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Abstract—As both significant electrical load and substantial
flexible resources, EV charging stations or aggregators can par-
ticipate in both energy and frequency markets to gain economic
benefits. However, their optimal bidding is challenged by the
difficulty to capture the market capacity aggregated from large-
scale EVs under heterogeneous user driving behaviors, as well
as the computational complexity introduced by scenario-based
uncertainty modeling. To address the challenges, an aggregated
multi-time-scale bidding model was proposed for charging station
by leveraging an aggregated virtual battery model (VES) to cap-
ture the market capability of EVs and meanwhile incorporating
both the temporal and hierarchical couplings for joint market
participation. A problem-driven scenario reduction method is
further proposed to address the computational complexity while
improving bidding strategies. Unlike conventional methods, the
proposed method guides informed scenario selection by incorpo-
rating downstream bidding optimization problem into considera-
tion. Case studies based on real-world datasets demonstrate that
the proposed problem-driven method provides approximately
10-20% of market performance improvement over conventional
methods. Besides, substantial economic benefits (i.e., over 45%)
can be gained from the joint market participation over single
market participation. Further, some intuitive explanations re-
garding the problem-driven method are investigated. The results
show that the problem-driven method is able to capture the
collective impacts of multiple uncertainties on the downstream
bidding problem and thereby improve bidding strategies, which
are not provided by the conventional methods.

Index Terms—EV charging station, joint energy and frequency
market, optimal bidding, problem-driven scenario reduction,
aggregated and multi-time-scale bidding model

I. INTRODUCTION

LECTRIC vehicles (EVs) are undergoing profound
growth around the world. Over the past decade, the
global stock of electric cars has reached 58 million, accounting
for 4% of passenger fleet. Almost one of ten light-duty
vehicles sold in US and nearly half car sales in China are
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now electric [1]. EVs represent significant increasing elec-
trical load of global power systems. For example, the PIM
interconnection, a regional transmission organization (RTO)
of US forecasts that the EV growth will contribute to around
7% and 9% of the region’s peak and total electrical loads
by 2046 [2]. Meanwhile, EVs represent substantial flexible
resources of modern power systems. EV charging demand can
be flexibly shifted across time and the emerging vehicle-to-
grid (V2G) even allows EVs to work as distributed energy
storage system when connected. As both huge electrical loads
and flexible resources, EV charging stations or aggregators
have been recognized as important market players of future
power systems. Specifically, through aggregation or virtual
power plant (VPP) technologies, EVs are able to participate
in both energy and ancillary service markets to gain economic
benefits and provide extensive balancing services to modern
power system. This is critical both to address the impacts
of uncontrolled EV charging demand and the shortage of
flexible resources of modern power system to accommodate
the increasing volatile renewable penetration. In recent years,
the boosting of smart vehicle-grid integration platforms, such
as US Cascade EV Aggregator [3] and California ev.energy [4]
have further facilitated the aggregation of EVs to behave
actively in electricity markets.

For market participation, one of the critical issues is enable
the optimal bidding of EV charging station or aggregators
in electricity markets. Specifically, the charging station or
aggregators are required to submit their trading quantities and
prices (i.e., bids) for all trading intervals of following day. The
bidding strategies not only determine whether the bids will be
cleared (i.e., accepted) but also how they will be rewarded.
Moreover, the participants are better to comply with committed
bids if cleared, otherwise it will incur substantial economic
penalties or deteriorate their market credibility. While criti-
cal, the optimal bidding of charging stations or aggregators
represents a challenging issue. First, their market capabilities
are aggregated from individual vehicles under heterogeneous
user driving behaviors. It is difficult to fully capture the
market capabilities for large-scale connected vehicles. Besides,
there exist multiple uncertainties, including the fluctuating
market clearing prices and the uncertain EV charging demand
characterized by random arrival and departure time, as well
as required charging energy, which are not often known at the
day-ahead bidding stage.

In the literature, many efforts have been devoted to es-



tablishing bidding models of EVs in electricity markets. For
example, Matkovic et al. [5] investigated the optimal bidding
of EV charging station in day-ahead energy market by treating
charging demand as uncontrollable load. Wang et al. [6]
studied the optimal bidding of a V2G aggregator in day-ahead
energy markets based on a detailed battery model. Baringo et
al. [7, 8] studied the optimal bidding of an EV aggregator in
day-ahead energy market by an aggregated charging model.
Further, Chen et al. [9] studied the optimal bidding of an
EV aggregator in joint energy and frequency markets, where
the market capability of each individual vehicle was explicitly
modeled. Sadeghi et al. [10] studied the optimal bidding of
VPP in joint energy and frequency markets. Notably, a multi-
time-scale bidding model was proposed to capture both the
temporal and hierarchical couplings of joint market participa-
tion. Gao et al. [11] studied the optimal bidding of an EV
fleet in joint energy and frequency market by an aggregated
EV charging model. However, this work mainly focused on
investigating the economic benefits of EV fleet instead of
optimizing the bidding strategies under uncertainty. Despite
these research progress, many important issues remain to be
addressed. In particular, existing works mainly depend on
the charging and discharging model of individual vehicles to
capture their aggregated market capability. Though accurate,
the resulting bidding models are often associated with high-
dimensional constraints and decision variables, making them
not scalable to large-scale vehicles. In addition, the multi-time-
scale nature of joint market participation has not been well
addressed. Specifically, wholesale markets are often operated
at longer trading interval and retail (real-time) markets are
often at much shorter trading intervals. This leads to bidding
decisions coupled across different time scales. To accom-
modate the increasing number of EVs and enable profitable
market participation, it is important to develop scalable and
joint bidding models for charging stations or aggregators.
Another common challenge for the optimal bidding of
market players is the multiple uncertainties. In the litera-
ture, scenario-based stochastic programming (SP) [12-15],
forecasting-based methods [10, 16], and stochastic robust
optimization (SRO) [17] have been investigated to address the
uncertainties. While forecasting-based methods are applicable
when the uncertainties can be predicted relatively accurately,
SROs are particularly suitable for cases with limited infor-
mation on the uncertainties and emphasizing risks on market
performances. Among them, scenario-based SP have been
widely used due to its effectiveness to handle non-analytical
uncertainties and does not result in overly conservative bidding
strategies. While scenario-based SP can effectively use scenar-
ios or historical realizations to capture the uncertainties, the
associated computational complexity caused by the scenario-
based formulation represents a key challenge. Scenario reduc-
tion or selection methods were used in many existing works to
mitigate the computational complexity. However, the market
performance of the resulting bidding strategies is often limited.
This is primarily because most scenario selection or reduction
methods [18-21] select scenarios in the original uncertainty
space and do not account for the target scenario-based SP
problem. The optimal solutions to SP are often jointly affected

