of variable output generation such as wind and
photovoltaic system exceeds the expected variability and uncer-
tainty of the power system. REnewable Source (RES) based DGs can-
not be regulated and their outputs are determined by the
availability of the primary source, i.e., wind or sun radiation.

The issues of operations and planning of distribution networks
in the presence of DERs have been studied and examined in some
recent research. The long-term policies of distribution system
expansions and the way they are affected in the new environment
have been discussed in [3–6]. The short-term operations aspects of
distribution systems in deregulated electricity markets have been
investigated in [7–9]. In [10], a short-term scheduling procedure
is adopted, composed of two stages: a day-ahead scheduler for
the optimization of distributed resources production during the
following day, and an intra-day scheduler which adjusts the sched-
uling every 15 min so that the operation requirements and con-
straints of the distribution network are taken into account. The
integration of DERs into power system operation through partici-
pating in the ancillary service markets for providing regulation,
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Nomenclature

k set of hourly intervals
DG set of dispatchable DGs active in VPP
SG set of stochastic DGs active in VPP
GSP set of grid supply points
DL index for dispatchable load
kk

DM;GSP day-ahead market price at the GSPs in hour k ($/MW h)

kk
Forecast;DM forecasted day-ahead market price in hour k ($/MW h)

qk
DSO price that is charged to local DSO customers in hour k

($/MW h)
Pk

DL the curtailment value of dispatchable load in hour k
(MW)

Pk
DL;max upper limit for curtailing on DL (MW)

Ck
DL cost of an interruptible consumer to curtail its load in

hour k ($/MW h)
Pk

SG generation of stochastic DG in hour k (MW)
Pmax

SG installed capacity of stochastic DG (MW)
Pk

SG;forecast expected generation of stochastic DG in hour k (MW)
Pk

DG generation of dispatchable DG in hour k (MW)
Pmax

DG maximum DG capacity limit for active power (MW)
Pmin

DG minimum DG capacity limit for active power (MW)
SUCDG start up cost of DG unit ($)
SDCDG shut down cost of DG unit ($)
ak

DG binary decision variables for dispatchable DG unit status
in hour k (on = 1, off = 0)

ak
SG binary decision variables for stochastic DG unit status in

hour k (on = 1, off = 0)
bk

DG Binary decision variables for dispatchable DG unit start
up decision in hour k

ck
DG binary decision variable for dispatchable DG unit shut

down decision in hour k
CDG, CSG generation costs of dispatchable and stochastic DG

units, respectively ($/MW h)

RUPDG ramp-up limit for DG unit (MW/h)
RDNDG ramp-down limit for DG unit (MW/h)
MUPDG minimum up time limit for DG unit (h)
MDNDG minimum down time limit for DG unit (h)
Pk

VPP;GSP active power exchange at the GSPs (MW)
Smax

GSP the rating of the GSP, for exchanging power with the
main grid (MVA)

Sk
GSP apparent power exchange at the GSPs (MVA)

Vk
i bus i voltage in hour k (kV)

Vmin
i ;Vmax

i minimum and maximum limits on bus voltages,
respectively (kV)

a,b model estimation parameters for distribution network
demand

Pk
G;i active power supplied through GSPs or by DG to bus i in

hour k (MW)
Qk

G;i reactive power supplied through GSPs or by DG to bus i
in hour k (MVar)

Pk
Dem;i active power demand at bus i in hour k (MW)

Qk
Dem;i reactive power demand at bus i in hour k (MVar)

hij angles of complex Y-bus matrix elements (rad)
di voltage angle at bus i (rad)
Yij magnitude of admittance matrix element
Pk

Demand total active power demand of the distribution network
in hour k (MW)

Pk
Loss total active power loss of the distribution network in

hour k (MW)
Sk

ij apparent power flow from bus i to bus j in hour k (MVA)
Smax

ij upper limit for apparent power flow from bus i to bus j
in hour k (MVA)
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reserve services and voltage regulation are considered in [11–17].
In [18], the performance of customer-owned DG units is quantified
from different perspectives through an uncertainty study. Implica-
tions and planning aspects of the interconnection of decentralized
renewable resources into distribution grids are studied in [19–22].
In [23], a multi-period AC Optimal Power Flow (OPF) is used to
determine the optimal accommodation of renewable DG in a way
that the system energy losses are minimized. Optimum allocation
of the maximum possible DG penetration in a distribution network
is studied in [24]. A reconfiguration methodology based on an ant
colony algorithm is proposed in [25] that aims at achieving the
minimum power losses and increments load balance factor of ra-
dial distribution networks with DGs.

The future power system may have a large number of distrib-
uted generators and variable power generation from renewable en-
ergy resources. The challenges of designing a sustainable future
power system with an integration of many distributed energy re-
sources, especially renewable based units, are investigated in var-
ious research and projects [26]. However, the aggregation of many
small-capacity generators into one large power generation project
could improve the economics of DERs. If several DER units are
linked together and are operated as one unit, the concept is often
called a Virtual Power Plant (VPP).

VPP concept and its potential use in system operation, have
been identified in some recent publications. The VPPs framework
has been conceptually established in 1997 [27]. There are two
types of a VPP. Commercial Virtual Power Plant (CVPP) is one type
of VPP operation. From the commercial point of view, VPP as a
market agent seeks to obtain the maximum benefit from the gen-
eration and the demand portfolio without considering the network
constraints. Technical Virtual Power Plant (TVPP) is another type of
VPP operation. The TVPP takes into consideration also the opera-
tion of the grid. On the other hand, a TVPP consists of some DERs
from the same geographic location. In this case, the impact of oper-
ation on the distribution network is also considered [28]. In other
words, the CVPP optimizes its portfolio with reference to the
wholesale markets, and passes DER schedules and operating
parameters to the TVPP. The TVPP uses input from the CVPPs oper-
ating in its area to manage any local network constraints and
determine the characteristics of the entire local network at the
Grid Supply Points (GSPs) [28].

