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Abstract: Penetration of distributed energy resources (DERs) in the legacy grid is leading
to lower wholesale electricity prices, higher balancing costs, and reliability issues. We study a
virtual power plant (VPP) — an aggregation of DERs — as a feasible and non-disruptive way
of integrating these resources into electricity markets. We design the VPP with a combination
of dispatchable and non-dispatchable generators which are privately owned and might have
private information. The VPP acts as an intermediary between the generators and the dayahead wholesale market and balances the system locally in real time. Using mechanism design,
we design heuristic transfers of the VPP to the generators to reduce the operating cost of the
overall system. From the simulations, we conclude that the overall cost of the system and the
behavior of the generators and the VPP with the designed transfers are similar to those of the
centralized VPP case, where the VPP owns and manages the generators within its territory.
Keywords: Energy Resources Management, Electricity Markets, Game Theory, Multi-Agent
Systems, Virtual Power Plants
1. INTRODUCTION

concept emerged. In this work, we focus on a commercial
VPP that ensures economic operation of the aggregation
of DERs in electricity markets.

Concerns for a sustainable energy future have resulted in
different countries adopting policies for promoting renewable generation installation. Renewable generation capacity continues to grow across the globe with solar power
outpacing other renewable energy sources (RES) (International Energy Agency, 2017). However, with higher penetration of renewables and distributed energy resources
(DERs), wholesale energy market prices drop and the
need for ancillary services increases, which results in high
balancing costs (de Lagarde and Lantz, 2018). Thus, integration of RES in the electricity grids is a complex problem
that needs to be addressed on different levels. Possible
solutions include designing alternative electricity market
structures, introducing demand response schemes, integrating large-scale storage, and aggregating heterogeneous
DERs for effective control (Morales et al., 2013).

A VPP can either own and control all the DERs connected to it or can aggregate privately-owned resources.
An example of the former case is given by Al-Awami et al.
(2017). In the latter case, it can be modeled in a gametheoretic framework for analyzing the behavior of the
players, i.e. DERs. The VPP can be designed using both
cooperative and non-cooperative games. In the context of
VPPs, cooperative game theory studies whether individual
DERs benefit from cooperation and formation of a VPP,
while non-cooperative game theory analyzes behavior of
selfish DERs under specific VPP rules.
Several studies discussed a cooperative VPP and showed
that the generators powered by intermittent sources gain
from cooperation because they are able to sell their energy and incur a lower penalty for the imbalance caused
(Robu et al., 2016). Rahmani-Dabbagh and Sheikh-ElEslami (2016) studied a model of a VPP that might include dispatchable and non-dispatchable generators, storage devices and flexible loads. The authors developed an
alternative profit allocation solution such that the players
benefit from participation in the VPP. This profit allocation method was demonstrated to be more comprehensible
to DER owners and less computationally demanding than
the standard cooperative game theory approaches.

One of the aggregation frameworks of DERs is a virtual
power plant (VPP). The VPP is a virtual aggregation
of possibly heterogeneous resources that provides market visibility to small DERs and facilitates leaner power
generation and energy trading (Pudjianto et al., 2007).
Different types of VPPs have been proposed since the
? The research reported in this publication was supported by funding
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and by Deanship of Research at King Fahd University of Petroleum
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For each hour t, if the total supply is less than the
total demand, the transmission system operator (TSO)
announces a balancing up scenario where the relationship
UP
between the prices is λDN
= λDA
> λDA
t
t , λt
t . Similarly, if
the actual supply is higher than the demand, the TSO
announces a balancing down scenario with the prices
UP
λDN
< λDA
= λDA
t
t , λt
t . There is also the case when the
overall system is balanced, while individual generators
and consumers may deviate from their bids. In such a
scenario, the balancing prices are equal to the DA price
for the given hour: λDN
= λUP
= λDA
t
t
t . Thus, suppliers and
consumers have an incentive to realistically represent their
generation/consumption bids in the DAM as the balancing
price can be either the same as or less attractive than the
DA hourly price.