by multiple uncertainties. Selecting scenarios in the original
uncertainty space by minimizing probability distances or sta-
tistical characterization discrepancies of scenario sets does
not necessarily lead to the optimal solution of downstream
SP. The limitation has been recognized particularly signifi-
cant with power system related applications suffering from
multiple sources of uncertainties [22-24]. To address this
limitation, some recent works explored the incorporation of
downstream SP into scenario selection. For example, Zhuang
et al. [23] proposed to evaluate the distance of scenarios by
the induced SP performance instead of probability distances to
improve SP performance. Suemitsu et al. [24] proposed a cost-
based scenario generation by a cost-based distance metric for
evaluating scenario similarity instead of conventional probabil-
ity distances. While these problem-driven scenario reduction
methods were demonstrated promising to improve the decision
performance, they are not directly applicable to the optimal
bidding problem either due to the problem-specific feature or
the high computational complexity.

Motivated by the above research gaps, this paper studies the
optimal bidding of EV charging station in the joint energy and
frequency markets under uncertainty. Our main contributions
are summarized as follows.

« We propose an aggregated multi-time-scale model for the
optimal bidding of charging station in joint energy and
frequency market under uncertainty. The model leverages
an aggregated virtual battery model (VES) to capture
the collective market capabilities of EVs, as well as
incorporates both the temporal and hierarchical couplings
of joint market participation.

o We further propose a problem-driven scenario reduc-
tion method to address the computational complexity
of the bidding optimization problem while improving
bidding strategies. Different from conventional methods,
the method guides informed scenario selection by incor-
porating downstream bidding optimization problem into
account and thereby improving bidding strategies.

Case studies based on real-world datasets show that the
propose problem-driven scenario reduction method provides
approximately 10-20% of market performance improvement
over conventional methods. Besides, the charging station can
gain substantial enhanced economic benefits (i.e., over 45%)
from the joint market participation over the single energy
market participation. Some intuitive explanations regarding
the effectiveness of the proposed scenario reduction method
are investigated. The results imply that the proposed problem-
driven method is able to capture the collective impacts of the
multiple uncertainties on the downstream bidding problem and
thus improve the bidding strategies, which are not provided by
the conventional scenario reduction method.

The remainder of this paper is as follows. Section II
presents the aggregated multi-time-scale bidding model of EV
charging station in the joint energy and frequency markets.
Section III introduces the problem-driven scenario reduction
method. Section IV presents the numerical results of case
studies. Section V concludes this paper.



II. EV CHARGING STATION JOINTLY PARTICIPATES IN
ENERGY AND FREQUENCY MARKETS

A. Overview of the EV charging station

As illustrated in Fig. 1, an electric vehicle (EV) charging
station serving commuted vehicles within a commercial area
is considered. The vehicles are classified into uni-directional
EVs and bi-directional V2Gs, where the former can only get
charged and the latter can both charge and discharge when
connected. While providing charging service, the charging
station is authorized to participate in electricity markets to gain
economic benefits. The on-site PV generators on top of the
buildings are connected to the charging station for supplying
the charging demand and enhancing the market capability. For
market participation, the VPP operator on behalf of the charg-
ing station is required to submit the bids (i.e., trading quantities
and prices) for all trading intervals of the following day to the
market operator. This paper investigates the optimal bidding of
the charging station in the joint energy and frequency markets,
including day-ahead and real-time energy markets as well as
frequency market. Day-ahead energy and frequency markets
are generally operated on hourly basis, and real-time energy
market is generally cleared every 5 or 15 mins. Therefore, the
problem corresponds to a multi-time-scale decision problem.

Notations: Throughout the paper, the superscripts e, and
reqg indicate energy and frequency market, the superscript
bid denotes bidding quantities. A positive bid means selling
energy or regulation capacity in markets, and vice versa.
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Fig. 1. An EV charging station participates in electricity markets

B. An aggregated multi-time-scale bidding model

To capture the multi-time-scale nature of joint market par-
ticipation, we use ¢ and T to denote the trading indices of
day-ahead and real-time markets. The corresponding trading
intervals are denoted as At and At. It is worth noting that
each day-ahead trading interval corresponds to multiple real-
time trading intervals. The time horizon of a whole day is
denoted by T. The multiple uncertainties associated with the
joint market bidding are considered, which includes market
prices, solar generation and charging demand. Considering

the non-analytical nature of these uncertainties, a scenario set
£=1{&,&, - ,&} formed by the historical realizations of
these uncertain variables together with the probability distribu-
tion P=[py,p2,---,ps| is used to capture these uncertainties.
We denote the scenario indices as S={1,2,---,S5}. To hedge
against the impacts of multiple uncertainties, step-wise bidding
curves consisting of a number of quantity-price pairs for each
trading interval are optimized. The optimal bidding problem
is formulated as a scenario-based SP. Particularly, the market
capability of the charging station is aggregated from the on-
site PV generator and connected vehicles, and a bottom-up
modeling framework is thus adopted.

1) PVs: The market capability of PV units in the joint
energy and frequency markets are determined by their avail-
able outputs. For each scenario s with hourly and real-time
maximum PV outputs P}}’ and P}y, the joint market behaviors
of PV units can be modeled as

e,PV bid

0< Py <P, (1a)
0<Py" <PY, (1b)
0<PEM < PPV PV, (Ic)

0< PNV <PV vre i+ Ar), teT.  (1d)

where P&V P4 and P PV denote the quantity that the PV units

bid to trade in day-ahead and real-time energy markets for
trading indices ¢ and 7. As modeled in (1a)-(1b), these bidding
quantities are uleE:r bounded by the maximum available PV
generation. PV and PIEV™" denote the upward and
downward frequency regulation capacity that are available
from the PV units, which are non-negative and upper bounded.
Specifically, as pure generators, PV units can only provide
regulation capacity through increasing or decreasing outputs
as characterized by (lc) and (1d).