To determine the optimal operation of DERs for the next time
horizon, a VPP should solve a Unit Commitment (UC) problem. On
the other hand, in the context of liberalized markets, the UC prob-
lem is applied in two ways, namely, Security Constrained Unit Com-
mitment (SCUC) and Price Based Unit Commitment (PBUC). The VPP
UC problem is different from a normal UC problem by two main
aspects. Firstly, the DER included in a VPP may be connected to
various points in distribution network; so the network characteris-
tics impact the decision making problem of a VPP. As a result, VPP
considers the constraints of both network and DERs when bidding
to the markets. Secondly, the uncertainties related to the output
of the individual DERs, especially variable output ones, are the main
limiting factors for the participation of individual small-scale DERs
in the day-ahead market. Therefore, it is necessary to include these
uncertain parameters in the problem formulation.
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In [29], a market-based VPP model is proposed which provides
individual DER units accesses to the current electricity markets.
Also two operating scenarios for VPP operation, namely, general
bidding scenario and price signal scenario are considered. An opti-
mization algorithm is proposed in [30], to integrate some DGs into
a VPP, capable of generating and selling both thermal and electrical
energies. The objective function to be minimized is the variable
cost associated with the supply of thermal and electric energies
to the loads. A VPP including a wind turbine, a solar unit, a fuel cell
and a storage battery; that can optimally operate the generation
units, assuring the good functioning of equipment, including the
maintenance, operation cost and the generation measurement
and control; is considered in [31]. Optimized management of clus-
tered CHP systems in the form of a VPP is used in [32]. Authors in
[33], provide an optimization algorithm to manage a VPP com-
posed of a large number of customers with thermostatically con-
trolled appliances. The proposed algorithm, based on Direct Load
Control (DLC), determines the optimal control schedules that an
aggregator should apply to the controllable devices of the VPP, in
order to optimize load reduction over a specified control period.
A powerful tool for optimizing a coordinated operation of DG units
in a VPP under uncertainty of power prices, power demand, and in-
feed from renewable resources is proposed in [34]. A TVPP includ-
ing dispatchable DGs, electrochemical storages, and interruptible
loads is considered in [35,36]. The bidding problem faced by this
VPP in a joint market of energy and spinning reserve service is dis-
cussed. The proposed bidding strategy is a non-equilibrium model
based on the deterministic PBUC which takes the supply–demand
balancing constraint. Authors in [37] propose a new methodology
based on nodal pricing for optimal operation of a VPP in profit
maximization of its owner.

To the best of our knowledge, VPP bidding problem is only re-
ported in [38], later refined in [35,36]. On the other hand, most of
the early works on the PBUC problem use a deterministic formu-
lation. Deterministic PBUC uses a fixed and assigned input set of
variables which can be formed by market prices and generation/
load values. Since the precision of market price forecasting could
have a direct impact on PBUC solution, it would be very impor-
tant to consider the market price uncertainty in the PBUC prob-
lem formulation. On the other hand, due to the stochastic
behavior of the prime sources of some DGs, such as wind speed
and temperature, the uncertainties related to the output of these
units are the main limiting factors for their participation in the
day-ahead market. Therefore, it is also necessary to include these
uncertain parameters.

Many engineering problems are subject to uncertainty, due to
the inherent randomness of natural phenomena or to the implicit
and inaccurate assumptions related to the modeling approach
[39]. In order to take the uncertainties into consideration, different
mathematical approaches for uncertainty analysis can be used.
These techniques may be classified into the three main categories:
Monte Carlo simulation, analytical methods, and approximate
methods [39]. Uncertainty propagation studies based on sam-
pling-based methods, such as Monte Carlo’s, require several model
runs that sample various combinations of input values. This tech-
nique has been widely used in power systems analysis to model
uncertainty. The main drawback of the Monte Carlo method is
the great number of simulations required to attain convergence.
The analytical approach analyzes a system and its inputs using
mathematical expressions, e.g. Probability Density Functions
(PDFs), and obtains results also in terms of mathematical expres-
sions. Analytical methods are computationally more effective, but
they require some mathematical assumptions in order to simplify
the problem. Likewise, convolution techniques are used to obtain a
mathematical description of the behavior of output random vari-
ables. Approximate methods provide an approximate description
of the statistical properties of random output variables. Within
these methods, point estimate approaches stand out. As Monte
Carlo simulation, point estimate method uses deterministic rou-
tines for solving probabilistic problems; while requiring a lower
computational burden. Furthermore, point estimate method over-
comes the difficulties associated with the lack of perfect knowl-
edge of the probability functions of stochastic variables, since
these functions are approximated using only their first few statis-
tical moments (i.e., mean, variance, skewness, and kurtosis). There-
fore, a smaller level of data information is needed [39].

The aim of this paper is carrying out an optimal dispatch so that
the operator of a VPP is capable of determining its economical opti-
mum, in consideration of the relevant technical and economical
constraints as well as some existing uncertainties. A TVPP similar
to what defined in [28], is considered in this paper. A probabilistic
PBUC with constraints for the inclusion of stochastic DG generation
is proposed. The proposal uses a particular case of the point esti-
mate method, known as Hong’s Two-Point Estimate Method
(TPEM), rather than the traditional approach based on Monte Carlo
simulation. The main feature of the TPEM is that it only requires
resolving 2 �m deterministic PBUC to obtain the behavior of m
random variable. Since this paper focuses on the uncertainties in-
volved by renewable generation sources and market prices, it is as-
sumed that their statistical features are estimated or measured and
there is no correlation between random input variables including
market prices and generations. The impacts of generation of these
resources are also modeled by increasing the amount of required
reserve. Mixed Integer Nonlinear Programming (MINLP) is used
for solving deterministic PBUC problems. The objective function
of the above problem is to maximize the expected value of the
profit for selling energy in the day-ahead market and covering
DSO demand. The main contributions of this work are summarized
as follows:

1. A probabilistic PBUC model is presented which allows a VPP to
decide on the unit commitment of its DERs, and the optimal
sale/purchase bids to the day-ahead market.

2. The stochastic behavior of the market price and stochastic DGs
generations are modeled in the problem formulation using
point estimated method.

3. The possibility of exchanging energy with the upstream net-
work via various grid supply points is considered in this paper.

The rest of the paper is organized as follows: Section 3 presents
a review on VPP. Problem formulation is described in Section 4.
Section 5 describes the test system used in this paper. A brief sum-
mary of the simulation used to obtain the results, numerical results
along with some observations and discussions are also included in
this section. Finally, the contributions and conclusions of the paper
are summarized in Section 6.
2. Virtual power plant

The increase in the amount of distributed energy resources,
especially distributed generators based on renewable energy
sources, is leading to many changes in a power system. In this sit-
uation, distributed generation and controllable demand may have
the opportunity to participate in the operation of transmission
and distribution networks. If all DG units individually present
theirs outputs into an electricity market, due to expected penalty
of not meeting the accepted schedule, the corresponding risk is
high and DG operators will be dissuaded to access the market in
individual form. Then, DG operators are obliged to accept relatively
low prices for their energies and will not be able to take the advan-
tage of participating in competitive electricity markets. This situa-
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tion is worse particularly when the price of electricity is high and
system needs more generation [40]. Therefore, penetration of DERs
at main grids has caused emerging new concepts such as ‘Active
distribution network’, ‘Cells’, ‘Microgrid’ and ‘Virtual power plant’.
The VPP concept is based on the idea of aggregating the capacity of
some distributed energy resources; generation, storage, or de-
mand; in order to create a single operating profile, similar to a
transmission-connected generator. VPPs are multi-technology
and multi-site heterogeneous entities. In the scope of a VPP, pro-
ducers can make sure their generators are optimally operated. At
the same time, VPPs will be able to commit to a more robust gen-
eration profile, raising the value of non-dispatched generation
technologies.

