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Abstract
This paper addresses the bidding problem facedtslexctric vehicles (EV) aggregation agent when

participating in the day-ahead electrical energykeia Two alternative optimization approachgkbal
anddivided with the same goal (i.e. solve the same problema)described. The difference is on how
information about EV is modeled. Tlyghobal approach uses aggregated values of the EV vasiavid

the optimization model determines the bids exchkigibased on total values. TH&idedapproach uses
individual information from each EV. In both appocbas, statistical forecasting methods are formdlate
for the EV variables. After the day-ahead biddiagsecond phase (named operational management) is
required for mitigating the deviation between ad¢edpbids and consumed electrical energy for EV
charging. A sequential linear optimization problesnformulated for minimizing the deviation cost$i§
chain of algorithms provides to the EV aggregatigent a pathway to move to the smart-grid paradigm

where load dispatch is a possibility.

Keywords: Electric vehicles, aggregator, electricity marké&trecasting, optimization, operational
management.
1. Introduction

In a forthcoming scenario with a significant peagitim of electric vehicles (EV) in the power system
aggregation agents (or aggregators as an abbmViate) will emerge as intermediary between EV
drivers, electricity market, distribution systemeogtor (DSO) and transmission system operator (TSO)
(1][2].

The EV aggregation agent is a concept already addptbusiness models for electrical mobility. For
instance, in Portugal the industrial network MOBisEmplementing a charging network accessiblellto a
users [3]. The business model includes aggregatiy@mts that users may liberally choose. In thisehod

the aggregator is a simple electricity retailerdtactrical mobility. A similar business model, indBetter

*Correspondence to: Ricardo Bessa, INESC TEC (fdgmBIESC Porto), Campus da FEUP, Rua Dr. Robertasf-378, 4200 -
465 Porto Portugal. Telf: +351 22 209 4208. Fa6132 209 4050. E-mail: rbessa@inescporto.pt
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Place, is described in [4]. In both business mqdbsaggregator is a common load aggregator ting b
electrical energy in the market for its clients alwgs not have any direct control over EV chargatgs.

A survey of technical and economic issues relatétth &V, and possible business models for the
aggregated, can be found in [5].

A more elaborated aggregator model, comprisingpiesibility of controlling directly the charging
process of each EV, is being explored in sevesdarch projects, such the EU project MERGE [6] and
the Danish Edison project [7]. This type of EV aggmtor enables the smart-charging approach.
Moreover, the EV aggregator may also present offarancillary services (namely reserve), whichl wil
increase its retailing profit and decrease thegihgrcosts for the EV drivers [8].

Many algorithms were developed for supporting thé &jgregator participation in the day-ahead
electrical energy and reserve market. Kristofferseal. [9] developed a linear programming model for
defining the optimal charging plan for EV fleetsthwivehicle-to-grid (V2G) by minimizing costs
(electricity and battery wear) for a fleet operaitothe day-ahead electrical energy market. Suodstr
and Binding [10] presented an optimization probfemminimizing the cost of charging EV constrained
by the distribution network branch limits. Cabal. [11] described a heuristic algorithm for contnogji
the EV charging in response to a time-of-use priceregulated electricity market. Rotering and [li2]
described two optimization algorithms for an optirnantroller installed in an EV: a) optimization of
charging rates and periods for minimizing the cb}fprofit maximization from selling regulation pew
Han et al. [13] proposed a dynamic programming model for esph the possibility of offering
regulation power from EV. Sortomme and El-Shark§i¥] presented three heuristic strategies and
corresponding optimal analogues for exploring thedperating as flexible load (i.e. without the nexd
V2G mode) for providing regulation service.

The major shortcoming of all these studies is tsgumption that there is complete knowledge of all
the EV variables (e.g. EV driving profiles) invotvén the problem. In fact, it is necessary to fac
these variables. With this objective, Bessa al. [15] used a naive forecasting approach for an
optimization algorithm that determines optimal bids the day-ahead electrical energy and reserve
markets. This methodology differed from other apgtees because the optimization algorithm takes as
input total (or aggregated) values for the EV Jalgs, instead of optimizing the EV charging
individually. Furthermore, there was an emphasis tba importance of having an operational

management phase where the aggregator managesspaitct) the EV charging, in order to avoid
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penalizations due to deviations from the bid val@@herwise, it may be unmanageable to comply with
the market commitments, such as providing reséfe.et al. [16] also addressed this requirement by
proposing a heuristic algorithm that distributes frurchased electricity by EV, with as low deviatio
from the schedule as possible.

The present paper covers the gap between the aption and forecasting phases, and studies the
impact of EV information modeling in the optimizati algorithms. The optimization model presented in
[15] (namedglobal approach) is revised and enhanced. An alternaptien@ation model, namedivided
approach, which uses individual information fronctled&V, is formulated. Both approaches have the
same goal (i.e. solve the same problem), the diffeg being on how information about the EV is
modeled in the optimization phase. The participatiothe reserve market is not addressed in thigmpa
because the primary objective is to evaluate thgaohof modeling EV information with two different
approaches.

