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ABSTRACT

Mechanism Design for Virtual Power Plant

with Independent Distributed Generators

Alfiya Kulmukhanova

We discuss a model of a virtual power plant (VPP) that provides market access

to privately-owned distributed generations (DGs). The VPP serves passive loads,

processes bids from generators, and trades in the wholesale market. The generators

can be renewable or thermal, and they act strategically to maximize their own profit.

The VPP establishes the rules of the internal market to minimize the cost of energy

and the cost of balancing while ensuring generator participation and load balancing.

We derive a heuristic mechanism for internal market and propose a dynamic program-

ming approach for minimizing the VPP cost. We present illustrative simulations for

both single and multistage market bidding and then compare the resulting perfor-

mance to the centralized VPP model, where the DGs are assumed to be owned by

the VPP. We show that the proposed design incentivizes the DG agents to behave

the same as in the centralized case, but the optimal cost paid by VPP is higher due

to the payments to the DG owners.
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Chapter 1

Introduction

1.1 Background and Motivation

Currently, the electricity system is undergoing a substantial transformation. This

transformation is driven by the worldwide concern for a sustainable future, which is

not possible without reducing fossil fuel consumption. Different countries and regions

have adopted policies for increasing the share of renewable energy. In particular,

the European Union targets a 40% reduction in greenhouse gas emissions by 2030

compared to 1990, and 27% of the renewable energy consumption [1]. Moreover,

the Paris Agreement, signed by 178 parties around the globe, established the goal

to reduce the global temperature increase level to well below 2°C to reduce risks of

climate change [2]. Renewable energy will be the main resource for reaching this goal.

However, with the increased penetration of distributed energy resources (DERs)

and new demand types, such as electric vehicles (EVs), the electricity sector is facing

new challenges. Large-scale integration of distributed generation (DG) units in the

distribution grid affects grid planning and has an impact on the operation of the

distribution grid [3]. The intermittency of renewable energy sources (RES) might

affect voltage control, power quality, power losses, and protection of the system.

However, thorough studies before the implementation and use of the right technologies

can help to overcome these challenges [4].

Besides the challenges in the operation of the grid, the electricity markets and

utilities have to adjust to global changes due to RES and new demand types. Global
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deregulation of electricity markets that started in the 1990s introduced competition,

but developed market models rely on dispatchable systems and cannot accommodate

the high variability of renewable generation [5]. One of the measures to mitigate the

variability of renewable energy generation is redispatch, i.e., changing the generation

levels of the dispatchable power plants after the wholesale market is cleared. Some

markets have implemented this measure as intraday trading, which accounts for up

to 5% of energy trading [6], but its share might increase with higher penetration of

RES [5].

Also, renewable DG is usually not competitive in electricity markets, so it needs

subsidies from the government. Policies for encouraging installation of RES genera-

tion, such as feed-in tariffs and renewable portfolio standards, reduce the profit of the

utility companies. A study on the impact of photovoltaic (PV) units on the utilities

and ratepayers in the US has revealed that net-metered PV systems have a moderate

effect on the retail prices, while utility stakeholders’ revenue might drop by up to 15%

at 10% PV penetration [7]. Another research work on European markets studies a

merit-order effect — a reduction in wholesale electricity prices due to (almost) zero

marginal cost of wind and solar energy [8]. De Lagarde and Lantz [8] claim that peak

power plants, i.e., power plants that are profitable only when the electricity price is

high, most of the time remain unused and suffer from “missing money”. Figure 1.1

shows the wholesale market price drop due to the merit-order effect.
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Figure 1.1: Spot market with high penetration of DER [9].

Interestingly enough, the retail price paid by the customer does not decrease with

the drop in the wholesale prices. While policies promote the growth of RES usage, the

customers end up paying capital costs of installation and the tariffs of renewables [9].

However, with the development of information and communication technologies, the

interaction between transmission operation and distribution operation increases. This

communication enables the distribution operators to respond to the price changes and

adjust consumer behavior accordingly. The adaptability of the demand transforms

new DERs at the distribution level, such as electric vehicles, to a controllable resource

for enhancing the quality and reliability of the electricity network [10].

While DERs are an essential part of the future Smart Grid, sustainable use of

renewable energy sources is not possible without reviewing current market models

and renewable energy policies. One of the methods for dealing with the challenge of

integration of renewable energy sources in the electricity market structures is a virtual

power plant (VPP). The VPP is a virtual architecture connecting retail and wholesale

markets that uses software and smart devices for decentralized control and optimal

dispatch of DERs. The benefits of DER aggregation under the VPP architecture are:

• breaking the capacity limit for entering the electricity market;

• overcoming the variability of RES by having a statistical diversity of sources
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and locations;

• balancing the supply and demand locally and reducing the need to redispatch

large power plants;

• changing the payment methods to the renewable generators.

Virtual power plants are already emerging in developed countries. Next Kraftwr-

erke manages more than a thousand DERs across Europe; Tesla is establishing an

aggregation of residential and commercial storage systems in the US and Australia;

and so on. However, most of these projects develop a virtual power plant where the

aggregated resources do not have intelligence and follow the commands of a central

planner. This architecture limits the capabilities of the VPP as it introduces a point

of single failure and does not allow the agents to adjust their production/consumption

in order to increase profits.

One of the tools for efficient VPP design with distributed privately-owned DERs is

game theory. Game theory is a study of complex interactions between independent ra-

tional players [11]. A game-theoretic framework is able to capture the characteristics

of the VPP, such as the heterogeneous nature of DERs, communication and interac-

tion between the components, and their distributed operation. Thus, in this work,

we apply game-theoretic tools for modeling and analyzing the interactions between a

VPP, independent distributed generators, and the spot market.

1.2 Objectives and Contributions

We model a virtual power plant with thermal dispatchable and renewable

non-dispatchable generators that participates in the spot market and balances the

energy in the system in real-time. In each hour, there are two consecutive decisions

of the VPP: the aggregated bid to the day-ahead market and the balancing actions,

which can be either buying the energy from the balancing market or redispatch of the
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thermal power plant. To capture this sequential decision-making, we use Dynamic

Programming. The market structure chosen for the analysis is Nord Pool with a

spot market for day-ahead bidding and two-price balancing market [6]. Using game

theory, we develop an internal market of the distributed VPP with privately-owned

generators and compare its performance to the centralized VPP.

The specific objectives of this thesis are as follows:

• Objective 1. To develop a model of the virtual power plant with thermal and

renewable generators and its participation in the day-ahead and balancing markets.

• Objective 2. To design a heuristic mechanism for the internal market of the

VPP to minimize the energy and balancing costs of the VPP when the generators act

independently.

• Objective 3. To develop a dynamic model of the VPP and generators.

• Objective 4. To compare centralized and distributed VPP operation in the static

and dynamic cases.

The structure of this thesis is as follows: Chapter 2 gives an overview of the

VPP technology and different models that have been developed; Chapter 3 presents

our model of the VPP and analyzes its centralized and distributed operation in a

static case; Chapter 4 extends the model to a dynamic case; and Chapter 5 presents

concluding remarks and future work.
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Chapter 2

Literature Review

In this chapter, we review selected research on VPPs. First, we present some back-

ground and different types of virtual power plants. Then we discuss possible compo-

nents of VPPs. Finally, we review the operation of VPPs and their participation in

electricity markets.

2.1 Virtual Power Plant

The idea of aggregation of distributed energy resources emerged in the 1990s when

the deregulation of electricity markets was taking place. The main reason for the

aggregation was the increase of renewable power generation, which could not enter

the electricity market because of its intermittency and small generation capacity

due to limited efficiency. Representing a group of renewable generators as a virtual

utility would assist in breaking the capacity threshold for entering the electricity

market. Also, it would increase the statistical diversity of the agglomeration to reduce

the uncertainty in the energy output. In [12], the authors discussed the benefits of

aggregating different generation types under a virtual utility concept to provide a

leaner and more flexible electricity supply. The virtual utility in their perspective

could be a new business model for electricity generation that would not only allow

DERs to enter the market, but would also lower electricity prices and increase market

transparency.

Subsequently, the virtual utility transformed into a virtual power plant — a soft-
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ware architecture that allows DERs and the DGs to act as a conventional power plant

connected to the grid (see Figure 2.1). This type of architecture makes it easier to

incorporate VPPs into the existing electricity network because the transmission sys-

tem operator (TSO) considers the VPP in the frame of the same characteristics and

constraints as a conventional power plant.

Figure 2.1: Characterisation of DER as VPP [13].

In [13], the authors summarized the concept of the VPP and introduced two

different types of VPPs. The first type is a commercial virtual power plant (CVPP)

which provides market visibility to the DERs by bidding in the electricity market

on their behalf while not necessarily owning the generation units. The second type

is a technical virtual power plant (TVPP), which considers the physical layout of

the DERs, provides visibility of DERs to the TSO, and takes part in regulatory

activities. Since beginning this research, this categorization has been widely accepted

by the research community.

You et al. [14] reviewed possible control methods of VPPs. Based on the required

communication and ownership, the authors specified the following types of VPPs:

• Centralized controlled virtual power plant — a VPP that has complete knowl-

edge of the DERs under its control and sets the operating points of all elements.
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In this way, it optimizes the overall performance of the system. However, such

an architecture cannot easily integrate new components, e.g. generators or

loads.

• Decentralized controlled virtual power plant — a hierarchical architecture with

a central controller that ensures economical operation and security of the sys-

tem, and distributed local controllers that ensure optimal DER operation. This

structure provides scalability, but it still relies heavily on the central controller.

• Fully decentralized controlled virtual power plant — an extension of the pre-

vious architecture. In such a VPP, the central controller is only responsible

for the information exchange between different agents and the market. This

configuration is the ultimate concept of a VPP, and it would allow a seamless

penetration and aggregation of DERs. Such aggregation would be possible if

each DER had the intelligence to act optimally and to respond to the changes

in the system state.

