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Abstract—In modern power systems and electricity markets,
demand response (DR) programs play an important role enabling
the mitigation of critical load periods or price-peaking scenar-
ios, thereby improving system reliability. Price fluctuations, in
forward or real-time markets, can be an effective price-based
DR mechanism for curtailing or shifting load. However, using
dynamic pricing to achieve a desired load profile requires both
an accurate demand forecast and knowledge of the price elas-
ticity of demand, which is notoriously difficult to estimate. The
limited accuracy of these parameter estimates is the main source
of uncertainty limiting appropriate DR implementation. In this
paper, we present a novel DR scheme that avoids the need to
predict the price elasticity of demand or demand forecast, yet
still delivers a significant DR. This is done based on the con-
sumers’ submissions of candidate load profiles ranked in the
preference order. The load aggregator then performs the final
selection of individual load profiles subject to the total system
cost minimization. Additionally, the proposed DR model incor-
porates a fair billing mechanism that is enhanced with an ex post
consumer performance tracking scheme implemented in a context
of a virtual power plant aggregating load and generation units.

Index Terms—Demand response (DR), demand side man-
agement, electricity market, smart grid, virtual power plant.

I. INTRODUCTION

IN MODERN electricity markets, a core component of
demand side management is the enabling of customers to

actively participate in energy trades. This participation has
opened a number of possibilities for system operators and util-
ities to directly influence the demand through various price
and incentive-based mechanisms, not only in order to avoid
extreme grid conditions or power blackouts, but also to achieve
efficient and cost-effective operation. Demand response (DR)
is one method with a potentially high impact at a relatively
low direct cost [1]. DR providers, in the context of this paper,
are defined as consumers who respond to load adjustment or
reduction “messages” by reducing their aggregated consump-
tion relative to their originally intended, or baseline, demand.
The level of demand flexibility is the main parameter deter-
mining the scale of DR as an energy resource. Flexibility,

Manuscript received February 1, 2014; revised June 2, 2014; accepted
July 8, 2014. Date of publication July 28, 2014; date of current version
December 17, 2014. Paper no. TSG-00073-2014.

A. Mnatsakanyan is with Masdar Institute of Science and Technology,
Masdar 54224, UAE (e-mail: amnatsakanyan@masdar.ac.ae).

S. W. Kennedy is with the Dalai Lama Center for Ethics and Transformative
Values, Massachusetts Institute of Technology, Cambridge, MA 02139 USA
(e-mail: skennedy@thecenter.mit.edu).

Color versions of one or more of the figures in this paper are available
online at http://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TSG.2014.2339213

which is determined by both a technical ability to respond and
a consumer’s willingness to forego consumption for a finan-
cial gain (or avoided cost), is frequently parameterized as a
price elasticity of demand. The intractability of forecasting or
measuring demand elasticity, which requires a highly accurate
load forecast to establish a baseline load, is currently a major
limitation for proper DR planning and implementation [2].

Various price-based and incentive-based DR models are pro-
posed in the literature to tackle the above discussed issues.
Statistical models are used to predetermine the total or indi-
vidual amount of DR in order to model consumer behavior and
generate optimal DR signals/prices on day-ahead or real-time
bases [2]–[8]. An alternative adaptive neural-fuzzy learning
algorithm method used for load and consumer elasticity fore-
cast is presented in [9] offering an integrated solution for
setting optimal electricity pricing or DR incentives. In [10],
the price-based DR model considers the consumer price elas-
ticity as a deterministic parameter that determines consumers’
actual consumption without any uncertainty. Many proposed
DR schemes model the demand price elasticity based on the
concept of consumers’ preference ordering which is a com-
monly used method in economics [11]. However, all of these
DR schemes depend on a chain of assumptions regarding con-
sumer behavior, which creates uncertainties that can lead to
significant errors in estimating aggregate DR efficacy.