Statistical forecasting methods are proposed fer&W variables, which are addressed as time series.
The comparison with other forecasting algorithmstfime series forecasting is out of the paperspsco
since the aim is just to describe how these vasgmbhn be forecasted and assess the impact oa$brec
errors in the optimization phase. Furthermore,\a sequential optimization algorithm for minimizitige
deviation between the day-ahead market bids anda¢heal charging is described. Contrasting to the
algorithm presented by Wat al.[16], this operational management algorithm iptimization problem
and does not use as input the price ranking framitly-ahead electrical energy market.

This paper is organized as follows: section 2 dbeesrthe aggregator architecture and the modehchai
for participating in the electricity market; secti® presents thglobal optimization problem and
forecasting algorithms; section 4 presentsdhgded optimization problem and forecasting algorithms;
section 5 describes the operational managementithlgn section 6 presents the conclusions.

A companion paper [17] presents numerical analiggicomparing the two alternative optimization

approaches.

2. EV Aggregation Agent: Architecture and Model Chain

2.1 EV Aggregation Agent Architecture
This paper adopts laierarchical direct control[1][14] where a single entity (an aggregator) dike

controls the charging of a group of EV. The aggreganay receive signals from the DSO, and take

appropriate actions to avoid violation of netwogseaational constraints. In case of abnormal opagati
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conditions, the DSO can request load curtailmetiécaggregator.

This architecture, adopted in EU project MERGE H]ows the provision of ancillary services and
supports the DSO in managing the distribution netwaith a high penetration of EV without the need t
reinforce the network (c.f. [1]Jrigure 1 depicts the adopted architecture.

Figure 1: Hierarchical direct control architecture.

Two different groups of clients are foreseen fa& BV aggregator:

» inflexible EV load a client who does not allow the aggregator to @intine charging
process, the aggregator being just an electricityiger;

- flexible EV load a client who allows the aggregator to control iearging process
(bidirectional communication), which means thatcit&rging requirement must be satisfied,
but a degree of freedom exists regarding the sypgiipds.

This paper assumes that only the clients that ehargesidential installations (i.e. slow charging
mode) areflexible EV load while clients charging in commercial, public afadt charging stations are
inflexible EV load This is a probable scenario since clients chapsormal and fast charging modes are
not interested in having the vehicle plugged-inlforg periods.

The aggregator represents the EV drivers in thetredgy market (purchases electrical energy for EV
charging) and retains a profit that depends ohidding strategy and charging control strategy. Ewosv,
it does not have any control over the individual B\Wing behavior, so the driver needs must sl b
respected and are the main priority. The benefitstfe aggregator are the possibility of increastag
retailing profit by minimizing the cost of purchaselectrical energy. In exchange, the aggregaterof
cheap retailing prices or a discount in the mon#éhgctricity bill, in particular foflexible loads

For theinflexible EVclients, the aggregator only buys electrical epdog charging these clients. The
interaction is unidirectional and just for billipyrposes.

The interaction with the DSO is important for salyicongestions in the distribution network. In [6]
and [18] different solutions for mitigating congest are discussed. The typical solution, that fiits
current electricity market rules without need fdranges, is to have the DSO making eante
validation (and bid correction if necessary) of #ggregators’ bids. For example, the DSO performs
power flow calculations with the aggregator bidd determines the consumption reduction when tteere i
congestion in the network branches. The DSO, duffiegoperational charging management, may also

send signals to the aggregator requesting consamptieduction due to voltage limits or branch load
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limits violation. The management procedures forisg congestion situations are not addressed & thi
paper, but can be found in [19]. Thus, the bidsioled with theglobal anddivided approaches are not
limited by possible congestion in the distributioetwork.
2.2 Model Chain and Information Representation

For the short-term time horizon (up to 48 hoursaalgthe aggregator participates with buying bids i
the electrical energy market. The aggregator fehdeur of the next day, based on forecasted asab
defines the bids for the day-ahead electrical gnengrket. The optimized decisions related with ¢hes
markets are performed on a daily basis and thedrlsot discriminated by EV.

The EV information can be modeled in the optimatiprocess by two alternative approaches
(depicted inFigure 2):

» global approach the variables related with each EV are aggregésesnmed) and the
optimization model determines the “optimal” bidgiexly based on summed values of EV
availability and consumption. EV individual inforti@n is not included in the bidding phase;

» divided approachthe variables related with EV behavior are fosted for each EV and the
optimization model based on this information conaguthe optimal charging for each EV.

The bid is equal to the sum of the optimized indiinl charging.

Figure 2: Global and divided approachesfor short-term management.

The bids resulting from the day-ahead optimizatidrase are used as an input of an operational
management algorithm. The operational managematisisiminated by EV and takes advantage of the
EV fleet flexibility. This flexibility allows diffeent combinations of charging profiles for achieyia
matching between consumed electrical energy anelpéed bids. The inputs are the following: accepted
bids from the day-ahead market session; expectddEnharge time interval and charging requirement
of the EV, communicated by the drivers that areggld-in. Based on this information, the algorithm
optimizes the individual EV charging to comply witle market commitments and satisfy the EV drivers
charging requirement.

