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ABSTRACT

In liberalized electricity markets, trading energy between generators and consumers occurs primarily on the Day-
Ahead Market (DAM) one day in advance. However, the scheduled programs may not comply with grid re-
quirements or real-time conditions. To ensure grid stability and sufficient reserves, system operators procure
resources on the Ancillary Services Market (ASM). With the increasing share of renewable energy sources, many
programmable generators are shifting their business model, from generating energy at base load to providing
grid services. In this context, a DAM-based traditional approach to dispatch scheduling, widely adopted by
existing techno-economics analysis, may result significantly suboptimal. This paper presents a novel model for
dispatch optimization maximizing profits simultaneously on both the DAM and ASM, utilizing a mixed integer
linear programming (MILP) formulation and a machine learning algorithm considering a pay-as-bid pricing
system and predicting the probability of offer acceptance based on historical data. The proposed framework is
modular and flexible, allowing for separate use of the MILP dispatch optimizer and the machine learning offer
acceptance prediction model. A risk propensity factor is defined and the impact on the optimal bidding strategy,
the expected profits, and their variability, is studied. A Montecarlo approach is used to evaluate the profits
probability density function. The performance obtained (i.e. 20 min to optimize one week of operation of a
Combined Cycle Gas Turbine) allows in applying the proposed methodologies for both long term energy system
planning and daily production offer scheduling.

1. Introduction

of simplicity. Nevertheless, programs defined by DAM (and IDM) may
not comply with the grid requirements in terms of transmission capacity,

In the current liberalized electricity markets, most energy is traded
between generators and consumers (i.e., big consumers and energy re-
tailers) on the Day-Ahead-Market (DAM) one day in advance of the real-
time. Afterward, programs can be refined on the Intra-Day-Market
(IDM) whose gate closure is one or some hours in advance of the real-
time, typically volumes traded on IDM are significantly smaller than
those on DAM and this market is neglected in this paper for the purpose
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moreover, real-time generation (especially from uncertain sources such
as solar and wind) and demand may differ from the scheduled planning.
As a consequence, the Transmission System Operator (TSO), to manage
any grid congestion and guarantee the stability of the grid as well as
adequate reserves, procures resources, in terms of services, on the
Ancillary-Services-Market (ASM). Services providers are power plants,
storage, or virtual power plant (VPP) aggregating generators, demand
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response loads, and storage [1-3]. Services may consist of regulation up,
regulation down, spinning, and non-spinning reserves, local policies
define which services are provided according to market-based mecha-
nisms. Future regulatory frameworks may consider the possibility even
for the Distribution System Operators (DSOs) to procure demand for
services to flexible resources on the local scale by means of dedicated
markets [4].

As the share of renewable energy sources, characterized by relevant
uncertainty, increases, the demand for services is expected to follow,
especially within the grids characterized by strict constraints in terms of
transmission capacity. Besides the demand for services, revenue, profits,
and cost (for the TSOs and DSOs) associated with this market increase as
well. Consequently, understanding the dynamics driving the ASM is
crucial to design effective policies aiming to reduce the costs for the
TSOs and final users and to properly estimate the profit opportunities for
the service providers.

Previous studies highlight how limiting techno-economic analyses to
DAM and neglecting the economic opportunities from services provi-
sion, may lead to a significant underestimation of profitability indicators
[5]. A widespread approach to the techno-economic assessment of
market opportunities for power generators, or storage technologies,
connected to the grid consists of performing a simulation of the real
market behavior. For this purpose, an optimization algorithm seeks the
best dispatch to maximize the profits net of all costs. Advanced strategies
may include an integration of DAM and ASM and performing a robust-
ness analysis considering the price uncertainties [6,7]. However, in
those studies, the power plant is considered a price tacker and the
market is assumed to be based on Systems Marginal Price (SMP). This
assumption does not cover all the cases, in fact, while DAM Marginal
Price System is a standard in all the countries, many electricity markets
(e.g., Italy and Germany [8]) implemented an ASM based on a Pay-as-
bid (PAB) system. Additionally, the assumption of power plants as
price takers is reasonable and generally accepted on the DAM but may
be weak if the ASM is considered. In fact, the demand for services is
strongly geospatial dependent and the competition among service pro-
viders within a specific grid knot to provide a specific product may be
limited.

Generally, if the energy markets design is almost uniform across
Europe, the procurement procedure for ancillary services is considerably
heterogeneous. They may differ according to the energy or capacity
base, the activation rule, product resolution, qualifiable providers, the
settlement rule, or others. At the EU level, the commission establishes
general guidelines [9], and the ENTSO-E annually surveys how the na-
tional grid codes implement them [10]. Both SMP and PAB settlement
rule are common, different studies recommend SMP systems only if
sufficient [11], thus, considering energy-based payments, 9 TSO
implement PAB settlement for an automatic Frequency Restoration
Reserve (aFRR), and 12 TSO for manual Frequency Restoration Reserve
(mFRR) out of 36 surveyed [10].

Although the pay-as-bid scheme is widespread, it is far less investi-
gated than SMP in literature and few studies have addressed the problem
of optimizing the management strategy of a plant in this framework.
Mazzi et al. proposed a two-stage linear approach within a pay-as-bid
pricing scheme at the ASM stage for a price-tacker conventional pro-
ducer, showing the capability of increasing profit expectations with
respect to a sequential offering approach [12]. Previously Ren et al.
published a study introducing the problem of offer strategy within pay-
as-bid schemes [13] and studying the market behavior, generator
profits, and consumer payments assuming optimized offering strategy of
generators [14]. Other studies focus on optimally scheduling aggre-
gators including storage [15,16]. Finally, a rigorous mathematical
formulation of the integrated scheduling problem is provided by Swider
resulting in the maximization of non-linear stochastic objective function
[17].

This paper aims to develop a model of dispatch optimization by
means of a linear formulation, to maximize the overall profits on DAM
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and ASM, solved through a Mixed Integer Linear Programming (MILP)
algorithm in order to determine the best bidding strategy both on DAM
and ASM. The proposed approach focuses on maximizing the sum of
DAM profits, on which uncertainties are neglected for the sake of
simplicity, and expected profits on the ASM (i.e., the product of the
probability of offer acceptance and the profits realized if the offer were
accepted). The probability of offer/bid acceptance is predicted by a
data-driven model trained on Italian real ASM data. The model approach
is similar to that presented in [18], but the training dataset is here
extended from 5 to 216 production units and not limited to offers but
includes bids to downward regulation.

The novelty of this work consists of the simultaneous optimization of
power generators dispatch in the day-ahead and ancillary services
markets. A modular approach combining a linear formulation of the
integrated energy-ancillary services dispatch problem within a pay-as-
bid ASM and a model for the offers/bid classification as accepted or
rejected and the assessment of probability associated with each class is
here proposed. The proposed model is a machine learning algorithm,
selected among different options, according to the defined goodness
criteria. However, these two core elements are independent of each
other and both of them can be used separately in the future. Whatever
model for offer/bid acceptance probability can be integrated with the
MILP approach to the optimization problem, on the other hand, the
described machine learning model and the proposed goodness criteria
represent a change of perspective with respect to existing literature, not
only forecasting the market closure price but explicitly quantifying op-
portunities for the services providers. An additional factor describing the
risk propensity of the operator is also included. Moreover a novel
function is proposed to model propensity to risk. This is pivotal if the
ASM is designed according to a pay-as-bid logic. The proposed model
and approach, here applied to generators, can be also extended to
planning the operation of those resources able to provide services to the
grid.