The following definition is provided by the European project FE-
NIX: ‘‘A Virtual Power Plant (VPP) is a flexible representation of a
portfolio of DERs that can be used to make contracts in the whole-
sale market and to offer services to the system operator’’. There are
two types of VPP, the Commercial VPP (CVPP) and the Technical
VPP (TVPP). A DER can simultaneously be a part of both a CVPP
and a TVPP [28]. The CVPP is a competitive market actor that man-
ages the DER portfolio(s) to make optimal decisions on participa-
tion in electricity markets. The TVPP aggregates and models the
response characteristics of a system containing DERs, controllable
loads and networks within a single electric-geographical (grid)
area. Therefore, the role of TVPP in distribution networks is the
same as the transmission system operator’s role in transmission
systems. The primary objective of optimal operation of VPP can
vary. For example, economic optimization can either aim at mini-
mizing the costs of producing energy and supplying it to the loads
or maximizing the profits of a VPP owner.
3. Problem formulation

3.1. Bidding strategy of VPP in a day-ahead market

In the context of liberalized markets, the UC problem is applied
in two ways, namely, Security Constrained Unit Commitment
(SCUC) and Price Based Unit Commitment (PBUC). The PBUC is a
suitable approach for bidding in markets (energy and ancillary ser-
vices) and can consider inter-temporal effects and integer variables
such as minimum on/off times and ramping limits of generators
[35].

The development of a bidding algorithm for a VPP, operating in
a short-term electricity market, requires not only the usage of tra-
ditional unit commitment or economic-dispatch models, but also
incorporating new market-modeling equations. In fact, the way
market price is included in the model, plays an important role in
optimal bidding of a VPP. Basically, the deterministic PBUC uses
the fixed and assigned input set of variables which can be formed
by market prices and generation/load values. Since the precision of
market price forecasting could have a direct impact on PBUC solu-
tion, it would be very important to consider the market price
uncertainty in the PBUC problem formulation. On the other hand,
due to the stochastic behavior of the prime sources of some DGs,
such as wind speed and temperature, the uncertainties related to
the output of these units are the main limiting factors for their par-
ticipation in the day-ahead market. Therefore, it is also necessary
to include these uncertain parameters in the problem formulation.

In this paper, a VPP with a set of DERs is considered and as-
sumed that the VPP wishes to submit a bid to the day-ahead elec-
tricity market. A bid contains information on how much power, in
which area, and at what time a market participant is willing to buy
or sell. We assume that VPP is a price-taker player that obtains its
revenues by selling power at the market clearing price of the Pool-
Co. The VPP optimizes its operation according to the forecasted
market prices, the bids received by the DG sources and dispatch-
able loads. It is assumed that the required data for the proposed
model, including loads, renewable generations, and market prices
can be estimated based on historical data.

There are significant points that should be also considered in
the bidding problem of a VPP based on PBUC. Firstly, a VPP can
be a producer or a consumer. It means, if the power produced by
the DER sources is not enough or too expensive to cover the DSO
demand, the VPP acts as a consumer and buys the energy from
the day-ahead market and sells to its consumers. Secondly, DERs
included in a VPP may be connected to various points in distribu-
tion network; so the network characteristics should be considered
in the bidding problem of VPP. Thirdly, the uncertainty in market
prices and generation of stochastic DGs should be taken into con-
sideration in the bidding problem.

In following, some of the assumptions considered in the optimi-
zation problem have been given:

– VPP is assumed to be centrally controlled.
– A bid-based mechanism for curtailment of DLs is proposed

wherein the customers submit their offers for load curtailment
on an hourly basis.

– All DG units included in the VPP send offers to the VPP in form
of blocks, for each hour, for active power.

– Both dispatchable and stochastic DGs are considered in the
problem formulation. The start-up and shut-down costs can
be considered if they are not negligible.

– VPP can exchange the energy with the upstream network via
various GSPs. In this paper, the market prices at the GSPs are
assumed to be different.

– Dispatchable DGs included in the VPP provide required reserve
for the VPP due to possible variations in the stochastic DGs
generations.

– The way that VPP shares the profit among its DER sources is not
considered in this paper.

3.1.1. Stochastic DG generation modeling
Variability and uncertainty are inherent characteristics of

power systems. Demands and generator availability and perfor-
mance all have some degree of variability and uncertainty. Sto-
chastic DGs, cannot be regulated and their outputs are
determined by the availability of the primary source, i.e., wind or
sun radiation. In order to account for their productions in the opti-
mization functions, Renewable Energy Sources (RESs) forecasting is
required. Forecasting tools for generation of these resources are
important issues, falling outside the scope of this paper. There
are two approaches for handling uncertainties in the scheduling
of the stochastic DG units: reserve requirement and mathematical
approaches for uncertainty analysis [41]. In this paper, a combina-
tion of these two approaches is considered. The stochastic DGs
power forecast is represented by an expected value ðPforecast

SG Þ and
an error (ErSG) that is modeled as a zero-mean normally-distrib-
uted random variable with a standard deviation of rSDG.

3.1.2. Market price uncertainty modeling
In the context of liberalized markets, there are many optimiza-

tion problems that search, for the next 24-h (or a smaller time hori-
zon) solutions to determine the optimal production of generating
resources. As discussed earlier, an electricity GENeration COmpany
(GENCO) uses PBUC in order to maximize its profit. Given a fore-
casted price of electricity, the GENCO will optimize its scheduling
and electricity generation to sell the power at the prevailing price
[17]. On the other hand, the market price in the day-ahead market
is highly variable and depends on some parameters such as de-
mand, generator availabilities, and operational constraints. There-
fore, once incorrect market price forecasts are used, this
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deterministic approach may lead to a loss of profit that can be
expected in a PBUC. Therefore, hourly market prices are modeled
as normal distributions, with means equal to the forecasted
market price at that hour, and with standard deviations equal to
rMCP ($/MW h).

Also, it is supposed that there is a relation between market
prices and the amount of distribution networks demand. In this pa-
per, distribution network is considered to be a price taker player. A
linear model is used for the estimation of the relation between dis-
tribution network demands and the market prices.