2) V2G and EV aggregators: To accommodate a large
number of connected vehicles, aggregated models for cap-
turing the collective market behaviors of V2Gs and EVs are
proposed. Aggregated models are preferred for bidding as
only the system-level operating boundaries are required at the
bidding stage. In particular, the virtual energy storage (VES)
models developed in our previous work [25] are leveraged to
characterize the aggregated charging and discharging flexibil-
ity of V2Gs and EVs. For V2Gs, the proposed VES model
describing the feasible aggregated charging and discharging
region is

0< P;/ZG,agg,ch < PfV2G,agg,ch,max7
0 SP;/ZG,agg.dis < P;/ZG,aggA,dis,max’

2G 2G 2G,agg,ch pyP0eeds
V2G,a, V2G,a V2G,agg,cl T
L‘L’ ) gg:L‘rfl ) gg+(P ,agg ch

A n )At,

ndis
LXZG’agg’mm SLXZG’agg < L}QG’agg’maX Vrelt,t+Ar)eT.
where PtVZG‘agg,ch/dis,max and Lt\/ZG,agg,min/maX are aggregat(ezé
maximum charging/discharging power and the lower/upper
bounds of accumulative net charging energy of the V2Gs.
BVZG’agg’Ch/ s are scheduled aggregated charging/discharging
power to the V2Gs. L,VZG’agg denote the accumulative net

charging energy of the V2Gs up to time 7. /9 denote the



homogeneous charging/discharging efficiencies of V2Gs. It is
worth noting that the VES model (2) proposes a general ag-
gregated charging and discharging scheduling model for V2Gs
considering charging requirements and battery operating limits
C e . V2G,agg,ch/dis,max V2G,agg,min / max
of all individual V2Gs. P, and L,
can be viewed as time-dependent power and energy capacity of
the VES. They are model parameters and can be obtained from
the charging requirements and battery parameters of individual
V2Gs. The details to obtain the VES models for both EVs and
V2Gs can refer to our previous work [25].

While participating in electricity markets, the VES model
(2) should be adapted to incorporate the multi-time-scale
coordination across the electricity markets and the uncer-
tain charging requirements. Specifically,based on the VES
model (2), the market behaviors of a V2G aggregator in joint
energy and frequency markets can be modeled as

¢, V2G,agg,bid e, V2G,a,
P RS PO T e R, (3a)
Rr’tg’VZG,agg,UP7 P;ﬁetgﬁVZG,agg,dn >0, (3b)
reg,V2G,agg,u V2G,agg,dis,max e,V2G,a;
S — PO T, (3¢)
reg,V2G,agg,dn V2G,agg,ch,max e, V2G,a
P B <P e + P T, (3d)

V2G,agg e,V2G,agg reg,V2G,agg,up dis V2G,agg,min
LS.T*I _(PS-,T +Ps,l )AT/T] > L‘Y,T ) (36)

V2G,agg eg,V2G,agg,dn e,V2G,agg h V2G,agg,max
L o (P — P AT < LG , (3f)

VTet,t+At),teT.

where Py ;VzG’agg’bld and P; ’TVZG’agg denote the quantities that the

V2G aggregator bid to trade in day-ahead and real-time energy
markets for trading indices ¢ and 7. Since V2Gs are capable
of charging and discharging, the aggregator can bid to buy or
sell in energy markets as modeled in (3a). P;;g’VZG’agg’uP/ dn
denote the upward/downward frequency regulation capacity
available from the V2G aggregator, which are non-negative
as indicated in (3b). As a prosumer, the V2G aggregator can
provide upward frequency regulation either through decreas-
ing charging or increasing discharging, and vice verse for
downward regulation. The available upward and downward
regulation capacities are bounded by the remaining discharging
and charging power capacity of the aggregator accounting for
real-time energy market schedules as modeled in (3¢c) and (3d).
They are also constrained by the energy state and capacity of
the V2G aggregator at the beginning of each trading instance.
Specifically, the remaining dispatchable energy should be
sufficient to support both upward frequency regulation and
real-time energy market schedule for each trading interval
as modeled in (3e). For downward frequency regulation, it
requires that the remaining energy capacity is enough to ac-
commodate the charging requirement of frequency regulation
and real-time energy market transaction as modeled in (3f).
EVs can be viewed as a special case of V2Gs that are only
allowed to get charged when connected. Therefore, similar
VES model can be obtained for capturing the aggregated
charging flexibility of EVs given their charging requirements.
This can be achieved by directly setting the maximum max-
imum discharging power PTV 2Gagedismax 1 pe zero with the
VES model (2). Accordingly, the model for characterizing the

market behaviors of EV aggregator can be directly adapted
from the model (3) for V2Gs, and we have

R:;Ev,agg,bid’ngV,agg < 07 (4a)
PSr;g,EV7agg,up7Psr;g,EV,agg,dn > O, (4b)
Psr;g7EV7agg,ur> < P;-,TEV@gg’ (4c)
Psrsg,EV,agg,dn . P:fVagg < Pfy,agg,ch,max’ (4d)
L]sa,\r/—ﬁgg* ( P;,TEVﬂgg + R:;g7EV7agg,up) AT > LISEA’;’-,agg-,mi{ (de)

EV,agg reg,.EV,agg.dn e EV,agg h EV,agg,max
Lo Py —Pr N TAT< Ly C

VT e t,t+At),t €T.

where the above model is directly adapted from (3) with the
maximum charging/discharging power setting to be zero. The
notations are directly adapted from that of the V2G aggregator.
One slight difference is that the EV aggregator is a pure
energy consumer and can only bid to buy in energy markets
as modeled in (4a). Besides, it is worthy noting that the
EV aggregator can only provide frequency regulation through
increasing or decreasing charging power.