Moreover, the integrated dispatch optimizer can be adopted for a
twofold purpose, on one hand, it is an effective tool to optimally manage
existing power plants, on the other hand, it is able to properly quantify
the economic value of flexibility from programmable power plants
demonstrating to be an essential tool for reliable techno-economic
analysis of future investments.

In order to demonstrate the developed methodology described in the
first four sections, in the Section 5 a combined cycle gas turbine (CCGT)
F-class of 400 MW is assumed as an example of a power generator for the
purpose of this paper, this is done considering that this kind of machine
represents the majority of the installed Italian production units based on
the natural gas combustion. Section 2 describes the MILP formulation of
the problem including start-up costs and the impact of off-design per-
formances considering the effect of partial load operation and GT inlet
air temperature variation. Section 3 focuses on the machine learning
model to predict the probability of offer acceptance; different algorithms
have been compared to select the best at minimizing the misclassifica-
tion when the error on the ASM revenue is zero. The following section
introduces the concept of risk propensity and illustrates how the
objective function can be adjusted according to the risk-averse or risk-
seeking attitude of the operator in light of the uncertain acceptance of
ASM offer especially considering a pay-as-bid settlement rule. Finally,
the last section presents and discusses some yearly simulations exploring
how considering the ASM opportunities affects also the DAM bidding
strategy. Moreover, the impact of the risk propensity factor 4 is discussed
through a Montecarlo approach to quantify how the probability density
function of profits varies with the operator risk propensity on such an
uncertain market as the ASM.

2. MILP problem formulation

The optimization approach presented in this paper represents a novel
approach that implements a MILP for the simultaneous optimization of
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both the market strategies (on the day ahead and the ancillary services
market). It takes a relevant step further from the subsequential meth-
odology presented in [5], where the DAM dispatch is optimized first and
the following ASM optimization is limited by the residual flexibility
margin imposed by the plant capacity and minimum load. A simulta-
neous optimization could lead to a non-optimal solution on the single
market, but the expected optimum is reached by summing the two
markets together. The following subsection describes the implemented
approaches that is also schematized in Fig. 1 that includes references to
the section of this paper which deepen specific functionalities.

2.1. Mixed integer linear programming formulation

The MILP approach addresses the dispatch optimization of a generic
power generator whose power output has been discretized into nLoad
operational modes including the stand still condition represented by a
null output, 0 MW (0%), and the maximum capacity. The discretization
does not require to be evenly spaced so that if a specific technology
requires to operate at the least at a minimum load it will be sufficient to
discretize its power output including a null output, the minimum load,
the maximum capacity, and a variable number of modes at intermediate
loads. It should be considered that the power output resolution has a
great impact on the time required to solve the problem as quantified in
[19].

The problem consists of determining the best load (among those
considered by the discretization) scheduled after the DAM closure and
the best offer or bid to present on the ASM for each time step t. Basically,
the generator will be allowed to operate according to nMod operational
modes considering the effect of both markets. With nMod = nLoad?, in
fact for each load scheduled after the DAM closure, the generator can
present an offer to increase its power output to any higher load, or it can
present a bid to lower the output according to the discretization.
Eventually, it can maintain its schedule without any offer or bid on the
ASM.

The best operational mode (i.e., the combination of DAM load and
offer/bid on the ASM) is that which maximizes the overall expected
profits considering both markets. Eq. (1) defines the objective function.

n hours
ExpProf = Z Profits”*™, + ExpProfits"", — ExpCgy, 1)
t=1
The total expected profits must be maximized and are the sum of
three main components:

e Profits on the DAM [€], as defined by eq. (2), are the difference be-

tween the electricity price and the cost of generating the electricity
[€E/MWh] times the quantity sold in this market [MWh]. The

Load discretization
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electricity price on the DAM is assumed to be known in advance so
that there is no uncertainty about this profit

ProﬁtsDAMt — (preD[AMt _ COEDAM[) 'QDAM): (2)

e Expected profits on the ASM [€]. Egs. (3) and (4) define the profits
associated with each offer (3) and bid (4) on the ASM, then for each
simulation interval, the optimizer will determine if it is more bene-
ficial to offer or bid energy. If the load scheduled on DAM is equal to
the one in ASM, no operations are done in the latter market and this
term is zero. The expected profits, eq. (5), take also into account the
probability of offer/bid acceptance.

Profits™™, = (prip¥t — COB™,)- (@, - Q) +

3
(COEDAMt _ COEASM[) QM
ProﬁtsASMt _ (COEDAMt fpr‘ngMt) . (QDAMt _ QASMt) + @
(COEDAMt _ CO SMt) ’QASM[
EX_DPT OﬁtSASMt =P rOﬁtSA SM['ACCprobt (5)

Q"M represent the generation quantity scheduled for the time t after
the ASM closure, so that the term (Q*M, — QP4M,) is the quantity traded
on the ASM for a generic service. Egs. (3) and (4) include two terms, the
first is directly associated with the energy traded, and the second relies
on the typical generator efficiency dependency on the load (i.e., the off-
design performance) so the COE varies as the load changes after the ASM
closure. Referring to the energy quantity associated with the service
provision the specific acceptance probability, the egs. (3-5) are inde-
pendent applicable to any service type.

e The expected start-up costs [€]. The start-up in many cases has a
relevant cost, in terms of fuel and components life consumption due
to thermal and mechanical stresses associated with this transient.
However, even if the cost of start-up at the time t is known, there is
no certainty about the offers/bids acceptance which can modify the
generator status (on/off) at the time t and at the time t-1. Because of
that, the expected SU costs must be defined as in eq. (6). Egs. (7) and
(8) define the SU probability, where the LoadDAM is the load after
the DAM closure and LoadASM is the load that the power plant
should adopt if the presented offer/bid is accepted.

EXPCsut = CSUt'SUprDb[ (6)

SUpmbt = Onprobt‘offprngl = Onprobt' (1 - Onprobt,l) (7)

Other predictors
(ref. Section 3.1)

I t dat: . "
. nput data ¢ Potput; Vi t > QPAM, it
Amblent omperaliie _» - CCGT functions B
m.tw‘,t——‘ > Q4™ Vi, ¢t
¥ 2/ tput
tiﬁ:::ls:?i:ts >COEPAM,;, = 2L | FuelCost i, t
it
ASM Prmt}mtj’t .
»COE**" ;; = ———— - FuelCost;Vi,t
DAMprice = ' - mmm - T — ,,,,,,,,,,,,nﬂ,,.,,,,,,,—I, e
timeseries (J v Bidding price !

