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Abstract: In this work, the optimal participation of heterogeneous, Renewable Energy Source (RES)-
based Virtual Power Plant (VPP) in Day-Ahead Market (DAM) and Intra-Day Market (IDM) is
studied. For this purpose, a detailed model of the RES-based VPP and of the market operation is
needed. The VPP includes both dispatchable and non-dispatchable RESs and flexible demand assets.
This paper presents an improved, linear solar thermal plant model to consider its non-linear efficiency
curve. A novel demand model with two flexibility levels that are associated with the different market
sessions is also proposed. The market operation allows for updates of energy offers and this is
used by the VPP to submit DAM auctions and to participate subsequently in IDM to correct for
deviations. Finally, the optimal participation of the VPP in energy markets is assessed under different
weather conditions.

Keywords: day-ahead market; flexible load; intra-day market; renewable energy sources; solar
thermal plants; virtual power plant

1. Introduction

Nowadays, Renewable Energy Sources (RESs) have emerged as a crucial part of
modern power systems due mainly to their decreasing costs of operation and minimal
carbon footprint; however, most RES technologies depend on sources of a stochastic nature
and are non-dispatchable. Stochastic RESs thus have an inherent disadvantage when
participating in energy markets, as they are susceptible to economic penalties and/or
losses if they do not supply the energy scheduled in the corresponding market session [1].
Additionally, some of these stochastic generating units have relatively small sizes as single
offering units compared with large conventional, synchronous plants. Market barriers
based on minimum size requirements might bar the entry of some of these stochastic units
in some markets.

The aggregation of RESs as VPPs to provide a more controllable output is a promising
solution to improve the competitiveness of stochastic RESs in energy markets. A VPP
participating in electricity markets and comprising only wind and solar PV power plants
was presented in [2]. The uncertainties related to wind and irradiation were dealt with using
appropriate forecasts and integrating the VPP operation with the distribution network.
In [3], a VPP consisting of only stochastic RESs was analyzed and an energy storage
system was utilized in providing the flexibility required to reduce the impact of generation
uncertainty. Furthermore, another storage medium that has been utilized for flexibility
provision is pumped hydro storage plants. Different studies on VPP operation have utilized
hydro storage in provision of flexibility [4,5]. To further expand on the work that has been
performed on VPP modeling, Table 1 gives a selection of different aggregated components
of VPP studied in the literature and the demand response/flexibility sources, which include
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conventional thermal power plants (such as nuclear and fossil-fueled generating units),
loads and Battery Energy Storage Systems (BESSs), among others.

Table 1. VPP components and units.

RES Storage
References CPP Load STU
WPP PV PHSP BESS
[4,5] v v v v
[6] v v v
[7] v v v
[8] v v v v
[9,10] v v v
[11,12] v v v
[13] v v
[14-16] v v v

Table 1 reveals that BESSs and demands are common assets for demand response/
flexibility provision. It is also observed that there are still less-studied technologies such as
Solar Thermal Unit (STU) as a component of VPP. It follows that the different management
proposals and methodologies that have been utilized in the literature for VPP operation
can vary among the following choices:

* Inclusion of storage systems, especially BESSs to appropriately follow periods of
excess generation and supplement during periods of under-production [11,12,17];

*  Usage of phantom-storage systems such as a demand response that could respond to
the stochasticity of the RESs [8,10,11];

*  Studying the operational and economic feasibility of participating in market structures
that allow updates of offers close to periods of power delivery [17,18].

The VPP modeled in this paper explicitly excludes Conventional Power Plants (CPPs)
and BESSs, and it only considers the VPP’s RES units, both dispatchable and non-dispatchable,
as well as flexible demands, for its optimal operation. The motivation for considering an
RES-based VPP is to show to what extent such VPPs can optimally participate in energy
markets. A successful participation allows further increasing RES-based generation port-
folios of generation companies, without the need to rely on devices with relatively high
investment and operating costs such as BESSs. In the following paragraphs, detailed notes
on the contribution of this work are introduced.

While models of the most common stochastic RES technologies such as wind and solar
PV generation participating in energy markets are well established, appropriate modeling
of other emerging technologies, e.g., Solar Thermal Unit (STU) is still an open issue. For
instance, two aspects need to be carefully considered when modeling STUs. These are
the integration of molten-salt thermal storage with the STUs and non-linear conversion
efficiencies from thermal to electrical energy. The latter depends on the level of thermal
power injected into the plant’s power block. STUs with storage were modeled in [19,20]
but conversion efficiency was chosen as an average value in both studies. Choosing a
single average efficiency value might appear as a good compromise [21], but it does not
correspond to the actual operation of the STU.