3) VPP operator: On behalf of the charging station, the
VPP operator bids in the joint energy and fre%uency markets.
The bidding quantities are defined as P;;VPP’bl ,t €T for day-
ahead energy market, Pf ’TVPPA‘ € [t,t+Ar),t € T for real-
time energy market, Rf;g’VPP’uP,P;e,g’vpp’dn,t € T for frequency
market. These bidding quantities are aggregated from the
flexible resources of the charging station and we thus have
the consistency constraints:

e,VPPbid __ pe PV, bid ¢,EV,agg bid ¢,V2G,agg,bid
Py =F; TRy + P ;
e,VPP _ e PV ¢,EV,agg e,V2G,agg
Fir =P +Fh: +Fx ;

reg, VPP.up _ preg,PV,up reg,EV,agg,up reg,V2G,agg,up
Py =P ARy + Py . O

reg, VPP, dn _ preg,PV,dn reg, EV agg,dn eg,V2G,agg,dn
Py =P TP +P ,

VT et t+Ar),teT.

Market rules: Many electricity markets impose limits on
the deviation of day-ahead commitments and real-time trans-
action for stabilizing market prices. This can be captured by
the following constraints:

e,dev,max ¢, VPP ¢, VPP bid e,dev,max
—P <P,: —F; <P )

Vtelt,t+Ar), teT. ©
where P®4eVmax denotes the maximum allowable deviation of
day-ahead and real-time energy market bidding and is typically
a fixed proportion of day-ahead bidding (e.g., 40%).

In addition, many frequency market only accept symmetric
frequency regulation bids to ensure balanced upward and
downward frequency regulation capabilities. In such context,
the frequency regulation bid P "¢ is determined by

VPP ,bid ,VPP,
O'SPsrig, ;01 < Psr.ig’ ,UP’
reg, VPP, bid reg, VPP.dn
0.5pSEVPPbid < pre VPR )

R:sg,VPP,bld > O,VI cT.

Market Revenues: For joint energy and frequency mar-
ket participation, the market revenue consists of energy and
frequency market revenues. Energy market revenue is further
can be divided into day-ahead energy market revenue W;,’da,



real-time energy market revenue Wf;rt and bidding deviation

e,penalty

penalty cost W} , which are settled by

eda ¢ e, VPP bid
Ws,l - ms,t 'Ps,t - At
eIt e,rt ¢, VPP e, VPP.bid
Weim = Zre[z,r+A;) Myt (P\ v B ) ‘AT (®)

e,penalty e et e, VPP ¢, VPP bid
W Zre[r H—At)n. R ’PT P&t | ‘At

It .
where mg,, m?i are day-ahead and real-time energy mar-

ket clearing prices. ¢ € [0,1] is a penalty factor imposing
on the deviations of day-ahead commitments and real-time
transactions, which is adopted by many electricity markets to
incentive day-ahead energy scheduling. Both day-ahead and
real-time energy market revenues are settled by the market
clearing prices and trading quantities.

The frequency market revenue consists of capacity revenue

! £ .
W, 8P and performance revenue Wreg P which are
reg,cap __ reg,cap preg,VPP bid perf
Wi =mg - By, KA )
reg,perf _  reg,perf preg,VPP,bid perf
Ws,t =My ' Ps,t ‘R- Kt - At
f . .
where mreg o reg’per are capacity and performance prices of

frequency market. R denote the mileage ratio of the regulation
signal, capturing the temporal variability. K" ° is the perfor-
mance factor indicating a market player’s average performance
of following dynamic frequency regulation signals.

Step-wise Bidding Strategies: To hedge against the impacts
of uncertainties on bidding performance, step-wise bidding
curves formed by a number of bidding quantity-price pairs
for each trading interval are optimized. It is worth noting that
both single bidding quantities and flexible step-wise bidding
curves are allowed by many electricity markets. According
to [13, 14], the step-wise bidding curves should satisfy three
structural properties: 1) monotonicity: For each trading inter-
val, the bidding quantity is non-decreasing w.r.t. market price
for selling and non-increasing for buying; 2) nonanticipativity:
for each trading interval, the bidding quantity should be
identical for the scenarios with same market clearing prices;
and 3) segment limits: the maximum number of bidding
quantity-price pairs allowed by market operator is limited. The
following model is used to characterize the properties of step-
wise bidding curves for energy and frequency markets.

Day-ahead energy market buying curve

0" = AQL", Vs 05, = 0P,
0o = O + A", V.S,
VOS5, =05, +1A1 <05, <O7™.
Q?:?u = Q?I;ua Vs #s' 1 m?,t = m:’,t
AQM Y < AQS < AQTH Y Vs,
ebu c {0 1} Vs, ZS Y:;bu SNe,bu'

(10)

Day-ahead energy and frequency market selling curve
e/reg se _ AQe/reg Se e Oe/(reg,cap) —1.
e/reg se _ Qe/reg se AQe/reg,se’ Vs, Sl
v Oe/reg reg,cap),max

e/reg se

Ot L 1N1<0y, <0/
f,/;eg’se, Vs £t mg, =
AQmm.Ye/reg,se<AQe/reg,se<AQmax.Ye/reg7se Vs.
Ye/reg se o {0,1},Vs. Z Ye/rcg se Ne/reg se

where to enforce the monotonicity, the market prices for
each trading intervals of all scenarios are first sorted in non-
decreasing manner and indexed by 0%, € {1,2,---,0{"™"}

for energy market and Of; " € {1, 2 Oreg o max} for

frequency market. AQST", AQ? ¢ and AQreg se are increments

imposed to ensure monotonicity of the step-wise bidding
curves. The maximum segments of step-wise bidding curves
are set as N®®', N®%¢ and N'™%¢ respectively. The segment
limits of bidding curves are achieved by limiting the number
of binary decision variables Y;;bu, Y and Y,*™ to be active.
AQ™M and AQ™* are minimum and maximum increments for
the step-wise bidding curves. The step-wise bidding curves
can expressed by the beakpoints: B = {(Qf}’ tmS )|V A
Kb B (G A K = 1) and B =
(o= mfomps i1,

4) Scenarlo based stochastic programming (SP): Overall,
the optimal bidding of charging station in joint energy and
frequency markets corresponds to the scenario-based SP:

e,da e,rt e,penalty
max W =max Z Ps{ Z (Ws,t +Wor — Wi )
= teT '

me/reg (11)

+ (VVSr;g,cap + Wsr:gperf) } (SP)

(1),(3),(4),(5),(6),(10),(11), VseS.

where X denotes the bidding strategy.