Even if the fully decentralized controlled VPP has the most flexible configuration,

to develop a model that suits current transmission and distribution electricity net-

works is challenging. Therefore, the centralized and distributed types of VPPs are

also appropriate models in the cases when the DERs transfer the responsibility for

the decisions to the VPP with the expectation of additional profit.

2.2 Components of the Virtual Power Plant

The virtual power plant is versatile in its composition and operation. Researchers are

experimenting with VPPs consisting of different components that can maximize the

efficiency, reduce risks associated with uncertain generation and demand, or reduce

emissions. The main components of the VPP structure are dispatchable power gener-

ators, non-dispatchable renewable power generators, energy storage systems (ESSs),
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EVs, and demand response (DR), i.e., an aggregation of flexible loads. In this section,

we study each component separately and discuss how they benefit the VPP.

The aggregation of renewable energy sources is the most intuitive application of

VPPs. Combining many small generation units reduces risks associated with un-

certainty in electricity generation of wind turbines and PV panels. Refs. [15, 16]

consider a VPP consisting of wind generators and study its bidding in the day ahead

and intraday markets, while in [17], the authors develop a distributed method for PV

generator control. Ref. [18] studies VPP formation based on generic non-dispatchable

generators. The studies [18, 19, 20] show that the aggregation of non-dispatchable

generators increases the profit of the system significantly in comparison to the indi-

vidual participation of the DER in the markets.

Dispatchable generators usually constitute a reserve capacity of the VPP, meaning

that they support the optimal production level when the non-dispatchable generators

do not meet the required generation level. The most common types of dispatchable

generators considered in VPP models are: conventional power plants, gas turbines,

diesel generators, and combined heat and power (CHP) plants. Because the output

levels of such generators are controllable, the models which include them partici-

pate in both day-ahead and balancing markets [21, 22]. Some models also aim to

reduce the emissions of the VPP operation by including the CO2 emission penalty for

conventional power plant operation [21].

There is extensive research on the energy storage systems both within the VPP

and as an individual players in an electricity market. Researchers have shown that

adding ESS to the aggregation of DERs can help to reduce the uncertainty in en-

ergy production and in the associated costs [23]. ESS can also act as a VPP itself

by purchasing and selling energy on the electricity market if the size of the system

allows [24]. Ref. [25] includes a CHP unit and considers both electric and thermal

storage types. Zhao et al. [26] give an overview of energy storage systems for facili-
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tating the integration of wind power, while studies [23] and [27] also model battery

degradation cost, which is an important aspect in the long-term operation of the

storage and the VPP.

Besides single DER units, an aggregation of small components may benefit from

participating in the VPP. Vandoorn et al. [28] show that VPPs can be successfully

integrated into a hierarchical structure to create a link between microgrids and an

electricity market. While the microgrids provides secondary control to DERs con-

nected to it, the VPP optimizes the energy production schedule and energy balance,

so the VPP performs the tertiary control over the aggregated microgrids.

The VPP model can also include an aggregation of electric vehicles or controllable

loads. Similarly to the other components, EVs can participate in the bigger VPP

with generators and loads or can be aggregated on their own to form a VPP as

described in [29, 30, 31]. Shayegan-Rad et al. [21] model electric vehicles as an

additional component of the VPP, and they ensure EV participation through incentive

contracts. Similarly, DR in VPPs plays a facilitating role in balancing the output of

the renewable generators in the real-time operation [32, 33, 34].

2.3 Operation of the Virtual Power Plant

In this section, we present the methods for modeling the operation and optimizing

the schedule and the bidding of the VPPs in electricity markets. First, we review

optimization methods and operation models of centralized and distributed VPPs that

own all DERs aggregated in them. Then we will describe the models developed for

distributed VPPs with individually owned DERs and study how we can use game

theory in such scenarios.

Centralized VPP operation can be viewed as an optimization problem, and we

can use different optimization methods to solve for the optimal schedule and to derive

bidding strategies of the VPP. The dispatchable generators usually have non-linear
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characteristics and can be either on or off, while renewable generators are usually

assumed to have a zero marginal cost. Due to these characteristics, refs. [35], [25]

and [36] use mixed-integer linear programming (MILP) for optimizing the day-ahead

bid of the VPP to the electricity markets. These works discuss VPPs consisting of

intermittent sources, dispatchable sources, and storage devices where the dispatchable

source input-output characteristics are linearized and the start-up characteristics are

represented as integer variables.

Other optimization techniques that have been applied to the VPP scheduling are

alternating direction method of multipliers (ADMM) [37], fuzzy optimization [33], and

different stochastic techniques [16, 34, 31]. Though all these works consider different

layouts and components of the virtual power plant and various methods for modeling

uncertainties, all of them deal with centralized or distributed VPP operation where

DERs belong to the virtual power plant. Therefore, these cases do not consider the

possibility of aggregating privately-owned distributed energy resources.

Game theory provides various tools for studying the VPP when aggregated DERs

are self-interested and have the intelligence to act strategically. In general, game-

theoretic methods present many opportunities for supporting Smart Grids and facil-

itating their development [11]. Game theory is a mathematical framework to model

the behavior and interaction between agents in a cooperative and non-cooperative

setting. Applications of game theory to power systems include electricity markets,

demand response, distributed control strategies for distributed energy resources, se-

cure communication of devices, and privacy of the participants. In this work, we

focus on a mechanism design — a game-theoretic tool for developing rules for the

interactions between self-interested players and outcomes of such interactions.

You et al. [14] discuss a market-based decentralized VPP and propose two operat-

ing scenarios. The first scenario consists of general bidding where DERs bid optimally

in the markets but do not have sufficient individual capacity to enter the market or
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want to mitigate risks by collaborating with other generators. The VPP acts as an

intermediary: it passes information between agents and submits the aggregated bid

to the wholesale market. In this case, the VPP does not take part in decision making

and is not responsible for any regulation activities. The second scenario is a price

signal scenario where the VPP sends a price signal to all DERs and establishes the

optimal operating point through an iterative algorithm. However, these two scenarios

are extremes regarding the presumed intelligence: either the agents are intelligent,

and the VPP only acts as an intermediary, or vice versa, i.e., the VPP is intelligent

and steers the system to the desired behavior while the DERs perform secondary

control.

Hu et al. [29] present a similar price signal based control of the VPP for coordi-

nating the aggregation of self-interested VPPs to avoid congestion. The algorithm is

based on a negotiation: each VPP produces a schedule of EV charging and submits

it to the distribution system operator (DSO) agent. The DSO agent checks whether

there is congestion with the submitted schedules or not. If there is congestion, it

calculates congestion price and sends it to the VPPs, which recalculate the schedules

with the new prices, and the process continues until it converges to a schedule without

congestion. VPPs optimize the schedule using mixed-integer non-linear programming

whereas the DSO agent solves a convex optimization problem. This architecture can

be adapted to a VPP with independent DERs for congestion management if the VPP

is a technical VPP responsible for the network constraints.

Another work that focuses on applications of the game theory to a cooperative

VPP is [18]. The authors discuss the possibility of using scoring rules to reward a

VPP formation where individual players choose to participate in the VPP based on

expected higher profit. This method works for agents with uncertain production lev-

els, as the scoring rules reward prediction with some probability distribution and an

outcome, and the higher the probability of this particular realization, the higher the



24

accuracy score of this agent. The authors show that their method results in a much

higher profit of the system in comparison to the case when the DERs participate

in the energy market as singletons. Moreover, Robu et al. [18] show that most of

the profit is redistributed to the agents and the maximum non-redistributed profit is

not more than 2%. This model is an easy-to-implement payment method for renew-

able generators, but it does not include the dispatchable generators and the storage

systems. Furthermore, it does not optimize the schedule because the renewable gen-

erators only make predictions of the output, while the VPP aggregates them and

passes the aggregated bid to the market operator.

Rahmani-Dabbagh and Sheikh-El-Eslami [19, 20] study profit allocation in a sys-

tem consisting of dispatchable, non-dispatchable, and storage units, which partici-

pates in both day-ahead and balancing markets. Even if the DERs are privately

owned, the VPP makes centralized decisions on their operation. DERs follow the

decisions of the VPP as they expect the profit to be higher if they participate in the

aggregation. Ref. [19] considers the classical profit allocation methods from coop-

erative game theory, namely Shapley value and nucleolus-based allocation. Unlike

the scoring rule used in [18], the Shapley value and nucleolus concept allow total

redistribution of the profit to the players, i.e., they are budget-balanced. Compar-

ing risk-averse profit of each DER, both participating in the market individually and

through the VPP, shows that cooperation is more profitable for the DER under both

the nucleolus based and the Shapley value based profit allocation methods.

In [20], the authors consider the same setup as in [19] with various generators and

storage. However, instead of using standard profit allocation techniques, they propose

their own method. The method is less computationally heavy than calculating the

Shapley value and nucleolus-based allocation. Also, it allows tracing the source of the

surplus profit, which makes the method more attractive to the DERs. Although the

profit distribution among the players is different from Shapley value or nucleolus-based
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techniques, each player still gets higher profit by participating in the pool, rather than

trading in the electricity market directly. Even if this method considers individually

owned DERs aggregated in the VPP, the players do not make any decisions, and the

burden of calculating the optimal schedule and bids lies entirely on the VPP.

Additionally, the DER owners and the dispatchable generators should consider

the risks of participating in electricity markets because of uncertain generation and

demand and highly volatile real-time prices. Conditional value at risk (CVaR) is one

of the measures of risk, and it has been used in [35], [19], and [16] for the day-ahead

bidding of the VPP. They show that the risk aversion of the VPP can considerably

change its behavior in the market. However, it is a necessary addition to the system

because the electricity supply reliability is a critical aspect.