VPPs are also gradually including demands with flexibility provision capability in
their portfolio [10]; however, the main challenge with demand-side response models is the
absence of appropriate benefits for consumers that provide such demand response actions.
Flexible and non-flexible loads with associated costs were presented in [22] but these
benefits measures were not addressed. A price-based control for demand management was
proposed in [23] while neglecting the parametrization of the comfort of end-users. In [24],
the behavior of dispatchable loads on an aggregated scale was studied but the end-goal in
that work was decreasing the power system operating costs as well as reducing the need
for CPPs.
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In this regard, the contribution of this paper is a detailed model of heterogeneous,
RES-based VPPs participating in energy markets with the following proposals:

1.  Adetailed STU model with storage capability. The model includes a linear formulation
for the operation of STU that addresses conversion from thermal to electrical energy
using a piece-wise linear efficiency function. It is noted that the thermal storage model
proposed in this paper can be easily extended to other technologies (e.g., biomass
CHP) without loss of generality.

2. A demand model with two flexibility /response levels associated with different energy
market trading sessions. In the first demand response level, the demand owner
prepares different profiles with associated costs that the VPP manager can choose
from in DAM. The second response level concerns IDM where tolerance around the
DAM chosen profile is used in updating energy offers due to changes in forecasts of
stochastic generating units or other causes;

3. An operation model within a market structure that allows updates of energy offers.
A network-constrained unit commitment model is used by the VPP to submit DAM
auctions and then subsequently participate in IDM sessions to correct for deviations
of its Non-Dispatchable Renewable Energy Source (ND-RES) forecasts.

To check the effectiveness of the model proposed in this paper, the case study that is
presented and discussed considers that the VPP participates in the Spanish energy mar-
ket [25]. Note however that the proposed model is general enough to be easily parametrized
for any other market in which a sequence of DAM and IDMs is present. Moreover, the
model allows the user to define any configuration of a RES-based VPP, by selecting the
technologies and number/size of units of each technology that comprises the VPP. Note
that, in this work, uncertainties are not modeled as performed, for instance, in robust
optimization or stochastic programming approaches. Such approaches seek to find, for a
given VPP configuration and a given market structure, the optimal bidding strategy that
ensures feasibility under any condition considered. The main purpose of this paper is to
provide the user with a model that can be used to compare the behavior of different VPP
configurations to make the first decision for the optimal operation. This model can then be
included within a robust optimization implementation to consider uncertainty, which is
beyond the scope of this paper.

The remainder of the paper is organized as follows. Section 2 highlights the main
features of the Spanish energy markets. The detailed model of the RES-based VPP proposed
in this paper is formulated in Section 3. Section 4 presents the case study, which considers
a VPP in a region of Southern Spain. Different weather conditions are accounted for to test
the behavior of the VPP against highly or poorly favorable conditions. Section 5 discusses
the simulation results obtained. Finally, Section 6 draws conclusions and outlines future
work directions.

2. Overview of Spanish Energy Market Structure

The wholesale electricity spot market and technical management in Spain is orga-
nized by the market operator (OMIE) [26] and system operator (Red Eléctrica de Espafia
(REE)) [27], respectively. Two broad markets, the DAM and IDM, govern the day-to-day
running of electricity provision and consumption with some additional arrangements
associated with ensuring reliability and secure operation of the energy system [28].

The sequential operation of the electricity delivery is organized as shown in Figure 1.
DAM offers and bids, which consist of prices and generation/consumption capacity, are
submitted by generation and consumption units for the next operation day. The market
operator receives these bids from all participants and by using a merit order framework,
ranks all the generators’ production against the demand to determine the marginal price
that will be paid to/received from market participants. The system operator then receives
these ranked bids, performs congestion management analysis, and subsequently modifies
the generator dispatch, if required.
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Figure 1. Sequence of the Spanish electricity market.

After DAM clearance, IDMs are instantiated to adjust DAM cleared bids and correct
infeasible schedules. These modifications or corrections can be due to unplanned shutdown
of dispatchable sources of generation, changes in ND-RES outputs, demand changes, etc.
IDM sessions are especially useful for balancing renewable generation bid deficits or
surplus by giving market participants with RESs an avenue to update their availability
when their submitted DAM bids are different from near real-time realizations. There are
seven IDM sessions; the first and second cover 24 h of the operation day while the remaining
five sessions cover a receding subset of the 24 h [28]. There also exists a continuous intraday
market that allows trading at European level for re-adjusting energy imbalances in between
IDM auction sessions.

A consortium of generation and demand assets (a VPP), participating in the Spanish
energy market can thus capture the operational flexibility that the different energy market
segments offer in order to maximize its revenue. This work, while currently tailored to the
Spanish market, can be applied in other markets of similar characteristics (e.g., the Nordic
countries, Austria, France) and proves the potential of RES-based VPPs.