A drawback of the cooperative approach to modeling the
VPP is that it requires all the DERs to share their private
information such as a generation forecast or production
costs. To enforce privacy of DERs, we can model the
interactions among the players and the VPP as a noncooperative game. You et al. (2009) and Hu et al. (2016)
proposed price-signal based control of DERs in a VPP for
optimizing the bid to the wholesale market and for minimizing congestion, respectively. Khazaei and Zhao (2017)
and Nayyar et al. (2013) studied payoff allocation mechanisms for an aggregation of renewable energy producers
and showed that selfish non-cooperative producers have
incentive to participate in aggregation under the designed
mechanisms. However, proposed models do not include a
possibility of the VPP providing real-time services to the
aggregation and to the grid.

2.2 Distributed Generators

Thus, this paper studies a VPP formation with noncooperative distributed generators which might have private information. The VPP acts as an intermediary between the generators and the market and also provides
local balancing to the system. By utilizing mechanism
design, we design heuristic transfers to the generators such
that the distributed VPP reaches the same performance
as in the case when it owns the generators. The model
includes uncertainty in renewable generation, demand and
prices of the balancing market. We formulate an optimization problem for both day-ahead energy market and
balancing market trading of the VPP and use a dynamic
programming algorithm for solving it.

We consider two types of generators in our model: a
dispatchable thermal generator and a non-dispatchable
renewable generator. The thermal generator can control its
output and make some adjustments to the production level
in real time. Its operation cost for one hour of operation
π(·) is assumed to be a convex quadratic function of the
amount of energy produced at time t.
The payment received for a particular hour t depends on
the bid placed in the DAM BtT and whether the thermal
unit sells additional energy B̃tT in the BM. Then at time
t its total energy output is BtT + B̃tT . Combining costs
and payments, we obtain the optimization problem of the
thermal generator for time t:
h
i
DA T
T
T
T
T
uT
=
max
λ
B
+
E
M
(
B̃
)
−
π(B
+
B̃
)
T
t
t
t
t
t
t
B̃

The remaining part of the paper is organized as follows:
firstly, we describe the market framework and develop the
models of distributed generators and the VPP; secondly,
we design a transfer mechanism that enhances the performance of the distributed system; thirdly, we simulate
the system with and without dispatchable generator dynamics and compare the performances of the centralized
and distributed VPPs in both scenarios; lastly, we draw
conclusions and discuss possible future work.

BtT ,st

t

(1a)
subject to:

T
T
st GT
min ≤ Bt ≤ st Gmax
T
T
T
st GT
min ≤ Bt + B̃t ≤ st Gmax
|B̃tT |≤ st R1

(1b)
(1c)

(1d)
where st ∈ {0, 1} is the state of the thermal unit showing
whether it is on or off, EB̃ T (·) is the expected value of a
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t

function with respect to future decision B̃tT , and MT (·) is
the transfer for the increased/decreased generation during
real time (to be designed). Constraints (1b) and (1c) are
the production limits of the thermal unit. Constraint (1d)
is the balancing capacity limit of the thermal unit. An
important assumption about the thermal generator is its
obedience — the thermal unit produces exactly BtT + B̃tT
amount of energy in real time without enforcement from
the VPP or the market.

2.1 Market Framework
We consider a wholesale electricity market with a dayahead market (DAM) and a two-price balancing market
(BM). Similar structure is implemented in Nord Pool
(n.d.) with additional intraday trading. In the DAM,
generators and consumers submit the bids consisting of
the volume of electricity they are willing to sell/buy and
the price at which they would like to trade for each
hour of the next day. Let t ∈ {1, 2, . . . , T } denote the
specific hour of the day. The day-ahead (DA) electricity
DA
DA
DA
prices {λDA
1 , λ2 , . . . λt , . . . λT } are determined by the
intersection of supply and demand curves for each hour.