From the literature presented, it is clear that there is no method for combining

the intelligence of the DERs and the intelligence of the VPP in a system where the

players can make distributed decisions while being independent. The market-based

VPP presented in [14] is the closest to the fully distributed VPP system; however,

it considers only the bidding, and does not take into account any payments or costs

faced by the VPP in real-time. Therefore, this work develops a model of the VPP

with independent distributed heterogeneous generators for trading in the day-ahead

and balancing markets.
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Chapter 3

The Virtual Power Plant Model

In this chapter, we present the design of the virtual power plant. The objective is to

develop a model of interaction between different agents taking part in the electric-

ity market through a VPP such that producers, the VPP, and the system operator

benefit from the establishment. The model is suitable for different time frames of

the wholesale market, which we demonstrate through the framework of Nord Pool

electricity market [6]. Section 3.1 presents the operation of the Nord Pool electricity

market, Section 3.2 develops the model of the VPP in the intraday market, and Sec-

tion 3.3 shows the operation of the model and compares it to the optimal centralized

case.

3.1 Nord Pool Electricity Market

Nord Pool is the leading electricity market in Europe, remarkable for its transparency

and liquidity. It belongs to TSOs of Nordic and Baltic countries, and it operates in

20 countries. It runs international electricity trades in Nordic and Baltic regions

and local trades in the UK. Figure 3.1 shows the areas where Nord Pool leads the

day-ahead and intraday auctions.
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Figure 3.1: Nord Pool market coverage [6].

In 2016 the total volume turnover of the day-ahead market in Nordic and Baltic

regions was 391 TWh, while intraday market turnover in these regions and Germany

was almost 5 TWh [38]. Figure 3.2 shows the total electricity traded in both markets.

More than 95% of electricity is traded in the hour-ahead market which makes the

market price less volatile in comparison to markets which rely only on real-time

auctions [39]. High renewable penetration and low variability in market prices make

Nord Pool a model for other markets to follow.

(a) Day-ahead market (b) Intraday market

Figure 3.2: Nord Pool volume turnover in 2016 per country in TWh [38].
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3.1.1 Nord Pool Operation

Figure 3.3 shows the timeline of the market activities at Nord Pool. The market

conducts all activities according to Central European Time (CET) and the market

consists of two auctions: day-ahead and intraday. The day-ahead auction is a double

auction conducted each day before 12:00 CET and for every hour of the next day

t ∈ [0, 23]. Both producers and consumers submit bids and offers, containing the

volume and the price, and the intersection of supply and demand curves sets the

day-ahead hourly prices λDAt . If any of the lines may become congested with settled

production/consumption schedule for the next day, the market operator increases the

prices in the affected regions to discourage high electricity consumption and encourage

local energy generation. Thus, hourly prices might be different in different zones.

The second auction is a bilateral intraday auction which opens at 14:00 CET the

day before the delivery and continues until one hour before the physical delivery of

energy. In this auction, participants can submit bids and offers for different periods,

such as 15 minutes, half an hour, hourly or blocks for several hours. The Nord Pool

matches bids and offers by merit ordering irrespective of time of submission. So the

offers with the lowest price and bids with the highest price get matched first. Nord

Pool takes care of the possibility of congestion on transmission lines in real time: at

14:00 CET it also announces capacities of the lines.

Figure 3.3: Time line of activities at Nord Pool spot market [15].
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After Nord Pool closes the intraday market for a specific hour and finalizes the

capacities, if mismatches occur in the actual demand and production in real time,

TSO balances them using ancillary services. Whenever overall production is higher

than demand, regulating power is negative, and we refer to such scenario as balancing

down, while if demand is higher than production, regulating power is positive and

it is called balancing up. Also, there are some periods when the market is overall

balanced even if individual producers or consumers deviate from the original schedule.

Imbalances in the market are cleared using a two-price system. There is one price

for either overproducing or reducing consumption λDNt and another price for either

increased demand or underproduction λUPt . At least one of the prices is equal to the

day ahead price λDAt . We discuss the scenarios of the balancing market below from

the perspective of the energy generators.

1. Balancing up (deficit of generation).

Whenever the market announces the balancing up direction for a particular

hour, the producers that fail to reach the production level they committed to

in day-ahead and intraday markets have to buy this deficit of energy from the

balancing market at a price λUPt >λDAt . These generators could submit lower

bids at the day-ahead market at a price λDAt to avoid extra costs. On the

contrary, producers that overproduce, while the market is in the balancing up

scenario, can sell the excess energy at the price λDNt =λDAt . These generators

are indifferent to whether to sell the energy in the day-ahead market or in the

balancing market. Thus, the TSO encourages overproduction, as it helps to

mitigate system imbalance, and penalizes underproduction for worsening the

situation.

λUPt > λDAt ; λDNt = λDAt
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2. Balancing down (excess of generation).

When the TSO announces balancing down for the hour, the producers that

generate less than planned can buy electricity from the balancing market at

the same price as the day-ahead price for this hour λUPt =λDAt . So there is no

difference in buying energy in day-ahead or real-time for these generators in

the balancing down scenario. However, if any generators overproduce and want

to sell this electricity in the balancing market, they are paid at the level lower

than the day-ahead price for this hour λDNt <λDAt . These producers could gain

more money by selling any extra energy in the intraday or day-ahead market,

so payment at λDNt <λDAt is considered a penalty.

λUPt = λDAt ; λDNt < λDAt

3. Balanced market. In some periods when the system is balanced for a partic-

ular hour, both prices are equal to the spot market price:

λUPt = λDNt = λDAt

Thus, everyone pays or gets paid at λDAt for any deviation that it encounters.

3.2 Designing the Virtual Power Plant

In this work, we consider a virtual power plant similar to the market-based VPP in

[14] that does not own, but rather provides market access to the distributed energy

resources. The DERs that are aggregated in the VPP can be DGs, microgrids, small

grid-connected power plants, or a combination of these. The VPP acts as a central-

ized controller and establishes the rules of the internal market. DGs produce their

bids based on the information about the market price, internal market policies, and
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forecasts, and submit these bids to the VPP. The VPP collects the bids and submits

an aggregated (possibly strategic) bid to the electricity market. Due to the diversity

of distributed energy resources aggregated in the VPP, the VPP can either act as a

buyer or seller.

We divide the generator models into two groups: dispatchable power plants and

non-dispatchable power plants. Dispatchable power plants can adjust the generation

level on demand and can be turned on and off. Thermal, hydropower, and geothermal

power plants are examples of dispatchable generators. As dispatchable generators can

adjust production levels, they can take part in regulatory activities. For this work,

we will concentrate on a model of a thermal power plant to represent a dispatchable

generation. Non-dispatchable generation includes wind and solar generators. We

cannot adjust their production to meet the demand, but we can predict their output

to some extent. We will use the terms ‘renewable generation’ and ‘non-dispatchable

generation’ interchangeably to refer to solar or wind generation.

The designed VPP can participate in hour ahead bidding, as in the intraday

market, in which case the VPP submits the bids for the next hour only. Likewise the

VPP can participate in day-ahead bidding, in which case the bids represent hourly

production schedules for the next day. In this chapter, we consider one hour ahead

bidding; the scenario for day-ahead bidding is discussed in Chapter 4. Important

assumptions about the market are as follows:

• The VPP does not have market power as the market size is much bigger than

the capacity of the aggregated generation. As a result, the VPP acts as a price

taker in the market.

• There is no uncertainty in the hour ahead price λHAt or day-ahead price λDAt .

We assume that price forecasts exactly match the real price after the auction

closure. This assumption is possible due to various techniques studied for price

forecasting and for bidding in electricity markets with price uncertainty [40,
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41, 42].

• Correlation between renewable generation, demand, and the market price is cap-

tured in the forecast of the hour ahead/day-ahead quantities. Thus, we model

the balancing price, renewable power output deviation, and demand deviation

as independent random variables (RVs).

• No congestion occurs on transmission lines, because TSO already makes all

necessary adjustments in zonal prices and bids to maintain system stability.

3.2.1 Event Timeline

Figure 3.4 shows the timeline of activities in the internal VPP market. For notation

consistency, a variable xt represents the actual value of x at time t, while x̂t represents

the forecast of x for time t. Let Q̂t be the aggregation of all information available

before bidding, and let Qt be the realized quantities when time t comes. We divide the

timeline into two phases to separate all the activities that happen before the auction

closure and after, i.e., during the balancing.

Phase 1 Phase 2

Q̂t is realized

Generators’
bids submitted

to VPP

BidAG
t submitted

to the market

t− 1

Market
closure

t t+ 1

Balancing:
VPP balances the output

VPP makes
transfers

Qt is realized

Figure 3.4: Event timeline

Phase 1: hour ahead (HA)

1. The market price for the next hour λHAt is realized, and the VPP announces

the forecasts of the renewable energy output P̂R
t , demand P̂D

t , and balancing



33

prices λ̂UPt and λ̂DNt . Thus, (λHAt , P̂R
t , P̂D

t , λ̂DNt , λ̂UPt )∈ Q̂t.

2. Based on Q̂t, generators produce their offers. Non-dispatchable generators sub-

mit the quantity of energy BR
t they are willing to provide at time t. This bid

can be strategic and can depend on the actual quantities realized in phase two.

Dispatchable generators also submit the amount of energy BT
t and some extra

information required by the VPP in case the dispatchable generator is willing

to participate in the balancing in real time.

3. The VPP collects all the bids and submits an aggregated bid BAG
t to the whole-

sale market. The aggregated bid BAG
t can be either positive, i.e., the VPP buys

energy from the market, or negative, meaning The VPP sells energy to the mar-

ket. Because we assume the VPP is a price-taker, its bid is always accepted.

The auction ends.

4. The VPP either pays for the bid (BAG
t > 0) or is paid for the offer (BAG

t < 0) at

the price λHAt . Generators are paid for their production bids BT
t and BR

t also

at the price λHAt .

Phase 2: real time (RT)

1. In real time, actual quantities PR
t , PD

t , λDNt , and λUPt are realized. These

quantities and the hour-ahead price λHAt will constitute Qt .

2. Based on the deviation from the bid caused by the uncertainty in the demand

and the renewable generation output, the VPP takes regulatory actions. It

can either balance using balancing market at the price λDNt or λUPt , request

balancing power from dispatchable generators according to some mechanism,

or use a combination of both.