3. VPP Modeling

This section formulates and discusses the VPP model proposed in this paper. The VPP
comprises Dispatchable Renewable Energy Source (D-RES) (hydro), Non-Dispatchable
Renewable Energy Sources (ND-RESs) (wind power plant and solar PV), solar thermal
generation with storage capability (a hybrid between D-RES and ND-RES) and flexible
demands. These assets are distributed across the power network at different buses and
connected to the main grid through one or more Points of Common Coupling (PCC). More
information about the different components that comprise the VPP discussed in this paper,
and its aggregated effect, also from the dynamic response point of view, can be found in
[29]. The business model considered for the VPP is the maximization of its aggregated
profit by optimally scheduling its generation and demand assets.

The formulation for each asset class is enumerated below. D-RES are modeled as
conventional power plants [30] with linearized operation costs of the dispatchable assets.
Network constraints are formulated by using DC power flow [31]. The objective function of
the VPP, and constraints for the ND-RESs, flexible demand, STU, and energy balance at the
PCCs are presented in the following subsections. Note that, in line with neglecting demand
and RES-related uncertainties, hourly profiles of available demand and RES are inputs.

In the following subsections, the models have been described under the market
participation frameworks. This separation between DAM and IDM is due to differences in
prices and volumes of energy traded between the markets [28].
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3.1. Day-Ahead Market (DAM) Formulation

For any participant in the wholesale pool market, the DAM is the entry point. Without
participation in the DAM, there is no avenue to take part in other market segments/sessions.

3.1.1. Profit Maximization Objective

In DAM, the objective Function (1) is the maximization of the obtainable profit by the
VPP assets calculated as the revenue from power trades minus the cost of operating D-RES
and cost of selecting a particular load profile.

- Z Z Cd,pud,p (1)

max Z [ADA DAAL — Z (Cypc,tAt + cgt + cg,t)
EPAM deD peP

cec

3.1.2. Power Trades

Equation (2) ensures that summation of traded power at all buses connected to the
main grid is equivalent to the total power available for trading by VPP whereas (3) relaxes
this available power at each time.

pPA = Z pit , VteT )
beB™
— ( Y Pyt 215;) <pPA< Y. P+Y Pi+Y Py, VpePVteT (3
deD 0c® ceC reR 0c®

3.2. Intra-Day Market (IDM) Formulation

3.2.1. Objective

For the different IDM sessions, the VPP benefit (4) is calculated over changes in traded
power Apy . ; between (i) DAM and the first IDM trading period and (ii) other subsequent
IDM sessions. The cost of choosing a specific load profile is not included while computing
the objective of IDM because this choice is previously made during DAM participation and
must be accounted for only once.

7]
max ) [AktpktAt = X (CYBpeust+cf o+ c}wﬂ, VkeX (4
=k =T ceC

3.2.2. Power Trades

For IDM sessions, the bounds on the traded power is modified such that the load
profile that was chosen in the DAM is considered as formulated in (5). Note that the IDM
offers/bids do not substitute those submitted in the DAM, but rather, they are adjustments
of the DAM offers/bids as reflected in (6). In principle, there is no actual limit on the
volume of energy trades during the IDM sessions; however, practical works related to the
market model under study have shown that there is a limited liquidity [28]. The market
operates such that it disincentivizes price speculation. The relatively low liquidity of the
IDMs compared to that of the DAM implies an important risk of energy offers/bids not
being accepted.

ceC reR 0c®

- ( Y (1+Pd,t)P;;/t+Z P;)g P +Z P+ <Y P+ Y B+ ) Py,
deD [USC)]
Vke KVt>1  (5)

+2Pnt+Pkt*2 Po - Vke X,vt>T1  (6)
beBm™
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In (5) and (6), pPA*and p}D*are the solutions of the DAM and previous IDMs, respec-
tively; Pg,p, ; ¢
of uncertainty, P;;, (see (5)). Note that for the IDM formulations with time indexes, T is

used, where 7 is the first delivery period of the current IDM session.

is the optimal load profile for each demand, scaled by the profile’s upper bound

3.3. Other Constraints

Energy balance, network and ND-RES constraints are common to both DAM and IDM
markets and are formulated below.

3.3.1. Energy Balance

Nodal analysis is utilized, implying that at each bus of the network, the sum of inflows
and outflows must be equal. Equation (7) gives energy balance at the Point of Common
Coupling (PCC) with the main grid while (8) is the balance for all other buses in the VPP
network at every period. The difference between both equations is the presence of py/, at
the main grid representing scheduled power to be traded with other market participants.
This power available for trading (buy or sell) is set as the interconnection capacity of the
VPP in (9).