The renewable generator has a forecast of the output before bidding in the DAM, but the actual generation might
be different in real time. It is assumed to have negligible
marginal energy production cost, hence its utility function
includes only the payment received for the bid BtR and any
transfers in real time:
DA R
R
R
R
uR
(2)
t = max λt Bt + EP R M (Pt − Bt )

In the BM of the Nord Pool, any imbalance in real time
is cleared using the two-price system. A balancing up
P
price λU
is applied for buying electricity from the BM or
t
paying for the electricity that was promised in the DAM
but was not delivered during hour t. A balancing down
price λDN
is used to clear the decreased demand or for
t
paying for additional electricity produced in real time.

BtR

subject to:

t

0 ≤ BtR ≤ GR
max

where BtR is the renewable generation bid to the DAM, PtR
is the actual generation at time t, MR (·) is the transfer
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Fig. 2. Event timeline
for minimizing the cost while balancing generation and
consumption is:
AG
Jt,1 = −λLt PtD + min λUP
t (B̃t )+
B̃tAG ,B̃tT

AG
T
T
+ λDN
t (B̃t )− + M (B̃t )

subject to

Fig. 1. Virtual power plant scheme
that the renewable unit receives/pays for deviation from
the bid, and GR
max is its maximum generation capacity.

BtAG

BtT

B̃tAG

+
+
(1c), (1d)

+

B̃tT

=

(3a)
PtD

−

PtR

(3b)

where BtAG is the bid of the VPP to the DAM, (·)+ =
max{0, ·}, and (·)− = min{0, ·}. Constraint (3b) shows
that the total supply should be equal to demand at hour t.

2.3 Distributed VPP Model

In phase 0, the VPP forecasts the demand and generation
from the renewable source, collects the bids of the generators BtT and BtR , and produces an aggregated bid BtAG .
Whenever BtAG < 0 the VPP sells the energy to the DAM,
and whenever BtAG > 0 it buys. The optimization problem
that the VPP solves to produce the bid is as follows:
AG
Jt,0 = min λDA
+ BtT + BtR ) + EQt (Jt,1 )
t (Bt

Fig. 1 is the schematic of the VPP under consideration.
The VPP serves a passive load which pays a fixed tariff
at λLt for consumed electricity. The VPP also acts as
an interface between the generators and the market by
gathering bids of generators and participating in the
electricity market on their behalf.

BtAG

We assume a price-taker model of the VPP and a deterministic model of the DA hourly electricity prices. As a
result, the bid of the VPP in the DAM is only the energy
generation/consumption amount and it is always accepted
by the TSO.

Thus, before bidding in the DAM the distributed VPP
takes into account the payments for the bids of the
generators and for its bid to the wholesale market, as
well as the expected price of balancing, and the expected
payment for serving the load.

Fig. 2 shows the sequence of events for the VPP with
distributed generators: the DAM is highlighted as phase 0,
and the BM for hour t — as phase 1. In the DAM, the
VPP estimates the cost and chooses the optimal energy
bid based on the forecasts, and in real time it balances the
demand and generation within the system. The transfers
at the end of the timeline denote the payments/penalties
that generators incur based on the VPP mechanism.

2.4 Centralized VPP Model
We consider a centralized VPP model as a benchmark of
desired behavior of the system. The centralized VPP owns
both generators and can control the thermal generator’s
output within its operating limits. Also, there are no
transfers to the generators, but the VPP has to take into
account generation costs of the thermal unit. The objective
of the VPP during balancing is:
h
C
AG
DN
AG
Jt,1
= −λLt PtD + min λUP
t (B̃t )+ + λt (B̃t )−

Our model includes uncertainty in balancing prices, actual consumption and renewable generation. To differentiate between the forecasts and the realized values,
we denote xt to be the value of a random variable
and x̂t its expectation. For easier representation, we
combine information available before DA bidding as
DN
UP
D
R
Q̂t = (λDA
t , λ̂t , λ̂t , P̂t , P̂t ) which is the DA price
and forecasts of balancing prices, demand and renewable
generation. Information available during hour t in real time
DN
UP
D
R
is Qt = (λDA
t , λt , λt , Pt , Pt ) which is the DA price
and the realizations of the random variables.