Pk
Demand ¼ a � kk

DM þ b ð1Þ
3.2. PBUC problem formulation

This paper applies a probabilistic PBUC with constraints for
inclusion of stochastic DG generation. The impacts of generation
of these resources are modeled by increasing the amount of re-
quired reserve. As discussed earlier, the stochastic trend in uncer-
tainty of market price and generation sources are simulated by
creating some concentrations that can be solved by deterministic
PBUC. Mixed integer nonlinear programming is used for solving
deterministic PBUC problems. The objective function of the above
problem is to maximize the expected value of the profit. The VPP
sells energy to the consumers of the network and also the excess
production from the DG sources, if any, to the day-ahead market
at the market price. The outputs of the optimization problem for
bidding in the day-ahead market can be summarized as follows:

� Power exchanges at the GSP points.
� Power generated by DGs.
� Power generated by SGs.
� Load curtailment (unserved energy of customers).
� Reserve capacity

3.2.1. Objective function
Maximize profit

profit ¼
X

k

ðrevenuek � cos tkÞ ð2Þ

revenuek ¼
X

k

ðPk
Demand þ Pk

LossÞ: � qk
DSO þ

X
GSP

Pk
VPP;GSP � k

k
DM;GSP ð3Þ

cos tk ¼
X
DG

� ðCDG: � Pk
DG � :ak

DG þ SUCDG � :bk
dg þ SDCDG � :ck

DGÞ

þ
X

SG

CSG: � Pk
SG � :ak

DG þ Ck
DL: � P

k
DL ð4Þ

The expected value of the profit in (2) is computed by expected rev-
enues minus incurred operating costs for a given period. The first
term of revenue in (3) is the income from selling energy to the con-
sumers of the DSO and covering DSO losses. The second term of rev-
enue in (3) is the income from selling the excess production of the
DG sources, if any, to the day-ahead market at the GSPs. The first
and the second components of costs in (4) are the cost of generation
from DG and SG units, having different operational, start-up and
shut-down costs. Also, the third component is the cost of curtailing
dispatchable loads.

3.2.2. Constraints
Constrains considered in this paper are as follows:

(1) Network Equations:
Pk
G;i � Pk

Dem;i ¼
X

j

jVk
i jjV

k
j jjYijj cosðhij þ dk

j � dk
i Þ ð5Þ
Q k
G;i � Q k

Dem;i ¼ �
X

j

jVk
i jjV

k
j jjYijj sinðhij þ dk

j � dk
i Þ ð6Þ
(2) Bus voltage limits:
Vmin
i 6 Vk

i 6 Vmax
i ð7Þ
(3) Capacity of interconnection with the main grid:
Sk
GSP 6 Smax

GSP ð8Þ
(4) Distribution line apparent power flow limits:
Sij 6 Smax
ij ð9Þ
(5) Power balance: at least the DSO demand should be met, as
expressed by:
X
DG

Pk
DG þ Pk

DL �
X
GSP

Pk
VPP;GSP P Pk

Demand þ Pk
Loss ð10Þ
(6) The limits on DLs:
Pk
DL 6 Pmax

DL ð11Þ
(7) The upper and lower power limits of DGs:
Pmin
DG 6 Pk

DG 6 Pmax
DG ; Pk

SG 6 Pk
SG;forecast; ð12Þ
(8) Ramp limits for each DG:
Pkþ1
DG � Pk

DG 6 RUPDG; Pk
DG � Pkþ1

DG 6 RDNDG ð13Þ
(9) Minimum-up and down time constraints for each DG:
XMUP

l¼1

akþl
DG � 1 P MUP 8bk

DG ¼ 1;

XMDN

l¼1

1� akþl
DG P MDN 8ck

DG ¼ 1

ð14Þ
(10) Reserve capacity: The reserve requirement should also be
satisfied. Because of possible variations in the stochastic
DGs generations, the system reserve requirement must
increase as generation of these sources increases. Thus, in
this paper, two components are considered in providing
the operating reserve of the problem. The first one is consid-
ered as a percentage of the total generation of dispatchable
units and curtailment option of the dispatchable loads
(RSVTotal) (e.g. 2%). The second one is called a surplus reserve
(RSVSG) required to compensate for the error caused by the
mismatch between the forecasted generation and the actual
generation of SG units (e.g. %5). So,

X
DG

ðPmax
DG � Pk

DGÞ � ak
DG þ Pk

DL P

RSVSG �
X

SG

Pk
SG � ak

SG

 !
þ RSVTotal �

X
DG

Pk
DG � ak

DG þ Pk
DL

 ! ð15Þ
3.3. Implementation of point estimate method

Point estimate methods concentrate on the statistical informa-
tion provided by the first few central moments of problem random
input variables on s points for each variable, named concentration.
By using these points and a function F, which relates input and out-
put variables, information about the uncertainty associated with
problem output random variables can be obtained [39]. This paper
considers the existence of multiple uncorrelated random variables.
For the particular case in which there is a correlation between ran-
dom input variables, the techniques based on transformations can
be used.



Table 1
Main characteristics of DERs included in VPP portfolio.

DER
No.

DER
type

Pmin

(MW)
Pmax

(MW)
CDG (S/
MWh)

RUPDG

(MW/h)
RDNDG

(M/Wh)
SUC
($)

SDC
($)

DG2 DG 0 4 37 1 1 20 25
DG7 DG 0 5 40 1.25 1.25 20 25
DG8 DG 0 5.5 35 I.375 1.375 50 25
DG14 DG 0 7 45 1.75 1.75 50 25
SGI5 SG 0 9 55
SG18 SG 0 7 65

Fig. 1. Schematic diagram of the 18-bus distribution system.

Table 2
Characteristics of the stochastic DGs.

Hour SG 15 (MW) SG 18 (MW)

Mean St. De Mean St. De

k = 1, . . . , 4 4 0.28 2 0.22
k = 5, . . . , 8 4.5 0.2 2.5 0.31
k = 9, . . . , 12 6.2 0.23 2.2 0.29
k = 13, . . ., 16 5.4 0.4 3.4 0.3
k = 17, . . . , 20 6.6 0.32 4 6 0.27
k = 21, . . . , 24 7.5 0.26 5.5 0.32

Table 3
Characteristics of the dispatchable loads and forecasted market prices.

