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Abstract—Energy storage (ES) is vital in electricity markets
and its operation is currently forced on single market service.
However, ES could get more profits by participating in multiple
market services. Thus, the potential of ES is undervalued, and
ES cannot get sufficient incentives. In addition, the benefits and
risks vary significantly over different markets, which causes
severe challenges for ES to manage its capacity optimally over
its daily cycle. Portfolio Theory, an optimal trading tool to
maximise expected return while minimising corresponding risk, is
introduced to quantify the ES capacity allocation over multiple
markets. This paper models expected returns and risks of ES
over the energy arbitrage market, enhanced frequency response
market, and distribution network operator’s (DNO’s) market.
Corresponding to risk over markets, risk aversion level of the
storage is evaluated based on the Cumulative Prospect Theory,
which is depicted as its indifference curve. The optimum portfolio
is calculated by the intersection between the efficient frontier and
indifference curve. Then, the ES operation strategy is designed
via Robust Optimisation to ensure maximum profit under market
price signals uncertainty. Results show the proposed method
models risk aversion level of ES more accurately. It also provides
an efficient capacity sharing model and daily operation model for
ES participating in multiple market services to gain maximum
economic return at minimum risk under uncertainty.

Index Terms—Cumulative prospect theory, electricity market,
energy storage, portfolio theory, risk aversion.

I. INTRODUCTION

NDER rollout of a smart and flexible energy system [1],

energy storage (ES) capacity is increasing significantly,
which required 100 GW by 2020 and 200 GW by 2050 in
Western Europe [2]. Although ES is flexible in markets by
providing multi-services, it is difficult to allocate ES capacity
optimally over markets to increase its profits considering
market risks. Currently, the majority of research about ES
operation focuses on performance and operational strategies
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in a single market [3]-[5], which undervalues ES providing
multiple services in electricity systems.

Although some research is starting to explore ES oper-
ation in joint markets to increase its profits [6]—[8], it is
incomplete without considering risks over markets. Impact
of operational policies are evaluated over different services
considering degradation and lifespan of ES [6]. A multi-period
model and bidding mechanism are applied to operate ES
optimally over markets with high renewable penetration [7],
[8]. Although ES is applied to maximise profit among energy
markets, distribution network operator’s (DNQO’s) markets and
balancing markets in [9], risks and uncertainties in these
markets are ignored.

With profit increased by participating in multiple markets,
ES also should suffer the risk and uncertainty of market prices,
simultaneously [10]. There are two key risks for ES in markets,
which are 1) operational risk [11] from unpredictable load
and ES owners and 2) market risk from commodity price
change [12]. In the electricity market, energy price is the
key element causing risks for ES due to highly volatility.
ES will fail in bidding in markets resulting from these risks.
Thus, benefits and risks over markets are significant for ES.
Market prices risk are considered with tolerance and prediction
error in the operation scheduling method in [13]. Considering
uncertainties in forecasting, references [14] and [15] use prob-
ability functions and Stackelberg Game theory to schedule ES.
However, uncertainty of market prices and the risk aversion
level of the ES are not appropriately modeled.

To determine a portfolio of ES based on risk and expected
return over multiple markets, several economic models can
be implied, such as the index model, arbitrage pricing theory,
capital asset pricing model and portfolio theory. Single-index
model is applied to qualify risk and the combined effects in
farm planning [16]. But it ignores certain factors, which are not
accurate to evaluate its outcome. To determine the portfolio,
arbitrage pricing theory is applied with return for considering
securities and interaction of market factors in [17]. However,
it assumes all players to pursue the maximum arbitrage, which
ignores economic frictions. Reference [18] discusses a capital
asset pricing model with strict assumptions, which assume the
mean-covariance matrix is available for all players. Optimal
capacity share is determined by portfolio theory based on risk
and expected return of ES. But it ignores capacity correlation
in a time series over operation cycle [19].

Corresponding to risk in different markets, ES operators
allocate their capacity to markets via portfolio theory based on
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their risk aversion levels. Risk aversion level is a fundamental
parameter determining satisfaction or utility of the return
via the utility function [20]. By assuming utility of losses
equals that of gain, the Expected Utility Theory is wildly
applied. References [21], [22] apply this theory to consumer
engagement and financial transmission rights to maximise
the utility of customers. However, in practice, especially in
markets with uncertainty, losses are more sensitive to impact
indecision makings from the economic experiment. Thus,
Prospect Theory is introduced to assess asymmetric loss and
gain perspectives, which reflect different risk aversion levels.
Customer behaviour is analysed via prospect theory in reactive
power compensation [23] and rationality between voltage
and monetary payoffs [24]. However, due to violation of
first-order stochastic dominance, prospect theory is improved
to Cumulative Prospect Theory [25] by using a probability
weighting function derived from rank-dependent expected
utility theory. It is more accurate to reflect risk aversion levels
of different operators, which is used to solve risk decision-
making problems in emergency response [26].