B̃tAG ,B̃tT

i
+π(BtT + B̃tT )

(4)

subject to (1c), (1d), (3b)
During the bidding to the DAM the VPP not only generates the aggregated bid, but also decides whether to turn
on the thermal unit and how much to produce from it:
C
AG
C
Jt,0
=
min λDA
+ EQt (Jt,1
)
s.t. (1b) (5)
t Bt
BtAG ,BtT ,st

We adopt a dynamic programming approach for sequential
decision making because the bid to the DAM affects the
range of actions available to the VPP in the BM. In
phase 1, the actual generation, consumption, and balancing prices become known. The VPP balances the system
either by asking the dispatchable generator to adjust its
output by B̃tT or by buying/selling B̃tAG of energy in
the BM. The optimization problem that the VPP solves

In the centralized case, the VPP cost shows how much
money is added to or deducted from the whole aggregation.
However, the cost faced by the VPP in the distributed case
is not directly comparable to the cost of the centralized
scenario. For comparison we calculate the overall system
cost in the distributed case:
DA R
JtSys = Jt,0 − uT
(6)
t − λ t Bt
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where λT+
and λT−
are rates defined by the VPP rules.
t
t
For thermal unit participation in the VPP we need to ensure λT+
≥ λDA
and λT−
≤ λDA
t
t
t
t . Otherwise, the thermal
unit has incentive to participate in the DAM only.

where uT
t is given in (1a). With the defined system cost, we
can compare the costs, the thermal unit bids and the VPP
bids in both the centralized and distributed scenarios.
3. MECHANISM FOR INTERNAL VPP MARKET

Because for the VPP it is difficult to reveal the rates at
which the thermal unit is willing to provide balancing,
we include λT+
and λT−
in the bid of the thermal unit.
t
t
Therefore, the thermal unit in the DA bidding submits the
generation bid BtT , and the prices at which it is willing
to increase or decrease the generation, λT+
and λT−
t
t ,
respectively. This transfer model is easier for the VPP to
manage and allows the thermal unit to decide whether to
participate in the balancing activities. Thus, the thermal
unit can create additional profit, while the VPP can utilize
its flexibility and reduce system costs.

3.1 No Mechanism
A naı̈ve mechanism for the VPP assumes that the generators perfectly follow the bids they submitted to the DAM
and the thermal unit is controllable in real time. For the
thermal generator we explicitly assume obedience, however, the renewable generator does not know in advance
exactly how much energy it is going to produce.
The utility function of the renewable generation with no
mechanism (MR (·) = 0) is the payment for the bid and it
is maximized when the renewable unit bids its maximum
capacity regardless of the forecast. The VPP in such case
pays for the energy that was not delivered. Therefore, we
should model MR (·) such that it forces the renewable unit
to bid closer to the expected generation level.

4. EXAMPLES
4.1 Data
For a simulation of the proposed VPP model, we take data
from Nord Pool (n.d.) zone SE1 in Sweden for 2016-2017.
The data are in an hourly timescale and include entries
for the DA hourly price, balancing prices, the forecasts of
wind generation and demand and their actual values.

With MT (·) = 0, the thermal unit is neither rewarded nor
penalized for balancing. In such a scenario, from (3a) we
note that the VPP adjusts the thermal unit generation
up whenever the demand is higher than the supply but
uses the BM for selling excess energy. Thus, the generation
adjustment B̃tT is non-negative, which reduces the utility
of the thermal unit due to increased generation costs. The
thermal unit would have higher utility if it did not provide
any balancing. To encourage the thermal unit to provide
balancing and participate in the VPP formation, we need
to design a transfer such that MT (B̃tT ) > 0 if B̃tT > 0.

For hour t, we choose randomly one point from the
dataset, and its forecasts and DA electricity price will
constitute Q̂t . As the dataset contains the generation and
demand quantities for a whole zone, we scale down the
values to model the renewable generator and passive load
connected to the VPP. We represent the actual demand
and renewable generation as a deviation from the forecast:
PtD = P̂tD + v D ;

3.2 Heuristic Mechanism

PtR = P̂tR + v R

where v D , v R ∈ R are independent random variables whose
distributions are distributions of difference between the
scaled actual generation/demand and the forecast.