Yo bt Y Pt Y por— Y. Purt Y. Por=Phit Y Pars

e, reR, 0cO, )i(6)=b 2]j(6)=b deD,
Vbe B"Vte T (7)

Z Pet + Z Prt + Z Pot — Z Pet + Z Pet = Z Pat,

cECy reR, 60, 2)i(0)=b 2lj(0)=b deD,
Vbe B\ B",VteT (8)

—B < pp < B, VbeBMVtET  (9)

3.3.2. Non-Dispatchable Renewable Energy Sources

The ND-RESs modeled in (10) comprise mainly wind power and solar PV plants. The
lower bound represents the asset technical minimum while the output is bounded above
by the available stochastic source. Input parameters were chosen after careful analysis of
realistic power plant data.

Pt <prp <Dy, VreRVEET  (10)

3.3.3. Network

Modeling the overall power system as a single bus to which all assets, comprising or
not the VPP, are connected, is a common simplification that is valid in cases where, e.g., the
VPP assets are widely spread over a meshed, well-connected network; however, in cases
where all VPP assets are located within a relatively small part of the main grid, or where
the grid is weak and prompt to, e.g., congestion, it is imperative to model the network
constraints. In this regard, the well-known and widely used DC power flow formulation is
considered, and the corresponding equations are collected in (11)—(14).

per 1
b = X—[ ((51-(5),11 — 5]-(5)’11) p Vee LNteT (11)
-p, < Por < by, Ve LVteT (12)
Spr =10, b:ref,VteT (13)

—n< <, Vbe B\b:ref,Vt €T (14)

3.4. Solar Thermal Units

STUs are synchronous generating plants that rely on a stochastic renewable source
(solar irradiation). Additionally, they usually include storage capability for as much as 8 h
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at full power capacity [32]. Moreover, conversion between the thermal and electrical power,
which takes place in the Power Block (PB) of the STU, needs to be appropriately formulated.
For these reasons, STUs cannot be accurately represented by parametrizing any of the sets
of constraints above, and they require a specific set in the VPP model proposed in this
paper. Specific contributions made to the STU model in this work are (18)—(20). It should
be noted, however, that the storage of the STU cannot be charged from the grid but only
from the solar field.

Equation (15) defines the upper and lower bounds of the active power (thermal) that
can be generated by the solar field, pg};, which is only limited by the available power
extractable from solar irradiation. The charging and discharging power (thermal) of the
STU storage device are bounded above and below in (16) and (17). The power (thermal),
pg}?, sent to the PB, which converts the thermal into electrical power through a steam
turbine is given in (18). It is the sum of the thermal power generated by the solar field, net
thermal power of the STU storage, and a final factor containing coefficient Ky takes startup
losses into account. This power is then bounded in (19) by the maximum and minimum
power output of the turbine. The commitment status of the PB that reflects its on/off status
is modeled in a manner similar to dispatchable power plants.

The electrical power output of the STU is given by (20). Conversion between thermal
and electrical power is nonlinear, and depends on the level of thermal power injected
into the PB. The higher ng is, the more efficient the conversion. In this work, four linear

segments have been defined, delimited by PEI,’ B_ {Eg B Pg B’l, Pg B’z, Pg B}, and characterized
by different conversion factors, 1 = {15,775, 773,75 }- Figure 2 shows the PB efficiency for
converting thermal power input into electric power using parameters for a 50 MW STU
in Spain.

0.4 ;7::::3‘:::::::::::::::.::::::_:::_::_:;;_’;.:;:‘_:;.;:i-::-:::-::-:-it-t::-:?t.'t.‘.'?f?‘.ff:::::
—_ .2..719...:‘. ....... ‘..‘.—..‘. ........... PP
= 03 4" L ‘

E UI' ..............................................
< o2 6 ;: Real
E 1 = = = Linearized
= 1
< 0.1 ] ‘
I ' —PB:
00 :iESB IP::B’1 T PSB:Z T T () T
0 20 40 60 80 100 120 140

Phy IMW{]

Figure 2. Power block conversion efficiency.

Finally, equations that model the thermal energy stored in the STU storage device
are (21)—(24) where Ey ; is the thermal storage capacity and &y /&g is the lower/upper bound
multiplier of storage at the final period of the schedule. In (15)-(24), all power quantities
are in thermal units (MW}), except for the PB power output, pg ;, which is in electrical units
(MW). For implementation purposes, the piece-wise linear function (20), is remodeled with
SOS-2 constraints [33].
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0<pgh <Py, V€O, vteT (15)

Piuf, <pg, < Posug,, Vo eO,VteT (16)

(1—ug )Py <py, <(1—ud,)Py, V€O, VteT (17)
Pos = Pat + Poy — Py — Kovg D5, VO e@VteT (18)
ugPyP < ppt < g Dy°, Vo eOVteT (19)