Hour kforecast
DM (k)

($/MW h)

CDL(k)
($/
MW h)

Pmax
DL (k)

(MW)
Hour kforecast

DM (k)
($/MW h)

CDL(k)
($/
MW h)

Pmax
DL (k)

(MW)

1 50 50 0.575 13 85 87 0.698
2 40 30 0.540 14 75 80 0.663
3 42.5 35.5 0.549 15 65 70 0.628
4 43 41 0.551 16 55 65 0.593
5 50 50 0.575 17 57 65 0.600
6 60 65 0.610 18 56 80 0.596
7 64.5 68 0.626 19 72.5 80 0.654
8 70 75 0.645 20 80 85 0.680
9 75 78 0.663 21 87 89 0.705

10 76 76 0.666 22 72 75 0.652
11 65 65 0.628 23 52.5 65 0.584
12 80.5 85 0.682 24 60 65 0.610
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Suppose X {x1, x2, . . ., xl, . . ., xm} is a random variable with a
mean value lxl

and standard deviation rxl
. Z is a random quantity

in function of X: Z = F(X). Each of the s concentrations of the vari-
ables xl can be defined as a pair composed of a location xl,s and a
weight wl,s. The proposal uses a particular case of the point esti-
mate method, known as Hong’s Two-Point Estimate Method
(HTPEM). Using HTPEM, function F has to be evaluated only s times
for each random input variable xl at the points made up of the sth
location of the random input variable xl and the mean (lxl

) of the
remaining input variables. Therefore, the total number of evalua-
tions is 2 �m. The location xl,s to be determined is:

xl;s ¼ lxl
þ fl;s � rxl

ð16Þ
where fl,s is the standard location of the random variable xl. The
standard locations and weights of random variable of xl are com-
puted by:

fl;1 ¼
kl;3

2
þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
mþ kl;3

2

� �2
s

; fl;2 ¼
kl;3

2
�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
mþ kl;3

2

� �2
s

; ð17Þ

and,

wl;1 ¼ �
fl;2

mðfl;1 � fl;2Þ
; wl;2 ¼

fl;1

mðfl;1 � fl;2Þ
ð18Þ

where kl;3 denotes the skewness of the random variable xl:

kl;3 ¼
E½ðxl � lxl

Þ3�
ðrxl
Þ3

ð19Þ

A deterministic PBUC must be run for each concentration. The solu-
tion of a PBUC problem is:

Zl;s ¼ Fðxl;1; xl;2; . . . ; xl;s; . . . ; xm;sÞ ð20Þ

where Zl,s, is the vector of random output variables associated with
the sth concentration of random input variable and represents the
nonlinear relation between input and output variables in the PBUC
problem. The raw moments of the output random variables to be
determined are:

EðZÞ ffi EðZÞ þ
X

s

wl;s:Zl;s ð21Þ

The solution steps are proposed as follows:
Step 1: Set the first and second moment of sth output random
variables to zero: E(Z) = 0.
Step 2: Select the input random variable xl .
Step 3: Compute kl;3 ,fl,s, wl,s based on (17–19).
Step 4: determine the two estimated locations of xl,s.
Step 5: Solve deterministic PBUC for each concentration.
Step 6: Update the raw moments of the output variables.
Step 7: Repeat steps 2–6 until all the concentrations of all input
random variables are taken into account.
Step 8: Compute statistical information of the output random
variables.

4. Tests and results

The methodology presented in this paper is tested using a net-
work with 18 buses (Fig. 1). For simplification of the problem, we
suppose that all of the DGs included in VPP are located in the same
distribution network. The system is connected to the main grid
through three substation transformers at bus 1, 11 and 16. This
system has been extracted from the well-known IEEE-30 buses



Table 4
Optimal dispatch of DERs included in VPP in case I.

Hour DG2 (MW) DG7 (MW) DG8 (MW) DG 14 (MW) SG l5 (MW) SG 18 (MW) DL(MW)

1 4 5 5.5 3.078 0.575
2 3 3.75 4.125 1.328 0.515
3 4 5 5.5 3.078 0.549
4 4 5 5.5 4.828 0.55
5 4 5 5.5 6.578 0.575
6 4 5 5.5 6.309 5.5
7 4 5 5.5 6.309 5.5
8 4 5 5.5 6.137 5.5 3.5
9 4 5 5.5 6.069 6.2 4.2 0.662

10 4 5 5.5 6.069 6.2 4.2 0.666
11 4 5 5.5 6.275 6.2 0.627
12 4 5 5.5 6.069 6.2 4.2
13 4 5 5.5 6.147 5.4 3.4 0.697
14 4 5 5.5 6.147 5.4 3.4
15 4 5 5.5 6.314 5.4
16 4 5 5.5 6.43 3.036
17 4 5 5.5 6.255 6.6
18 4 5 5.5 6.255 6.6
19 4 5 5.5 6.029 6.6 4.6
20 4 5 5.5 6.029 6.6 4.6
21 4 5 5.5 5.941 7.5 5.5 0.704
22 4 5 5.5 5.941 7.5 5.5 0.652
23 4 5 5.5 6.578
24 4 5 5.5 6.211 7.5

Sum 95.00 118.75 130.63 136.40 109.44 43.10 6.77

Table 5
Hourly bids of VPP to the day-ahead market, total costs, revenues and profits in case I.

Hour GSP 11 (MW) GSP 16 (MW) Revenue ($) Cost ($) Profit ($)

1 6.644 924.28 707.78 216.50
2 2.405 423.69 480.62 �56.93
3 7.142 785.58 698.51 87.07
4 8.855 873.83 780.35 93.48
5 10.134 1108.00 865.28 242.72
6 11.884 2.184 1614.18 1126.90 487.28
7 11.622 2.132 1734.39 1126.90 607.50
8 11.294 5.403 2114.13 1346.68 767.45
9 11.689 6.651 2416.16 1479.26 936.90

10 11.634 6.639 2448.43 I478.20 970.23
11 12.245 2.765 1833.92 1204.64 629.28
12 10.705 6.587 2536.05 1427.59 1108.47
13 11.113 5.044 2609.51 1395.80 1213.71
14 10.999 5.159 2249.77 1335.12 914.65
15 11.589 2.035 1741.55 1121.62 619.93
16 12.08 1351.30 996.79 354.50
17 I2.098 3.222 1593.70 1184.97 408.73
18 12.157 3.234 1565.91 1184.97 380.94
19 11.183 7.425 2340.52 1473.82 867.10
20 10.747 7.339 2581.33 1473.82 1107.51
21 11.071 8.937 3018.82 1640.55 1378.27
22 11.895 9.11 2497.52 1626.75 870.77
23 9.384 1131.25 836.53 294.72
24 11.953 4.01 1728.50 1232.49 496.01

Sum 112.38 150.34 42509.00 28239.68 14269.33
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system by considering only the 33 kV networks [42]. There are four
dispatchable DGs at buses 4, 7, 8 and 14 and two stochastic DGs at
buses 15 and 18. The bid price of each DG is based on its Levelized
Cost Of Electricity (LCOE). This LCOE is evaluated on the basis of the
installed capital cost, operation and maintenance cost, time of
operation and lifetime of the DG [43,44]. In all cases, the LCOE
should also consider the expenses for the communication and con-
trol infrastructures which are essential for the coordinated control
of DGs in VPP operation. All DG units are simulated with their re-
quired active powers, and constrained by the maximum and the
minimum values. The producers present proposals on the sale of
energy, based on the generation of the previous days and on the
meteorological forecasts. Forecast errors for the quantity of elec-
tricity generation depend on the DG’s technology as well as the
timing of the forecast. As mentioned earlier, the market prices at
the GSPs are assumed to be different. Therefore, the market price
at the GSPs 1, 11 and 16 are assumed to be 95, 105, and 100 per-
cent of kk