Having looked at the naı̈ve mechanism, we have criteria for
designing the transfers. As the two-price balancing market
is explicitly designed to incentivize players to reveal their
planned or expected generation in the DAM, we use the
same transfers to encourage the renewable unit to bid close
to the forecast:
 R+ R
λt (Pt − BtR ) if PtR − BtR ≥ 0
R
R
R
M (Pt − Bt ) =
R
R
R
R
λR−
t (Pt − Bt ) if Pt − Bt < 0

The BM prices are modeled with respect to the DA price.
We define expectations for balancing down and balancing
up prices separately conditional on the market scenario.
In the data for zone SE1, the balancing down scenario was
realized in 48% of total number of hours, the balancing up
scenario in 31%, and the system was balanced in 21% of
time. We assume the DA price to be a nominal value and
the balancing prices to be perturbed values:
Balancing up:
λDN
= λDA
λUP
= (1 + v UP )λDA
t
t ,
t
t

where λR+
and λR−
are rates defined by the VPP rules.
t
t
The renewable generator is willing to participate in the
VPP as long as λR+
≥ λDN
and λR−
≤ λUP
t
t
t
t . When the
equality is satisfied, the renewable generator is indifferent
as to whether to take part in the VPP or enter the
market as a separate player. Thus, we take λR+
= λDN
t
t
R−
UP
and λt = λt to minimize VPP costs while ensuring
participation of the renewable generator.

Balancing down:

λDN
= (1 − v DN )λDA
t
t ,

λUP
= λDA
t
t

where v UP , v DN ∈ R+ are independent random variables
which are modeled by computing their distributions from
the historic realizations.

If we want the thermal unit to provide balancing, we
need to compensate it for the increased generation as the
marginal cost of production per unit of energy increases
with higher generation. However, the VPP in distributed
operation might not know the production cost of the
thermal unit. The VPP may apply a two-price transfer
to the balancing provided by the thermal unit:
 T+ T
λt B̃t if B̃tT ≥ 0
MT (B̃tT ) =
T
λT−
if B̃tT < 0
t B̃t

4.2 Static Case
In a static scenario, we assume for each hour t the
actions of the generators and the VPP depend only on
Q̂t and Qt and don’t depend on the actions taken in the
previous hours. The actions of the VPP and the renewable
generator are indeed static, given the forecasts, while for
the thermal generator this is not generally true. We assume
the generators capacities to be 10 megawatts (MW) each
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(a) Renewable generator

(b) Thermal generator

Fig. 3. Utility functions of generators in distributed VPP
and the maximum hourly demand to be 15 MW. The
thermal unit sets its balancing capacity to 1 MW, and
its production cost is π(BtT ) = 2(BtT )2 + 10BtT . The price
paid by the load to the VPP is λLt =30 e/MWh.

Fig. 4. One-hour bidding

We simulate the system for one hour of operation because
in the static case the players can optimize each hour separately and sum the payoffs. We randomly choose a data
point for simulation and obtain the DA price and the forecasts of generation and consumption: λDA
= 30.35 e/MW,
1
P̂1D = 8.1 MW, P̂1R = 1.0 MW. The expected balancing
price is λ̂RT
1 = 29.22 e/MW. These values along with the
statistical models of disturbances constitute Q̂1 available
before the DA bidding.

which shows that the production bid of the thermal unit
in hour t depends on the actual generation in the previous
hour. We assume that the ramping capacity R2 is higher
than the balancing capacity R1 because the time allocated
for reaching new production level during balancing is
shorter than between two hours. A more conservative form
of the constraint is:
T
|BtT − Bt−1
|≤ st (R2 − R1 )
(8)
To illustrate the effect of the constraint, we simulate two
consecutive hours by assuming R2 = 2 MW. We study
the performance of the system during these two hours
with and without dynamics and ascertain if satisfying the
conservative constraint (8) simplifies the problem. We also
assume the bid of the thermal unit is not constrained by
(7) in the first hour, and for the following hour it is.