1,PB ; PB _ pPB

NePe, if 0<py; < 1-3(19)31
2. PB i pPB — ,PB ,

Hgbes it Dg” < py; <Py

Pet = .. oPB1 5 PB2 ( / Vo € O,vteT (20)
ToPos 1 Py 7 < Pyl <Py
Mo Py if Py” < ppt < PP
PRWAY 3

Eg,t = 89,(t71) + p;:tAtﬂé‘r - peﬂlt 7 VG 6 @, Vt G r.T (21)

0
Eot <egr < Egy, V€O, Vte T (22)
wpEgy < egy < &gEp;, Voe®, t=T (23)
0<ap<ag<1, Vo €O (24)

3.5. Flexible Demands

In this work, a novel participation of flexible demands in a VPP is presented. It
comprises two levels of flexibility, which are linked with the DAM and IDM market
sessions, as formulated below [34]. The assumptions considered while developing this
model are based on feedback from Spanish distribution companies and retailers that are in
constant interaction with customers.

3.5.1. DAM Formulation

At the first stage, such participation involves the selection of a specific load profile.
With this aim, (25) and (26) ensure that for each demand d, only one load profile p out of
all available profiles is selected. These profiles mirror the different available operational
characteristics of the demand assets, e.g., for residential demand, a profile might feature
dual peaks at 09:00 and 20:00 while another profile features a shift of the peaks to 07:00 and
21:00, respectively. These profiles are prepared by the demand owners/aggregators and
subsequently communicated to the VPP manager. One of them could be the default profile,
which the load owner will follow if no coordination exists. Other profiles that can offer
flexibility but might lead to higher operating costs for the load owner can be presented and
the VPP manager needs to compensate them in exchange for the offered flexibility if those
profiles are selected.

pat =Y Paptttayp, VdeD,VteT (25)
pe?P
Y ug,=1, Vd e D (26)
peP
ugp €{0,1}, Vd e D,Vpe? (27)

3.5.2. IDM Formulation

The IDM sessions provide the second level of demand response for the VPP as pre-
sented in (28)—(31). Following the selection of load profile during DAM, the only changes
allowed during IDMs include a small percentage around the previously chosen profile
(P;{, p,t) as seen in (28). The bounds chosen do not necessarily have to be symmetric but
are chosen carefully to reflect realistic practices. Equations (29) and (30) give the ramps of
the demand profile as the operation horizon moves from one period to the next. Lastly,
for many demand profiles, there usually is a total minimum consumption amount, which
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must always be satisfied. This constraint is ensured by (31). The constraint also certifies
that energy values consumed in previous periods, p} ,, are accounted for during following
IDM sessions.

(L= Pai)Pi e < pap < (1+Pat)Py,, Vd e DVt>T (28)
Pai — Pai-1) < RaAt, Vde D,Vt>1 (29)
Pat-1) — Par < RaAt, VdeD,Vt>T (30)
1 |7
Eq< Y pi A+ Y pait, vd €D (31)
t=1 t=7

4. Case Study

The case studies considered to validate the RES-based VPP model proposed in this pa-
per is presented in this Section. The VPP topology considered is outlined, which resembles
a subarea of the southern region of the Spanish grid. These case studies are implemented
in GAMS with CPLEX on a computer with 32 GB memory, Intel i7. The run-time (reading
of data, algorithm execution, and writing of results) is less than 5 s for all scenarios.

The VPP assets are dispersed across a 12-node network connected to the main grid
through a PCC (bus 5) as shown in Figure 3. The capacities of D-RES, hydro (bus 6) is
111 MW. For ND-RESs, wind power plant (bus 4), solar PV (bus 8), and STU (bus 1) power
block have rated capacities of 50 MW each. The thermal storage capacity associated with
the STU is 1100 MWHhy. It is desired that, after an operation day, a predefined amount of
such capacity is reserved for the first period of the next operation day such that it might be
used to capture some benefits of early high prices before another charging period begins
(see Equations (23) and (24)). Additionally, thermal storage can only be charged from the
solar field and not from the main grid. The demands considered are industrial, airport, and
residential loads (buses 3, 9, and 12) with minimum total consumption of 800, 580, and
600 MWh, respectively. Each demand has three profiles and the total consumption for each
profile is the same.

AC network

Figure 3. A 12-node network for test cases.

An hourly timescale with total time horizon of 24 h is utilized during DAM, while a
subset of the 24 h is used for each IDM session. The VPP has the possibility to supply its
internal demand, partially or entirely, by buying energy from the main grid at the PCCs
if needed. In this paper, the maximum amount of power that the VPP can buy in one
hour is 110 MW. This limit represents the line capacity connecting the VPP network to the
main grid’s PCC. Such a limit can be defined based on (i) the power-flow limit of the line
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or connecting transformer, and (ii) on the overall capacity of the VPP, i.e., a tighter limit
of the exchange can be set if the VPP is small (see (3)) and vice versa if the VPP is large.
Furthermore, computations for different seasons and days based on historical data were
made. Historical data of actual measurements from different solar and wind farms in Spain
were obtained from power generation companies.