Responding to these key issues for ES participating in dif-
ferent markets under uncertainty, to allocate ES capacity over
the energy arbitrage market, Enhanced Frequency Response
(EFR) market and DNO’s market, portfolio theory is applied.
Expected returns and risks of these markets are modeled based
on historical data of market prices. Returns in energy arbitrage
market is calculated according to energy buying and selling
prices. Price in the EFR market is modeled by composition of
available price and response price. Congestion cost is the key
driver resulting from system operation cost in DNO’s market
modeling. Based on risk in different markets, the risk aversion
degree of the ES is derived from cumulative prospect theory,
which represents the indifference curve of the ES. Then,
capacity of ES over different markets is allocated by portfolio
theory to raise expected return and lower risk. The optimal
portfolio of ES at each time is determined by intersection
between the efficient frontier and indifference curve. Finally,
robust optimisation is proposed to get the optimum in the daily
ES operation cycle considering price signal uncertainty in over
markets.

This paper is the continuous work of the previous [19],
which determines capacity allocation of ES by portfolio theory
at a certain time. It cannot guarantee the highest return of
ES daily operation. This work integrates portfolio theory with
the ES operation strategy by considering the state of charge
(SoC) constraint, which extrapolates application of portfolio
theory from a single time to the ES operation cycle with
time correlation. In addition, the risk aversion level of the
ES operators is captured by the cumulative prospect theory
and uncertainties of market prices are modeled by a robust
set to reduce its impact. Thus, this paper has three key
contributions. It i) evaluates risk aversion levels of different
ES operators by cumulative prospect theory, which provides a
more accurate model to describe economical behaviour of ES;
ii) extrapolates application of portfolio theory from a single
time to 24 hours considering SoC constraints; iii) it designs
a robust optimisation method for ES operators to ensure the
highest return in multiple markets with lowest risk during daily

operation under uncertainty of market prices.

The rest of the paper is organized as follows: Section II
introduces market models; Section III provides risk aversion
level modeling method for ES; Section IV identifies the
optimal portfolio by portfolio theory; Section V designs daily
robust operation for ES; Section VI demonstrates the proposed
method and Section VII concludes the paper.

II. MODELS FOR DIFFERENT ELECTRICITY MARKETS

As a price taker, a third-party owned ES is flexible to
choose the markets in which to participate and allocate its
capacity over markets. This means the ES does not have the
responsibility to provide a certain service and its operation
should respond to market prices. Three markets are analysed
in this paper: the energy arbitrage market, the DNO’s market
and the EFR market in ancillary service.

In the energy arbitrage market, ES is charging and dis-
charging during low price periods and high price periods
respectively, which ensures expected profits of ES with a big
price difference [27], [28]. In the DNO’s market, benefit comes
from cost savings in investment, operation and maintenance
resulting from ES operation. Congestion cost reduction is set
in this work considering operation cost in the DNO’s market.
Distribution network investment could be avoided or deferred
by reducing peak power flow, which could be reduced via
ES operation during a high load period. In the UK, the EFR
market is designed explicitly for ES [29] if they meet the
technical requirements of the market. As part of ancillary
services in the current commercial frequency market, the
EFR market is open to ES above 1 MW with a competitive
tender process. It requests ES discharging from maximum
operational capacity to minimum operational capacity within
30 minutes [30].

Models of expected return and the risk for these three
markets are described in (1)—(2).
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where E;; is the expected return from electricity market,
By, Eyy, B3, are returns from energy arbitrage, DNO’s
market and EFR market, respectively. Correspondingly, o1,
09,4, 03, are risks over these three markets. E 4 is determined
by the difference between cost of energy buying (Poq ;) and
energy selling benefits (Peq ;). Corresponding risk (o) is
represented by standard deviation of the energy selling prices
at each time. I, is calculated from the difference between
energy buying cost (Po2 ;) and expected energy selling price
(Pea,). Corresponding risk is standard deviation of congestion
amount at each time in the DNO’s market. I3 ; is calculated
from the difference between EFR market profit (Pes ;) and
energy cost (Pos ;). Corresponding risk is standard deviation
of the EFR price at each time. Pe;; , is the possible accepted
price in X; number of historical prices in Pe;; in market ¢ at
time .
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Return is determined by congestion cost reduction due to ES
charging and discharging, which is zero in a non-congestion
system. Congestion cost of the system is shown in (3)—(5).