An important part of this model chain consists oretasting algorithms for the electric energy
consumption from EV and availability periods foraching. The load forecasting task is common in
problems related with power systems and electrititiykets. However, this problem is different beeaus
the aggregator controls EV consumption, which methias the classical approach of forecasting the

consumption in each time interval cannot be syrifdllowed. The approach proposed in this papéo is
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forecast the charging requirement. The charginguirement of each EV is the electrical energy
(including the losses in the charger) needed tdrget the initial state of charge (SOC) (i.e. wibke EV
plugs-in for charging) to the target SOC definedtiy EV driver for the next trip. The aggregatagrth
distributes this quantity, according to its optiatinn strategy, by the time intervals of the cqumexling
plugged-in period. Note that this approach doesegtire personal information such as the driveteo

(historical and planned) or the number of travéddoimeters.

3. Global Approach for Bidding in the Day-ahead Market

3.1 Representation of the EV Information

The EV information in thglobal approach is represented by aggregated valuese# tariables. The
first variable is the total maximum available povier charging, and the aggregated value is the gum
the available power of each EV in a specific timetval where the EV is plugged-in. For examplén if
a specific time interval, 10 EV are plugged-in wahmaximum charging power of 3 kW, the total
maximum available power is 30 kW. The second végigthe total charging requirement. The charging
requirement of each EV is associated to a spemfdlability to charge period, and it is placedtie last
time interval before departure. For example, carsah EV (with battery size 30 kwh) that plugs-om f
charging at interval H1 with a SOC of 50% and tkpeeted departure time interval is H9 with a target
SOC of 100%. The charging requirement of this EM6s5 kWh (considering a charging efficiency of
90%), and this value is placed in time interval 6f8he charging requirement time series. This \deia
means that 16.5 kWh must be supplied to the EVHeyend of time interval H8. The total charging
requirement is the sum of the individual valueshefEV fleet.

The third variable is the total charging requiremdistribution, and the only difference is that the
charging requirement is placed in all the time rivéds of the availability period. For example, fiie
aforementioned EV, the 16.5 kWh are placed intadltime intervals between H1 and H8. This variable
means that in each time interval of the period ketwH1 and H8 there is one EV that requires 16.5 kW
for reaching its target SOC.

The measured values of these three variables caplleeted with Information and Communications
Technology (ICT) already available for industriaeu[20]. The forecasted values can be obtained wit
the statistical algorithms described in section @sing historical time series data.

3.2 Advantages and Limitations

The main advantage of tlggobal approach is that the aggregated values presentdesdility and a
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more pronounced periodic behavibigure 3 depicts a seasonal plot [21] for a one year tiet@s of the
number of plugged-in EV from one fleet with 1500 B¥&ft-hand side plot) and from a single EV (right-
hand side plot). The time series are synthetic ganterated by the method described in [22]. The plot
shows the complete time series (one year of data)pgd by the individual seasons (daily pattern) in
which the data were observed. Each line in the, piith 48 half-hours, is one day from the wholedim
series; thus, each plot has 365 lines. The timiesef one EV is binary and shows a high variapfliom
day-to-day. The aggregated time series does now shdigh daily variability and depicts two clear
seasonal patterns: one for week days where the eofilplugged-in EV in residential areas after 1d A

is low, and another for weekend days where the murmbplugged-in EV is higher.
Figure 3: Seasonal plotsfor EV availability of one and 1500 EV in half hour timeintervals.

The dimension of the optimization problem is alew,l i.e. low number of decision variables and
constraints. The main disadvantage is that thisagmh does not fully capture the impact of the gimay
process in the total maximum available power fargimg in each hour. For illustrating this stateman
example with three EV plugged-in for 6 hours, anthwnaximum charging power of 3 kW, is given in
Table 1.

Table1: lllustrative example of three EV with charging process controlled by the aggregator.

The global approach uses as input the total maximum availpbleer for charging. In this example,
the total value is 9 kW in each hour because theet&V are plugged-in in all hours and with a maxim
charging power of 3 kW. As the charging progressdsne, this total maximum power must be corrected
by discounting the EV with full battery (or almodiut that remain plugged-in. However, tgkbal
approach does not use individual information froacte EV. The charging dispatch is not performed
individually for each EV; instead, is made for thggregated values of the EV fleet. If individual
information was used (matter discussed in sectjpthé aggregator could distribute the chargingaxth
EV by the 6 hours period, for satisfying the drsfezharging requirement, and respecting the maximum
charging power in each hour. Using this individiudbrmation, it is possible to see that in hour th2
maximum charging power is not 9 kW, but 8 kW beealk¥2 can only charge 2 kW. In hour H4 the
maximum charge is decreased to 4 kW because thei€#®lPeady full, but the EV remains plugged-in.
Finally, note that an adjustment can only be penéd with perfect accuracy if perfect information is

known for each EV.
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3.3  Formulation of the Optimization Problem

This section presents an enhanced version of thieniaption model described in a previous paper
from the authors [15]. The model in [15] has thexitble charging control confined to predefined and
rigid periods. Furthermore, even with these predefi periods, the limitation previously described in
Table 1 may lead to a high deviation from the quantitifered in the market. Therefore, the model was
revised to overcome these two limitations. The enbd version does not require the definition of a
flexible period (i.e. optimizes EV charging alorge twhole day) and mitigates the impact of the dharg
process on the maximum charging power.