Promising solutions for the discussed challenges are
recently developed autonomous DR (ADR) programs, which
commonly imply an integration of advanced load scheduling
and other demand side management tools. ADR models enable
the consumers to automatically schedule their consumption
in response to pricing signals via appliance scheduling tools
and constantly exchange this information with the suppli-
ers. These features of ADR significantly change the way
of looking at consumer demand and price elasticity, as the
consumer no longer passively responds to a price signal,
but actively engages with the supplier to schedule future
demand. However, even with explicitly defined load sched-
ules submitted in advance, the actual consumption may deviate
leading to inefficiencies in real-time operation and the need
for ex post financial settlements. In addition, some other con-
ceptual challenges like demand-price convergence and the
creation of new load peaks arise with large scale utiliza-
tion of ADR and advanced demand side management tools.
These challenges have defined an area of extensive research
for developing new algorithms and models for ADR systems
(see [11]–[15]). For instance the scenarios of possible for-
mation of so-called rebound peaks are extensively discussed
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in [12] where they propose various algorithms to exclude
them. Another important aspect defining ADR efficacy is the
scale of the intended “smart” load. In this regard, the case of
co-existence of DR and nonDR consumers in a system is well
discussed in [13]. The main focus of their work was to develop
a fair consumer billing mechanism, however, they used a
simplified market scheme assuming that the consumers share
a single energy source. More importantly they didn’t con-
sider the possible deviations from the scheduled load profiles
of DR participants and the effects of errors in nonDR con-
sumers’ load forecast on the scheduling optimality and actual
billing.

In contrast to the DR models presented in the literature of
this paper proposes an integrated solution that addresses these
important challenges all together. In this paper, we propose an
alternative individual billing mechanism based on a new DR
model that eliminates the need to forecast demand and esti-
mate demand price elasticity or predict demand reductions. In
the designed day-ahead DR market, each customer can act as
a DR provider by submitting a defined number of candidate
load profiles, ranked in order of preference, corresponding to
the next day’s needs. A centralized DR aggregator would then
select an optimal combination of individual daily load pro-
files, one for each customer, in order to minimize cost and
maximize consumer utility, which in its turn excludes the cre-
ation of rebound peaks in the system. In this way the risk
of consumer deviations transfers away from the virtual power
plant (VPP), thereby enabling the VPP to establish a more
viable position as a DR aggregator. The problem of real-time
deviations from the selected load profile can be handled in one
of two ways. First, if a consumer participates in two separate
markets, i.e., a traditional retail market as well as the DR mar-
ket, then the deviation from the load profile selected by the DR
aggregator can be purchased from the traditional retail market.
A second option, which is proposed here, is to include a real-
time performance tracking and settlement scheme enabling the
DR aggregator to reassess the final billing based on consumer’s
actual behavior.

We propose the DR scheme in the context of a day-ahead
bi-level electricity market for a VPP, whereby the DR aggrega-
tor participates in a wholesale market for bulk DR and energy
transactions, and also administers an “internal” market for the
VPP participants who can purchase or sell energy. As the
DR aggregator is a price-taker in the context of the whole-
sale market, we only explicitly model the internal market,
while the day-ahead and real-time wholesale prices received
by the DR aggregator are exogenous to our model. Our VPP
model is unique in the combination of market structure and
DR transactions. The various VPP structures presented in the
literature (see [16]-[20]) tend to consider aggregation of loads
and generation separately, without extensive investigation of
DR applications in the context of a bi-level market.

The paper is divided into five parts. Section II describes
the VPP system structure and the nature of interactions
between market participants. Section III presents the day-
ahead DR scheme with a numerical example and analysis.
Section IV includes the VPP market balancing mechanism for-
mulation based on real-time actions of internal market players,

Fig. 1. VPP structure.

supported by a numerical example. Finally, Section V sum-
marizes the main outcomes and conclusions drawn from the
research.