TC,
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N
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where C}; is cost of system congestion from branch [ in a
N branches system at settlement period ¢ [31], T;; is cost
of system congestion change due to ES operation at node ¢,
Pw;; is power flow without transmission constraints; Pn; ¢
is power flow with capacity constraints and 7'C}; is change of
total system energy cost, AP, ; is power flow change on branch
[ resulting from change of ES charging or discharging (APF; ;)
in node i, AC_PTDF;;; is AC Power Transfer Distribution
Factors for branch [ between node ¢ and j, T}, , represents
possible congestion cost among the n numbers of branches in
T;+ from congestion varying level at this time.

Payment structure of profit in the EFR market normally
consists of two fees: response energy fee for operation and
availability fee for reserving, substituted in (6). Availability or
holding fee (AF) is the available frequency response provider
for reserved capacity, given in £/hr in (7). It is a fixed price
based on Connection and Use of System Charges [32]. Re-
sponse energy fee is for operation, which is given to frequency
response providers in £/ MWh in (8). ES is capable of discharge
during low-frequency events and charge during high-frequency
events, delivering both responses based on state of charge.

AFt = (Lt + Ht) X OAt (7)
REt = CRt X R.Pt (8)

where L; is low-frequency £/MW rate and H,; is high-
frequency £/MW rate, C'A; is capability of response provider
for the time, which is normally in MW; RE; is Response
Energy Fee; C' R; expected response energy for the users. RP;
is reference price which is determined by market index, events
number, market index volume and events index.

III. ENERGY STORAGE RISK AVERSION LEVEL
EVALUATION

Risk aversion levels vary over different ES operators. They
should be evaluated based on their behaviours, which are cal-
culated from their utility function by possessing a superficial
generality as the ratio of two derivatives based on the Arrow-
Pratt measure of absolute risk aversion [33] in (9).

V//
AP = —v C))
where V is utility function and AP is risk aversion level of ES.

Utility function reflects losses and gains of ES operators
according to the cumulative prospect theory [25], [26], which
is determined by function pairs 7 and v in (10). Utility value

of potential outcome is fitted by exponential utility functions
in (11).
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where x; denote values of order statistics for an arbitrary sam-
ple with probabilities h;, v(z;) is value of potential outcome,
7r;r is the decision weight for value of potential gain and 7, is
decision weight for value of the potential loss, 7 represents risk
aversion respecting to gains and 6 represents risk preference
in respect to losses and normally 7 < 6 < 1, &7 and £~
denote the weighting functions for gains and losses, x and ¢
are parametric values, which define curvature of the weighting
function. These parameters capture economic behaviours of
the ES, which normally should be determined by surveys.

Utility value of ES can be illustrated in Fig. 1, where
the value passes through the reference point is S-shaped and
asymmetrical. The reference point on the x-axis serves as
the point of separating gains and losses. The utility curve is
typically convex for gains and the utility curve is typically
concave for losses. Both functions are non-decreasing and
take the value of zero at the reference point. It is steeper
for losses than gains indicating losses outweigh gains, which
means losses are more sensitive to ES operators.

Utility 4 1

Gains

>

Losses

Reference point

Fig. 1. The utility function.

The probability weighting function in cumulate prospect
theory can be described in Fig. 2, which inflates small, and
deflates large probabilities. It captures the tendency of storage
operators’ behaviour when faced with decisions of uncertain
outcomes. It is non-decreasing and starts from zero to one,
which crosses the 45-degree line and becomes more curved
crossing the 45-degree line farther to the right.
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Fig. 2. Probability weighting function.

IV. PORTFOLIO THEORY

Based on risk aversion levels of ES operators, capacity of
ES is optimally allocated into markets based on the portfolio
theory at each time, which maximises expected return whilst
hedging risk correspondingly. It assumes that all ES operators
prefer the highest return with the same level of risk and vice
versa. ES operators determine optimal portfolios based on
expected returns, risks, and correlation of market services.