In this paper, and for participating in the dayahenarket, the aggregator is assumed to be a price-
taker that only presents bid for energy quantities.

The mathematical formulation is the following:

minY" . (3 E) 1)

subject to:
t ¢ (A
> )= ijl(Rj ) otom @
t t ~ ~
ijl(Ej)_zjzl(Rj)S R[D,DIDH 3)
E /At <P™f1-a,),0tOH @)
whereH is a set of time intervals from the programmingigs p, is the price forecast for time

interval t, E; is the electrical energy bidEAe( is the forecasted total charging requiremeﬁf, is the

forecasted total charging requirement distributid&f?axis the forecasted total available power for

charging,a is a factor that relates the available power foarging with the percentage of satisfied
charging requirementit is the time step (i.e. length of the time intejval

If the time steptt is less than the market time step (typically oaerlh the bid’s quantity is the sum of
eachE; contained in the market time step. In this calse,market price is also the same in each time
interval contained in the market time step.

The objective function (Eq. 1) consists in minimgithe cost of buying electrical enerByin the
market for charging the EV fleet. The model hagé¢htonstraints. The first constraint (Eq. 2) assthiat
the total charging requirement is satisfied with #nergy purchased in the market at each holhis
constraint guarantees that when theE) departures, the electrical energy requiredsimtisfying the
target SOC was purchased in the electrical eneaykeh

The second constraint in Eq. 3 guarantees thaththeging requirement is only allocated when thsre i

sufficient EV plugged-in for consuming the corresgimg quantity. This constraint is explained with a
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small illustrative example for three EV, as presdrihTable 2.

Table 2: Illustrative example of the charging reguirement distribution of three EV.

In this example, EV1 and EV2 are connected betwéérand H6 and have charging requirement
equal to 9 kW and 8 kW correspondingly; EV 3 isqgged-in during 6 hours and has charging
requirement equal to 3 kWh. The maximum availabdever for charging is 3 kW. The charging
requirement is placed in the last time intervalobefdeparture, which is H6 for all EV. The sum lodé t
individual values gives the total charging requiesin(R). In the charging requirement distribution
variable, the values are placed in the time intsrwhere the EV is plugged-in. For example, 9 kWh i
placed in hours H4-H6 of EV1. The sum for each hisuhe total charging requirement distributiéy.

A possible bidE; is also illustrated in the table. Without the doaisits of Eq. 3 it would be possible to
present a bid value greater than 0 at intervalsaht® H3 if these were hours with a price lower than

H4-H6. As shown inTable 2, this constraint limits to zero the bid at H2 add@ (otherwise the LHS

would be greater than th#&,), since there are no EV plugged-in for consumimgarthan 3 kWh.

The last constraint in Eg. 4 guarantees an elatteinergy bid below or equal to the forecasted tota
maximum available poweP(" for charging at time stefp The factor was introduced for adjusting the

maximum charging power as the charging processvesdlas explained in section 3.1), and is a linear

function of the percentage of satisfied charginguneement, which is the rat(Ej - FAZJ. )/IQTD at the
beginning of period:
a.=p{y" (€ -R)/R°) crom (5)

The coefficienip that minimizes the deviation between bids andaatansumption is estimated from
historical data (e.g. EV availability, charging végment). The estimation process has two stegsini)
the global optimization model for different valualsp, i) select thes that leads to the lowest deviation.
Historical data are available, unless the aggredatstarting its business; in this case the aggoeg
should start with a high value (above 0.5) to be conservative. In the congmapaper [17] a sensitivity
analysis of differeng values between 0 and 1 is presented for two @iffeEV fleets.

It is important to stress that Eq. 2 mitigates pheblem, but does not solve it totally. The problesm
only be solved with information from individual Elike in thedividedapproach that will be described in
section 4.

Finally, for inflexible EV loadsan optimization model is not necessary. The agdgoegnly needs to

forecast the total consumption in each hour andhasge in the market the forecasted quantity.
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3.4  Forecasting Methodology

It is assumed that the EV driver (acting aflexible EV loadl defines, when plugs-in the EV for
charging, the desired battery SOC for the next @il expected end of charge hour. Since this
information may be provided only after the biddimgthe day-ahead market, the aggregator needs to
forecast the following variables for the next ddgtal charging requirementR{, total charging
requirement distributionR") and the total maximum available power for chagg{f™®). For the EV
acting as ainflexible load a forecast model is also necessary.