II. VPP ARCHITECTURE

In this section, we describe the proposed VPP structure
comprising renewable energy resources and consumers, jointly
referred to as the VPP participants. A market framework
that is internal to the VPP is proposed, such that all partici-
pants are enabled to participate in energy trades. Specifically,
the generation resources sell power to the VPP, while con-
sumers purchase power from the VPP. Consumers’ purchases
are made through submission of multiple candidate load pro-
files to the VPP, from which the VPP is able to select the
optimal profiles and shape the aggregate load profile to mini-
mize wholesale purchase costs and maximize revenue from
the sale of excess generation into the wholesale market.
Accordingly, the primary focus of this paper is devoted to
the specification of a VPP market structure that best exploits
the consumers’ demand flexibility and avoids the previously
mentioned challenges in most DR schemes.

In this section, we describe the VPP structure and all market
interactions. We are interested in identifying the interdepen-
dencies between DR and energy pricing which are essential
factors determining the equilibrium between demand, price,
and the VPP billing mechanism.

A. VPP Structure

As shown in Fig. 1, the VPP acts as an aggregator of RES
generation and consumer demand. The VPP operator is obli-
gated to guarantee stable power supply to the internal load
which is procured via internal RES generation or power pur-
chases from the external electricity market on a day-ahead
basis. Similarly the power can be traded out of the VPP system
in case of excess generation.

The aforementioned VPP structure entails a detailed design
of energy trading rules satisfying all requirements of the VPP
market participants. Based on the proposed VPP scheme, the
RES owners participate in the VPP market in order to sell
their generation with a fixed contracted price into the VPP.
More detailed market interactions are presented in the next
subsection.

B. Market Interactions

All VPP market interactions are schematically shown in
Fig. 2. Obligations for next day power transfers are shown in
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Fig. 2. VPP market interactions.

blue arrows, financial transactions for the purchase of power
at the associated price are shown in red arrows, and profit
distribution is shown with green arrows. A dashed blue line
indicates the DR service provided by the consumers to the
VPP through the load selection process. The RES genera-
tion GRES which is assumed to be known in advance, is paid
at a fixed basic price λB that is contracted with the VPP.
As a price taker, the VPP purchases or sells power in a
day-ahead wholesale market at a price λW, which it can-
not independently influence. The internal consumer billing is
determined dynamically by the VPP in order to recover the
cost of generation, purchases from the wholesale market, and
any additional internal costs. Specifically, a consumer’s bill is
broken into consumption-based payments charged at the fixed
basic price plus an additional P profit distribution. The individ-
ual profits (P1, P2, . . . , Pi) are determined for each consumer
based upon its DR contribution.

Calculations of the DR contribution and profit distribution
are explained in more details in the next section.

III. DR SCHEME

A. Formulation

The DR takes place in a day-ahead market between the
VPP and its participants, and also depends on the market
interactions of the VPP with the wholesale market. As shown
in Fig. 3, every customer i submits N number of load pro-
files Lint that are acceptable to his daily consumption needs
and are ranked in a corresponding preference order, indicated
by the disutility of each consumer’s chosen load profile U−

i .
In practice the submission of load profiles requires a pres-
ence of energy management tools at a consumer side which
in fact shouldn’t necessarily be the same. The only gen-
eral requirement is the feature of two way communication
with the VPP. The hourly load profile spans one full day,
t ∈ [1, 24]. Based on the hourly day-ahead wholesale market
prices λW

t , the VPP operator selects one of the candidate load

Fig. 3. DR procedure.

profiles for each customer so that the total system consumption
cost is minimized. As a result of the optimization performed
by the centralized energy management system (CEMS), the
VPP notifies the customers of their individual final selected
load profiles L′

it. The customers are then expected to follow
the chosen daily consumption profiles. Deviations from the
selected profile are dealt with by the real-time internal market
balancing mechanism which is presented in the next section.

From the VPP perspective, the cost to supply the load
depends only on the wholesale market price λW

t and the price
paid to the RES generators. As the latter price is fixed, the opti-
mal load profile can be determined based solely on the variable
wholesale market price which is an exogenous parameter.