3. The VPP makes transfers to the generators according to the VPP rules.
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3.2.2 Distributed Generation Models

We consider two generators operating under the VPP: a non-dispatchable renewable

generator and a dispatchable thermal generator. As an ex post utility of the generators

we consider the utility that they gain by participating in the electricity market directly

after the balancing activities are finished for the given hour, i.e., at time t+ 1.

The renewable generator might be a solar or wind power plant, so it is character-

ized by zero marginal production cost and random production output. In bidding to

the VPP, it submits expected power output for the given period and receives pay-

ment based on the bid and deviation of actual production from the bid. Therefore,

the objective of the renewable generator is to bid strategically to maximize the utility

and reduce risks associated with production uncertainty. The renewable generator is

paid at the rate λHAt for its bid, but then any deviation from the bid in real time is

settled by the balancing market rules. Thus, the renewable agent’s payoff is

uRt (BR
t ) = λHAt BR

t + λUPt (PR
t −BR

t )− + λDNt (PR
t −BR

t )+ (3.1)

The renewable power plant also has a generation limit, and we denote the max-

imum energy output of the plant as PR
max. Logically, the bid and the production of

the plant cannot be higher than its maximum limit and cannot be negative:

0 ≤ BR
t ≤ PR

max (3.2a)

0 ≤ PR
t ≤ PR

max (3.2b)

The optimal bid of the renewable unit is then determined by maximizing the

expectation of the utility:

uR∗t = max
BR

t

λHAt BR
t + EPR

t ,λ
UP
t ,λDN

t

(
λUPt (PR

t −BR
t )− + λDNt (PR

t −BR
t )+

)
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The thermal generator might be a power station fueled by coal, gas, biomass, etc.,

so its production cost depends on the fuel consumption. The thermal unit can choose

to be either off or on, and we indicate that state using a binary variable st∈ {0, 1}.

When it is on, the thermal unit has a capacity limit Gmax and a minimum production

level Gmin, and it can take part in balancing. It submits the quantity of energy BT
t

it is willing to provide at price λHAt . During real time, the thermal generator can

ramp up or down to take part in balancing. However, the ramping of the generator

is limited by its physical abilities. Also, when the thermal generator is off, its bid

is equal to zero and it cannot take part in regulatory activities as start up time is

required. Let B̃T
t be the amount of energy that the thermal unit is ready to provide

for balancing. Let RUP and RDN be ramping up and ramping down capacities of the

thermal unit. Then Equations (3.3) show the constraints on the bid and balancing

power available.

st ·Gmin ≤ BT
t ≤ st ·Gmax (3.3a)

st ·Gmin ≤ BT
t + B̃T

t ≤ st ·Gmax (3.3b)

st ·RDN ≤ B̃T
t ≤ st ·RUP (3.3c)

The utility of the thermal generator consists of the payments for its bid, balancing

that it provides, and cost of electricity generation. Equation (3.4a) shows the utility

of the thermal unit and Eq. (3.4b) is the electricity production cost. Production cost

is quadratic, and coefficients a, b, and c are positive.

uTt (st, B
T
t , B̃

T
t ) =λHAt BT

t − π(BT
t + B̃T

t ) + λDNt (B̃T
t )− + λUPt (B̃T

t )+ (3.4a)

where π(BT
t + B̃T

t ) = a(BT
t + B̃T

t )2 + b(BT
t + B̃T

t ) + c (3.4b)

subject to (3.3)
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The thermal unit can maximize its utility by increasing production when the

balancing up scenario is announced and be paid λDNt (B̃T
t )+ = λHAt (B̃T

t )+ or decreas-

ing production in the balancing down scenario, in which case it will have to pay

λUPt (B̃T
t )− = λHAt (B̃T

t )−. Acting alternatively will lead to losses, as λUPt ≥ λHAt and

λDNt ≤ λHAt . We can combine two terms together:

λDNt (B̃T
t )+ + λUPt (B̃T

t )− = λHAt (B̃T
t )+ + λHAt (B̃T

t )− = λHAt B̃T
t

Eq. (3.4a) then becomes:

uTt (BT
t , B̃

T
t ) =λHAt BT

t − π(BT
t + B̃T

t ) + λHAt B̃T
t

=λHAt (BT
t + B̃T

t )− π(BT
t + B̃T

t ) (3.5)

The thermal plant could modify its bid to be BT ′
t = BT

t +B̃T
t , B̃

T ′
t = 0 and achieve

the same utility. In such a case, Eq. (3.5) becomes:

uTt (BT
t , 0) =λHAt BT

t − π(BT
t ) (3.6)

Maximizing (3.5) requires perfect knowledge of the balancing price when placing

the bid BT
t to be able to choose whether to ramp up or down in real time, while maxi-

mizing (3.6) does not require the balancing price for maximization. Thus, bidding the

optimal energy output in the hour ahead market and not taking part in the balancing

market will result in utility maximization no matter which scenario is announced in

real time. As production cost (3.4b) is quadratic, the maximization of utility leads
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to linear dependence between the optimal bid BT∗
t and spot market price λHAt :

uT∗t (BT
t ) = max

BT
t

λHAt BT
t − π(BT

t ) = max
BT

t

λHAt BT
t − a(BT

t )2 − b(BT
t )− c

λHAt − 2aBT∗
t − b = 0

BT∗
t =

λHAt − b
2a

(3.7)

As the thermal unit has production limits shown in Eq. (3.3), the optimal bid will

be constrained to satisfy them. Thus, when λHAt is so small that BT∗
t < Gmin, the

optimal action of the thermal unit is to bid BT
t = 0. When Gmin ≤ BT∗

t ≤ Gmax, the

thermal unit will bid BT∗
t , and when BT∗

t ≥ Gmax, it will bid Gmax.

3.2.3 Model of Virtual Power Plant

The VPP has two generators that trade in the electricity market through the VPP in

addition to a passive load that it has to serve. The forecast of the load P̂D
t is known

before bidding, and the actual demand PD
t gets realized in real time. We assume that

the load has a bilateral contract with the VPP, based on which the consumers are

charged at a constant rate, λvppt per unit of energy. The subscript t here refers to the

possibility of having different prices for different hours of use, e.g., peak and off-peak

electricity pricing. This setting also covers the case with no passive load as we can

set both PD
t and P̂D

t to zero.

The virtual power plant has to make two decisions: first, how much to bid in the

market hour ahead, and second, how to balance the system cost-effectively in real

time while providing reliable electricity to the consumers. These two decisions are

sequential and the first decision affects the amount of balancing needed in the second

phase. Thus, we can model this process using a Dynamic Programming approach [43].

We have two phases where the VPP makes decisions, and the terminal cost is zero.

The cost at phase two — real time — is the cost of balancing the system. The
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associated actions are buying or selling energy from the balancing market B̃AG
t and

asking the dispatchable generator to increase or decrease production B̃T
t :

Jt,1(·) = min
B̃AG

t ,B̃T
t

λUPt (B̃AG
t )+ + λDNt (B̃AG

t )− + VT (B̃T
t )− λvppt PD

t

= −λvppt PD
t + min

B̃AG
t ,B̃T

t

λUPt (B̃AG
t )+ + λDNt (B̃AG

t )− + VT (B̃T
t ) (3.8a)

subject to B̃T
t + B̃AG

t +BT
t +BAG

t = PD
t − PR

t (3.8b)

st ·Gmin ≤ BT
t + B̃T

t ≤ st ·Gmax (3.8c)

st ·RDN
1 ≤ B̃T

t ≤ st ·RUP
1 (3.8d)

where VT (B̃T
t ) is the payment to the thermal unit for increased or decreased pro-

duction which will be discussed later. The constraint (3.8b) is the balancing con-

straint, showing that we require the production to be equal to the net demand. Con-

strains (3.8c)–(3.8d) are the physical constraints on the production of the thermal

unit.

During auction, the VPP has to make an optimal bid BAG
t to the market based

on the bids of generators, spot market price, and demand, renewable generation,

and balancing price forecasts. The optimization that needs to be solved for optimal

bidding in the hour ahead market is:

Jt,0(·) = min
BAG

t

λHAt (BAG
t +BT

t +BR
t ) + EQt(Jt,1)

= λHAt (BT
t +BR

t ) + min
BAG

t

λHAt BAG
t + EQt(Jt,1) (3.9)

where EQt(·) is the expectation with respect to Qt: balancing prices λUPt and λDNt ,

production of the renewable unit PR
t , and actual load PD

t . If accurate statistical

models of these RVs are available, the VPP can optimize its bid to avoid not only

over- or underbidding in the market, but also unnecessary balancing costs.
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3.3 One Stage Operation Simulation

3.3.1 Dataset

To be able to simulate specific scenarios, we use the data available online at [6]. The

information for the zone SE1 in Sweden for 2016-2017 was selected, as it has a full

record about zonal spot market price, balancing price, wind power forecast and real

output, consumption forecast and realized consumption for these years. The data is

given in an hourly timescale, and if any entry is missing for a given hour, the data

point is removed from the set.

By plotting the difference between predicted and actual values of wind generation

and demand, we can detect outliers that might affect the distributions. For example,

Figure 3.5a shows the difference between the forecast and the actual wind power

output in 2017. For a certain period the deviation is very high and almost always

positive. Figure 3.5b shows the difference between forecast and actual demand in

2017. For one hour on January, 24, the actual demand was 1500 MWh higher than

the forecast. Such outliers might change the mean of the distribution, thus, we

eliminate them. In data for 2016 no such discrepancies between the forecast and

actual values are noticed.

(a) Wind power production (b) Consumption

Figure 3.5: Difference between the forecast and actual values in 2017
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The model of the variations of wind energy output and consumption is based on

the difference between the predicted and actual realized production and consumption.

Figure 3.6 shows the histograms of differences between the forecast and actual values.

The red line represents the normal distribution fitted to the data.