For the three EV variables, the proposed foreclgsirithm consisted in a linear model with lagged
variables and covariates. The model can be wrégen

Y=kt 6Vt eyt g Ly, +H +D +¢ 6)
where y is the response variab® ", or R, or RP), ¢ are the model's coefficientg,; is the " lag of
the response variable | is the maximum order of lagged variableg,is a seasonal index that takes a

different value for each hour of the dd¥,is also a seasonal index that takes a differeluievior each
day of the week, andis the noise term.

This model can be fitted on historical time seniedéa using the generalized least squares since the
residuals are autocorrelated [24]. If the numbdEdfdrivers under contract with the aggregator gesn
the model parameters need to be re-estimated. Steedeast squares with forgetting can be used for
estimating the parameters in time varying condgifitb].

For selecting the lagged variables of Eq. 6, that Btep is to check whether or not the time sasies
stationary, using a unit-roots test [26]. Then, tigual analysis of the autocorrelation diagrametbgr
with the Akaike information criterion (AIC) [27] issed for selecting the lagged variables.

For the objective function in Eq. 1, it is necegdar have forecasts of the day-ahead electricaiggne
price. For this purpose, a forecast algorithm basedn additive model with nonlinear relations nede
by smoothing splines is proposed [28]. The modeh iBnear predictor involving a sum of smooth
functions of covariates, and it is written as:

B=tt@Patelp,++gln, +dwn)+H +D +¢ ()
whereg is a smooth function estimated using cubic bgdises, andvp, is the forecasted wind power
penetration level.

For feature selection, the same procedure of thev&tiables can be followed. Based on recent price

forecasting literature, such as [29], it was deditie include as covariate the forecasted penetraifo

10
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wind power (forecasted total load divided by theet@asted total generation). The smooth function
captures a nonlinear relationship between the raattenergy price and forecasted wind power
penetration.

Finally, multi-step ahead forecasts are necessarthé optimization problem. For the models in &q.
and 7 two alternative multi-step forecasting styete are: iterated and direct approach [30]. In the
iterated approach the one step-ahead forecastmputed and used as the real value for producing the
second step-ahead forecast, and the process a&edpteratively and always using the same modhls
approach has two disadvantages: a) since the negbhgalue is replaced by the forecasted value, rifoe e
is propagated through the time steps; b) the misdéted only for one-step ahead forecasts. Indinect
approachk models are fitted for each look-ahead time stdpe hputs are always the same in each
model, while the response variable is kn&tep-ahead value. This model solves the two dastdges of
the iterated approach. Nevertheless,khmodels are learned independently which inducesnaitional
independence, and inhibits the modeling of depetidsibetween the variables.

Initial tests in the EV and day-ahead price timaeseshowed that the iterated approach leads to a

better performance.

4. Divided Approach for Bidding in the Day-ahead Marke

4.1 Representation of the EV information

In thedividedapproach, EV information is disaggregated by EW apresented by two variables. The
first variable is the availability period, which ésbinary variable indicating the time intervalsend the
EV is plugged-in and available for charging. Theosel variable is the charging requirement of ea¢h E
For forecasting these variables, a new forecagiingess based on statistical algorithms is deatiitve
section 4.4.

4.2  Advantages and Limitations

Thedividedapproach uses the individual information from e&th which prevents the problem with
the maximum available power for charging, in costtrio theglobal approach. However, the main
disadvantage is that the forecasts for each EVeptes high variability (c.f. variability of a sirgEV in
the right-hand side dfigure 3), which is reduced by the aggregation effect. Minedess, it remains
necessary to study the influence of the individfmecast errors in the final solution. Another
disadvantage is the very high dimension of thenoigition problem, which may difficult the inclusioh

information about uncertainties of the input valésb

11



330 4.3  Formulation of the Optimization Problem

331 The basic idea of thdivided approach is to determine the market bids considetfie individual
332 information of each EV. The mathematical formulatis as follows:

332 min 3, B ELE, ) ®)

334  subject to:

335 E,/AM<P™ OtOH, 0 O{L-,M,} 9)
336 Zuﬁf'“g(E&j):é}'ij O{L-- M} (10)
337 whereH is a set of time intervals from the programmingige p, is the price forecast for time

338 intervalt, E; is the electrical energy for charging tHe BV in time intervalt, IQJ. is the forecasted

339 charging requirement,ﬁjmaxis the maximum available power for charginglj‘"“g is the forecasted

340  plugged-in period of thé"JEV, Mis the total number of EV plugged-in at time inry At is time step.
341 The objective function minimizes the total cosfpofchased electrical energy. The constraint ofEq.
342 limits the electrical energy purchased for eachtB\Mhe maximum available power for charging the EV.
343  The constraint of Eq. 10 ensures that the eletteisargy purchased for each plug-in perigtf? of each
344  EV matches the charging requirement defined byENialriver for that period.