For each market window, uncertain generation profiles were generated by creating
random profiles around the actual (measured) production of a selection of days, ensuring
that such profiles are always within confidence bounds defined based on the standard devi-
ation obtained from the whole historical series. Updated forecasts for late IDM windows
have tighter confidence bounds than the DAM and early IDM ones, i.e., the random values
that are generated are close to the actual production because uncertainty reduces as the
delivery period is closer to the forecast time. Figure 4 shows estimated wind power output
and irradiation levels in Southern Spain for a clear, sunny day in March 2014 and a day
with cloud covers in March 2018.

1000
= 40 i &
z 750 E
E /\ 500 8
=~ Q
80 20 s
ks \//'\ L2505

......... £
o | LLLLLLLLY jnuveet ’I maac"t" 0
0 5 10 15 20 25
Time [h]

_EWPP clearday " " EWPP cloudy day Irrc]ezlr day Irrclnudy day
Figure 4. Forecasts for STU, WPP, and PV generation on a clear and cloudy day.

For demands, different profiles of the three loads are shown in Figure 5. While
fictitious, the base profile replicates the default consumption activities while other profiles
are designed to perform peak shifting around it. During IDM, the demand owner allows a
10% tolerance for demand movement over the selected profile at DAM. The input demand
profiles have been discretized due to market requirements where offers are submitted on
an hourly basis. Continuous load profile curves can be prepared by the load owners while
the VPP, using the appropriate timescale computes and submits the average.
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In Figure 6, representative prices for DAM and all IDM sessions for both clear and
cloudy days are shown. The prices were obtained from [26] and analyzed to obtain
representative prices for the conditions simulated. The later IDM prices (3-7) do not cover

the entire operation horizon due to the range of their operation period as revealed in
Figure 1.
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Figure 6. DAM and IDM prices on (a) clear day, (b) cloudy day.
5. Results

To test the effectiveness of the model presented in this paper, two operation strategies
were identified:

*  Base-case where generation or consumption units act individually (No Coordination);

*  Coordinated VPP operation as formulated in Section 3.

First, the benefits of the VPP strategic behavior over the base-case for the DAM and
the first IDM session with a default load profile in both cases are outlined.

In the base-case, all the units participate separately in the market sessions without
knowledge of other units, i.e., they are not a VPP. For instance, the WPP, only seeks to
maximize its profit. The same reasoning applies to the STU, the demand units, etc. Then,
their overall output (energy bids/offers as well as profits) is aggregated as “Base-case” /“No
coordination”.

A profit comparison between the days and the two strategies above is shown in
Figure 7. For the clear day, there is a 5% and 28% increase in the profits during DAM and
IDM, respectively, when the VPP model is compared to the case without coordination; how-
ever, these profits are more significant during the cloudy day where the VPP outperforms
the base-case with 20% and 99% during DAM and IDM, respectively.

60 - HEl No Coordination VPP

Profit [K€]
N
S

0 — —
Clear DAM Clear IDM Cloudy DAM Cloudy IDM

Figure 7. VPP benefits on different strategies.

To fully comprehend the effectiveness of the presented VPP model, the following
scenarios were analyzed in detail: firstly, a clear day with high wind power plant output
and high irradiance level; secondly, a day with intermittent cloud covers in the afternoon
and low wind power output. Each of these two broad categorizations will be further
examined under (a) base-case with the default load profile (b) VPP with the default load
profile, and (c) VPP with three load profiles at zero cost. Finally, an analysis to ascertain the
behavior of non-zero cost demand profiles on a clear day is conducted.
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5.1. Traded Power and Output of Assets on a Clear Day

Figure 8 shows traded energy on a clear day during DAM and all IDM sessions and
Figure 9 depicts the expected behavior of the different assets at DAM. The effect of coordi-
nation is evident from the smoothing of the traded power curve from period 10-16 h in VPP
compared with the base-case. The differences arise largely due to proper synchronization
of the STU with its storage and the biomass plant response to the market price.
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Figure 8. Traded power on a clear day at DAM and IDM in: (a) No Coordination; (b) VPP with
default load profile; (c) VPP with three load profiles at zero cost.
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Figure 9. Output of assets at DAM on a clear day: (a) No Coordination; (b) VPP with default load
profile; (c) VPP with three load profiles at zero cost.