The selection of optimal load profiles is therefore calcu-
lated based on the following mixed integer cost minimization
problem solved by VPP or load aggregator:

Minimize (Cost) =
24∑

t=1

(LVPP
t λW

t + U−) (1)

subject to

LVPP
t =

I∑

i=1

L′
it (2)

L′
it =

N∑

n=1

Lintxin (3)

N∑

n=1

xin = 1 (4)

U− =
I∑

i=1

U−
i (5)

U−
i =

N∑

n=1

mqin Lint xin λB
t (6)

qin =

⎡

⎢⎢⎢⎢⎣

0 1 2 ... n − 1 n
0 1 2 ... n − 1 n
0 1 2 ... n − 1 n
... ... ... ... ... ...

0 1 2 ... n − 1 n

⎤

⎥⎥⎥⎥⎦

IxN

(7)
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where I is the total number of consumers and n is the
index of load profiles. LVPP

t is the total hourly load of the
VPP formed from the selection of Lit individual load pro-
files. Constraints (3) and (4) ensure in the selection of only
one load profile for each consumer, this is controlled by the
binary variable xin. U− represents the total system disutil-
ity to be occurred, which is an essential component of the
objective function. The disutility realized by each consumer
U−

i is a function of the selected load profile, the profile
rank (qin), and the basic fixed price. The disutility is further
scaled by the coefficient m, which we define as the “prefer-
ence slope,” denoting how rapidly the disutility increases as
the profile becomes less preferred. When the top-ranked pro-
file is selected the disutility is equal to zero (qin = 0), whereas
for lower ranked profiles it is equal to a portion of the total
payment made by the customer to the VPP. The appropriate
value for m depends on the context of the customer base and
their actual disutility. This value should be set by the VPP
operator based upon experience and an understanding of the
customers.

It is essential to highlight the importance of the preference
slope m as it determines the tradeoff between choosing the
high or low ranking load profiles. If the VPP operator sets
the preference slope at 1/n, the disutility multiplier mqin will
reach a maximum value of 1 when the lowest ranked profile is
chosen (i = N), or zero when the top-ranked profile is chosen
(i = 0). Reducing the value of m will reduce the disutility
“penalty” of lower ranked profiles and may favor their selec-
tion if they contribute to a lower overall purchase cost for the
VPP from the wholesale market.

Note that the formulated optimization problem has an objec-
tive to select optimal load profiles, but it does not determine
the actual billing cost to the customers. The actual day-ahead
bills are finalized after distribution of all profits. In addition,
the load optimization scheme allows the VPP to determine the
aggregated hourly system load LVPP

t , which defines the aggre-
gated bidding quantities and strategy in the external market.
The latter is a very essential feature of the overall struc-
ture as it is easier for the VPP to tailor an aggregated load
profile through centralized load management, thereby gain-
ing a stronger position in the wholesale market. Potentially
consumers could use the proposed load management scheme
independently by having their own individual energy manage-
ment systems, but their individual flexibility would be less
compared to an aggregated load. The importance of central-
ized management increases when the VPP load and internal
pricing are interlinked with the aggregated RES generation.
Furthermore, if the size of a VPP grows, the consumer DR may
collectively affect the wholesale market prices. It will then be
advantageous to centrally coordinate the aggregate load profile
in order to avoid issues such as a shift in peak demand when
the desired outcome is peak shaving.

When the VPP aggregates generation units, the hourly
quantity bids of the VPP into the wholesale electricity mar-
ket are determined based on the difference between internal
generation Gt and total load

BidVPP
t = Gt − LVPP

t . (8)

In our model the output of internal RES units is considered
as a deterministic parameter, the forecast of which is set on
the side of RES owners. Therefore, the daily profit of the VPP
on the day-ahead basis is calculated as follows:

PVPP = −
24∑

t=1

(
λB

t Gt + λW
t

(
LVPP

t − Gt
)− λB

t LVPP
t

)
. (9)

From (9) the basic price λB
t is the contracted price of RES

generation paid by the VPP consumers. The excess or shortage
of generation is balanced by the transactions with the whole-
sale market based on λW

t hourly prices. After rearranging (9)
the daily VPP profit will be

PVPP = −
24∑

t=1

(
Gt − LVPP

t

) (
λB

t − λW
t

)
. (10)

Depending on the hourly differences between the VPP load
and generation, the daily profit can be negative or positive.
As the VPP acts on a zero profit basis, all profit (positive or
negative) is incorporated into the daily bills of the internal
consumers. This distribution is done based on the following
criteria of an individual consumer: 1) the chosen rank of the
load profile and 2) the diversity of the provided set of load
profiles.