345 In the divided approach, in addition to the day-ahead electricakrgy price, there are two variables
346 that need to be forecasted: the EV availabHf/® (i.e. period where the EV is plugged-in for charpi
347 and the charging requiremeRt The following section formulates a forecastingtmeology for these
348  variables.

349 4.4  Forecasting Methodology

350 The forecasting algorithm for the EV availabilitpdacharging requirement is divided in two phases.
351  First, a binary variable for the EV availabilityfisrecasted. Then, non-parametric bootstrappingésl to
352 forecast the charging requirement for the pluggeg@eriod. This approach is inspired on the work of
353  Willemain et al. [31] for estimating the entire distribution of tsem of the demands for service parts
354  inventories over a fixed lead-time.

355 For the binary forecasting phase, the generaliegt models (GLM) theory is used [32]. Compared
356  to the classical linear models, GLM models arerfon-Gaussian response variables, such as count and
357 binary data. The basic idea is to express lineadatsofor a transformation of the mean valliak(
358 function), and keep the observations untransformdich preserves the distributional propertieshaf t

359 observations. Think function is any monotone mapping of the mean vajgce to the real line used to
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form the linear predictor. THegit functionin(a/(1-a)) was adopted.

In this problem, the response varialyleis 1 if the EV is plugged-in or O otherwise. A uat
distributional assumption is the Bernoulli disttilom, y~Bernoulli(p ) Note that the quantity modeled by
the GLM is the posterior probabilig(y=1|x), where isx is a set of covariates.

Lety; be the response variable, the GLM model for theakz&ilability can be written as:

Py =11 ¥e Yo ) = YL+ exd- (6 + 6 DY + & LYip + o+ 4 ) (11)
where 1/(1-exp(-a))is the inverse of thénk function, ¢ are the model's coefficienty,; are lagged
values of the response variable &iglthe maximum order of lagged terms.
The model is a binary regression model with laggedues of the response variable and the

coefficientsg can be estimated with the iteratively reweighteablesquares, using the functigim from

the R base distribution [33].

Multi-step ahead forecasts are necessary for the agdilability. In the iterated approach the
forecasting model is fitted for one-step aheaddasts, and because of this, the probability of iiga 0
following a 1 (i.e. EV departing) would be very Idar any look-ahead time step. For example, the
model’s coefficients from fitting Eq. 11 to a syatit time series of one EV could be the following:

PV =10 Vi - Yoy ) = V(L + expl- (- 403+ 62761y, , + 06689y, ;o + 1051y, 5g))  (12)

where the lags 48 and 336 are for modeling they daitl weekly seasonal pattern (with half-hour time
steps). With the model of Eq. 12, the posteriorbptility in time intervalt of the forecast horizon is
equal to 0.98 whew.1= Yi4s= Vra36= 1, and equal to 0.9 when;= 1 andy;.4s= Vi.336= 0. Moreover, the
subsequent look-ahead time steghk, t+2, ..., will always have a posterior probability greaderequal to
0.9, even whe®, 4g =V;.336=0.

Therefore, the direct approach seems to be moreppate; however a modification is necessary to

include the two seasonal patterns. The modifieelctliapproach is:
PV =Y Yoo ) = YL+ exH- (0 + & 1V + & DY + o [ Yoo + 6 Vs * 06 [Yicass))  (19)

PVea =2 Ve Ve ) = VA +exd= (0 + & 1Yy + & Vo + & [Yia + 6 [Vear + 05 [ Vosas))  (14)

where each model is fitted individually for eacok-ahead time step. The difference for the direct
approach is that the lagged variables related thithseasonal pattern are not fixed and changethdgth
look-ahead time step.

After producing forecasts for the EV availabiliterods (i.e. sequence of hours where the EV is
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plugged-in for charging), the second step is to theenon-parametric bootstrapping technique [34] fo
estimating the charging requirement of each pluggegeriod. The samples for the bootstrapping
approach are from an artificial time series credted historical charging values. This artificiane
series consists in rearranging the historical dhgrglata by removing the charging dependency from
market prices inside each availability period; e&dh starts charging when it plugs-in and until the
charging requirement is satisfied. For example Eahthat needs 12 kWh for reaching full SOC will
charge at 3 kW during the first four hours. Witkstreorganization the charging behavior only depgesfd
the number of hours that the EV is plugged-in foarging (and of course from the SOC at arrivingy a
not from the market price.

The bootstrap samples are conditioned to the numibleours the EV is plugged-in. For example, for
the first hour the bootstrapping technique resamgiem the artificial time series, but only from
historical data of consumption during the first haf the availability period. The same process is
followed for the subsequent hours. Summing the dicap samples of each time interval of the
availability period gives the forecast for the ajiag requirement associated to a specific EV.