SU cost Ea:mef”»,t < Eq (3,4,5)

('_ACCprobi]'L(_ adjustment <—ACChrob; ;+ <|Learning model

Risk propensity Machine

(Ref. Section 4) (ref. Section 3)

ASM

f *i,j,tha z

Ea (1) >, vk, o>

>Pre

Optimal
scheduling

Fig. 1. Proposed methodology flow chart.
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1, Load®™ > 0 and Load™™ > 0
ACCprop, Load®™ = 0 and Load*™ > 0
1 — ACCprop,, Load™™ > 0 and Load™™ =0
0, Load®™ = 0 and Load™™ = 0

(3

Onprob t =

Egs. (1),(6),and (7) state clearly that the profits at the time t depend
on the probability of “on” status, thus on operational mode (i.e., the
combination of DAM schedule and offer/bid presented on the ASM), at
the time t and t-1. This problem cannot be solved directly through a
linear programming approach. To manage it, the number of operational
modes that can be selected by the scheduler is increased to nMod* =
nMod? = nLoad*. Each mode* univocally defines an operational mode at
the time t and at the time t-1 so that profits and expected start-up cost at
time t are determined by the mode* at time t.

Eq. (9) defines the MILP problem, where the dimension of f is a
currency [€], the first nLoad* -nintervalelements of x are boolean and the
last nInterval elements are dimensionless probability.

x(1 : nMod -ninterval) are integers
0<x<1 )]

maxf"-x, subject to
X
Ax<b

Even if most linear programming solvers require f and x to be 1-D
vectors, is possible to implement the problem by initializing f as a 5-D
array, f*, reshaping it as a column vector before calling the solver, f**,
and adding the Cgy. Then reshaping x back to 5 dimensions once the
solution has been found. The 5 dimensions are relative to:

o Load”™M at time t, i index

e LoadM at time ¢, j index

e Load”M at time t-1, k index
o Load®M at time t-1, z index
e Time interval, t index

So that:

Fiikae = (rifMt— COEP™, )-Q"™; . + Profits"™ - ACCyrop,; Vk,z  (10)

After f* has been implemented and reshaped to the column vector f~
further elements (as many as the considered time intervals) must be
added to obtain the vector f used in eq. (9).

-]

According to the equations reported above, the solution x will be a
vector of n elements, with n = nLoad?-ninterval + ninterval. The first
nLoad* nInterval elements are constrained to be 0 or 1, x*(i, Jkzt) =1if
and only if the relative mode is selected.! The last nlnterval elements of x
represent auxiliaries variables, to take into account the expected start-up
cost as defined by eq. (6) their value must be constrained to the prob-
ability that a start-up occurs at that time according to the selected
mode*.

MILP formulation, eq. (9), reports also the constraints to which the
problem is subjected. In addition to integer constraints and upper and
lower bounds, which need no further explanation, the problem is subject
to linear inequality constraints defined by the matrix A and the column
vector b. A is sized n-by-m and b has a length equal to m, where m is the
number of constraints, m = 3-nlnterval + ninterval nLoad?.

e The first nInterval constraints of A impose that the start-up auxiliary
variable at the time t is equal to, or greater than, the start-up prob-
ability at the time t. Of course, the optimal value of the auxiliary
variables is the minimum allowed, since it multiplies Csy . However,
imposing an equality constraint is much more expensive in terms of

1 x" is the reshaped 5-D solution excluding the auxiliary variables.
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computational effort. So the constraint is expressed by the inequality
of eq. (10) and the solver will select the minimum allowed value

Xninterval nLoad* +t 2 SUP”’bi.j‘k.z.t (12)

e The second 2-ninterval constraints of A impose that at least one, and
no more than one, operating mode* is selected for the time t

nLoad nLoad nLoad nLoad .
ST N> Xjkee < 1,V1 <t < ninterval 13)

2=1 k=1 j=1 i=1

e The last ninterval-nLoad? constraints impose the consistency between
the time t and t-1. For the first time interval (t = 1) the consistency is
imposed with respect to the status t = 0 which is imposed as a
boundary condition.

x;‘j‘a,b.t = x:;.b.k.z,t—lﬁvz St< ninterval andv(]-> 1) < (a7 b)
< (nLoad, nLoad) 14

X;ap1 = X, ¥(1,1) < (a,b) < (nLoad,nLoad) (15)

Defined the problem and all the constraints the problem can be
solved, the last section of this paper shows some outputs of the problem
solved in MATLAB by the intlinprog function [20].

2.2. Time discretization and simulation horizon

Time discretization in many markets is performed on an hourly basis,
but the resolution adopted can be increased (some service markets work
with 15-min time intervals) without any change in the given mathe-
matical formulation.

Concerning the simulation horizon, it should be considered that the
assumption of a known price on the DAM is no longer reliable as nin-
terval increases covering a period of many days. To simulate longer
periods they are divided into subperiods, covering a time horizon on
which is reasonable to assume the DAM price as known, typically 1 or 2
days. Defined this period then the simulation time window is progres-
sively shifted. This approach is a well-known practice for MILP prob-
lems, successfully applied by [19,21]. For each optimization, only the
first day is kept, while the scheduling related to the exceeding hours will
be overwritten by the first day of the following optimization. The so-
lution relative to the last time interval considered (e.g., the 24th) is
imposed to the following optimization as the x*—, constraint. The
sliding window width adopted in this paper is 36 h accordingly to the
optimization made in [19].

3. Machine learning approach for the prediction of offers and
bids acceptance

The previous subsection described the MILP approach including the
objective function and the constraints. It is clarified how the uncertainty
of success in the service market plays a crucial role in egs. (5),(8), and
(10). This section is focused on how to assess the ACCprop ij: (i-e., for
each DAM schedule, each possible offer/bid, and each time interval t).
While the described MILP methodology is general and can be applied to
different contexts, to predict the ASM offer/bid probability is needed to
select a specific case study since the local market designs and the
available data impose to differentiate the approach. For this purpose, the
Italian ASM (Mercato dei Servizi di Dispacciamento) is selected.

3.1. Italian case study: Raw data and pre-processing

A previous work [5] describes the Italian market design and how
each unit
(e.g., power generator, storage facility, or virtual aggregator) can
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present offers and bids showing its availability to revise the schedule,
defined after the DAM and the IDM closure, upward or downward. The
Italian ASM is organized in two phases: the first, defined “ex-ante”, re-
quires BSPs to submit offers/bids by 17:00 on day D-1, which are
possibly accepted by the TSO, at least 105 min in advance of the real
time, to relieve congestion within the bidding zones and ensure the
availability of adequate FRR and RR margins. Time resolution of “ex-
ante” phase is hourly. While during the second, real time phase, of the
Italian Balancing Market (BM), offers and bids (with 15 min resolution)
are selected with the aim of maintaining the balance between electricity
injections and withdrawals, relieving real-time congestions, and
ensuring or restoring FRR and, if needed, RR margins [22]. For the
purpose of this paper only the first phase, ASM “ex-ante” is considered.

On the Gestori dei Mercati Energetici (GME) website [23], a public
domain of the presented offers and bids is available. Data are available
as a zipped file for every single day, containing a .xml file for each
market. Each .xml file reports the fields described in Table 1.