The load diversity di for each consumer i is measured as
an average of hourly standard deviations σ it of the submitted
set of load profiles Lint

di =
∑24

t=1 σit

t
(11)

σit =
√

Lint −
∑N

n=1 Lint
N

N
. (12)

Higher load diversity is incentivized as this increases the
flexibility of the VPP in shaping the aggregate load profile. To
fairly distribute the consumer bills, we introduce an individual
DR metric, bounded between 0 and 1, that incorporates both
criteria

MDR
i = 1

2

(
U−

i /U− max + σ̂i/σ̂
max) (13)

where dmax and U− max are the highest load diversity and
the highest disutility exhibited among the customers in the
VPP system. From (10) and (13) the individual additional
payment/charge for consumer i is determined as follows:

Pi = PVPPy
MDR

i∑I
i=1 MDR

i

+ (1 − y)PVPP 1 − MDR
i∑I

i=1

(
1 − MDR

i

) (14)

where y = 1 if PVPP = 0 and y = 0 otherwise.
Based on this distribution, the VPP operator sets the day-

ahead bills based upon the selected load profile multiplied by
the fixed basic price minus the portion of the overall profit
(positive or negative) uniquely determined for each customer

Bi =
24∑

t=1

Litλ
B
t − Pi. (15)

The billed quantity is the final information that the con-
sumers receive after the load optimization and distribution of
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TABLE I
VPP METRICS

Fig. 4. Typical residential consumer’s set of load profile.

Fig. 5. Wholesale day-ahead market prices.

other payments. It is possible, given the billing scheme, that
a consumer may receive net revenue in the day-ahead market.
If the customer is willing to consume no load, for example,
and prevailing conditions result in profit generated by the VPP,
then the consumers will receive a share of the profit and will
not make any electricity payment.

B. DR Application and Numerical Example

In this subsection, we consider a VPP system aggregating
only solar PV generation with a total rated power of 1MW.
The other essential VPP parameters are shown in Table I.

Three samples of typical consumer data: 1) residential;
2) commercial; and 3) industrial, are used for generating real-
istic submissions of load profile sets. The individual submitted
sets of each type of consumer differ based on random hourly
deviations from the sample data. An example of submitted
residential load profiles is shown in Fig. 4. Based on the total
submitted sets of load profiles and day-ahead wholesale mar-
ket prices shown in Fig. 5 the VPP operator optimizes the
total system load by selecting corresponding individual load
profiles. Fig. 4 also shows the selected load profile which was
ranked as 2nd in this case. As a result the VPP total system
load is optimized as shown in Fig. 6.

On the next stage the VPP operator determines the effective
individual billing which requires an information of RES gen-
eration shown in Fig. 7. The basic price in this example λB

t is

Fig. 6. Optimized system load.

Fig. 7. RES generation forecast.

Fig. 8. VPP basic price and market prices.

set as an average wholesale market price which is constantly
updated on a monthly basis. The comparison of the basic price
and the day-ahead wholesale market prices is shown in Fig. 8.

For the fair distribution of profits the VPP operator calcu-
lates individual DR metrics MDR

i which are shown in Fig. 9.
Finally, Fig. 10 shows the daily effective bills which are pro-
vided to the customer as the last information in a day-ahead
market. It can be seen that the majority of the daily bills in fact
represent net income for the consumers. The magnitude of the
net income or expense strongly depends on the scale of gen-
eration/load ratio, the basic price, and the wholesale market
prices; however, the differentiation between customers should
remain consistent, based on their individual contributions to
the load flexibility.