(a) Wind power production (b) Electricity consumption

Figure 3.6: Histogram of the difference between the forecast and actual values

There is no strong correlation between the predicted value and the difference

between the prediction and the actual value. Thus, we model the actual wind power

output and the electricity consumption as follows:

PR
t = P̂R

t + vR

PD
t = P̂D

t + vD

where vR and vD are independent identically distributed (i.i.d.) random variables

whose distributions are shown in Figure 3.7 and are derived from the distributions

in Figure 3.6. To be able to conduct numerical simulations, we discretized the distri-

butions in the range of ±3σ and everything below or above that was joined together

(the bars at the edges of distributions).
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(a) Wind power production deviation (b) Consumption deviation

Figure 3.7: Probability distribution of the deviations from the forecast used in simu-
lations

Pearson correlation between the spot market price and deviation of the balancing

down price from the spot market price is very high as most of the time balancing

down price is non-negative, so it is bounded between zero and the spot market price

for this hour. Thus, to model the balancing price deviation as i.i.d., we use the

ratio
λDA
t −λDN

t

λDA
t

. Table 3.1 shows correlation coefficients of the difference of balancing

prices and spot market price (2) and percentage difference (3) with the spot market

price during these scenarios (1). Note,taking the percentage difference reduces the

correlation in the balancing down scenario more than ten times, and for the balancing

up scenario twice.
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Table 3.1: Correlation coefficients

Balancing down scenario

Variable Mean corr( λDAt ,·)

1. λDAt 29.1243 1

2. λDAt − λDNt 6.2331 0.7098

3.
λDA
t −λDN

t

λDA
t

0.2118 0.0417

Balancing up scenario

Variable Mean corr( λDAt ,·)

1. λDAt 29.4672 1

2. λUPt − λDAt 5.0942 0.2266

3.
λUP
t −λDA

t

λDA
t

0.1928 -0.1209

From data for 16298 hours, the system was in the balancing up scenario for 5027

hours, and in the balancing down scenario for 7890 hours, and the remainder of

the time both λUPt and λDNt were equal to the spot market price. We use these

values as the probabilities of each scenario, i.e., the balancing up scenario has a

probability of pup = 5027/16278 = 0.31, the balancing down scenario happens with

probability pdn = 7890/16278 = 0.485, and the probability that the system is balanced

is pb = 1− 0.31− 0.485 = 0.205. Subsequently, the balancing price for each scenario

is modeled as follows:

Balancing up: λUPt = (1 + vup)λ
DA
t , λDNt = λDAt

Balancing down: λUPt = λDAt , λDNt = (1− vdn)λDAt

Balanced: λUPt = λDAt , λDNt = λDAt

where vup and vdn are i.i.d. RVs whose distributions are shown in Figure 3.8 and are
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derived from distribution of the percentage deviations. We use non-uniform spacing

between different values of vup and vdn to reduce the number of scenarios for simula-

tion. For only 41 hours in the balancing up scenario, the balancing price was 200%

more than the spot market price (less than 1% of balancing up hours), and for only

17 hours in the balancing down scenario, the balancing down price was negative.

Accordingly,we will represent them as one value.

(a) Balancing up scenario (b) Balancing down scenario

Figure 3.8: Models of probability distributions of the percentage difference between
the balancing and spot market price

By combining the probabilities of each scenario with the probabilities of different

percentage deviations in one RV, we can model all three scenarios as follows:

λRTt = (1 + vRT )λDAt

if λRTt = λDAt =⇒ λUPt = λDNt = λDAt – balanced

if λRTt > λDAt =⇒ λUPt = λRTt ; λDNt = λDAt – balancing up

if λRTt < λDAt =⇒ λUPt = λDAt ; λDNt = λRTt – balancing down

The distribution of vRT is a proportional combination of vup, vdn and zero for the

balanced scenario. Figure 3.9 shows the probability distribution.
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Figure 3.9: Model of probability distributions of the percentage difference between
the balancing and spot market price

3.3.2 Centralized VPP Operation

To be able to compare the performance of the proposed mechanisms, we consider a

centralized VPP model. The centralized virtual power plant owns generators and has

a complete knowledge of the production cost of the thermal unit. Because it owns the

generators, the VPP sets the operating point of the thermal unit BT
t and decides how

much to rely on the renewable forecast P̂R
t . It also has information about market price

and forecasts as in the decentralized case. Thus, the centralized VPP can achieve the

optimal performance with respect to its objectives, i.e., decrease production cost and

optimally balance the system in real time. The cost of the second phase is given in

Eq. (3.10). We include production cost of the thermal unit in phase two because it

depends on B̃T
t which is set in real time.

JCt,1 = −λvppt PD
t + min

B̃AG
t ,B̃T

t

λUPt (B̃AG
t )+ + λDNt (B̃AG

t )− + π(BT
t + B̃T

t ) (3.10)

subject to (3.8b), (3.8c), (3.8d)
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In phase one, the VPP has to decide how much energy to buy from the market and

how much to produce from the thermal unit to minimize the cost of energy and the

expectation of the balancing costs:

JCt,0 = min
BAG

t ,BT
t

λHAt (BAG
t ) + EQ(Jt,1) (3.11)

A VPP has a wind turbine and a thermal unit connected to it. The capacity of the

units is 10 MW each. The prices and forecasts available before phase 1 are listed

below. For each random variable we have a set of possible values with probabilities

as discussed in Section 3.3.1. The values given below represent the expected value of

each variable.

λHAt = 30.35 e/MWh

λV PPt = 30 e/MWh

P̂D
t = 8.1MWh

P̂R
t = 1.0MWh

λ̂RTt = 29.22 e/MWh

Production cost of the thermal generator is assumed to have the following coefficients:

a = 2 e/MWh2, b = 10 e/MWh, c = 0 e.

The VPP minimizes its expected cost according to Eq. (3.11). Figure 3.10 repre-

sents the results of this optimization. As we can see, the cost of energy for the VPP

is convex in both BT
t and BAG

t .
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(a) Cost vs. Production of the thermal
unit

(b) Cost vs. Bid of VPP to the market

Figure 3.10: The cost at phase 1.

From here the VPP decides that the level of production from the thermal unit

is BT
t = 5.0MWh and the aggregated bid is BAG

t = 1.6MWh. Thus, knowing that

the balancing down scenario has higher probability (λ̂RTt < λHAt ), the VPP plans to

produce:

BAG
t +BT

t + P̂R
t − P̂D

t = −0.4MWh

which means that the VPP prefers to be underproducing and to buy energy from the

balancing market as it is likely to be in the balancing down scenario.

Also, from these graphs we can deduce that there are no local minima, and the

optimization will converge to single values for the thermal generation and for the bid

to the wholesale market. Figure 3.11 shows a heat map of the cost function with

respect to both the thermal generation and the bid to the wholesale market.
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Figure 3.11: Plot of the centralized VPP utility with respect to its decisions

Figure 3.11 above shows that the cost of the VPP is almost convex in both vari-

ables. There are no local minima and only one region with minimal prices. As long

as the VPP chooses the bid to the wholesale market and the thermal unit genera-

tion levels within this region, the cost will be close to the optimal cost. Therefore,

the virtual power plant can always find a decision close to the optimal decision with

different gradient-based methods.

3.3.3 Game-theoretic VPP Operation

In the game-theoretic setting, the VPP is a principal with an objective to minimize

the costs of electricity production and load balancing. Thermal and renewable units

are agents, who want to maximize their own utilities. As the principal, the VPP

can set the rules of the game and monetary transfers that each agent will receive

by participating in the game. Mechanism design is an approach to design incentives

for each agent such that the principal’s objective is optimized. Thus, by establishing

penalties or rewards for each generator, we create a game with the hope that the result

of the game will be similar to the case with the central planner, as in Section 3.3.2.
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In this subsection, we consider different mechanisms that our model might use.

We described the detailed timeline of activities in Section 3.2.1. To recap, the

VPP and the agents share the same prior knowledge about the prices and forecasts of

demand and production. The generators submit their bids to the VPP, and the VPP

calculates an optimal aggregated bid and submits it to the market, and every agent is

paid for its production bid at λHAt . In real time, the VPP balances any imbalances in

the network by either participating in the balancing market or by using the balancing

capacity of the thermal unit if it is available. At the end of the hour, the VPP makes

monetary transfers to the agents according to a defined mechanism.

How the thermal unit makes a balancing power offer to the VPP is part of the

design. Here we assume that the thermal unit will show its balancing preferences

using the price up cUPt — the price at which it is willing to increase production, and

price down cDNt — how much it will pay (cDNt >0) or wants to get paid (cDNt <0) for

decreasing the production level. Price down can be either positive or negative because

the thermal unit can expect some compensation for decreasing the production. Thus,

cUPt and cDNt are part of the bid of the thermal unit. Whenever the VPP asks the

thermal unit to participate in balancing, the thermal unit pays or gets paid for the

change in its production as follows:

V (B̃T
t , c

UP
t , cDNt ) =


cUPt B̃T

t if B̃T
t > 0

cDNt B̃T
t if B̃T

t < 0

(3.12)

Monetary transfersM(•) of the VPP to the generators can depend on information

available before bidding, information realized in real time, and on the bids of both
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thermal and renewable generators:

uRt = λHAt BR
t +MR(BR

t , B
T
t , c

UP
t , cDNt , Q̂t, Qt) (3.13)

uTt = λHAt BT
t − π(BT

t + B̃T
t ) + V (B̃T

t , c
UP
t , cDNt ) +MT (BT

t , c
UP
t , cDNt , BR

t , Q̂t, Qt)

(3.14)

However, we do not consider these transfers in the objective of the VPP. The

mechanism maximizes the total revenue of the system so that more resources (money)

are available to make the transfers within the system. In our scenario, the VPP

minimizes the cost of the overall system, so it maximizes the social welfare.

1. No Mechanism.

No mechanism means there are no monetary transfers other than for the bids.