The low volume of energy traded in period 8-9 h coincides with very high demand
and relatively low generation in the three cases. Moreover, in terms of benefits to the
VPP, case (c) with three load profiles at zero cost has the highest profit because it leverages
differences in the load shape and chooses the best profile to suit its objective. The residential
late peak profile was selected in this instance while the early peak profiles were chosen
both for the industrial and airport demand.
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For IDM participation, updates to output forecasts of ND-RESs and prices (as seen in
Figures 4 and 6) are made before offers are again submitted to the market operator. The VPP
manager (or owner of each asset in case of No Coordination) adjusts DAM auctions and in
most cases, prioritizes the ND-RES over the D-RES units. Additionally, most updates are
made in the earlier IDM sessions as evidenced in Figure 8 where there are no changes in
offers made in IDM5-IDM?7.

5.2. Traded Power and Output of Assets on a Cloudy Day

The VPP behaves differently on a day with intermittent cloud covers in the afternoon.
There are more activities during IDM as the forecasts of ND-RES are in flux as shown in
Figure 4. These uncertainties, however, are taken care of by the model as observed in
Figure 10b,c where IDM bids reflect their expected behavior. With respect to demand, the
early peak profiles were selected for both industrial and airport demands whereas the
base-case was retained for the residential demand.
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Figure 10. Traded power on a cloudy day at DAM and IDM: (a) No Coordination; (b) VPP with
default load profile; (c) VPP with three load profiles at zero cost.

The comparative advantage of the VPP over the base-case was the operation of the
STU at the early hours. The STU charged the thermal storage instead of delivering energy
from the solar field to PB at lower efficiency and thereafter delivered it at high PB efficiency
while also capturing the high prices towards the end of the day as shown in Figure 11b,c.
This is in contrast to STU model with average efficiency value where there is no incentive
for choosing the operation region. Moreover, in terms of benefits to the VPP, STU model
with linear piece-wise formulation of efficiency gave a 1% increase on the VPP objective
value over using an average value.



Energies 2022, 15, 3207 14 of 18
a b
300 @ 300 ®
£ 200 £ £200 1 S
=) sz 2
W W
2 100 1 = 2 100 1 =
m - o -
0 = 0 =
0 5 10 15 20 25 0 5 10 15 20 25
Time [h] Time [h]
C
300 © - 60

£ 200 1 Fa0E

=) | s 2

2100 - L 202

5 8

5 =}

0 Lo &

0 5 10 15 20 25
Time [h]
EtadedDAM "7 *" Ewind pAM === Epvpam == Estupam = Ergspam "7 * Estored DAM === Apam

Figure 11. Output of assets at DAM on a cloudy day: (a) No Coordination; (b) VPP with default load
profile; (c) VPP with three load profiles at zero cost.

5.3. Effects of Non-Zero Cost on Demand Profile Choice

This section analyzes a solution to the benefits for demand owners. The default load
profile has zero cost because the demand owner follows it irrespective of other events.
The load owner then decides the price to be received for other profiles (i.e., price for
offering flexibility). The VPP manager, then, studies the profitability of such price. The
VPP thereafter decides whether to accept or refuse the demand owners’ offer(s) such that
the VPP’s benefits are not eroded.

In Table 2, the optimal choices of demand profiles for profitable VPP operations are
shown. The options marked optimal are obtained when C; , for every profile (base-case,
early, and late peak) is set to zero. Industrial and residential loads have the early peak
and late peak as optimal profiles, respectively. In order to determine the costs before the
selection of the base-case, Cy, for other demand profiles are increased gradually (and at
the same time for all demands). It was observed that the VPP manager is only willing to
pay up to €320/day to the industrial load owner. On the condition that the industrial load
owner sets a price of C;, = €325/day, the VPP would have opted for the default load
as the optimal instead. In this specific case, the industrial late peak and the residential
early peak profiles are not profitable at all for the VPP and therefore marked X. In other
circumstances with different price evolution and other demand profiles, the choices might
be different.

In the case of the airport load, there are more options for both the airport demand
owner and the VPP manager. The early peak profile is profitable for the VPP manager
at a cost up until €500/ day while the late peak profile is only profitable until €305/day.
Figure 5 reveals that the different airport profiles have only subtle differences. We can infer
that the load profiles have a benefit-inducing relationship with the evolution of the market
price, hence the higher prices the VPP is willing to pay. Indeed, the profile peaks at the
early hours (periods 8-10) correspond to lower electricity prices and thus account for the
higher costs that the VPP is prepared to pay.
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Table 2. Demand profile choice at non-zero costs.