For problem (SP), a large number of scenarios is often
required to fully characterize the multiple uncertainties. How-
ever, the computation burden grows rapidly with the number of
scenarios. Scenario reduction or selection methods have been
recognized as effective means to address the computational
challenge. Nevertheless, most existing scenario reduction or
selection methods focus on obtaining scenario subsets with
minimal probability distance that share close statistical charac-
teristics (i.e., mean and variance) to initial scenario set. These
methods do not take into account the downstream SP and often
lead to deficient bidding performance.

III. PROBLEM-DRIVEN SCENARIO REDUCTION

To address the limitations, this paper proposes a problem-
driven scenario reduction method for the optimal bidding
of the charging station under uncertainty. The target is to
select scenario subsets for the scenario-based (SP) to ob-
tain bidding strategies with improved market performance
while addressing the computational complexity. This method
is in contrast to conventional scenario reduction methods
and directly incorporate the downstream bidding optimization
problem into scenario reduction The method consists of two



main procedures: problem-driven scenario representation and
representation-based scenario reduction.

A. Problem-driven scenario representation

To begin with, we first investigate all the uncertain variables
related to the optimal bidding of charging station. Specifically,
for the scenario-based (SP), each scenario & is formed by
market clearing price, solar generation, and vehicle charging
and discharging flexibility, which can be expressed as

R e C,l‘t reg,cap reg,perf PV PV
&i -—{mi,rvmi,r oMy My N STARY A

Market clearing prices PV generation

V2G,agg,ch,max pV2G,agg,dis,max y V2G,agg,min ; V2G,agg,max
Pi,r 7Pi,r Li,‘r 7Li,r ’

Aggregated V2G charging flexibility

PEV@gg,Ch.max LEV,agg,mm LEV,agg,max },VT c [Z,I—FAI),Z‘ cT.

i,T »HiT it

Aggregated EV charging flexibility
(12)

Each scenario corresponds to a high-dimensional matrix, i.e.,
Ee R13%Tx where 13 and T; are the total number of uncertain
variables and daily real-time trading intervals. The scenario
in (12) encapsulates all uncertainties that affect the scenario-
based (SP) for the optimal bidding of charging station in joint
energy and frequency markets.

To enable problem-driven scenario reduction, we move
beyond traditional similarity measures defined in the original
uncertainty space. Instead, we evaluate scenarios by their
induced market outcomes. Specifically, for each scenario &;,
we solve the single scenario-based (SP):

X; = argm)?xVPP(X, &), Vies,

13
Wi = m}?xVPP(X,é,-), Vie s, (13)

where VPP(X,&;) denotes the scenario-based (SP) for the
single scenario &. X; and W;; denotes the obtained optimal
bidding strategy and bidding outcome. Notably, for the single-
scenario scenario-based (SP), the step-wise bidding constraints
(10)—(11) that involves a large number of binary variables and
mixed-integer constraints can be omitted without affecting the
optimal solutions. Because of that, the single-scenario (SP)
are computationally efficient and will not contribute much
computational burden to the proposed problem-driven scenario
reduction method.

Once the bidding strategy X; for scenario & is obtained,
its behaviors (i.e., market performance) on any other scenario
&j,j €S can be evaluated by

‘/V,'j = VPP(X,‘, éj), Vies. (14)

Accordingly, the behaviors of bidding strategy X; on all
involved scenarios & can be collectively captured by the
following market performance vector:

Ef=Wi, W, Wis], Vi€Ss. (15)
The vector &f serves as a problem-aware representation of
scenario &;, as it captures how the strategy derived from &;
performs across all scenarios.

For two scenarios & and &;, if their corresponding perfor-
mance vectors &f and éf are close, it implies that the optimal

bidding strategies X; and X; exhibit similar behaviors across
the entire scenario set. Therefore, & and &; can be regarded
as equivalent in terms of their impact on the decision-making
problem (SP). Based on this insight, we propose to perform
scenario reduction in the space of market performance vectors
{&f }ics rather than in the original uncertainty space defined
in (12). This enables the selection of representative scenarios
that preserve decision-relevant characteristics, leading to more
effective and economically meaningful scenario reduction.

It is worth noting that the problem-aware scenario represen-
tations £ = {&f,&5,--, &S} are only used to determine the
indices of selected scenarios. Once the indices are determined,
the corresponding original scenarios in & will input to problem
scenario-based (SP) to obtain the step-wise bidding strategies.

B. Representation-based scenario reduction

Similar to conventional scenario reduction, a metric to
quantify the distance between the original and the reduced
scenario set is required for the problem-driven scenario re-
duction. In this study, the widely used Wasserstein distance
is adopted to evaluate the distance between problem-aware
scenario representation £¢ and {¢. This corresponds to solving
the following transport problem:

Dist(§,{) =min}_, .dijm;
s.t. Zj Tij = Pi, Zi mj=qj, ;=0

where d;; = d(&f, {f) represents a distance metric used to eval-
uate the similarity of scenario &£ and CJC From the perspective
of transport, d = [d;;] and 7 = [m;;] denote the distance and
transport matrix. More specifically, 7;; denotes the probability
of transporting from scenario £f to scenario Cj‘ and d;; is
the distance. The interpretation of Wasserstein distance is
to measure the minimum transport cost of transferring from
scenario set £¢ to scenario set {€.

When the two scenario sets £° and (¢ are given, their
Wasserstein distance can be obtained by solving the transport
problem (16). However, in the context of scenario reduction,
the reduced scenario set (¢ is unknown and needs to be
determined. We therefore formulated the scenario reduction
problem as

(16)

(“=arg min Zdij T (SR)

¢rcet m=(my] i
S.t. Zj Tij = Di, VieS
ﬂijZO, VieS, jeN.

where S and N represents the indices of original and reduced
scenarios. For Problem (SR), both the reduced scenario set
¢¢ and the transport matrix 7 = [r;;] are decision variables,
which is essentially a combinatorial optimization problem.
A common solution method is to introduce binary variables
to indicate whether each original scenario is selected and
included in the reduced set. This method is suitable for cases
with a moderate size of original set. While this method is
effective for problems with moderate size of original scenario
set, it becomes computationally intractable for large-scale
scenario sets due to the exponential growth of the search space.