Equations below show the utilities of the generators:

uRt = λHAt BR
t (3.15)

subject to: 0 ≤ BR
t ≤ PR

max

uTt = λHAt BT
t − π(BT

t + B̃T
t ) + V (B̃T

t , c
UP
t , cDNt ) (3.16)

subject to: Gmin ≤ BT
t ≤ Gmax

Gmin ≤ BT
t + B̃T

t ≤ Gmax

RDN ≤ B̃T
t ≤ RUP

The utility of the renewable unit reaches the maximum when it places a bid

BR
t = PR

t . However, it is not favorable for the VPP because the VPP has to pay for

the energy that the renewable generator did not produce. Thus, we have to add a

penalty to the utility function of the renewable generator to prevent this behavior.

The thermal unit utility function is concave and quadratic in BT
t because of pro-

duction cost. The balancing power B̃T
t provided by the thermal unit to the VPP
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depends on the actual demand and renewable energy production and real-time bal-

ancing price of the TSO. These are not known when the thermal unit places its bid,

so instead of maximizing the actual profit, the thermal unit maximizes expected value

of the utility function:

uT∗t = max
BT

t ,c
UP
t ,cDN

t

λHAt BT
t + EQ

(
−π(BT

t + B̃T
t ) + V (B̃T

t , c
UP
t , cDNt )

)
(3.17)

subject to: Gmin ≤ BT
t ≤ Gmax

Gmin ≤ BT
t + B̃T

t ≤ Gmax

RDN
1 ≤ B̃T

t ≤ RUP
1

The balancing prices of the thermal unit give the ability to maximize the utility

function on two intervals separately: B̃T
t > 0 and B̃T

t < 0. Once BT
t is fixed, optimizing

the balancing prices is uncoupled.

Example 2.a.

Consider the same example as in centralized case, but in game-theoretic operation

with no transfers implemented. The renewable unit and the thermal unit choose their

bids so that their utility functions as in Equations (3.15) and (3.17) are maximized.

The VPP then collects the bids and optimizes its bid BAG
t based on forecasts and

bids of DGs using Equation (3.9).

Figure 3.12a shows the utility of the renewable unit versus the bid. As we can

see, our hypothesis that the renewable unit will bid its maximum production level,

10MWh, is proven. Figure 3.12b shows the utility value of the thermal generator for

each generation level when balancing costs cUPt and cDNt are optimized. The maximum

utility is reached when the thermal generator bids: BT
t = 5 MWh, cUPt = 35 e/MWh,

cDNt = 20.85 e/MWh. As balancing costs are within the range of possible balancing

prices of the market, the thermal generator is willing to provide balancing services to

the system.
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(a) Renewable generator (b) Thermal generator

Figure 3.12: Utility of generators with no transfers

The thermal generator produces the same bid as its production in the centralized

scenario and also takes part in balancing. Balancing by the thermal unit is beneficial

both for the VPP and the thermal generator as the thermal generator can increase

its profit and the VPP can choose to buy energy from the balancing market or from

the thermal unit, depending on which is cheaper.

The VPP has to pay for the production bids of the thermal unit and the renewable

unit. If the renewable generator bids its maximum capacity but produces according

to the forecast, the virtual power plant will pay for the energy that was not delivered.

Therefore, the VPP should penalize such behavior of the renewable generator. In the

next section we will discuss a heuristic transfer function for the renewable generator

to enforce its desired bidding.

2. A heuristic mechanism for the renewable generator.

For a heuristic transfer we will take the mechanism used in the balancing market.

In other words, we consider the payment that the renewable generator will receive by

participating in the market directly and not through the VPP. Eq. (3.18) shows the

modified utility function of the renewable generator.

uRt = λHAt BR
t + λUPt (PR

t −BR
t )− + λDNt (PR

t −BR
t )+ (3.18)
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Example 2.b.

Repeating Example 2.a with the new utility function of the renewable generator, we

obtain the new graph (Figure 3.13) showing the profit of the renewable generator.

This time the maximum utility is reached when the bid is very close to the forecast

of 1.0 MWh: BR∗
t = 1.1 MWh. Overbidding (BR∗

t > P̂R
t ) is profitable because the

probability of the balancing down scenario is higher than that of the balancing up.

Therefore, the renewable generator expects that undergeneration will be penalized

less often than overgeneration.

Figure 3.13: Renewable generator utility versus its bid

Now both the thermal generator and the renewable generator have non-negative

utilities, so they are both willing to participate. Also, the renewable generator bids

close to the forecast, and the VPP pays for the average energy that generator delivers.

The thermal unit bids the same amount as the VPP was producing in the centralized

scenario. Therefore, both thermal and renewable generators follow the behavior that

can be modeled by the VPP.

After analyzing the behavior of the generators, we can investigate the performance

of the whole system on the VPP level. The point of comparison will be the interaction
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of the virtual power plant with the wholesale market, as this is the system level

decision that the VPP makes based on all information and bids available. For the

example discussed, the virtual power plant bid versus the cost faced is shown on

Figure 3.14.

Figure 3.14: Cost of the VPP versus the bid to the wholesale market

The VPP reaches the minimum cost of 5.8 e when it bids BAG
t =1.6 MWh, so the

bid is the same as in the centralized case. The total cost of the VPP is higher than

in the centralized scenario; however, this is due to the payments to the generators.

The cost paid to the wholesale market for the purchased energy and for balancing

does not change dramatically: in the centralized setup the VPP expects to pay to

the TSO 60.93 e, while in distributed scenario it pays 69.45 e. Another common

characteristic is the convexity of the cost function in BT
t . Thus, when optimizing the

cost, the VPP can always find the global minimizer in the distributed scenario.

To conclude, the heuristic transfer function that mimics what would happen if the

renewable unit was participating directly in the balancing market enforces realistic

bidding of the renewable unit. When such a transfer function is implemented, the

operation of the whole system is the same as in the centralized case. The thermal unit
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sets the production level to the same level as the VPP would do, and also takes part

in regulation for compensation. The cost that the VPP pays to the wholesale market

in the distributed scenario is higher than in the centralized case, which is expected.

Therefore, the mechanism developed in this chapter is suitable for one hour ahead

static bidding of the generators and the VPP.



55

Chapter 4

Two-Stage VPP Operation

After describing the operation of the one-stage static game of the VPP and genera-

tors, we can analyze how the game will change with added dynamics. This chapter

will discuss the development of a dynamic game and compare the performance in cen-

tralized and distributed VPP operation for a two-stage game. Section 4.1 analyzes

the dynamics and associated modifications of the game; Section 4.2 presents a simu-

lation of the centralized scenario; and Section 4.3 describes the distributed scenario

and a comparison of the performance in both cases.

4.1 Dynamic Game Formulation

The dynamics of the game appear when we start to consider two or more hours of

operation in a row. For simplicity of analysis, we focus on a two-hour operation.

Figure 4.1 shows the timeline of the two-stage scenario. As we can see, the market

for the second hour closes when phase two of stage one starts. This sequence of events

is similar to the intraday market in the Nord Pool. However, we assume that Qt is

realized before the generators and the VPP place their bids for the second hour so

that the process fits better in the Dynamic Programming framework.
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STAGE 1

Phase 1 Phase 2

Q̂t is realized

Generators’
bids submitted

to VPP

BidAG
t submitted

to the market

t− 1

Market
closure

t t+ 1

Balancing

VPP makes
transfers

Qt is realized

STAGE 2

Phase 1 Phase 2

Q̂t+1 is
realized

Generators’
bids submitted

to VPP

BidAG
t+1 submitted

to the market

t

Market
closure

t+ 1 t+ 2

Balancing

VPP makes
transfers

Qt+1 is
realized

Figure 4.1: Two-stage timeline

With the assumption that Qt is known before bidding for t+ 1, stage two occurs

right after all the decisions of stage one are made. The generators and the VPP make

the decisions in the following order:

1. Stage 1:

(a) Phase 1:

• Q̂t is realized

• Generators submit their bids to the VPP

• The VPP submits its bid to the wholesale market

(b) Phase 2:

• Qt is realized

• The VPP makes a balancing decision by either requesting an adjust-

ment from the thermal generator B̃T
t or from the wholesale market
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B̃AG
t

• The VPP makes transfers to the generators

2. Stage 2:

(a) Phase 1:

• Q̂t+1 is realized

• Generators submit their bids to the VPP

• The VPP submits its bid to the wholesale market

(b) Phase 2:

• Qt+1 is realized

• The VPP makes balancing decision

• The VPP makes transfers

The behavior of the renewable unit and the virtual power plant depends on the

forecasts of production and demand. After the forecasts are known, the actual de-

mand and the renewable generation in each hour will be independent of each other,

as we assume the deviations from the forecast for all random variables to be i.i.d..

Therefore, the renewable generator and the VPP in the distributed scenario can make

independent decisions for each hour by solving the same optimization problem as in

the one-stage game to derive the optimal bids.

However, the thermal generator cannot set the production level for each hour

independently due to the ramping limits. The production level reachable in the next

hour cannot be much higher or much lower than the actual generation in the current

hour. We can rewrite this constraint as follows:

RDN
2 ≤ BT

t+1 − (BT
t + B̃T

t ) ≤ RUP
2 (4.1)

where RDN
2 and RUP

2 are ramping down and ramping up limits in megawatt-hours
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between two consecutive hours. Another assumption is that the ramping limits for

balancing are lower than the ramping limits between hours because the time allowed

for ramping to provide balancing is shorter than the time allowed for ramping to

reach a new level of production in the next hour:

RDN
2 < RDN

1 < 0 < RUP
1 < RUP

2 (4.2)

With this new constraint, we can formulate a Dynamic Programming problem for

the thermal generator, and a state at t+ 1 of the thermal unit will be the generation

level at the end of time t, i.e., BT
t + B̃T

t . This state will dictate the range of possible

actions of the thermal generator at time t + 1, which are the production bid and

balancing prices. Therefore, to be able to bid optimally at both hours, the thermal

unit has to take into account what are the effects of bidding in hour t on the profit

made in hour t+ 1.