The portfolio curve is illustrated in Fig. 3 based on the
mean-variance theory, which represents ES capacity share
changing from 0% to 100% over these three markets. Dots
inside the curve is the efficient set or opportunity set, which
are possible portfolios of ES over three markets but cannot
reach maximum of return at an acceptable risk level. The curve
circling the efficient sets (dots) is the efficient frontier, which is
the optimal ES portfolio with high expected return and low risk
simultaneously. Based on the mean-variance method, efficient
portfolios have minimised the risk with a certain return level or
maximised return with a certain risk level. The bending degree
of the frontier is determined by the coefficient factor between
markets and smaller correlation normally leads higher bending
degree. Different ES operators have different risk aversion
levels, which is illustrated by the indifference curve. For the
ES operator with a certain risk aversion level, the optimum
portfolio of ES can be calculated based on the intersection
point between the efficient frontier and the indifference curve
of the operator.

S
Optimum Efficient frontier
portfolio 4
S Market 1
2 Indifference
S ~ Ve
g curve
2
s Rt
o -
3 Effici
t set
2. Market 3 icient s
=
&5
Market 2
Standard deviation
Fig. 3. Efficient frontier and efficient portfolios.

The optimal portfolio [34] for ES with highest return and
hedged risk is calculated by utility function (Z) [35] based on

risk aversion level (A) of the ES operator calculated by the
cumulate prospect theory:

1
Max: Z = —§AP X of) + Emp (16)

where E,,, is expected return for the portfolio determined
by the sum of return in each market with weighted profitabil-
ity [36]. o}, is portfolio risk which summarises individual risks
and correlation from each and between any two markets.

V. STORAGE OPERATION DESIGN

Under an acceptable risk level, the ES portfolio over markets
from each time is extrapolated to their daily operation cycle
over 24 hours. The portfolio of ES among different markets
should be determined both for its charging and discharging
over the daily operation cycle at each time. Thus, the day-
ahead operation objective of the ES operator in (17) is to
increase its daily expected return over different markets ac-
cording to their risk aversion level based on the cumulative
prospect theory, derived from the portfolio theory in (16) as:

24 24
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where E.,,; is expected return of ES based on charging or
discharging return over markets at each time t, represented
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by Eqp+ and Ep 4, respectively in (18). w; ¢ is the capacity
charge in ES discharging and charging, P, and Py are
charging and discharging amount of ES, F;; is price for
discharging in (19)—(20). o, is risk for the portfolio at
each time ¢, o; is risk of market share m; and p;; in (22)
is the correlation coefficient between costs of the market
share m; and m;, n is total number of markets in which
ES can participate, M is number of data for element s in
each market. (23)—(24) are constraints for uncertainty sets of
the expected return in different markets. U;; is uncertainty
set of market price, E'p;; is predicted energy price, ¥;+ and
I';; are conservation levels. The sum of the market share
must be equal to ‘1’, represented in constraint (25). The non-
negativity condition is shown in constraint (26) for market
share proportions. (27)—(29) are equality constraints for state
of charge (SoC) and SoC; is ES SoC, F.; and Py are
charging and discharging amount of energy at time ¢, 7; is
efficiency of ES. SoC{ is start SoC of the next daily operation
in (28), (29) is non-equality constraints for SoC, (30)—(31) are
non-equality constraints for ES charging and discharging, Ceg
is ES capacity, B is a 0, 1 integer, which ensures there is no
conflict between charging and discharging process.

VI. CASE STUDY

The proposed ES capacity sharing method is demonstrated
in a practical Grid Supply Point (GSP) area test system. in
Fig. 4 [37] in the U.K. Energy storage is located on busbar
1007 with a capacity of 12 MW and charging and discharging
rate of 3 MW/h, in which efficiency is assumed as 100% in this
work. G1 is a PV farm on busbar 1005, with a peak output of
40 MW, supporting domestic demand during daytime. G2, on
busbar 1013, is a conventional auxiliary generator and G1008
represents the upstream grid. DC power flow is used to capture
active power change during ES operation and network losses

are ignored.
%008
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Fig. 4. GSP test system in the UK.
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Energy and local generator prices of the system are based
on historical data in [19]. The load is supported by local
generators when network congestion happens. System energy
price is based on energy selling price and local generation

price is determined by operation cost during system congestion
periods.