Demand Base-Case Early Peak Late Peak
. chosen when .
Industrial cost > €320/day optimal X
. . chosen when .
Residential cost > €180/day X optimal
Airport chosen when optimal suboptimal-chosen
P cost > €500/ day P when cost > €305/ day

5.4. Distribution of Profits among Assets

In this final subsection, profit distribution among the coordinated VPP assets are
investigated and compared with the base-case. As shown in Figure 7, there is a 5% and
20% increase in benefits for VPP over the base-case on a clear and cloudy day, respectively.
For the ND-RESs, the only factor determining their output is the availability of the driving
resource (wind for WPP and sunlight for solar PV). Thus, their outputs were the same for
the base-case and VPP scenarios. For demands, although the overall consumption is the
same for all profiles, the evolution of these profiles across the market/trading horizon is
different. For the STU, results show substantially larger differences when it is part of a
VPP compared to when acting alone in the base-case. Moreover, when the STU model with
piece-wise linear efficiency was compared with average single value, the benefits of a more
detailed model was observed. With different efficiency values across the STU output, there
is more incentive for the STU to operate at higher capacity. Consequently, this leads to
higher output at these operation periods and an overall increased benefit for the VPP.

For DAM participation and on a clear day, 60% of the overall VPP profit over the base-
case is attributed to the STU while the demands and D-RESs contributed the remainder of
the profits. On a cloudy day, the VPP profits attributed to the STU was even more. In this
case, 85% of the total VPP profits. With single efficiency value model of the STU, this share
dropped to 75% of the total profits. The remainder 15% was shared among the other assets
in the VPP.

For IDM participation, the factors that play a bigger role in increasing VPP profits are
updated prices, updated forecasts of ND-RESs generation, and demand response. Demand
response activities by offering a finite percentage allowance on consumption during the
IDM sessions contributed about a third of the VPP in this market. With sensitivity anal-
ysis, however, the share of the profits attributable to demands can be as high as 50% as
the flexibility allowance is increased. ND-RESs and the STU share the remainder of the
VPP profits.

6. Conclusions

This paper presents a heterogeneous RES-based VPP that participates in DAM and
IDM markets. Coupled with standard models of dispatchable resources, improved formu-
lations of flexible demand and STU were introduced to describe the technical operation of
the VPP units. A network constrained unit commitment model is thereafter utilized by the
VPP to assess/simulate the optimal participation in energy markets in market activities.
The case study applies the developed model to a VPP participating in the Spanish market;
however, the model can be readily applied to any other market in which a sequence of
DAM and IDMs is present.

In addition, the optimal participation of the VPP in the DAM and IDM were assessed
under different weather conditions to analyze their impact and to to test the behavior of
the VPP against highly or poorly favorable conditions. The following concluding remarks
are drawn.

1. The feasibility of RES-based VPP has been shown in this paper. From the purely eco-
nomic perspective, BESSs can thus be excluded from RES-based VPPs when coupled
with an appropriate operation model, thus avoiding the installation and operation
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costs of these devices. Additionally, this has to be accompanied with participation in
markets that allow offer updates close to the energy delivery period;

2. The VPP outperformed the case where the units are not coordinated by up to 20%
during DAM on cloudy days. This reveals one of the benefits of aggregation where
the VPP, using the knowledge of every unit’s capability extends their operational
flexibility. By doing so, the VPP’s overall profit is maximized;

3. The profit distribution was shown to be impacted more by the STU in DAM par-
ticipation. During IDM sessions, other units including the demand and ND-RESs
play a bigger role by leveraging the flexibility provision of demands and updates of
generation by the ND-RESs;

4. The impact of the STU with its thermal storage was shown where the storage was
charged at early periods while later discharging at higher capacity with higher effi-
ciency. This led to higher profits of VPP over No Coordination in all conditions and
especially during the cloudy days;

5. The introduction of a more detailed STU model, while mirroring actual operation
yielded an increased final objective value without leading to additional model com-
plexity nor longer solver times;

6.  Flexible demands are advantageous in the provision of response/flexibility activities
such as load shifting and deferring some energy volumes to other periods. Analysis of
the results showed that VPPs incorporating flexible demand profiles with zero costs
gave the most benefits compared to other configurations because the model selects
the best profile that maximizes its profit;

7. When the costs of demand profiles are non-zero, there are some thresholds that the
VPP is willing to pay the demand owners until it becomes less profitable and they
return to the default profile.

This work can be extended in several directions. These include co-optimizing the DAM
planning with secondary reserve market bids. This could ensure that there is available
tolerance during real-time operation. Application of the model to larger systems and
considering AC power flow constraints will also be studied. In this work, the VPP has
been formulated as a price taker. Modeling the VPP from the price maker perspective is an
additional direction that warrants studying. Finally, modeling uncertainty in the power
generation and price forecasts is another extension of this work, which is currently being
investigated by the authors.

In this regard, it is noted that the main conclusions from this work will not be impacted
hugely by applying stochastic or robust optimization to the base-case or VPP operation
presented in this paper. The formulation of the operation of the different technologies
will not be fundamentally changed by including parameter uncertainty. Of course, VPP
outputs will vary from those shown in the paper, but not the qualitative conclusions.
Those variations would arise from the different scenarios when applying for instance
stochastic programming or from making the formulation robust to worst case scenarios
when applying robust optimization.
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