The described raw data are processed and selected to create the
datasets on which the machine learning algorithms are trained and
tested. The period covers the last complete four years (from 2018 to
2021) the number of offers/bids is in the order of 10”. Only predefined
offers/bids and only accepted or rejected, have been considered. The
analysis is also limited to the 216 units that it was possible to identify
(99 gas-fired generators, 19 coal-fired, 5 oil-fired, and 93 hydro). The
complete list of identified units active on the ASM is available in [24]. To
train proper models the predictors are selected or derived from the raw
data and gathered as follows:

o Offer/bid specificity predictors: PURPOSE_CD, SCOPE

e Offer/bid time predictors: INTERVAL_NO, MONTH (month on which
the offer is submitted), DAY_TYPE (H for holidays, B for weekdays)
Offer/bid strategy predictors: ADJ QUANTITY NO and ADJ_E-
NERGY_PRICE, so that the fulfillment of the grid code is assumed
Market indicator predictors: MGAS_MGP (the spot gas market price
on the day the bid/offer is presented), PUN (Single National elec-
tricity price on the DAM on the hour on which the offer/bid is pre-
sented), Zonal_price (zonal electricity price on the DAM on the hour
the offer/bid is presented), data published at [23]

Units predictors: Voltage (the voltage level of the grid to which the
unit is connected [kV]), Lat, and Long (latitude and longitude de-
grees of the capital of the administrative province in which the unit is
located), data collected by [24]

Different models are trained including or not including coordinates
as latitude and longitude, which will be referred to as GEO and NOGEO
respectively. Different degree of model optimization is also tested
differentiating between “coarse” and “fine” models:

e Coarse: 5 cross-validation folders, maximum 30 function evaluations
during optimization, MATLAB automatic selection of optimized
hyperparameters

e Fine: 15 cross-validation folders, maximum 50 function evaluations
during optimization, all hyperparameters are optimized

Including geographical information can have a twofold effect. On
one side the geospatial dependency of the ASM opportunities is widely
acknowledged, so including this information in the Machine Learning
algorithms would allow keeping it into consideration. On the other
hand, it could lead to overfitted models, especially for Tree and
Ensemble model the risk is to train specific sub-models for each latitude
and longitude couple (i.e., each unit). The geographical information is
provided to the algorithm as the coordinates of the province capital. So
that the information is general enough to mitigate the overfitting risk,
the province can describe the opportunities, as assumed by [25], since
often the administrative boundaries coincide with orographic barriers
which have constrained the grid development in the past.
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Concerning the training and test split, in order to test the ability of
the model to predict the probability of acceptance in different years,
data from one year forms the test dataset, and data from the other years
are used for training. To include in the training set offers/bids from both
exceptionally high and low gas price market scenarios, 2019 is selected
to be the test dataset, and 2018, 2020, and 2021 the training. In fact,
market prices in 2020 were very low, because of the COVID-19
pandemic measures, while in 2021 (especially during Q4) prices were
extremely high because of the beginning of the current energy crisis. To
reduce computational time training is carried out on stratified partitions
equal to 1%, 5%, and 10% of the whole dataset.

3.2. Models assessment and selection

Different models have been trained with the purpose of comparing
each other.

In addition to the already mentioned features (GEO/NOGEO, fine/
coarse), models are distinguished for the algorithm, and the following
options have been tested, within brackets is reported the MATLAB
function name:

e Classification tree (fitctree)

Ensemble classifier (fitcensemble)
Discriminant Analysis classifier

Naive Bayes (NB) classifier (fitcnb)

k-Nearest Neighbors (kNN) classifier (fitcknn)

The hyperparameter options are optimized in order to minimize
cross-validation classification errors. Once the model training has been
optimized the test dataset is used to assess the model goodness. For each
observation in the test dataset the prediction of the target class and the
posterior probability of being classified as ACC is assessed. If the pos-
terior probability is higher than the threshold value” an ACC label is
assigned, otherwise REJ label. Fig. 2 reports the posterior ACC proba-
bility of prediction on the test dataset for the Ensemble NOGEO coarse
model, trained on the 5% partition of the whole training dataset,
assumed as an example for the following paragraphs.

The red distribution is relative to the offers/bids which actually have
been rejected, the blue distribution is relative to the offers/bids that
have been accepted. The distribution is normalized on the overall
number of observations reporting the same actual label. E.g., 77%
percent of the offers/bids which have been actually rejected are pre-
dicted to have an acceptance probability between 0% and 2% (first red
bar on the left). Generally, it can be appreciated how the actual rejected
offers/bids are predicted to have a lower probability of acceptance
(almost all the actually rejected offers/bids report an ACC posterior
probability lower than 10%-20%). Conversely, actually accepted ob-
servations are foreseen to have a higher probability to be accepted, even
if probabilities >50% are very rare and 10% of them are foreseen to have
an almost null (<2%) probability.

Looking at Fig. 2, it is clear how a further step in optimizing the
model can be taken by selecting the best threshold value T. If T = 0, all
the offers will be classified as ACC, which means that the True ACC rate
(TACCR) is equal to 1, but also the False ACC rate (FACCR) is equal to 1.
It follows that the profits realized on the market are overestimated.
Otherwise if T = 1 all the observations are classified as rejected,
implying a null TrueACC rate and False ACC rate, and an underestima-
tion of profits. The best classifier for the purpose described in this section
is the classifier that minimizes FACCR and the error in estimating rev-
enues, and profits maximizing the TACCR.

TACC

TA = 1
CCR TACC + FREJ e

2 During the training the threshold value is set to 0.5.
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Table 1
list of fields included in the .xlm files and relative description.
Names Values Description
PURPOSE_CD OFF or BID Indicates if the purpose is to increase or decrease the injection to the grid
TYPE_CD STND or REG Indicates whether the offer/bid is predefined or current
STATUS_CD ACC, REJ, INC, REP, REV, or SUB Indicates the status of the offer/bid after the market execution: accepted, rejected,
inadequate, replaced, revoked, or submitted
MARKET_CD MSD Identify the market
UNIT_REFERENCE_CD string Identification code of the market unit

INTERVAL_NO
time to standard time switch)

BID_OFFER_DATE_DT YYYYMMDD
TRANSACTION_REFERENCE _NO Integer
QUANTITY_NO Double
AWARDED_QUANTITY_NO Double
ENERGY_PRICE_NO Double
PARTIAL_QTY_ACCEPTED_IN Y/N
ADJ_QUANTITY_NO Double
ADJ_ENERGY_PRICE_NO Double
GRID_gyppLY_POINT_NO String
ZONE_CD String
AWARDED_PRICE_NO Double
OPERATORE String
SUBMITTED_DT YYYYMMMDDhhmmssfff
SCOPE

Integer, from 1 to 24 (25 in the day of daylight-saving

Identify the hourly time interval

The date on which the bid/offer refers

Offer identifier

Volume [MWh] offered/bid

Volume awarded on the market

Price [€/MWh] offered/bid

Indicate if the offer/bid has been partially accepted, N if the
AWARDED_QUANTITY_NO is equal to 0 or ADJ_QUANTITY_NO, Y otherwise.
Adjusted offer/bid volume to fulfill the constraints imposed by the grid code
Adjusted offer/bid price to fulfill the constraints imposed by the grid code
Grid supply point to which the unit is associated

Bidding zone to which the unit belongs

Awarded price on the market, in Italy the ASM is a pay-as-bid market, so the awarded
price is equal to the adjusted price

Market operator, typically the Balancing Response Party

Date and time on which the offer/bid has been submitted

Type of service offered’:

RS: “secondary reserve”, i.e., aFRR

AC: start-up or shutdown (depending on PURPOSE)

CA: change configuration (for 2 GT + 1 ST CCGTs only)

GRx: x™ step for “other services” including mFRR, RR, congestion relieving

! The Italian TSO Terna does not provide an official correspondence between its own nomenclature and that one indicated by the ENTSO-E. However scientific

community propose the correspondence reported in Table 1 [30,31]

2 There is no product for FCR since “primary reserve” is mandatory for programmable large-scale power plant and not subjected to market mechanism in Italy. [32]
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Fig. 2. Posterior ACC probability distributions for Ensemble NOGEO
coarse classifier.