Forecast;DM . The main characteristics of DGs and characteris-
tics of dispatchable load are summarized in Tables 1–3. Upper limit
for curtailing on dispatchable load is considered to be five percent
of total forecasted demand of DSO. qk

DSO is assumed to be equal to
the day-ahead market price at GSP 16. RSVTotal and RSVSG in (15) are
considered to be 2% and 5%, respectively. Amount of a and b in (1)
are also considered to be 0.07 and 8, respectively. On the other
hand, rMCP is considered to be 4 along whole 24-h optimization
horizon. Moreover, it is assumed that the capacity of transformers
substation at buses 1, 11 and 16 are 40, 24 and 12 MW,
respectively.

The problem formulation is implemented in GAMS [45]. In or-
der to clearly illustrate the effectiveness of the proposed method,
a comparison among the results of three different cases: (I) ignor-
ing the uncertainty in input parameters, (II) observing two uncer-
tain parameters (market price, and DG15 generation), and (III)
observing 3 uncertain parameters (market price, and DG15 and
DG18 generations), is presented. In the following, the simulation
results are described. The optimal management of VPP in these
three cases can be analyzed from Tables 4–11 and Figs. 2 and 3.
4.1. Case I: Ignoring the uncertain parameters

In case I, only mean value of the market price and stochastic
DGs forecasted generation are considered in the PBUC. The fore-
casted price profile is presented in Table 3. The optimal dispatch
of DGs and curtailment of dispatchable load for bidding in the
day-ahead market and covering the DSO demand for this case,
are given in Table 4. Hourly bids to the day-ahead market, costs,
revenues and profits of the VPP are also summarized in Table 5.
As seen from Tables 4 and 5, during all hours of the optimization
horizon, due to the market price profile and DSO demand, all the
dispatchable DG units are ‘‘on’’. On the other hand, according to
(15), DG14 with the highest production cost among dispatchable



Table 6
Mean and standard deviation values of optimal dispatch of DERs included in VPP in case II.

Hour DG2 (MW) DG7 (MW) DG8 (MW) DG14 (MW) SG15 (MW) SG18 (MW) DL (MW)

Mean St. De Mean St. De Mean St. De Mean St. De Mean St. De Mean St. De Mean St. De

1 4 4.749 0.938 5.5 0.687 4.388 2.056 0.536 0.144
2 3.49 0.487 3.002 1.499 4.81 2.115 1.848 0.515
3 3.9 0.276 4.529 1.243 5.5 4.002 2.219 0.549
4 4 4.37 1.085 5.5 4.487 1.741 0.412 0.239
5 4 4.88 0.368 5.5 6.284 0.905 0.52 0.169
6 4 5 5.5 6.002 0.48 5.5 0.3 0.128 0.249
7 4 5 5.5 6.245 0.099 5.315 0.716 1.49 1.73 0.266 0.309
8 4 5 5.5 6.156 0.055 5.5 0.3 3.12 1.084 0.253 0.315
9 4 5 5.5 6.069 0.021 6.2 0.43 4.2 0.365 0.33

10 4 5 5.5 6.069 0.021 6.2 0.43 4.2 0.666
11 4 5 5.5 6.242 0.078 6.2 0.43 0.67 1.534 0.627
12 4 5 5.5 6.069 0.021 6.2 0.43 4.2 0.092 0.233
13 4 5 5.5 6.147 0.029 5.4 0.6 3.4 0.697
14 4 5 5.5 6.147 0.029 5.4 0.6 3.4 0.171 0.29
15 4 5 5.5 6.274 0.077 5.4 0.6 0.81 1.445 0.148 0.267
16 4 5 5.5 6.47 0.091 2.207 1.86 0.076 0.198
17 4 5 5.5 6.247 0.048 6.6 0.52 0.16 0.838 0.021 0.109
18 4 5 5.5 6.304 0.119 5.595 2.427
19 4 5 5.5 6.029 0.025 6.6 0.52 4.6 0.025 0.125
20 4 5 5.5 6.029 0.025 6.6 0.52 4.6 0.137 0.273
21 4 5 5.5 5.941 0.023 7.5 0.46 5.5 0.625 0.223
22 4 5 5.5 5.941 0.023 7.5 0.46 5.5 0.334 0.326
23 4 5 5.5 6.516 0.138 1.272 2.815
24 4 5 5.5 6.242 0.08 6.859 1.636 0.218 0.292

Sum 95.4 116.53 131 138.42 108.05 45.84 7.381

Table 7
Hourly bids of VPP to the day-ahead market, total costs, revenues and profits in case II.

Hour GSP11 (MW) GSP16 (MW) Revenue ($) Cost ($) Profit$

Mean St. De Mean St. De Mean St. De Mean St. De Mean St. De

1 7.66 2.62 986.03 184.81 754.72 123.63 231.31 61.63
2 3.62 3.03 475.11 152.96 528.17 136.58 -53.06 16.48
3 7.49 3.23 811.86 194.28 717.37 147.45 94.49 46.85
4 7.75 2.80 832.43 184.18 734.08 128.75 98.35 59.52
5 9.67 1.24 1087.65 126.76 844.50 63.90 243.15 64.69
6 12.00 0.13 1.89 0.51 1605.60 117.17 1121.46 34.78 484.14 85.18
7 11.88 0.26 3.38 1.88 1837.15 207.23 1228.74 142.91 608.41 80.07
8 11.55 0.25 5.05 1.04 2111.15 165.34 1342.03 79.63 769.12 86.31
9 11.39 0.30 6.65 0.39 2393.15 113.53 1456.06 34.29 937.09 96.12