As the thermal unit does not take any actions in the balancing phase, we can

consider phase one of each stage only. Termination happens when the time t + 1 is

over. In the previous chapter, we developed the mechanism where the thermal unit

does not receive any transfers, so the terminal utility is zero. The utility at stage

two is the profit that the generator gets for energy bid BT
t+1 and for the provided

balancing minus the cost of electricity generation at t+ 1. The actions are the energy

production bid and balancing prices, and the state is the actual generation level at

time t.
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JTt+1(B
T
t + B̃T

t ) = max
BT

t+1,c
UP
t+1,c

DN
t+1

λISOt+1 B
T
t+1

+EQt+1

[
V (B̃T

t+1, c
UP
t+1, c

DN
t+1 )− π(BT

t+1 + B̃T
t+1)
]

(4.3)

s.t. −RDN
2 ≤ BT

t+1 − (BT
t + B̃T

t ) ≤ RUP
2

Gmin ≤ BT
t+1 ≤ Gmax

Gmin ≤ BT
t+1 + B̃T

t+1 ≤ Gmax

RDN
1 ≤ B̃T

t+1 ≤ RUP
1

To optimize the bid at time t, the thermal unit includes the profit at time t + 1

in the utility function. We assume there is no preceding hour before bidding, so the

only constraints of the production bid are the generation limits of the thermal plant:

JTt = max
BT

t ,c
UP
t ,cDN

t

λISOt BT
t + EQt

[
V (B̃T

t , c
UP
t , cDNt )− π(BT

t + B̃T
t ) + JTt+1(B

T
t + B̃T

t )
]

(4.4)

s.t. Gmin ≤ BT
t ≤ Gmax

Gmin ≤ BT
t + B̃T

t ≤ Gmax

RDN
1 ≤ B̃T

t ≤ RUP
1

Thus, JTt will show the total optimal profit of the thermal unit for bidding in

both hours. The thermal unit places a bid for time t knowing that for t + 1 it will

choose an optimal bid within the range of allowable actions. Therefore, the optimal

bid at time t in the multistage operation might be different from the global optimum

of the single-stage game. If the thermal unit optimizes the profit for hour t only, it

will possibly make more profit at time t but might not be able to reach the optimal

production level at time t + 1. Therefore, the total profit made by the thermal unit
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in a two-stage operation is upper-bounded by the optimal profit that it could make

in each hour separately if the production level was not constrained:

JTt ≤ uT∗t + uT∗t+1 (4.5)

where uT∗t and uT∗t+1 are the optimal utilities reached in the one-stage operation at

time t and t+ 1. In Section 4.3, we show a condition when equality is reached.

4.2 Centralized Two-Stage VPP Operation

The centralized operation of the VPP is also affected by the dynamics of the thermal

unit. The timeline of the centralized VPP operation is similar to that described for

the decentralized case. Unlike the thermal unit, the optimization problem of the

centralized VPP will have two stages with two phases each. We will look at each

phase from the final stage to the first to derive the optimization of the total cost

faced by the VPP. As there are no transfers in the centralized case, the terminal cost

is zero. The optimization problem solved by the VPP at phase two of stage two is

the same as in the one-stage game:

JCt+1,1 = −λvppt+1P
D
t+1 + min

B̃AG
t+1,B̃

T
t+1

λUPt+1(B̃
AG
t+1)+ + λDNt+1 (B̃AG

t+1)− + π(BT
t+1 + B̃T

t+1) (4.6)

s.t. B̃T
t+1 + B̃AG

t+1 +BT
t+1 +BAG

t+1 = PD
t+1 − PR

t+1

Gmin ≤ BT
t+1 + B̃T

t+1 ≤ Gmax

RDN
1 ≤ B̃T

t+1 ≤ RUP
1

Here the VPP tries to minimize balancing cost while meeting the demand and

remaining within the operating limits of the thermal plant.

In phase one of stage two, the VPP has to bid to the wholesale market and set

the operating point of the thermal generator to minimize the cost of energy and the
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expectation of the balancing costs. However, the thermal unit production is now

constrained by the ramping limits:

JCt+1,0(B
T
t + B̃T

t ) = min
BAG

t+1,B
T
t+1

λDAt+1(B
AG
t+1) + EQt+1(Jt+1,1) (4.7)

s.t. RDN
2 ≤ BT

t+1 − (BT
t + B̃T

t ) ≤ RUP
2

In phase two of stage one, the VPP balances the load by adjusting the thermal

production and buying/selling energy at the wholesale market, but the decision also

depends on the cost faced in the next hour:

JCt,1 = −λvppt PD
t + min

B̃AG
t B̃T

t

λUPt (B̃AG
t )+ + λDNt (B̃AG

t )−

+ π(BT
t + B̃T

t ) + JCt+1,0(B
T
t + B̃T

t )

(4.8)

s.t. B̃T
t + B̃AG

t +BT
t +BAG

t = PD
t − PR

t

Gmin ≤ BT
t + B̃T

t ≤ Gmax

RDN
1 ≤ B̃T

t ≤ RUP
1

Phase two of stage one overlaps with phase one of stage two as illustrated in

Figure 4.1. Because information available at both phases is the same, we can perform

the optimization in one step during simulation.

The cost at phase one of stage one will show the expected cost of the VPP for the

two-hour operation:

JCt,0 = min
BAG

t ,BT
t

λDAt (BAG
t ) + EQt(Jt,1) (4.9)

Again, we expect that the optimal cost reached by the VPP in the two-hour

operation might be higher than the sum of costs of the one-stage game due to the

added constraint. Considering examples of two-stage games with different scenarios,
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Example 3.a discusses the case when the day-ahead price for both hours is close to

the average and Example 3.b presents the case when λDAt+1 is much lower than λDAt

and the average market price.

Example 3.

For a simulation of the two-stage scenario, we take the same model characteristics as

we used in Example 1. The thermal unit ramping limits for balancing is ±1 MWh,

so we assume that the ramping limits between consecutive hours are ±2 MWh so

that the assumption in Eq. (4.2) is satisfied. In both parts data for the first hour are

taken from Example 1. Also, we assume that the load pays a fixed tariff for electricity

provided.

Example 3.a.

The forecasts and market prices for each hour are shown below:

Time t: Time t+ 1:

λDAt = 30.35 e/MWh λDAt+1 = 31.35 e/MWh

λV PPt = 30 e/MWh λV PPt+1 = 30 e/MWh

P̂D
t = 8.1MWh P̂D

t+1 = 7.6MWh

P̂R
t = 1.0MWh P̂R

t+1 = 7.0MWh

λ̂RTt = 29.22 e/MWh λ̂RTt+1 = 30.00 e/MWh

In the centralized one-stage game, the VPP sets the operating point of the thermal

unit at the level that optimizes the thermal unit’s profit in case there is no balancing.

We check if this still holds in the two-stage game. We calculate the optimal thermal

unit generation for each hour in the case where the generator did not provide balancing
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and did not have ramping constraints for making a comparison:

G∗t =
λDAt − b

2a
(4.10)

s.t. Gmin ≤ G∗t ≤ Gmax

→ G∗t = 5MWh, G∗t+1 = 5.3MWh

The optimal generation levels are close to each other, and even if the thermal unit

provides balancing at time t, it will be able to reach the optimal production level at

time t+ 1 because |G∗t −G∗t+1| ≤ R2 −R1.

Figure 4.2 shows the cost faced by the VPP in this scenario. The red line shows

the cost of the two-stage operation while the blue line shows the cost if these two

hours were optimized independently as in the one-stage optimization.

(a) Cost of the VPP versus the thermal
generation

(b) Cost of the VPP versus the bid to the
wholesale market

Figure 4.2: Two-stage optimization of the centralized VPP in case of slow varying
market price

These graphs show that the optimal cost faced by the centralized VPP and the

optimal decisions in two-stage operation are the same as in repeated one-stage op-

eration. As the bid to the wholesale market does not have any dynamics by itself,

the curves depicting costs in the one-stage and two-stage operations in Figure 4.2b

overlap perfectly.
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However, in Figure 4.2a the cost of the VPP starts to deviate from the one-stage

optimal cost when the thermal unit generation is set to be much lower or much

higher than the optimal generation of 5 MWh. The added constraint explains this

deviation. For example, if the thermal unit production level is set to 1 MWh at time t,

the thermal unit is not able to reach the optimal production level at time t+1 even if

it uses its balancing capacity at both time slots: at time t the actual generation will

be BT
t + B̃T

t = 1 + 1 = 2 MWh, at time t + 1 we can reach BT
t+1 = 2 + 2 = 4 MWh,

and by balancing BT
t+1 + B̃T

t+1 = 4 + 1 = 5 MWh. However, this is still lower than the

global optimum of 5.3 MWh. Also, in this scenario, the VPP loses the flexibility of

the thermal unit as it is more concerned with the optimal operation in the next hour

rather than balancing.

Nevertheless, if the VPP bids at BT
t = 5 MWh and keeps the bid to the wholesale

market at BAG
t = 1.6 MWh, it can reach the global optimal cost for both hours, and

the bidding stays the same, as if the VPP was optimizing each hour separately.

Example 3.b.

The forecasts for each hour and market prices are shown below:

Time t: Time t+ 1:

λDAt = 30.35 e/MWh λDAt+1 = 16.04 e/MWh

λV PPt = 30 e/MWh λV PPt+1 = 30 e/MWh

P̂D
t = 8.1MWh P̂D

t+1 = 9.8MWh

P̂R
t = 1.0MWh P̂R

t+1 = 8.1MWh

λ̂RTt = 29.22 e/MWh λ̂RTt+1 = 30.00 e/MWh

Note from the data above, the day-ahead price at time t+ 1 is almost half of the

price at time t. Also, the renewable energy output is much higher, while the demand

increased by only 1 MWh. Again we calculate the optimal thermal unit production

as when it does not provide balancing and does not have ramping constraints. For

time t, it stays the same as we did not change the price λDAt . However, for t+ 1, the
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optimal production level is much lower in this example.