FACC

FREIR = TRE) + FACC an

Where TACC, FACC, FREJ, and TREJ are respectively the observa-
tions correctly classified as accepted, misclassified as accepted, correctly
classified as rejected, and misclassified as rejected. Fig. 3 reports the
ROC curve for the same model as the previous fig. T = 0 corresponds to
the point in the upright corner, increasing T to 0.02 the TACCR decrease
to 77%, and the FACCR to 10%. With reference to Fig. 2, this case cor-
responds to a threshold value between the first and the second bar.

The reader can figure out T as a vertical threshold line moving from

Ensemble NOGEO coarse classifier
T T - P——— . T=0%

e ©
~ ®

o
)

True ACC rate [-]
o o
= (4]

°©
w

°
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1

D Opt T val 60.3% f
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0 0.2 04 0.6 0.8 1

False ACC rate [-]

Fig. 3. Receiver Operating Characteristic curve for Ensemble NOGEO
coarse classifier.

left to right in Fig. 2. The red bars on the left of the threshold value are
correctly classified as rejected (TREJ), and the red bars on the right are
misclassified as accepted (FACC). Analogously, the blue bars on the line
are misclassified as rejected (FREJ) while the blue bars on the right are
correctly classified as accepted (TACC). Figuring out to move the
threshold line from the left to the right we move from the upright corner
to the bottom left corner along the ROC curve in Fig. 3. It is common to
refer as a perfect classifier to a model which can separate the acceptance
probability distributions of Fig. 2 so that would exist at least one T to
which corresponds FACCR = 1 and TACCR = 1. In this case, the area
under the curve (AUC in Fig. 3) will be 1. AUC is assumed as a parameter
to assess the real model.
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It was pointed out how this model aims to correctly assess the unit's
profits and that for T = 0 the profits will be overestimated and for T = 1
underestimated. For every trained model exist an optimal T for which
the expected profits are equal to the actual profits on the test dataset.
Therefore is relevant to assess how the model performs for T = Topt.

Assessing the profits error is not trivial, since profits require taking
into account the cost of electricity, which is dependent on the single
generator, the load, the spot fuel price, and many other variables. Two
formulas, normalized on the actual value, are here proposed, corre-
sponding to the continuous and dashed lines of Fig. 4 respectively. The
first, eq. (16), takes into account only the offers revenues. The second,
eq. (17), includes a simplified calculation of bids profits in which the
cost of electricity is assumed to be the DAM clearing price. Both values
are the difference between the expected values of the model and the
actual value from historical data. To compute the expected data it is
needed to assess the ACCyop for all the offers which differs from the
posterior probability (pp) based on T. Egs. (18) and (19) impose that
ACCprop = 0 for pp = 0, ACCprop = 1 for pp = 1, and ACCprop = 0.5 for pp =
T, rescaling the probability.

Ertrevorr = (praw'Qaw 'ACCPrOb) OFF all (praw'Qaw)OFF actually ACC (9)
ErrRevOFFPrafBID =EITRevorr + (Qaw . (prDAM 4 raw) A CCPmb )BID all (1 0)
- (Qaw : (prDAM —p raw) )BID actually accepted
ACCprob :ppa (11)
log(0.5)
= 12
7 g™ 2

Since most of the offers/bids are commonly rejected, the dataset is
highly unevenly distributed among the ACC and REJ classes, then the
classification error is less significant as criterium (all the models report
similar value around 1.5%). Moreover, TACCR can be very low turning
out to be the most critical goodness parameter. As appreciable in Fig. 4,
the TACCR trend is decreasing against T, a perfect classifier would show
a step trend and TACCR = 1 for T = T,p;, which means that all the offers/
bids are correctly classified leading to a zero error in revenue estimation.

Assuming the AUC, the classification error, and the TACCR, for T =
Tope as the main model goodness indicators, the following figures outline
the comparison between the trained models. Besides the goodness of
prediction, the prediction time is extremely important since the proba-
bility of offer/bid acceptance is optimized and assessed several times to
schedule the optimal dispatch. Then to keep the scheduling process in a
reasonable amount of time, models with low prediction time must be
prioritized.

1800 Ensemble NOGEO coarse classifier

1600
1400
1200
1000

800

600

Revenue Error [%]

0r \\N‘k
-200 1 1 | L

0 0.2 0.4 0.6 0.8 1
Threshold value

Fig. 4. Revenue error and True Accepted Rate vs Threshold value.
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In Fig. 5, kNN and Naive Bayes models are not shown in the figures
since the firsts were critical to train on such a large data set, and an out of
memory error causes MATLAB to stop” while the Naive Bayes ones take
too long time to train. The training duration is limited to 24 h, after-
wards, the process is forced to stop. Classification error is around 1.5%
for almost all the models since the majority of offers/bids are rejected is
not possible to appreciate a real difference in this parameter. AUC values
in the order of 0.9 are reached by Tree classifiers and some Ensemble
classifiers. Ensemble classifiers are expected to perform better than
Trees since they combine many Tree classifiers, however, some of them
report low values in AUC or classification errors higher than the average.
This is because Ensembles' hyperparameters optimization requires more
time than the Trees, so the final Tree classifier is close to the best that is
possible to train on that data, while the Ensembles may be far away from
the optimum hyperparameters array when the process reaches the
maximum allowed training time. The TACCR is up to 0.45 for the
Ensemble GEO fine model trained on the 10% partition of the whole
training dataset, however, the same model reports the highest classifi-
cation error.

Table 2 reports all the mentioned parameters for the best models of
each training partition. The Tree Coarse GEO model trained on the 5%
partition was selected and used in section 4, because of its good trade-off
between goodness indicator and prediction time.

3.3. Model of acceptance prediction application within the dispatch
optimizer

The acceptance probability prediction by algorithms is then used in
the dispatch optimization described in Section 2 as a fundamental term
of egs. (6) and (8). To predict the probability of acceptance of a new
observation (ACCprobiJ_t), the algorithms need all the predictors. With
reference to the previously reported subdivision:

e Offer/bid specificity predictors: PURPOSE_CD is OFF if
Loadf{\M < LoadftSM. BID otherwise. SCOPE is selected according
to the case study, in the following paragraphs is imposed GR1 (so
generically “other services”, including congestion resolution,
mFRR, and RR)

Offer/bid time predictors: INTERVAL NO, MONTH (month on which
the offer is submitted), DAY_TYPE (H for holidays, B for weekdays)
are imposed by the time t

Market indicator predictors: MGAS_MGP (the spot gas market price
on the day the bid/offer is presented), PUN (Single National elec-
tricity price on the DAM on the hour on which the offer/bid is pre-
sented), Zonal_price (zonal electricity price on the DAM on the hour
the offer/bid is presented), are input to the dispatch optimization, so
they depend on the time t and the case study location

Units predictors: Voltage (the voltage level of the grid to which the
unit is connected [kV]), Lat, and Long (latitude and longitude de-
grees of the capital of the administrative province in which the unit is
located), are depending on the case study location.