The bootstrapping technique is repeatédimes and the result is a distribution of the gy

requirement. The algorithm can be summarized ésvel

whilen<N
for hin (1 to H)do
use GLM to forecasty
if Yo =1
plug.time,, = plug.timgy,.. + 1
ét+h = bootstrap sample | plug.time
else

plug.timg,, =0

Ct+h =0

Rﬂ = Zj DOaval. period (Cj )

whereH is the time horizonh is the look-head time step,is the availability variableg is a sample
from the artificial charging time serieR,is the charging requirement of the bootstrap sampgblug.time
is the plugged-in hour, ara/al.periodis the availability period.

The N bootstrapping samples create the charging reqememistribution, from which the expected
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value and other statistics can be computed.

Figure 4 depicts an illustrative example of forecasted @alized values for the availability of an EV.
The realized values are taken from a synthetic 8erées generated with the algorithm describe@2j.
The forecasted value is obtained with the forengstipproach described in Eq. 13-14, using the same
time series, and for a time horizon of 100 lookahdéime steps. Based on the forecasted availability
periods the bootstrapping approach estimated agtitarequirement of 21.42 kWh for the period
between intervals 20 and 50 (the realized value 188 kWh), and for the period between intervals 66
and 92 the estimated charging requirement was 18\84 (the realized value was 11.15 kWh).

Figure 4: Forecast for the EV availability (grey lineistheforecast and the black lineistherealized value).

5. Operational Management Algorithm

5.1  Formulation of the Optimization Problem

The objective of the operational management prase dispatch and combine the plugged-in EV, in
order to minimize the deviation between the tolattical energy purchased in the electricity mad«wed
consumed by the EV fleet in each time interval.

When the aggregator has surplus of electrical gniarthe market bid it has to sell this extra eleet
energy at a regulation pric@¥™"9 in general below the day-ahead electrical enqrgge; if the
situation is shortage of electrical energy, it kmpay a regulation pricep{™*" in general above the

day-ahead electrical energy price [35]. This cqroesls to the following equation for the total cost:

) __ surplus bid _ pcons bid > [oons
Total Cost= Z[Etbld Ept +{ E)t:ortage EﬂEtcons Etbid ), Etbid cons ] (15)
t P EﬂE( -E ) BT <

where E” is the electrical energy purchased in the day<hhsactrical energy market for time

intervalt (with a typical time step of one houp, is the day-ahead electrical energy priegS" is the

surplus shortage ;

consumed electrical energp, is the regulation price for positive deviationsdgn is the
regulation price for negative deviations.
Eq. 15 can be formulated to such that the totat oesults from the cost of paying the consumed

electrical energy at the electrical energy prides phe costs for regulation. Thus, it becomes:

[ gy o] (P P ER B £ > B 16)
Total Cost= Z(Et [, + {( tshortage_ pt)EﬂEtcons _ Etbid )' Etbid < [Econs

The first component of Eqg. 16 corresponds to thet obtained by the aggregator if perfect forecasts

were used and it has the same value in both omtioiz approaches. The second component is the
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surplus ;

surplus or shortage costs, where the price differepp, is the positive deviations price;{), and

the differencep""®%p, is the negative deviations price.

The objective function of the operational managenpdiase is the minimization of the total deviation
costs. Note that the real goal of the aggregatapnigo minimize individually the deviations of éaEV;
instead, it is to minimize the deviations of theegated EV fleet, which leads to a different solut

In its mathematical form, the objective functiom éocomplete day (with T time intervals of lengtf)
it is given by:

min Y (olE -3 (E) )
wherekE; is the result from the global or divided optimipat E*t,j is the electrical energy consumed by

the {" EV in time interval t,M, is the number of EV plugged-in during time intdr¢ay is the loss

function given by

-uldg ,u<0
The piecewise linear convex function of Eq. 17 bamepresented by:

¢(U)Z{U|3‘Tt+,u20 (18)

min tT:l(ma>(— Ui, u ) (19)

wherer;" is the forecasted price for positive deviations apds the forecasted price for negative
deviations. Ifz" and z; are symmetric, the objective function is the miimion of the deviations
absolute value.

A convex objective function can be transformed iatinear objective function problem by expressing

the formulation in its epigraph form [36]. The fulhear programming problem at time interval

becomes:
min ZLO (v,) (20)
-2 )7 <w, okofy,T) (21)
e - ) s kO, ) 22)
E.,/At<R™, OjO{1- M}, OkOHP (23)
DBy )= R0 TiO{L M) (24)
v, 20 (25)

wheret, is the first time intervaly is a slack variabIeHj"'ug is the plugged-in period of th& EV, Ryo; is
the residual charging requirement of th&E) at beginning of time instany.
The constraints of Eq. 21 and 22 result from thégreaph form and guarantee the deviations’

minimization. The constraint of Eq. 23 limits thikacging by the maximum charging power of the EV.
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The constraint of Eq. 24 enforces the chargingirequent communicated by the EV driver.