10 11.63 0.18 6.64 0.39 2448.40 100.81 1478.20 22.70 970.20 96.25
11 12.24 0.18 3.40 1.48 1879.02 185.22 1246.48 98.99 632.54 91.00
12 10.80 0.10 6.59 0.39 2544.51 118.45 1435.44 30.15 1109.07 95.79
13 11.11 0.18 5.04 0.55 2609.48 103.40 1395.80 31.68 1213.68 92.82
14 11.17 0.18 5.16 0.55 2263.91 117.78 1348.76 39.25 915.15 90.75
15 11.74 0.16 2.80 1.46 1805.51 190.24 1182.54 113.90 622.97 84.62
16 11.11 1.33 0.26 0.69 1314.92 181.12 957.99 107.07 356.93 77.67
17 12.12 0.07 3.37 0.90 1606.16 151 1196.23 65.72 409.93 89.62
18 11.71 0.90 2.73 1.25 1517.38 195 1131.92 128.16 385.46 73.84
19 11.21 0.06 7.43 0.48 2343.17 113 1475.82 29.22 867.36 97.91
20 10.88 0.15 7.34 0.48 2593.56 124 1485.48 35.94 1108.09 97.89
21 10.99 0.09 8.94 0.42 3012.18 127 1633.46 31.37 1378.71 103.09
22 11.58 0.33 9.11 0.42 2473.71 116 1602.93 34.46 870.78 103.46
23 9.91 0.97 0.68 1.51 1203.41 218.80 903.68 148.59 299.72 74.18
24 12.15 0.21 3.43 1.46 1710.25 175 1212.80 93.70 497.46 83.24

Sum 253.34 89.89 43465.70 28414.66 14422.55
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DGs provides required reserve for the VPP. During hour 2, in which
the forecasted price of day-ahead market is relatively low, subject
to dispatchable DGs ramp down limits, dispatchable DGs remain
‘‘on’’ but their generations remain at the minimum levels. Also, to-
tal profit of the VPP, obtained from bidding to the day-ahead mar-
ket and covering DSO demand, reaches the minimum levels in this
hour. However, during hours 3–24, the generations of dispatchable
DGs reach the upper levels. Due to low market prices, during hours
1–5, the stochastic DGs also remain ‘‘off’’. During hours 6–22, and
24, DG15 is ‘‘on’’ and its generation remains at the upper level.
Also, during hours 8–10, 12–14 and 19–22, maximum capability
of DG18 for providing energy are applied. During hours 1–5, 9–
11, and 21–22, according to the bid price of dispatchable loads,
market price and the DSO demand, more profit is made by curtail-
ing the loads, and selling their powers to the market. Also, as seen
from Table 5, Due to higher market prices at GSP11 and 16, more
profit is made by exchanging energy with the upstream network
via these points.



Table 8
Mean and standard deviation values of optimal dispatch of DERs included in VPP in case III.

Hour DG2 (MW) DG7 (MW) DG8 (MW) DG14 (MW) SG 15 (MW) SG18 (MW) DL (MW)

Mean St. De Mean St. De Mean St. De Mean St. De Mean St. De Mean St. De Mean St. De

1 4 4.66 1.07 5.5 3.60 1.82 0.73 1.29 0.52 0.17
2 3.31 0.44 3.20 1.31 4.58 0.65 1.75 1.47 0.52 0.00
3 3.89 0.28 4.56 1.20 5.5 3.43 1.85 0.55 0.00
4 4 4.59 0.91 5.5 4.60 1.43 0.46 0.21
5 4 4.87 0.37 5.5 6.22 0.94 0.69 1.27 0.51 0.18
6 4 5 5.5 6.12 0.41 5.50 0.31 0.09 0.22
7 4 5 5.5 6.28 0.09 5.26 0.80 0.83 1.49 0.15 0.27
8 4 5 5.5 6.16 0.06 5.50 0.31 3.11 1.28 0.14 0.27
9 4 5 5.5 6.07 0.04 6.20 0.52 4.20 0.56 0.50 0.29

10 4 5 5.5 6.07 0.03 6.20 0.43 4.20 0.50 0.50 0.29
11 4 5 5.5 6.25 0.07 6.20 0.47 0.56 1.43 0.50 0.25
12 4 5 5.5 6.07 0.03 6.20 0.46 4.20 0.49 0.08 0.22
13 4 5 5.5 6.15 0.04 5.40 0.60 3.40 0.58 0.53 0.30
14 4 5 5.5 6.15 0.04 5.40 0.64 3.40 0.58 0.11 0.25
15 4 5 5.5 6.29 0.07 5.40 0.63 0.55 1.25 0.10 0.23
16 4 5 5.5 6.45 0.08 2.67 1.58 0.07 0.19
17 4 5 5.5 6.28 0.11 5.68 1.66 0.35 1.22 0.05 0.16
18 4 5 5.5 6.30 0.11 5.74 2.28
19 4 5 5.5 6.03 0.04 6.60 0.53 4.60 0.47 0.05 0.18
20 4 5 5.5 6.03 0.04 6.60 0.52 4.60 0.56 0.10 0.24
21 4 5 5.5 5.94 0.03 7.50 0.46 5.50 0.53 0.62 0.22
22 4 5 5.5 5.94 0.04 7.50 0.50 5.50 0.56 0.48 0.29
23 4 5 5.5 6.53 0.13 1.03 2.58
24 4 5 5.5 6.24 0.08 6.93 1.60 0.13 0.25

Sum 95.2 116.88 131 136.92 108.92 45.00 6.76

Table 9
Hourly bids of VPP to the day-ahead market, total costs, revenues and profits in case III.

Hour GSP11 (MW) GSP16 (MW) Revenue ($) Cost ($) Profit ($)

Mean St. De Mean St. De Mean St. De Mean St. De Mean St. De

1 7.48 3.50 981.86 252.73 754.42 176.64 227.44 76.97
2 3.05 2.41 453.71 133.46 505.24 110.25 -51.53 23.21
3 6.94 2.84 786.81 182.03 692.59 130.44 94.22 52.82
4 8.13 2.29 848.13 159.88 750.10 106.42 98.04 58.61
5 10.27 1.85 1122.26 175.17 878.50 102.60 243.76 73.14
6 11.97 0.12 2.00 0.46 1609.95 111.11 1124.31 30.28 485.64 84.44
7 11.76 0.20 2.70 1.66 1786.20 212.89 1176.25 125.62 609.95 95.99
8 11.44 0.20 5.03 1.22 2102.08 175.11 1332.79 87.30 769.29 94.76
9 11.52 0.24 6.65 0.71 2403.85 146.89 1466.45 49.79 937.40 122.79

10 11.47 0.24 6.64 0.62 2435.78 147.40 1465.55 44.59 970.24 126.01
11 12.12 0.18 3.30 1.40 1863.82 185.71 1231.47 97.25 632.35 92.63
12 10.79 0.12 6.59 0.63 2543.77 127.15 1434.75 43.58 1109.02 100.44
13 10.94 0.25 5.04 0.78 2594.90 146.97 1380.93 54.89 1213.98 115.16
14 11.11 0.16 5.16 0.80 2259.18 122.86 1344.09 53.50 915.08 91.06
15 11.69 0.14 2.56 1.30 1785.83 175.20 1163.27 100.52 622.55 84.86
16 11.56 1.08 0.25 0.67 1340.04 170.49 982.34 92.05 357.71 80.12
17 12.11 0.08 2.72 2.00 1574.15 253 1161.29 132.88 412.86 124.43
18 11.77 0.84 2.80 1.19 1524.63 187 1139.59 120.57 385.05 77.43
19 11.24 0.11 7.43 0.66 2345.48 156 1477.93 42.88 867.55 136.01
20 10.85 0.15 7.34 0.72 2590.44 129 1482.44 49.17 1108.00 98.82
21 10.99 0.12 8.94 0.66 3012.09 140 1633.39 45.82 1378.71 111.52
22 11.72 0.33 9.11 0.71 2485.09 232 1613.57 49.14 871.52 214.78
23 9.81 0.89 0.55 1.38 1189.95 204.82 890.77 136.14 299.19 75.03
24 12.06 0.15 3.49 1.43 1708.24 170 1210.69 88.76 497.55 87.13

Sum 252.77 88.29 43348.25 28292.70 14422.55

Table 10
Comparison of three different cases.