To address this issue, an effective strategy is to relax
the combinatorial constraints ¢ C £ and reformulate the
problem as a scenario generation task. This relaxation trans-
forms the original combinatorial problem into a continuous
optimization problem and enables the use of gradient-based
methods. Moreover, a recent work [26] shows that the transport
matrix 7 = [m;;] is often sparse, low-rank and non-smooth,
which affects the effectiveness of gradient-based methods to
approach the optimal solutions. An information entropy term
for regulating the smoothness of transport matrix can be
introduced to effectively improve the performance of gradient-
based methods. This idea is adopted in this paper and we have
the following regularized scenario reduction problem:

¢ =arg, mm Z d;jm;j—eH(m) (reg-SR)
¢ w=(m;j]

Zjn,-jzpl-, Vies. (17a)

m; >0, VieS, jeN. (17b)

where H(7r) denotes the entropy of transport matrix 7 = [7;;]
and is defined as

H(m) =Y, mjlog(1/m;) =~} .mlog(m;)

Note that a higher information entropy means a smoother
transport matrix 7 = [7;;] and vice versa. € > 0 is a non-
negative regularizer for trading off the Wasserstein distance
and information entropy term. The objective of Problem
(reg-SR) is to identify a scenario set (¢ and an associ-
ated transport matrix 7 = [m;;] such that the distributional
discrepancy with respect to the original scenario set £° is
minimized, while ensuring sufficient smoothness of transport
matrix 7 = [m;;] to facilitate effective optimization.
According to [26], another benefit of the information en-
tropy term is that it enables a convex optimization problem
and Problem (reg-SR) can be converted into an unconstrained
optimization problem based on strong duality theorem. Specif-
ically, by relaxing (17a), we have the Lagrangian function:

L(>\7CC,7T)=Zi_yjdij7Tij —eH(m)+) li(zj mij—pi) (19)

where X = [A1, A2, ,As| are Lagrangian multipliers associ-
ated with the constraints Y ; 7;; = p;, Vi € S.
The optimal Karush—Kuhn—Tucker (KKT) conditions are

(18)

8L/<97r,~j:dij+elog7r,~j+l,~:O, (20a)
IL/CE =Y. 0 (dijmj)/9C5 =0 (20b)
IL/IA; = Z,- mj—pi=0, VieS,jeN. (20c)

According to (20a), the optimal solution ({“*,7*, A*) of

Problem (reg-SR) satisfies

—df. =L A dr
T ;=exp (ljsl> =exp(— ?’) exp (—:) = u;kj,

where we define u; = exp(—A;/€) and kj; = exp(—d;j- /€).
Further, substituting (21) into (20c) yields

ey

u Y k= pi—ui = pi/Y, exp(~dj/e).  (22)
Substituting (22) into (21), we have:
e s exp(—dj;/€)
T =uiki; = pi- (23)

Ljexp(—dj;/€)’

where it is worth noting that we directly have 7; € (0, 1),
satisfying the non-negative property of transport matrlx That
is why we dot not need to relax the constraints (17b) in (19).
With the analytical solution (23), Problem (reg-SR) can be
converted into an unconstrained optimization problem:
¢¢* = argmin (

mir dl*]ﬂlj +82 1ilog(m, )

where 71:3 is uniquely determined by dfj as shown in (23) and
¢* is thus the only decision variable to be optimized.

Gradient-based methods can be directly applied to solve the
Problem (24). Generally, we first initialize the scenario set *
to be a matrix, we then update “* by a gradient-based method
in an iterative manner. At each iteration, the distance matrix
is first evaluated by d;; = d(&f Q’]C*) and the transport matrix
m* = [rj;] is then calculated by (23).

By leveraging the automatic differentiation framework pro-
vided by neural network libraries, the optimization problem is
solved via backpropagation implemented in PyTorch. Specif-
ically, a neural network is constructed in which the reduced
scenario set (“* is treated as a set of trainable parameters and
is iteratively updated to minimize the training loss:

Lios = ), dijm; + €)Y, .M log (25)

The above approach generates a set of scenarios from the
original one. The next step is to map each scenario in *
to that in the original scenario set £¢. This can be achieved
by selecting the closest scenario in the original scenario set.
Formally, for each " € “*, the closest scenario 5; €& is

¢ =arg min d({$", C5),
G —are i (4.5

(24)

VjEN. (26)
We therefore obtain a scenario subset ¢¢ = [{f, (5, -+, C]

of original scenario set £¢. Further, the associated probability

distribution Q = [¢1,¢2,--..,qn] can be obtained by

qj = ZiGiji’
Cj= {i € |j = argmingc e d(&, (;j)} JEN.

where C; C S denotes the indices of scenarios in the original
set that are closest to the reduced scenario Cf It is straightfor-
ward that }3;q; =1 given }; p; = 1. The overall architecture
of the proposed problem-driven scenario reduction method for

VPP bidding are summarized in Fig. 2.
IV. CASE STUDIES

27)

This section evaluates the performance of charging station
participating in electricity markets based on the proposed
bidding model and problem-driven scenario reduction method.
Particularly, we consider a solar-integrated charging station
with both EVs and V2Gs jointly participating in energy and
frequency markets. For scenario reduction, we comparatively
investigate the following methods:

« Random scenario reduction: Scenario subsets of size
N are randomly sampled from the original one & =
{&1,&,---,&s}. To account for sampling variability, 60
subsets are sampled.

« Data-based scenario reduction: The original scenario
set&=1{&1,&, -+, &} is directly used for scenario reduc-
tion, corresponding to conventional scenario reduction.
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Fig. 2. Problem-driven scenario reduction for VPP bidding.
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This is implemented by directly replacing £ by & with
the proposed scenario reduction method.

« Problem-driven scenario reduction: Selecting scenar-
ios by the problem-ware scenario representation £° =
{&,&5,---, &S} instead of the original scenario set, cor-
responding to the proposed problem-driven scenario re-
duction method.

A. Datasets and configuration

Case studies are conducted based on real world datasets.

1) Solar Power: The solar power generation is adopted
from the historical observations of two solar power plants in
India with a temporal resolution of 15 seconds and spanning
from 2020/5/15 to 2020/6/17 [27].