This optimization problem is solved for each timtervalk with the following sequential process:
1. inthe beginning of time interva}, the new information (expected end of charge lamadt target
SOC) from the recently plugged EV is included in B4 of the optimization model;
2. the optimization problem is solved with this neviormation for a period betwedyp and the

maximum departure hour of all the EV, mld??CJg) 0j; mo" andmg are made equal to a large

number (e.g. 1000) in order to force the deviatmbe zero at time intervay;

3. set points corresponding to the optimal chargimgliefor time intervaty are communicated to
the plugged-in EV; only the dispatch for time ima&rt, remains unchanged, the charging levels
for the subsequent time intervals can be modifiethé next iteration (next time intervéd+1).
The charging requiremef; is updated for the next peridaoJ,l,j:RtO,j-EtO,j*;

4. this optimization process is repeated for the tiex¢ intervalty+1 (go to step 1).

5.2  Forecasting the Deviation Prices

For the constraints of Eq. 21 and 22, it is neagskaforecast the deviation prices. Forecastirgy th
prices is a complex task, since its variabilitwey high. In this paper, an approach based ontiaddi

models (similar to the model in Eq. 7) is proposed:

i =%+4 Eyt—l 2 |:yt—z toetq [yt—l + g(Wg)+ g(ltlmport)+ g(ItExport)+ g(pt)+ Ht t& (26)
whereg is a smooth function estimated using cubic basises, p, is the price from the day-ahead

import | export
t

market, |, and are the interconnection exchanges (exported apdried electrical energy) of
the bulk power system. The response variglidethe price of positiver{’) or negative deviationz().
It is important to stress that this model shouldséen as a first approach to the problem, whichbail

a topic for future improvement.

6. Conclusions
In this paper, two alternative optimization apptue (with different representation of the inforroati
about EV) for supporting an EV aggregator partitigain the day-ahead electrical energy market were
presented. For each approach, statistical modeals pposed for forecasting the required informmatio
about EV availability and consumption. Moreover, grerational management algorithm that extracts
benefits from aggregating EV is described for miming the deviations between the bids and the

consumed electrical energy.
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In order to produce a complete approach, statlstizacasting algorithms were also proposed, as a
first approach to the problem. It is plausible tkla¢se algorithms can be combined with “physical”
algorithms, such as road traffic flow simulators. sfatistical-physical hybrid method can certainly
improve the results and should be a topic of futesearch. Furthermore, other future research gopic
consists in developing time-adaptive models capablearning from new data without the need to re-
train offline the statistical algorithm and capabliecoping with changes in the EV fleet and drivers
behavior.

The two proposed optimization approachegobal and divided have both advantages and
disadvantages. The major difference lies in theesgntation of the forecasted information for thé E
fleet. In fact, thedivided approach essentially consists in dispatching t¥eirilividually based on the
forecasted prices, and does not use the capabflitpmbining the EV individual charging. Conversely
the global approach takes advantage of the aggregation d¢gpsce it uses the aggregated variables
related with the EV availability and consumptiorewdrtheless, using the output of theidedapproach,
the operational management algorithm, exploresatfgregation capacity (i.e. combines the individual
EV charging) for minimizing the forecast error.the companion paper [17], the optimization algamish
together with the operational management algorghenevaluated and compared in a realistic caserstud

These three layers of the model chain are crucialttie aggregator retailing activity. In fact, the
models described in this paper can be used asasis for building more complex approaches for igdi
in the ancillary services market. Moreover, itikely that these algorithms are adopted by aggoegaif

other types of flexible loads (e.g. battery chasdger consumer electronics, electric hot water dwsat
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Availability of the EV

Figure 4. Forecast for the EV availability (grey lineisthe forecast and the black lineisthe realized
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Table 1: Illustrative example of three EV with charging process controlled by the aggr egator.

H1I H2 H3 H4 H5 H6

Information used in Total (sum of) Max Charging Power

the Global Approach [kW]

EV 1 (needs 18 kWh for SOC=100%) 3 3 3 3 3 3

Individual
EV 2 (needs 5 kWh for SOC=100%) 3 0 2 0 0 0

Information from
EV 3 (needs 7 kWh for SOC=100%) 3 0 3 1 0 0

each EV

Total Adjusted Max Charging Power

[kW]

Table 2: Illustrative example of the charging requirement distribution of three EV.

H1 H2 H3 H4 H5 H6

Charging Requirement [kWh]

EV 1 (needs 9 kWh for SOC=100%) 0 0 0 0 0

EV 2 (needs 8 kWh for SOC=100%) 0 0 0 0 0
Individual

EV 3 (needs 3 kWh for SOC=100%) 0 0 0 0 0

Information from

Charging Requirement Dist. [kWh]

each EV

EV 1 0 0 0 9 9 9

EV 2 0 0 0 8 8 8

EV 3 3 3 3 3 3 3

Total Charging Requirement [kWh]% 0 0 0 0 0 20

. . - e~ D

Information used Total Charging Requirement Dist. [KWhR 3 3 3 20 20 20
in the Global Bid [kWh]: E; 3 0 0 6 6 5
3 3 3 9 15 20

Approach LHS of Eq. 3:2:.:1(Ej )—ztj:l(éj)