Case I Case II Case III

Total generation of DERs in 24-h (MW) 640.09 642.9 640.76
Objective function ($) 14996.77 15051.04 15055.56
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4.2. Case II: Observing two uncertain parameters

In this case, uncertainty of market price and generation of DG15
are considered in the problem formulation. Table 6 shows the
mean and standard deviation values of generation of all units in-
cluded in VPP and curtailment of dispatchable load for bidding in
the day-ahead energy market. The mean and standard deviation
values of hourly bids to the day-ahead market, costs, revenues
and profits of VPP for this case are also summarized in Table 7.
On observing both Tables 6 and 7 along the whole 24-h optimiza-
tion horizon, it is clear that generations of DG and SG units differ
from case I. As seen, compared to the former case, generations of
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Table 11
Comparison of distribution network losses for three different cases.

Hour Case I (MW) Case 11 (MW) Case 111 (MW)

Mean St. De Mean St. De

1 0.009 0.013 0.005 0.015 0.011
2 0.004 0.006 0.004 0.005 0.003
3 0.010 0.013 0.006 0.011 0.005
4 0.014 0.013 0.005 0.013 0.004
5 0.019 0.018 0.003 0.022 0.008
6 0.040 0.040 0.001 0.040 0.001
7 0.040 0.040 0.001 0.039 0.002
8 0.040 0.040 0.001 0.040 0.001
9 0.042 0.042 0.002 0.042 0.002

10 0.042 0.042 0.002 0.042 0.002
11 0.042 0.042 0.001 0.042 0.002
12 0.041 0.041 0.001 0.041 0.002
13 0.038 0.038 0.002 0.038 0.002
14 0.039 0.039 0.002 0.039 0.002
15 0.039 0.040 0.002 0.040 0.002
16 0.035 0.030 0.008 0.032 0.007
17 0.044 0.044 0.002 0.042 0.004
18 0.044 0.041 0.009 0.041 0.009
19 0.044 0.044 0.002 0.044 0.002
20 0.043 0.043 0.002 0.043 0.002
21 0.047 0.047 0.002 0.047 0.002
22 0.049 0.049 0.002 0.049 0.002
23 0.019 0.024 0.011 0.023 0.010
24 0.048 0.046 0.005 0.046 0.005

Sum 1.321 0.835 0.836
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dispatchable DGs during hours 1–5 are decreased. Also, the num-
ber of hours that SG units are ‘‘on’’ is greater than the former case.
Also, the curtailed loads in this case is greater than case I. In this
case, curtailing the loads is applied during hours 1–17, 19–22,
and 24. The total curtailed loads along the whole 24-h of optimiza-
tion horizon in this case is 9% higher than case I. On the other hand,
because of considering market price uncertainty, generation of
DG18 during hours 7, 11, 15, and 17 is higher than case I. During
hours 7, 16, 18, and 24, generation of DG15 is lower than case I.
This is because, in this case, the uncertainty of DG15 generation
is taken into consideration.
4.3. Case III: Observing three uncertain parameters

The uncertainty of market prices and two stochastic DGs gener-
ation is considered in this case. Tables 8 and 9 show the results of
this case. In this case, similar to case II, generation of dispatchable
DGs during hours 1–5, is lower than case I. However, total genera-
tion of dispatchable DGs along the 24-h is 0.32% than case II. This is
because, in this case, the number of concentrations is increased.
Compared to case I, during hours 1, 5 and 23, DG15 is ‘‘on’’ but
its generation during hours 7, 16–18, and 24 is lower than case I.

Total dispatch of DERs along the whole 24-h optimization hori-
zon is shown in Fig. 2. Also, hourly sale/purchase bids of VPP to the
day-ahead market for these three different cases are shown in
G14 SG15 SG18 DL

Case I Case II Case III

hole 24-h optimization horizon.

2 13 14 15 16 17 18 19 20 21 22 23 24
our

day-ahead market for three different cases.
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Fig. 3. In Table 10, some results of these three cases are compared.
The difference between the total profits in these cases is a criterion
to compare the possible additional costs or cost saving caused by
observing uncertainty of input parameters. Generally, VPP makes
proposals to exchange power with the day-ahead market based
on the values obtained for the mean and standard deviations.

The distribution network losses for three cases are also shown
in Table 11. On observing Table 11 along the whole 24-h optimiza-
tion horizon, it is clear that total losses in cases II and III are lower
than case I. This is because, in cases II and III, the amount of curtail-
ing dispatchable load is more than case I.

5. Conclusions

In this paper, a procedure was presented for a VPP to optimally
manage several DERs when bidding in a day-ahead electricity mar-
ket. A probabilistic PBUC model was proposed to allow VPP to de-
cide on the unit commitment of its DERs and the optimal sale/
purchase bids to the day-ahead market. The main objective of
the algorithm was to maximize the expected profit of the VPP own-
er from its involvement in the day-ahead market and covering the
DSO demand. In this model, network constraints, technical con-
straints of DERs, uncertainty in market price and generation of sto-
chastic DGs, and also economical aspects were taken into
consideration. The stochastic trends in the uncertainty of the input
parameters were simulated using point estimate method by creat-
ing concentrations that could be solved by deterministic methods.
Mixed integer nonlinear programming was used for solving deter-
ministic PBUC problems by the developed program elaborated in
GAMS.

In order to evaluate the proposed model, the results were ana-
lyzed for three cases. The application of the methodology to a test
case, demonstrated the effectiveness and the robustness of the pro-
posal. The results of simulation studies showed that the local oper-
ation of the DERs would be highly sensitive to the market price
variations. On the other hand, because of intermittent nature of
some of DGs included in a VPP, the choice of the adequate reserve
and considering the uncertainty of generation of these units were
crucial for VPP success in the context of competitive electricity
markets.
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