2) Electric Vehicles: The uni-directional EV and bi-
directional V2G charging demand is obtained from an open
EV charging dataset comprising 2,337 EV users, 2,119 charg-
ing stations, and 72,856 charging sessions from 2021/9/30 to
2022/9/30 [28]. Each charging session includes arrival time,
departure time, parking duration and charging demand, which
can be directly used to obtain the aggregated bidding models
according to our previous work [25].

3) Market Prices: The PIM electricity market in US is con-
sidered in this paper. Historical prices are directly downloaded
from its official website [29], including day-ahead and real-
time energy market prices, as well as frequency capacity and
performance prices. The price data covers approximately 3
months (90 days) and consists of two non-consecutive periods
(2023/12/8-2024/1/15 and 2024/2/11-2024/4/1).

We resample and align the datasets to a unified temporal
resolution (5 mins) and length (90 days). We then divide the
datasets by a ratio of 7:2, where 70 days of data are used to
obtain the optimal bidding strategies based on the scenario-
based SP approach and the other 20 days are used for testing
the market performance of bidding strategies. The testing
corresponds to market clearing process. More specifically, the
quantities for each trading interval is determined by comparing
the realized market clearing price and the obtained step-
wise bidding curves. The maximum daily number of parked
vehicles at the station is 317. We set the maximum number of
allowable quantify-price pairs of step-wise bidding curves for
both energy and frequency markets as 15. Euclidean distance
is used as the distance metric of scenarios.

B. Computational Complexity

Before performing scenario reduction, we first investigate
how the number of scenarios used for the scenario-based (SP)
affects both the computation time and market performance of
resulting bidding strategies for the charging station. We ran-
domly sample scenario subsets from the original one (S = 70)
of sizes ranging from 5 to 30 with a stepsize of 5. For each
scenario subset size, 10 independent subsets are sampled and
each of them is used in the scenario-based (SP) to obtain
the bidding strategies which are then tested on the 20-day
dataset. The average solving time and the resulting market
payment (i.e., negative revenue) of different scenario sizes are
reported in TABLE 1. The performance gap is evaluated by the
average market payment based on the results of scenario size
30. We first observe that as the scenario size increases, the
market payment consistently decreases across the cases. This
implies that an increasing number of scenarios for uncertainty
representation generally leads to improved bidding strategies.
However, the improvements are achieved at the cost of a
rapidly increasing computational burden as reflected by the
solving time. Besides, from the results, we find that the
performance gap for the scenario sizes 10-20 is less 7% and the
solving time is approximately within 10 mins, which provide
a favorable trade-off between the market performance and the
computation efficiency. We therefore set the reduced scenario
size as N = 10 and N =20 for the following case studies.

TABLE I

COMPUTATIONAL COMPLEXITY AND MARKET PERFORMANCE OF BIDDING
STRATEGIES WITH DIFFERENT SCENARIO SIZES.

Scenario Size 5 10 15 20 25 30

Solving Time [s] 397 5136 163.04 35242 609.00 1193
Market payment [$] 814.08 663.83 657.27 652.14 620.50 619.41
Perf. Gap [%] 314 7.2 6.1 52 0.2 -

C. Market performance

This section evaluates the market performance of obtained
bidding strategies for the charging station. We consider case



TABLE I
MARKET PERFORMANCE OF CHARGING STATION BIDDING IN ELECTRICITY MARKETS USING DIFFERENT SCENARIO REDUCTION METHODS

Average daily market payment [$]

Improvement [%]

Scenarios size  Case Vehicles Markets
Problem-driven  Data-based Random  Problem-Data  Problem—Random
Case 1 EVs Energy 594.52 667.85 640.20 10.98 7.14
Case 2 V2Gs Energy 638.50 666.95 678.63 4.26 591
N=10 Case 3 EVs + V2Gs  Energy 1221.73 1320.84  1303.50 7.50 6.27
Case 4 EVs Energy + Freq 312.11 398.51 378.97 21.68 17.64
Case 5 V2Gs Energy + Freq 291.34 353.50 341.79 17.59 14.80
Case 6 EVs + V2Gs  Energy + Freq 663.83 763.90 733.04 13.10 9.44
Case 7 EVs Energy 572.46 661.16 646.23 13.40 11.43
Case 8 V2Gs Energy 602.24 696.03 686.41 13.48 12.25
N =20 Case 9 EVs + V2Gs  Energy 1207.73 1268.44  1290.83 4.79 6.44
Case 10 EVs Energy + Freq 311.07 383.51 373.82 18.90 16.79
Case 11 V2Gs Energy + Freq 272.68 351.19 336.82 22.36 19.05
Case 12 EVs + V2Gs  Energy + Freq 631.31 715.50 689.47 11.77 8.44

studies where the charging station participates in either energy
market or the joint energy and frequency markets. Besides, we
consider the charging station involving EVs, V2Gs or their
both in the case studies. Three scenario reduction methods
(i.e., Problem-driven, Data-based, Random) are used to
obtain scenario subsets of size 10 and 20 for the scenario-
based (SP). For each case, we first obtain a reduced scenario
set, which is then used for the scenario-based (SP) to obtain
the bidding strategy. The market performance of the bidding
strategies are evaluated on the 20-day dataset by executing the
market clearing process. For the random scenario reduction,
60 scenario subsets are sampled to account for the sampling
variability and each of them is used for computing bidding
strategies. Since the charging station is an energy consumer,
we use market payment (negative revenue) as performance
metric. The average daily market payment of the charging
station for each case is evaluated. The results of all case studies
are reported in TABLE II.

The results show that the proposed problem-driven sce-
nario reduction method consistently outperforms the other two
approaches across all case studies. Specifically, it provides
approximately 10-20% market performance improvement over
the data-based and random scenario reduction methods for
most case studies. This demonstrates that by incorporating
downstream scenario-based (SP) into scenario reduction, the
problem-driven scenario reduction method is able to improve
the bidding strategies. Further, by comparing the results of
scenario size 10 and 20, we conclude that the increased
number of scenarios leads to improved bidding strategies as
indicated by Case 1-6 and Case 7-12. This is consistent with
the results presented in TABLE I. This is reasonable as a larger
number of scenarios can generally better capture the multiple
uncertainties. However, the improvements will be achieved at
the cost of increasing computational burden as indicated in
TABLE 1. Besides, the results show that the joint energy and
frequency market participation can significantly enhance the
market revenue of the charging station. Specifically, by in-
specting the results with the proposed problem-driven method,
we find that the market payment is reduced by over 45% for
all case studies.