An important factor to consider in setting this VPP scheme
is to make sure that the outcome remains attractive for all
parties to join the VPP. Consumers would be incentivized to
join the VPP because of the potential payoff in providing load
flexibility and the buffer against high wholesale market prices
created by the local generation. Of course, the load/generation
ratio also plays a decisive role for the consumers’ willingness
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Fig. 9. DR metrics of VPP consumers.

Fig. 10. Individual day-ahead bills.

to be part of such market. The RES generators should be
enticed to join the VPP by the buffer against low wholesale
market prices due to the income received by local consumers
paying the basic price. Essentially, a hedge has been created
for both types of participants when they are able to share
both profits and risk. The effectiveness of this hedge, and
the attractiveness of participating in the VPP, is in any case
highly dependent on the generation/load ratio and the level
of basic price.

IV. DR PERFORMANCE TRACKING AND VPP MARKET

BALANCING

In the real world, the consumer load and net consumption
of the VPP will deviate from the day-ahead levels. This phe-
nomenon can lead to unfair distribution of profits and must
be taken into account in the billing mechanism. For instance
in [13] any deviations of total load in real-time will affect
the system cost and question the optimality of the initial
load scheduling. In this case the billing mechanism should
be reconsidered, which is more difficult in case if the devia-
tions are caused by the nonDR participants. In our model, the
absence of a secondary market independent of the VPP that
can settle deviations, the VPP operator must penalize all types
of deviations and redistribute the benefits among partakers. In
this section, we introduce penalization and VPP market balanc-
ing schemes followed by the numerical example and analysis.

A. VPP Market Balancing

Balancing of the VPP market happens at the end of each
day, before the start of day-ahead load scheduling procedures.
The balancing scheme consists of three stages: 1) calculation
of hourly deviations of load; 2) application of corresponding
individual penalties; and 3) redistribution of profits. The last

stage of market balancing process again ensures in the profit
neutrality of the VPP operator.

Hourly consumption deviations of the consumers are deter-
mined ex post as a difference between assigned and actual
loads

δit = L′
it − LA

it (16)

where LA
it is the actual load of a consumer i at hour t. The

total system load deviation will be

δload
t =

N∑

i=1

δit. (17)

From (17) the actual cost to the VPP for settling deviations
in a real-time wholesale market will be

CVPP =
24∑

t=1

δload
t λRT

t (18)

where λRT
t is the real-time hourly wholesale market price.

The VPP real time cost is the basis for establishing indi-
vidual penalty amounts. To exclude gaming scenarios, the
consumers are penalized for deviations in both up and down
directions as shown by (19). Potential gaming would include
submission of artificially diverse load profiles and constant
under-consumption, which would lead to unfair distribution of
day-ahead DR payments. So the penalty in both cases is equal
to the absolute value of the deviation amount multiplied by
the real-time wholesale market price. If the consumer over-
consumes relative to the scheduled load, there is an added
charge for the extra energy consumed (i.e., sit = 1)

Penaltyi =
24∑

t=1

|δit|λRT
t (1 + sit) (19)

where sit = 0 when δit = 0, and sit = 1, otherwise.
The total penalties and the actual VPP balance will be

Penaltytotal =
I∑

i=1

Penaltyi (20)

BVPP = Penaltytotal − CVPP. (21)

Assuming that the RES hourly generation stays at the same
level as it is forecasted in the day-ahead market, the penalty
income received by the VPP is always greater than the VPP
settling cost, and hence, the VPP real time balance BVPP

in (21) will be positive. In order to satisfy the profit neutrality
of the VPP operator, the balance is redistributed among con-
sumers. This distribution is done similar to the procedure in
the day-ahead VPP market. So here we introduce a real-time
performance metrics that attributes the individual consumer
DR actions

MRT
i =

[
24∑

t=1

(
1 − |δit|∑N

i=1 |δit|

)]
/24. (22)

The final effective individual bills are determined as follows:

BA
i = Bi + Penaltyi − BVPP MRT

i
I∑

i=1
MRT

i

. (23)
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Fig. 11. Actual and projected system loads.