Offer/bid strategy predictors: ADJ_QUANTITY_NO is imposed by the
Load]i?tAM and LoadftSM. ADJ_ENERGY_PRICE must be optimized to
satisfy the expected profits in the ancillary services market

The only free predictor is the offer/bid price that, since the consid-
ered ASM is a pay-as-bid market, influences not only the probability of
acceptance but also directly the ASM profits and so their product, the
expected ASM profit eq. (5).

The following three figures describe the price optimization by means
of an example relative to an offer up to a residual capacity of 200 MWh/

3 MATLAB 2019b was used on a computer reporting the following features.
Processor Intel(R) Xeon(R) E-2176G CPU @ 3.70GHz, Memory 16 GB, OS
Microsoft Windows 10 64bit.
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Table 2

Best models goodness parameters.

Partition

Model

1%

Ensemble Fine GEO

5%

Ensemble Coarse GEO

AUC | Classification Error | TACCR | Prediction time

5%

Tree Coarse GEO

10%

Ensemble Fine GEO

10%

Tree Geo Coarse

1.62%

10%

Tree Fine GEO

1.69% |

0.25

Expected Rev.
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h. The reported example optimizes revenues so that no assumptions on
the COE are needed, while the process implemented within the dispatch
optimizer is analogous but optimizes the profits. Fig. 6 shows the reve-
nues contour if the offer was accepted with respect to the quantity and
the price. Of course, the higher the quantity and the price the higher are
revenues. Fig. 7 concerns the acceptance probability as output from the
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Fig. 6. ASM revenues [EUR] contour vs the offered quantity and price. Yellow
dashed lines represent the constraint imposed by the i and j indices. (For
interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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Fig. 7. ASM offer acceptance probability [%] contour vs the offered quantity
and price. Yellow dashed lines represent the constraint imposed by the i and j
indices. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)
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Fig. 8. Expected ASM revenues [EUR] contour vs the offered quantity and
price. Yellow dashed lines represent the constraint imposed by the i and j
indices. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

machine learning model. Finally, Fig. 8 is the product of the two pre-
vious, i.e., the expected revenues.

Whitin the dispatch MILP optimizer, the offer/bid optimization is
carried out on the expected profits and constrained according to the
generator load discretization. Thus to the quantity corresponding to
LoadE{é‘M and LoadftSM. As a matter of example, in these figures, the
optimization is constrained on the yellow dashed lines, since the dis-
cretization allows to offer 0, 100, or 200 MWh/h on the ASM. Red dot
markers indicate the maximum expected revenues, and it is possible to
appreciate that it corresponds neither to the revenues nor to the
acceptance probability maxima. The pr4*Mt, corresponding to that op-
timum, is selected and used directly in egs. (3) and (4) and to determine
ACCpmbtin egs. (5), (8),and (10).

4. Modeling the propensity to risk

Because of the high potential profits of the ASM, the optimization
results may indicate it is worth sacrificing some certain profits on the
DAM, reserving some capacity to be offered on the ASM to seek uncer-
tain but high profits. Thus, besides the approach described in Section 2
which maximizes the expected profits (i.e., the multiplication of profits
and the related probability), when performing a simultaneous optimi-
zation of dispatch of a power generator both on DAM and ASM, it may be
worth introducing the propensity to the risk of the operator facing the
uncertainty of offers and bids acceptance in the ASM. So that it can
decide to adopt a more conservative strategy, preferring DAM certainties
and risking in the ASM only if foreseen profits are relevant, or for a more
risky approach pursuing higher overall profits even less certain accept-
ing the possibility of a worse scenario. Risk propensity was first intro-
duced to assess the best bidding strategy only on a pay-as-bid market by
Sadeh [26], while Kazempour applied the principle of Markowitz Frontier
to the problem of a DAM-ASM integrated scheduler [27]. In both these
approaches the authors modeled the risk introducing in the objective
function a penalty taking into account the variability in profits associ-
ated with uncertain factors. These terms are multiplied by a factor,
ranged [0, ), describing the operator's reluctance to risky strategies.
Xiao et al. [28] develop a scheduling strategy considering the impacts of
windfall profits, proposing a holistic approach to both risk-averse and
seeking behavior. This work adopts in the objective function two pa-
rameters to describe the risk propensity and adversity separately, these
parameters are the weights assigned to the value-at-best and the
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conditional value at risk respectively, while the complementary to 1 of
these parameters sum is multiplied by the expected profits.

In this paper to include the risk propensity in the MILP formulation
reported in Section 2, a single f risk propensity factor is introduced.
ranges from 0, corresponding to a riskless strategy, to 1. It directly im-
pacts the adjusted acceptance probability which is now used in egs. (5),
(8), and (10). The proposed formulation does not affect the weights of
the different terms of the objective function, allowing the optimizer to
work at its best. It models the irrational attitudes of an optimistic
operator, who hopes that his offers will be accepted despite low prob-
abilities, analogous to the buyer of a lottery ticket, and a pessimistic
operator, who fears that his offers will be rejected, even if unlikely.

The adjusted acceptance probability ACCp,obij_t is then a function of
the acceptance probability ACCpep; o @S returned by the associated

model (e.g., the machine learning model described in Section 3 and g
according to the following equation:

L1

ACCprobi.jvt = Ac'vcprobi.jyt/7 (20)

Eq. (20) guarantees that if § = 0, the power exponent is infinite so
that the adjusted probability is 0 and the MILP scheduler never sacrifices
the DAM opportunities in favor of ASM. If g = 1, the power exponent is
0 and the adjusted probability is always 1, so the optimizer considers the
ASM as all offers/bids would be accepted. It is worth noticing that
bounds to the offer/bid prices are needed, otherwise the optimizer
would select infinite prices if ACC, is closer to 1. So, the offer prices
have been ceiled at 3000 €/MWh and bids, complaint with the Italian
regulatory framework, floored at 0 €/MWh.

Fig. 9 shows how the adjusted probability varies according to eq.
(20), it is important to note how g = 0.5 corresponds to a straight line
not affecting the probability returned from the probability prediction
model. So # = 0.5 is a neutral propensity to the risk in this case the
objective function is the same as Section 2.

5. Results

The model of optimal dispatch described in Section 2, using the al-
gorithm for the probability prediction of ASM offers/bids selected in
Section 3, is here applied to a specific case study to show how it works
and its potentialities.