The simulation of the centralized VPP produces the following bids: B1T = 5.2 MW, B1AG = 1.8 MW, s1 = 1, the
C
VPP cost is J1,0
= −79 e, and the VPP uses the balancing
capability of the thermal unit whenever it is profitable.
In the distributed scenario with the heuristic transfers,
the generators maximize their own utility functions. Fig. 3
shows the payoffs of the generators versus their energy
production bid. The renewable generator reaches the maximum utility at 1.1 MW, while the forecast is 1.0 MW, and
the thermal unit at 5 MW, while in the centralized VPP
it is 5.2 MW. Also the thermal unit submits the prices
T−
λT+
comparable to possible BM prices, so it is willing
1 , λ1
to provide balancing to the VPP for compensation.

The first scenario under consideration is slow-varying DA
prices: λDA
≈ λDA
2
1 . As a result, we expect the optimal
energy bids of the thermal unit for both hours to be
similar. The data for the first hour are the same as
in the static case simulation. The second hour information is λDA
= 31.35 e/MW, P̂2D = 7.6 MW, P̂2R = 7.0 MW,
2
λ̂RT
2 = 30.0 e/MW. From the previous example, the optimal energy bid of the distributed thermal unit is 5 MW
and by simulating the static case with the new data we
find B2T∗ = 5.2 MW. These two bids satisfy (8).

Fig. 4 shows the costs of the distributed and centralized
VPPs and the overall system cost. The optimal aggregated
bid in the distributed case is 1.7 MW, however, the cost
reached by the distributed VPP is higher than the cost of
the centralized VPP. Nevertheless, the overall system cost
in the distributed scenario is just slightly higher than the
centralized VPP cost.

Fig. 5 shows the total system cost for both hours versus
the bid of the thermal unit in the first hour. Dashed lines
show the result of centralized and distributed optimization
when the constraint (7) is omitted. The minimum costs
reached are similar and are minimized when the bid is
approximately 5 MW for all four scenarios. When the bid
of the thermal unit starts to deviate from the optimal
value, the cost of the dynamic distributed system becomes
higher than in the static case, while in the centralized
system there is no such deviation. This difference in
behaviors arises because the centralized VPP can use both
the balancing and ramping capabilities of the thermal
generator with no restriction.

With the proposed transfer functions, the renewable unit
bids close to the forecast and the thermal unit bids close
to the thermal output in the centralized VPP and provides
balancing. As a result, the aggregated energy bids and the
total system costs are similar in both the centralized and
distributed cases. Thus, the proposed mechanism allows to
reach optimal performance in the absence of dynamics.
4.3 Dynamic Case

In the dynamic distributed case, the thermal unit bids
5 MW to maximize its utility function, which also minimizes the system cost. There is no difference in performance of the static and dynamic systems and just a slight
difference in centralized and decentralized performance.
Thus, when (8) is satisfied for every pair of consecutive
hours, every player can optimize each hour separately to
derive the full schedule.

The dynamic case takes into account the ramping capabilities of the thermal unit. Thermal generators cannot change
their generation output considerably in a short period of
time, and we introduce an additional constraint for the
thermal unit:
T
T
|BtT − (Bt−1
+ B̃t−1
)|≤ st R2

(7)
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Fig. 5. Two-hour bidding with slowly varying prices

Fig. 6. Two-hour bidding with highly varying prices

The second example illustrates the case when the constraint (7) becomes active. To have such scenario, we
choose λDA
to be considerably higher or lower than
2
DA
= 16.04 e,
λDA
1 . The data for the second hour are: λ2
RT
D
R
λ̂2 = 15.35 e/MW, P̂2 = 9.8 MW, P̂2 = 8.1 MW. The
optimal energy bid of the thermal unit to the VPP is
B2T∗ = 1.5 MW, so (8) is not satisfied.