The improved market performance of proposed problem-
driven scenario method can be further perceived from the

distributions of daily market payment shown in Fig.4. The
first 10 days of daily market payment under the different
scenario reduction methods are presented. The transparent bars
above and below the X-axis indicate energy market payment
and frequency market payment (i.e., revenue), respectively.
The shaded bars indicate the overall market payment. For the
random scenario reduction method, the daily market payment
is averaged across the 60 scenario subsets for each day.
The results show that the problem-driven scenario-reduction
method yields reduced market payment for almost all days.
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Fig. 4. Distributions of daily market payment of charging station for Case 6

D. Step-wise bidding strategies

This section investigates the bidding strategies obtained
from the scenario-based SP. Particularly, this paper considers
constructing step-wise bidding strategies to hedge against the
effects of the multiple uncertainties. This section evaluates
whether the three properties (i.e., monotonicity, nonantici-
pativity, and segment limits) are provided by the obtained
bidding strategies.

We use Case 6 as an example where the charging station
involves both EVs and V2Gs participating in the joint en-
ergy and frequency markets. The obtained step-wise bidding
strategies for day-ahead energy and frequency markets across
all trading intervals are presented in Fig. 5. The results show
that the bidding strategy for each trading interval is composed
of different number of stair-wise segments, which is to our
expectation. However, for most trading intervals the number
of segments is much smaller than the maximum allowable
limits 15. This is mainly because for such trading intervals
the bidding outcome is not sensitive to the market clearing
prices. Besides, it is obvious that all the step-wise bidding



curves satisfy the monotonicity and segment limits proper-
ties. Specifically, all buying curves satisfy the non-increasing
properties w.r.t the market price and vice versa with all selling
curves. It is worth noting that the nonanticipativity is hard to
identify visually and thus not discussed here.

In addition, we find that for most trading intervals, the
charging station bids to buy instead of sell in day-ahead energy
market. This is because the on-site solar generation is not
sufficient to satisfy the charging demand and the station acts
as an energy consumer in the market. However, for frequency
markets, the charging station bids to sell capacity for almost all
trading intervals. This is reasonable as there exist substantial
flexibility both from the charging demand and the energy
storage capacity of V2Gs can be utilized to gain profit from
the frequency market.

«  Energy Market Buy Curve
«  Energy Market Sell Curve
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Fig. 5. Step-wise bidding curves of charging station for Case 6.

E. Intuition of problem-driven scenario reduction

In this section, we try to give some intuitive insight on the
rationale of the problem-driven scenario reduction considering
the difficulty to conduct theoretical analysis.

To achieve the objective, we randomly sample a scenario
subset of size 20 from the original one (S = 70). We then
evaluate their pairwise similarity of the scenario subset by the
Gaussian similarity measure:

Sij = exp(—d};/(267)),Vi,j €N (28)

where N denotes the indices of selected scenarios.

Particularly, for each pair of scenarios, both the original
scenario representation (i.e., {;, {;) and the problem-aware rep-
resentation (i.e., {f, CJC) are used for evaluating the Gaussian
similarity, respectively. This actually can reveal the difference
of data-based and problem-driven scenario reduction methods.

Based on the obtained results, we visualize the pair-wise
similarity of the scenario subset in heat map in Fig. 6. Each
square of the heat map is used to represent the similarity
of a pair of scenarios, where a darker color indicates higher
similarity. The white square A and B is a local zooming of
pair-wise similarity for scenario 12,13, 14.

It can be observed from the results that the similarities of
data-based scenario representation are highly diverse and we
do not observe obvious patterns across the scenarios. This
is mainly caused by the multiple uncertainties. Whereas for
problem-driven scenario representation, many of the scenarios
show high similarities. From the results, we find that the
distribution of pair-wise scenarios are quite different between
the data-based and problem-driven methods. More specifically,
the pair-wise scenario similarities of data-based method are
highly diverse and no obvious patterns are observed. However,
the problem-driven method lead to much structured distribu-
tions of the pair-wise scenario similarities. This is because
the optimal bidding strategies of charging station are affected
by the multiple uncertainties (i.e., solar generation, vehicle
charging flexibility, and the market clearing prices). They have
collective impacts on the resulting bidding strategies. As a
result, though the scenarios formed by the multiple uncertain
variables as expressed in (12) varies, they may lead to similar
solution of the downstream scenario-based (SP). That is why
we observe block-wise high similarity (i.e., close to 100) from
the results of the problem-driven method. This above results
provide an intuitive explanation for the effectiveness of the
proposed problem-driven scenario reduction method for the
optimal bidding of charging station in electricity market.

(a) Data-based similarity (b) Problem-driven similarity
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Fig. 6. Pair-wise similarity of scenarios with data-based and problem-driven
scenario reduction

V. CONCLUSION

This paper investigated the optimal bidding of a solar-
integrated charging station in joint energy and frequency
market under uncertainty. A multi-time-scale aggregated bid-
ding model that accounts for the temporal and hierarchical
couplings of joint market participation and the large num-
ber of vehicles was established. Step-wise bidding curves
to hedge against the multiple uncertainties were optimized
based on scenario-based stochastic programming (SP). To
address the computational challenge associated with scenarios
used for capturing the multiple uncertainties, we proposed
a problem-driven scenario reduction method to guide the
informed scenario selection for the downstream bidding op-
timization problem. Case studies based on real-world datasets
demonstrated the proposed scenario reduction method can
improve the market performance of the charging station by
approximately 10-20% compared with conventional scenario
reduction methods. Besides, the results indicated that the joint
energy and frequency market participation can significantly
improve the economic benefit of the charging station (i.e.,



over 45%) compared with pure energy market participation.
Some intuitive insights regarding the problem-driven scenario
reduction method were illustrated. The results implied that the
proposed problem-driven method is able to capture the collec-
tive impacts of the multiple uncertainties on the downstream
bidding problem and thus improve the bidding strategies,
which are not provided by the conventional scenario reduction
method.
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