System congestions and branch congestions over the daily
ES operation cycle are described in Table 1. Resulting from
high penetration of PV, branches No.16, No.17 and No.23 have
reversed power flow, which are negative value from 12:00 to
13:00. Positive values of congestion, from 16:00 to 22:00, are
caused by load. Only these five branches listed in Table I have
congestions. Congestions on branches No.16 and No.17 are
caused by both generations and load. Highest total congestion
is 9.59 MW at 17:00 resulting from the load and generation
leads to 7.91 MW congestion at 13:00.

A. The Returns and Risks over Different Markets

Expected return and risk corresponding to ES discharging in
the energy arbitrage market, DNO’s market and EFR market
are listed in Table II. Due to intermittence of congestions, only
two markets, the energy arbitrage market and EFR market,
are available except for periods from 13:00 to 14:00 and
16:00 to 22:00. Due to inversed power flow resulting from PV
output, negative return signals result from system congestions
from 13:00 to 14:00 in DNO’s market for ES discharging.
Correspondingly, risk level during these periods is high due to

TABLE I
THE SYSTEM CONGESTION AND THE BRANCH CONGESTION

No.2 No.3 No.l16 No.17 No.23  Total congestion
12:00 0 0 —043 0 —2.01 244
13:00 0 0 —264 —141 386 —791
16:00 0 0 0.82 0 0 0.82
17:00 178 3.63 271 1.47 0 9.59
18:00 1.44 326 255 1.32 0 8.58
19:00 0.75 254 224 1.03 0 6.56
20:00 0 146  1.76 0.59 0 3.81
21:00 0 0.75 1.44 0.30 0 2.48
22:00 0 0 0.64 0.00 0 0.64
TABLE II

THE ENERGY PRICE AND EXPECTED RETURNS OVER MARKETS

Time Energy market ~ DNOs market EFR market
Return Risk  Return  Risk  Return  Risk
1:00 0.23 0.39  0.00 0.00  0.39 0.49
2:00 0.17 0.40  0.00 0.00 0.34 0.49
3:00 0.12 0.39  0.00 0.00 030 0.48
4:00 0.09 0.38  0.00 0.00 0.28 0.47
5:00 0.03 0.34  0.00 0.00 0.24 0.45
6:00 0.02 033  0.00 0.00 0.22 0.44
7:00 0.09 0.38  0.00 0.00 028 0.47
8:00 0.20 0.41  0.00 0.00 036 0.50
9:00 0.29 0.42  0.00 0.00 043 0.50
10:00  0.33 0.41  0.00 0.00 047 0.50
11:00  0.39 0.40  0.00 0.00 0.52 0.49
12:00  0.40 0.40  0.00 0.00 053 0.49
13:00 0.40 040 —391 0.88 0.2 0.49
14:00  0.39 041 -390 0.74 0.51 0.50
15:00 0.34 0.41  0.00 0.00 048 0.50
16:00  0.32 041  0.00 0.00 046 0.50
17:00  0.34 041  0.17 033 047 0.50
18:00 0.38 043 258 0.55 051 0.51
19:00  0.45 043 238 0.53  0.56 0.52
20:00 045 043 159 0.50  0.56 0.51
21:00  0.40 0.40 0.88 0.45 052 0.49
22:00 0.37 040 —-092 058 0.0 0.49
23:00 0.34 039 —0.06 031 048 0.49
24:00 0.31 0.39  0.00 0.00 045 0.49
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uncertainty of renewables. The highest return value is 2.58 in
DNO’s market, which is much higher than in other markets.
Risk is also relatively high in DNO’s market. On average, risk
and return are low in the energy arbitrage market, where the
highest return is 0.45 with a risk level of 0.13. This means
more capacity can be allocated to this market if the risk
aversion level of ES is low. Availability price is £7/MW/h,
which is fixed for ES in the EFR market [6]. Highest return
is 0.56 with a risk level of 0.42 in the EFR market, which
is higher than in the energy market but lower than in DNO’s
market.

B. The Risk Aversion Level of Energy Storage

Risk aversion level of ES is determined by its utility
based on the cumulated prospect theory. Since the arbitrary
sample and behaviour of ES concerning gains and losses
should be determined by surveys. This paper use scenarios
to show impact of different features in the utility function and
probability function in cumulative prospect theory.

Utility of different ESs are the S-shaped curves described in
Fig. 5, which corresponding to 7 = 0.88, 6 = 0.88, ¢ = 2.25;
7=02,0=04,0p=1,7=0.5,0=0.7, p =2, respectively.
With larger 7, ES becomes more risk-averse regarding gains.
A larger value of § implies the degree of risk-seeking is more
highly respected than losses. With a higher value of , the ES
is more loss averse.