REFERENCES
Al-Awami, A.T., Amleh, N.A., and Muqbel, A.M. (2017).
Optimal demand response bidding and pricing mechanism with fuzzy optimization: Application for a virtual
power plant. IEEE Transactions on Industry Applications, 53(5), 5051–5061.
de Lagarde, C.M. and Lantz, F. (2018). How renewable
production depresses electricity prices: Evidence from
the German market. Energy Policy, 117, 263–277.
Hu, J., Morais, H., Lind, M., and Bindner, H.W. (2016).
Multi-agent based modeling for electric vehicle integration in a distribution network operation. Electric Power
Systems Research, 136, 341–351.
International Energy Agency (2017). Renewables 2017:
Analysis and forecasts to 2022. Technical report.
Khazaei, H. and Zhao, Y. (2017). A simple payoff allocation mechanism achieves efficiency and stability in renewable energy aggregation. In Signal and Information
Processing (GlobalSIP), 2017 IEEE Global Conference
on, 1025–1029. IEEE.
Morales, J.M., Conejo, A.J., Madsen, H., Pinson, P., and
Zugno, M. (2013). Integrating renewables in electricity
markets: operational problems, volume 205. Springer
Science & Business Media.
Nayyar, A., Poolla, K., and Varaiya, P. (2013). A statistically robust payment sharing mechanism for an
aggregate of renewable energy producers. In Control
Conference (ECC), 2013 European, 3025–3031. IEEE.
Nord Pool (n.d.). https://www.nordpoolgroup.com.
[Online; accessed 20-April-2018].
Pudjianto, D., Ramsay, C., and Strbac, G. (2007). Virtual
power plant and system integration of distributed energy resources. IET Renewable Power Generation, 1(1),
10–16.
Rahmani-Dabbagh, S. and Sheikh-El-Eslami, M.K. (2016).
A profit sharing scheme for distributed energy resources
integrated into a virtual power plant. Applied energy,
184, 313–328.
Robu, V., Chalkiadakis, G., Kota, R., Rogers, A., and
Jennings, N.R. (2016). Rewarding cooperative virtual
power plant formation using scoring rules. Energy, 117,
19–28.
You, S., Træholt, C., and Poulsen, B. (2009). A marketbased virtual power plant. In Clean Electrical Power,
2009 International Conference on, 460–465. IEEE.

Fig. 6 shows the optimization result for the second example. The system cost is minimized at different values
of the thermal generation: in the dynamic case thermal
generation in the centralized VPP is 5 MW and in the
distributed VPP 4.2 MW, while in the static case these
values are 5.2 MW and 5 MW, respectively. The dynamics
of the thermal generator affect both centralized and decentralized system performance and lead to a lower bid of the
thermal generator. Also the costs reached in the dynamic
setup are slightly higher than in the static setup.
Even if the thermal unit generations in centralized and
distributed systems in the first hour are different, the
centralized VPP uses the balancing capability of the
thermal unit to be able to reach the optimal generation
level of 1.5 MW in the next hour. In the distributed VPP,
the thermal generator is willing to provide balancing down
at a low cost, but balancing up at a much higher cost,
which results in the same behavior as the centralized
system. The optimal costs reached in the dynamic setup
for the centralized and distributed systems are -349.6 eand
−347.6 e, respectively. Thus, the developed mechanism is
able to stir the system to a centralized-like behavior and
costs in both static and dynamic setups.
5. CONCLUSION
We considered a virtual power plant where distributed
generators are privately-owned and can act strategically.
We designed a heuristic mechanism for the distributed
VPP that allows reaching a performance comparable to a
centralized VPP. The mechanism works in both static and
dynamic cases, which makes it easy to adapt to current
market structures with a two-price balancing system.
Future work includes implementing faster optimization
methods for finding the schedule for a full day, considering
the effect of distribution network constraints, and adding a
controllable load. A possible extension of the model could
be studying what happens if the VPP has market power
and developing risk-averse formulation of the problem for
higher reliability of the system.
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