G∗t =
λDAt − b

2a
(4.11)

s.t. Gmin ≤ G∗t ≤ Gmax

→ G∗t = 5MWh, G∗t+1 = 1.5MWh

The new production level at time t + 1 is not attainable if the thermal unit

generates BT
T = 5 MWh at time t. Therefore, we anticipate that the optimal cost

reached in the two-stage dynamic operation of the centralized VPP will be higher

than the cost obtained by optimizing each hour separately. Figure 4.3 shows the

optimization results for this example.

(a) Cost of the VPP versus the thermal
generation

(b) Cost of the VPP versus the bid to the
wholesale market

Figure 4.3: The two-stage optimization of the centralized VPP with highly varying
market prices

The VPP sets the thermal unit generation to 5 MWh as before. However, the

minimum cost reached in the two-stage operation is higher than the global optimal

cost. Also, the optimal bid of the virtual power plant to the wholesale market is

higher than in one-stage operation at time t. The increase in the bid occurs because

the VPP balances the thermal unit down 80% of the time and uses balancing up
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capacity only in extreme scenarios when the net demand is higher than the forecast

and the regulation up price is very high.

Based on these examples, we conclude that the two-stage optimization results

depend on the thermal unit’s optimal production level, which in turn depends on

the day-ahead price for the given hour. If the hourly prices for consecutive hours do

not vary considerably as in Example 3.a, the centralized VPP can reach the global

optimal cost as it can set the optimal thermal unit production for each hour while still

utilizing its balancing capabilities. However, if the market prices differ considerably,

the optimal generation of the thermal unit for the second hour becomes unattainable

from the generation level of the first hour. In such a case, the centralized VPP uses

balancing not to balance the system, but rather to raise or lower production such

that the new optimal generation level is within reach in the next hour.

4.3 Distributed Two-Stage VPP Operation

Section 4.1 presented the modifications made to the distributed operation of the

VPP. We will use the same example as in the centralized case to compare different

scenarios. The optimization performed by the VPP in the distributed case does not

have dynamics, so it optimizes each stage individually, as explained in Chapter 3.

However, because of the possible changes in the bid of the thermal unit, the cost

faced by the VPP might also change.

For the distributed VPP operation in the dynamic game, we will make several

comparisons to discuss the efficiency of the system for each example. Firstly, we will

look at the performance of the thermal unit in the distributed case when it optimizes

the two-stage performance and when it optimizes each hour in the absence of dynam-

ics. Secondly, we will make a comparison of the thermal unit balancing in centralized

and distributed two-stage scenarios. Thirdly, we will look at the resulting interaction

of the VPP with the wholesale market in two-stage simulations for centralized and



67

distributed cases.

Example 4.a.

The forecasts and market prices for each hour in this example are taken to be the

same as in Example 3.a:

Time t: Time t+ 1:

λDAt = 30.35 e λDAt+1 = 31.35 e/MWh

λV PPt = 30 e/MWh λV PPt+1 = 30 e/MWh

P̂D
t = 8.1MWh P̂D

t+1 = 7.6MWh

P̂R
t = 1.0MWh P̂R

t+1 = 7.0MWh

λ̂RTt = 29.22 e/MWh λ̂RTt+1 = 30.00 e/MWh

As the day-ahead market price did not change, the optimal generation levels of

the thermal unit will also remain the same: G∗t = 5MWh, G∗t+1 = 5.3MWh.

Figure 4.4 shows the optimization results of the utility function of the thermal

generator. The blue line shows the profit of the thermal generator in the absence

of the ramping constraint between consecutive hours and the red line shows the

optimization of the two stages together.

Figure 4.4: Thermal utility for two stages with slow varying market prices
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The maximum profit is reached when the thermal unit bids in the first hour as

follows: BT
t = 5MWh, cUPt = 35 e/MWh, cDNt = 20.85 eMWh. We notice that

the optimal bid is the same as in the one-stage optimization. From Figure 4.4 we also

see that the optimal profit reached with this bid is the global optimal profit that the

thermal unit earns in the absence of ramping constraint. Similarly to the centralized

case in Example 3.a, the profit reached by the thermal unit starts to deviate from the

one-stage optimization when we deviate from the optimal production level because

of the ramping constraint.

As the optimal balancing prices of the thermal unit are within the range of possible

balancing prices of the TSO, the thermal unit is willing to provide balancing to the

VPP. Thus, the VPP can use the balancing capacity of the thermal unit whenever it

is more profitable than buying energy from the balancing market. In the centralized

operation in Example 3.a, this was also the case, and although the VPP did not have

to pay the thermal unit for balancing, it did have to cover the extra production costs.

Now we consider the performance of the VPP in the distributed two-stage opera-

tion versus the centralized case. When the thermal unit bids optimally, the bid of the

VPP to the wholesale market at time t stays at 1.6 MWh. Thus, the interaction of the

VPP with the wholesale market is the same as in the one-stage distributed scenario.

The VPP receives 87.94 e from the wholesale market for both operation hours in this

scenario. In the centralized case, the same payment was 148.84 e, which means the

centralized VPP can manage the overall operating costs of the system much better.



69

Example 4.b.

This example will discuss the distributed optimization for the scenario of Example 3.b:

Time t: Time t+ 1:

λDAt = 30.35 e/MWh λDAt+1 = 16.04 e/MWh

λV PPt = 30 e/MWh λV PPt+1 = 30 e/MWh

P̂D
t = 8.1MWh P̂D

t+1 = 9.8MWh

P̂R
t = 1.0MWh P̂R

t+1 = 8.1MWh

λ̂RTt = 29.22 e/MWh λ̂RTt+1 = 30.00 e/MWh

Global optimal generation levels of the thermal unit are the same as in Exam-

ple 3.b: G∗t = 5MWh, G∗t+1 = 1.5MWh. So, the optimal production level of the

time t+ 1 is unreachable if the thermal unit produces 5 MWh at time t.

Figure 4.5 shows the expected profit of the thermal unit for two stages versus the

production bid BT
t . The generator reaches the maximum of the two-stage optimiza-

tion at 4.4 MWh, and the profit is smaller than the global optimal profit. The fact

that the optimal generation bid is lower than the one-stage optimal bid is expected,

as the thermal unit accounts for the future profit at time t + 1 which is also shown

as a concave curve and reaches the maximum at 1.5 MWh. Also, this optimal bid

is lower than the thermal unit production level set by the VPP in the centralized

scenario, because the thermal unit cannot use balancing capacity, and must commit

to the bid submitted to the day ahead market.
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Figure 4.5: Thermal utility for two stages with highly varying market prices

The balancing price bids of two-stage optimization are cUPt = 89.47 e/MWh,

cDNt = 20.85 eMWh. This change in prices means the thermal unit is ready to

provide balancing down for some compensation; however, it provides balancing up

only in the extreme cases when the regulation price is very high. The VPP has

similar behavior in Example 3.b.

The interaction of the VPP with the wholesale market is again more expensive for

the VPP. In the centralized case, the VPP receives 13.07 e from the TSO, while in

decentralized case the VPP pays 70.54 e to the market. This difference shows that

the net inflow to the system is less; however, it does not show how these expenditures

are distributed inside the VPP.

We have illustrated how the operation of the virtual power plant changes when

the dynamics of the thermal unit are taken into account. The overall performance

of the system is highly dependent on the ramping capabilities of the thermal unit.

The centralized VPP operation proves to be more cost-effective than the distributed

operation. However, with the designed heuristic mechanism, the VPP is able to induce

desired behavior from both dispatchable and non-dispatchable generators. The VPP
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model works in both static and dynamic scenarios which makes it convenient for

integration into current day-ahead electricity market structures.
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Chapter 5

Concluding Remarks

5.1 Summary

We developed a mechanism for managing the internal transactions of the virtual

power plant with independent distributed generators. The model includes the VPP

with dispatchable thermal and non-dispatchable renewable power plants. Under this

framework, we have shown that when there is a penalty to the renewable generator for

over- and under-bidding, the VPP can elicit the desirable and predictable behavior of

the generators. Even if the cost paid by the system to the wholesale market is higher

in the distributed case, our mechanism is more cost-effective than the system without

any mechanism because the renewable generator bids close to its forecast. We have

simulated one- and two-stage operation of the system and derived a condition under

which the system in dynamic operation can reach the same bids and payoffs as in the

static scenario.

5.2 Future Research Work

Our stylized model was used to gain understanding of how to develop the internal

market of the distributed VPP. Several directions for future work are presented below.

A first direction is optimization techniques that will decrease the computational

time for the given model. Possible ways of reducing the computational complexity

of the simulation are formulating the problem of utility maximization as a mixed-

integer linear programming or using approximations to make the problem quadratic.
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Mapping this problem to MILP or quadratic programming (QP) will help to optimize

a full day-ahead schedule of the generators and the VPP. Consequentially they will

allow us to develop a profit-sharing scheme where the VPP makes additional transfers

to the generators at the end of each day.

A second direction for a realistic model of the electricity networks is to consider the

network layout and the operating limits that add more constraints to the optimization

problem at hand. To solve the extended problem, we can adjust findings on centralized

or distributed control strategies and optimization of the distribution networks to the

model with independent agents.

Lastly, energy storage system will be a significant addition to the model. The

ESS might be either a demand response, where EVs and smart devices respond to

the signals of the VPP and adjust their schedules, or a privately-owned battery, which

can participate in the internal market of the VPP. Depending on which storage type

we choose, the modifications to the model will be completely different.

Besides our future work, there are other possible extensions to the developed

model. One can use a more realistic model of the market and relax the assumptions

on the uncertainty of the day-ahead price. Because the environment is stochastic, one

can also consider a risk-averse formulation of the objectives. From a game-theoretic

perspective, one can study the rationality of the agents in the system, i.e., whether

the thermal unit and the renewable unit would choose to participate in the VPP

and whether the VPP would benefit from including these generators. Also, the case

where the VPP has market power and can influence the market prices is an interesting

problem to study.

Overall, the model of the virtual power plant with the mechanism developed

in this work is a viable option for future electricity grids. It includes heterogeneous

generators and utilizes their capabilities for improving the performance of the system.

After successful completion of the planned future work, the system will be ready for
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implementation in the actual distribution network.
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