Fig. 12. Hourly cost of VPP in real-time market.

TABLE II
VPP REAL-TIME INCOME AND EXPENSES

In this way, the VPP ensures fair billing and compensa-
tion of each consumer and mitigates gaming scenarios where
consumers may intentionally deviate from their schedules to
reduce cost or increase profit. Note that the same penaliza-
tion scheme can be applied for the RES generation deviations
from the forecasted hourly outputs, however, our goal is to
demonstrate the consumer performance tracking scheme.

B. Numerical Example

Here, we demonstrate a possible scenario of real-time VPP
market operation and apply the market balancing scheme on
a numerical example.

The VPP operator first calculates the actual real-time cost
due to the load deviations from the projected values. Fig. 11
compares the projected and actual total loads, while Fig. 12
shows the deviations multiplied by the real-time market price.

Table II summarizes the financial condition of the VPP after
calculation of real-time settlement costs and the individual
penalties. From the VPP perspective, penalites are payments
from the consumers and are considered income, whereas the
net purchase from the real-time market CVPP is considered as
an expense. The difference between the two is the VPPs net
revenue from the real-time balancing mechanism, as shown
in (21).

Fig. 13 illustrates that the individual penalty payments are
always positive, even though at some hours (e.g., hour 1) the
individual deviations balance each other.

Fig. 13. Distribution of penalty payments.

Fig. 14. Comparison of bills finalized with (a) day-ahead transactions only
and no penalty payments, and (b) after real-time deviations and penalties are
accounted for.

In the present example, the hourly real-time market prices
are assumed to be the same as the day-ahead market prices;
however, they could be different and this would not affect the
operation of the VPP market.

The VPP operator then redistributes the net revenue among
the internal customers based on their real-time performance
metrics. The resulting outputs are the final consumer bills
determined by (23) and shown in Fig. 14(b). These bills take
into account the day-ahead purchases, day-ahead profit distri-
bution and real-time payments and penalties. In Fig. 14(b), the
negative value of the bill indicates effective income of a con-
sumer. A positive value of bill indicates the actual payment for
consumption and DR performance. In the particular scenario,
although most of the deviators underconsumed throughout the
day, almost all must pay some penalty. On the other hand, as
shown in Fig. 13, two consumers indexed under numbers “13”
and “29” didn’t deviate from the assigned load profiles, which
resulted in no penalties and net increase in their individual
receipt of profit as shown in Fig. 14(b).
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This result indicates the incentive for VPP consumers to
follow their selected daily load profiles. If desired, the VPP
could scale the magnitude of the deviation penalty up or down
by including a scalar multiplier in front of the real time price
in (19).

V. CONCLUSION

In this paper, we proposed a new DR model that maxi-
mizes the benefits for DR participant consumers in terms of
cost minimization and fair billing. By limiting the consumer
flexibility to respond to market prices individually, we pro-
posed a method of centralized cost minimization requiring
only information about user’s daily consumption needs and
preferences. These tackled the challenges for system operators
related to demand price elasticity measurements and excluded
the possibility of rebound peaks creation in the system. From
the consumer’s perpective the most essential benefit is the
proposed billing mechanism which enables a fair assesment
of each DR participant’s performance rewarding them with
reduced consumption costs. The DR model ensures a fair
distribution of system wide benefits and guaranties accurate
treatment of each participant in the market.

Furthermore by applying the DR scheme in the context of a
VPP, we proposed a novel bi-level market model applicable for
these new players in the electricity markets. Our VPP model
incorporates the essential concepts of RES particiation in elec-
tricity markets coupled with the extensive DR application in
the submarket.

Future work could include an assessment of the proposed
model in the case of a number of small-scale competing VPPs
with a feature of direct impact on the wholesale electric-
ity market prices. In addition, we will assess the possibility
of aggregating small VPPs into a larger VPP managing the
large scale paticipation on the level of wholesale electricity
market.
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