The case study assumes a 400 MW CCGT, and the GT load is dis-
cretized to 0%, 45%, 60%, 75%, and 100%. The CCGT off-design and
nominal efficiency are modeled as in [29]. The CCGT is assumed to be in

0.9 H H

0.8 $=0.9 f i
$=0.8
0.6 { =07 .
=0.6

ACCprop

=0.4
P =0.3

T

0.4 B=02 p_g 4

0.2 Ml

0.1 S H

o llee——o ‘ ____— | B=0

0.4 0.6 0.8 1
ACCprob

Fig. 9. adjusted acceptance probability trends varying f.
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Turbigo (province of Milan, Italy) 43.52°N, 8.74°E, where a real power
plant owned by IREN Energia is located.” The location belongs to the
NORD electricity market bidding zone and is connected to the high-
voltage (380 kV) electricity grid. Input data (electricity price, natural
gas price, CO, allowance cost, and ambient temperature are the his-
torical real data time series). The scheduling process takes approxi-
mately 20 min for one week®.

5.1. DAM and ASM simultaneous optimization

First is proposed a comparison between a DAM-only scheduler and
the proposed DAM-ASM integrated scheduler on week 15, 2018. This
week is selected as it presents a relevant variety of situations to describe
all the potential advantages of combined DAM and ASM optimization. At
this point, the operator's propensity to the risk is neglected and the
objective function is described by eq. (1).

The DAM model of optimal dispatch schedules the CCGT start-up
when the sum of profits from the following operating hours can pay
the cost of the start-up back. Then the power plant is run full load if the
COE is lower than the price of electricity, in such a situation the more
power is sold the higher the revenues and the profits, as it can be see in
Fig. 10. If the COE is slightly higher than the electricity price and the
power plant is on, full load is still the best option to limit the losses, since
lowering the load implies an absolute saving in fuel but a lower effi-
ciency so higher COE and specific losses. The minimum load is adopted
when the difference between electricity price and COE is negative, if the
overall amount of losses in such an unprofitable period is lower than the
start-up cost that should be paid later to exploit new favorable market
hours. The power output is not constant neither at full nor at minimum
load since it depends on the ambient temperature.

Fig. 11 reports the scheduling optimized to maximize the sum of
DAM profits (black line in the figure) and the expected ASM profit, the
red line in the figure shows the sum of the two contributions. The blue
bars indicate the quantity sold in the DAM, while the white and red bars
are the quantity offered or bid in the ASM. The ASM bar red filling is
proportional to the probability of acceptance of the relative offer/bids:
e.g., a full red bar indicates that such quantity has a 100% probability to
be accepted in the ASM, otherwise an almost empty bar indicates that
the acceptance probability is low. On April 6, the two scheduling differs
because of the previous days operations, according to the optimal DAM-
only scheduling, the CCGT is on at April 6 00:00, so it is managed to
minimize the losses during low price hours and maximize the profits
during profitable hours, according to the strategy described in the pre-
vious paragraph. Considering also the ASM, the best option is to present
any offers in the DAM until the last high price hours, in facts is more
profitable to offer energy on the ASM, if the offer will be accepted the
profits will be higher if it will be rejected the plants will remain off and
the start-up cost is avoided.

April 7 is characterized by unprofitable prices in the DAM, however,
the model predicts a good probability (40-50%) of bid acceptance in the
ASM, so the strategy is to sell in DAM and then bid to buy the energy at a
lower price on the services market.

Another interesting scheduling is the one for the second half of April
9. These hours are characterized by good prices in the DAM, so the DAM-
optimizer scheduled to run the power plant full load, nevertheless prices
on the ASM can be much higher so the integrated optimizer imposes to
sell an intermediate load in the DAM and offer the residual reserve in the
ASM. Even if the probability of acceptance is not high, ASM prices are
higher, so it is worth risking losing certain profits from the DAM and
betting for offer acceptance on the ASM. If the acceptance probability
reaches zero then is better to sell the whole available capacity in the

* In Turbigo is actually located a 2 + 1 CCGT with an installed capacity of
800 MW, however, to reduce the complexity of the problem it is imposed to be a
1 + 1 configuration of 400 MW.
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Fig. 11. DAM and ASM integrated scheduler, between April 6 and April 13, 2018.

DAM, as it happens for two hours in the morning.

On April 11 and 12 the strategy is similar but in many hours is better
to offer only a fraction of the residual available capacity, since offering
the whole amount would imply a lower probability in this case. On April
11 is interesting to look at how the start-up time is delayed, the DAM-
only optimizer switches it on earlier to exploit a high-price hour at the
end of the morning and this justifies the slight losses in the central day
hours. But considering also the ASM the best option is to address the
ASM, where the prices are higher and probability acceptance is
moderately high, previously the profitability of the DAM is stable to sell
in this market the baseload.

Finally, on April 10 the power plant is off, but some energy is offered
in the ASM, and the expected profits are considerable, up to 50 k€/h
while the cost associated to the start-up event (that depends also on the
cost of gas and the electricity price) are about 25 k€. Thus, the viability
of this strategy depends on the ASM potential price, sometimes, e.g., on
April 8 except for one hour, the best option is to not offer any quantity,

11

since even in case of acceptance the profits would be lower than the
start-up cost.

5.2. Risk propensity analysis

The last results focus on the impact of the propensity to risk that is
investigated considering the objective function as described in Section 4.
The first week of each month of 2021 is simulated to make a projection
of techno-economic indicators on a yearly basis, on each time interval is
performed a Montecarlo simulation with 200,000 samples to simulate
the different scenarios (i.e., if each offer/bid is actually accepted or
rejected). 200,000 uniformly distributed numbers between 0 and 1 are
generated for each time interval, and the relative offer/bid is considered
accepted in all those scenarios in which the acceptance probability (as
returned by the probability prediction model and not adjusted by eq.
(20)) is higher than the generated number. The described approach al-
lows generating as an output, not only the generally expected profits as
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in eq. (1) but the probability distribution of profits, whose median,
quartiles, 5th and 95th percentiles are assumed to be the key indicators.

For each week, 12 optimizations have been run, since  ranges from
0 to 1 with step 0.1, and a benchmark DAM-only optimization is run to
quantify the contribution of ASM to the profits. In the last case, the
output is not a probability distribution but a single number. Fig. 12
shows a graphical representation of the distribution of the profit at
different S.

Table 3 reports the dependency of the main indicators on the risk
propensity factor. It must be remarked that if the adjusted probability is
used in the objective function, then the actual estimated value ACCyop
must be used to compute the expected KPIs of the scheduled strategy.

If the dispatch is optimized only considering the DAM the earning
85.14 ME. If the opportunities in the ASM are considered but no risk is
taken (# = 0) the expected profits increase. This case is equivalent to a
subsequential approach to the optimization of dispatch which optimize
first the DAM, it is worth noticing that the DAM profits are 85.14 M€ as
in the previous case, and then randomly seizing the residual opportu-
nities offering the remaining flexibility margins on the ASM increasing
the expected overall profits. The expected value, as in eq. (1), is 92.04
ME, slightly lower than the median of the probability distribution of
92.82 ME.