1
Zo0s5H -
-
£ of
205t
-05 -04 -03 -02 -0.1 0 01 02 03 04 05
Value of return
Fig. 5. The utility respecting different returns.

The weighting functions respecting different probabilities
are described in Fig. 6 with § values 0.4, 0.69 and 1. With a
smaller value of § or x, degree of distortion will be greater in
weighting functions.
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Fig. 6. The Weighting functions respecting different probabilities.

Although utility of the ES is determined by different pa-
rameters to describe the economic behaviour of ES, degree of
risk aversion level is normally in the range of 2 to 4 derived
from deviation of utility. In this paper, risk aversion level is
assumed as 3 for the ES.
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C. ES Capacity Share at Each Time Point

Based on the risk aversion level of ES, expected return
and risk over multiple markets, optimal capacity share is
determined by the intersection between the efficient frontier
and indifference curve based on portfolio theory. According
to the expected return and risk data, capacity of ES allocated
to different markets at 16:00 is depicted in Fig. 7. To maximise
expected return under acceptable risk, 51% of ES capacity is
allocated to the energy arbitrage market and 49% to the EFR
market. For this portfolio of ES, expected rate of return is 0.38
and the risk level is 0.21.
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Fig. 7. Optimal capacity share of ES at 16:00.

D. ES Operation in Multi-market

ES operation is to maximise expected return with low risk
considering uncertainty from different price signals over multi-
markets. Expected return for charging is the negative value and
the discharging pricing signals is positive value in Table II.

08f
0.7t
L 06f
Z05t
041
03}t

Time (h)

Fig. 8. SoC of ES in the deterministic and robust model.

SoC of the ES is described in Fig. 9. Since maximum and
minimum SoC of ES is from 0.2 to 0.8, ES operation should
ensure its SoC in this range. By assuming SoC of ES is 0.2
at the beginning of the day, ES is charging when its operation
starts. ES is charging from 5:00 to 7:00, 13:00 to 14:00, 17:00
and 22:00, which could get the lowest charging cost for energy
buying. SoC reaches maximum at 8:00 and 19:00, which stores
energy for discharging in the following hours. ES discharges
mainly from 8:00 to 12:00 and 18:00 to 20:00, which is due to
high pricing signals from EFR and DNO’s market. Maximum
charging or discharging rate is 3 MW/h, and SoC should back
to 0.2 preparing operation in the next day.

Corresponding to the ES operation scheme in Fig. 9, the op-
timum portfolio of ES over different markets during 24 hours
can be determined and depicted in Fig. 9. The portfolio is
described by individual pies with the capacity shares different.
The majority of the time, around 60%, ES puts 100% of its
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Fig. 9. The portfolios for ES discharging over 24 hours.

capacity in a single market. At 14:00, return is 3.9 for charging
in DNO’s market, which is 6 times higher than in EFR and
risk is 1.3 times higher than in EFR. Thus, 100% of the ES
capacity is allocated to the DNO’s market. It means return is
relatively high in this market, which weakens impact of risk.
Except for no operation time at 21:00, the ES participates into
two or more markets. Although ES is more willing to put its
capacity in the EFR market in discharging due to high return,
some capacity should be put in the energy arbitrage market
simultaneously to ensure its profits due to high risk in the
EFR market. For example, it puts 58% in the EFR market
and 42% in the energy arbitrage market at 10:00. Capacity is
allocated among three markets at 20:00 during charging time,
putting 70% in the energy arbitrage market, 23% in the EFR
market and 7% in the DNO’s market.

VII. CONCLUSION

This paper designs a novel capacity share method for
ES operation over multiple markets considering market risk
and expected returns based on portfolio theory during ES
daily operation cycle. Key findings are obtained via extensive
demonstration:

« Risks aversion levels of different ES operators are more
accurately modeled by the cumulative prospect theory.

o Portfolio theory captures risk and expected return of
different markets efficiently. The optimum portfolio on
the efficient frontier provides more options for ES to gain
benefits.

o Robust optimisation-based ES operation method ensures
highest return corresponding to its risk aversion level
under market price uncertainty.

This work provides a new business model for ES owned by a
third party, which is flexible to participate in multiple markets.
It unlocks the potential value of ES by dynamically managing
its profits and risks over time. Both network operators and the
ES owners could get more profits. Future work will focus on
ES performing service over multiple markets at the same time.
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