As f increases, some certain DAM profits decrease in favor of greater,
but not certain, profits in the ASM. In the projection of Fig. 12, DAM
profits dropped significantly only beyond $ = 0.4, while the increase in
ASM profits is appreciable even earlier. In fact, slightly increasing the
propensity to the risk from 0 to 0.4, the DAM scheduling is basically not
affected but the residual reserve is offered/bidden at more favorable
prices and, at this stage, the increase in profits overcomes the decrement
in acceptance probability. Moreover, in Fig. 9 is possible to appreciate
that transfer curves to the adjusted probability are not evenly spaced and
for low g and low ACC,,; are very close. The expected profits peak for
= 0.5, the value in which the objective function is not distorted by the
propensity to risk. For this value DAM profits are 24.1% lower than the
optimal DAM baseline but the ASM itself (considering the expected
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value) is worth 114.4% of the realized profits with respect to the
benchmark DAM only optimization, with an overall increase in profits of
90.2%. Increasing further $ the drop of profits from DAM is more rele-
vant and is not compensated by the expected increment from the ASM. It
is interesting to observe that different percentiles of the profits distri-
bution peak at different § values, with the expected profit and the me-
dian profits confirm that # = 0.5 is the best option when looking for the
maximum expected profit. Worst scenarios (i.e., lower percentiles) show
better performance in the case of more conservative strategies (lower /).
Finally, because of the imposed bound to the offer/bid prices the profits
do not change significantly beyond # = 0.7; It can be noticed that pro-
pensity to risk parameter, 3, could be used to assess and then balance the
expected profits and their variability in order to find a robust solution.

6. Conclusion

In the current electricity market, flexibility is an essential feature of
new business models for programmable power plants, storage, and de-
mand response loads. Consequently, is important to develop a meth-
odology able to quantify the real economic value of flexibility. The
approach proposed by this paper can be adopted to assess the viability of
many solutions oriented to a flexibility enhancement, which is often not
certain because, beside the high investment costs that they imply, there
are difficulties in making reliable prediction of the different revenues
opportunities. Traditional approaches based only on the Day Ahead
Market, DAM, may neglect a relevant part of profits coming from the
Ancillary Service Market, ASM. Thus, the proposed optimizer may be
adopted for two different purposes. The first is the preliminary viability
assessment on a long-term to investigate the opportunity to invest in
such a resource, installed in such a location. The second is the daily
optimization of the existing power plant or storage equipment to operate
it at its best.

The MILP model is described in detail, alongside a machine learning
approach to estimate the probability of offers/bids acceptance on the
ancillary services markets. Then, the developed scheduler is compared
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Fig. 12. Impact of risk propensity factor on the profits probability distribution, yearly projection on 2021.
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Table 3
Risk propensity factor impact on the main operational indicators, year projection in 2021.
DAMonly p=0 =01 $=02 p=03 =04 p=05 Pp=06 =07 H=08 p=09 p=1

Profits DAM [ME€] 85.14 85.14 85.14 84.98 84.36 83.68 64.60 38.37 26.28 24.89 22.80 22.68
Expected Profits ASM [M€] 0.00 6.90 21.20 38.99 41.24 49.33 97.40 115.46 98.69 99.24 99.59 98.82
Expected Profits [M€] 85.14 92.04 106.34 123.97 125.60 133.01 162.00 153.83 124.97 124.12 122.38 121.50
p95 Profits [M€] 92.03 106.37 123.92 125.57 133.01 158.08 149.68 123.30 122.46 120.71 119.80
Q3 Profits [M€] 91.24 104.42 120.95 122.45 129.27 137.73 124.85 101.64 100.79 98.94 98.06
Median Profits [M€] 92.82 108.27 126.98 128.77 136.76 184.43 180.13 145.18 144.35 142.71 141.80
Q1 Profits [M€] 90.14 101.50 116.51 117.94 123.86 112.13 95.12 60.33 59.45 57.47 56.63
p5 Profits [M€] 93.97 111.15 131.43 133.27 142.18 223.44 223.59 205.64 204.84 203.33 202.48

to a traditional DAM MILP scheduler, highlighting the increased op-
portunities for profits in the ancillary services market. The results show
that if these markets are considered to schedule the best power plant
dispatch, the flexibility value is properly awarded. While, from the grid
operator's point of view is clear how the availability of a programmable
power plant to fluctuating load gives a relevant contribution to man-
aging grid congestions, regulating the frequency, and properly meeting
the demand. The optimization logic is explained allowing a full under-
standing of the problem complexity and the developed tool
potentialities.

The core element of the proposed scheduling model is the data-
driven algorithm for the prediction of a specific offer/bid probability
of acceptance. The algorithm must perform good predictions in order to
provide a reliable schedule since it is used to optimize the offer/bid price
(nLoad-1)-nLoad-t times, thus each optimization calls the predictor
several times and a fast-to-predict model is essential to keep the opti-
mization time within an acceptable value.

The development of data-driven algorithms for offer/bid acceptance
probability is the issue on which future works can focus more. The
predictors list can be varied looking for the best possible model, the
objective function of the training optimization can be improved by
setting the goodness indicator defined by this paper to search for the best
hyperparameters of each classifier. Then training optimization should
prioritize fast-to-predict models, for this purpose other machine learning
algorithms can be tested further than those listed here.

Finally, the last section introduces a risk propensity factor, this
parameter is used to account for the risk attitude of the operator, as
increases the expected profits show a maximum while the variability
increases since more uncertainties are introduced in the optimal offer
strategy. This analysis confirmed that the expected profit found in the
neutral optimization, § = 0.5, represents the maximum obtainable.
However, selecting a risk propensity factor lower than 0.5 a lower profit
value could be traded for a lower uncertainties if a more prudential
strategy is adopted.

Nomenclature

Acronyms and abbreviations.

ACC Accepted

aFRR Automatic Frequency Restoration Reserve
ASM Ancillary Services Market

CCGT  Combined Cycle Gas Turbine

DAM Day Ahead Market

DSO Distribution System Operator

EU European Union

FACC False ACC

FCR Frequency Containment Reserve

FREJ False REJ

GT Gas Turbine

IDM Intraday Market

kNN k-Nearest Neighbors

mFRR Manual Frequency Restoration Reserve
MILP Mixed Integer Linear Programming

13

NB Naive Bayes

PAB Pay as Bid

REJ Rejected

ROC Receiver Operating Characteristic
RR Replacement Reserve

SMP System Marginal Price

ST Steam Turbine

TACC True ACC

TREJ True REJ

TSO Transmission System Operator
Variables

B Risk propensity Factor

A MILP inequalities constraints matrix
ACCprop  Offer Acceptance Probability
AUC Area under the curve

b MILP inequalities constraints array

COE Cost of Electricity

Csu Start-up cost

Err Error

ExpCsy Expected Start-up cost
ExpProf Expected Profits

f MILP optimization vector
FREJR  False REJ rate

m number of MILP inequality constraints
n size of MILP solution array
nLoad number of load discretization steps
nLoad  number of time intervals
nMod Operational modes

Offprop  Probability of off status
Onyop  Probability of on status
pP5, p95 5th and 95th percentiles
pp- Posterior probability

pr Price

Q Quantity

Q1, Q3 First and Third quartiles
SUprob ~ Probability of start-up

T Threshold value

TACCR True ACC rate

X MILP solution array

Subscripts and superscripts

t time index

i Load”™M at time t index

j Load™ at time t index

k Load®*M at time t-1 index
opt Optimal

z Load®M at time -1 index
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