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Abstract—The increasing uptake of distributed energy
resources (DER) is displacing the dispatchable generators responsible for providing frequency response in our power system. To
compensate for the withdrawal of such generators, the market
participation of DER fleets through aggregators has been suggested in the literature. Unfortunately, these works are either
limited to price-taking aggregators or neglect the distribution
network. The first limitation leads to inelastic bids which do not
reflect DER flexibility, while the second results in bids that do not
lie within the network boundaries. To mitigate these challenges,
we propose a price-elastic aggregator bidding approach together
with a network conforming layer. Our approach enables aggregators to offer a range of network-secure bid bands for different
prices. To preserve the independent role of each stakeholder
and share the computational burden, we decompose the problem
into aggregator and network subproblems, solved sequentially.
Moreover, we confer aggregators the possibility to provide reactive power support to enable the network to accept greater
throughput. Finally, since our approach ensures network feasibility prior to bids reaching the market, it minimizes the disruption
to existing wholesale market structures. Our results on a 141-bus
network shows 19% higher benefits for aggregators, compared
to the inelastic bidding approach.
Index Terms—Aggregators, distribution network, electricity
market, FCAS, OPF.

Parameter
π̄te , π̄tr , π̄tl Energy, FCAS raise and lower price forecasts
($/kWh/$/kW)
K−1
Network limits at rolling horizon K−1 for node
P̄i,t
i and time t (kW)
δ
Duration of time steps in hours (h)
γ
Battery replacement cost ($)
Squared voltage safe upper and lower bounds
v2 , v2
(p.u.)
Probability of a raise/lower contingency
μlt , μrt
σ
Battery efficiency
PV power and inflexible load forecasts (kw)
PVtF , PIt
Background reactive power of aggregator a at
qai
node i (kVar)
Battery charge/discharge rate, upper and lower
R, E, E
SoC bounds (kw)
Resistance, reactance and impedance of line
ri , xi , zi
between node i and its upstream (p.u.)
Spv , Sbatt Apparent power limits for solar and battery
inverters (kVA)
Apparent power base value (100 kVA).
Sbase
Variables

N OMENCLATURE
Indices and Sets
K∈T
a∈A
b∈B
i, j, k ∈ N
m∈M
n ∈ Cia
t, τ ∈ T

Set of rolling horizons
Set of aggregators
Set of bid bands
Set of network nodes
Set of segments within the piecewise linear
function ω.
Set of consumers being served by aggregator a
at node i
Set of time steps.
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α
λi ∈ R
πbe , πbr , πbl
Fie , Qei , Iie

Pe
i
pet , prt , plt
a,r
a,l
Pa,e
i,t , Pi,t , Pi,t
dis
Pch
t , Pt , Et
pv
pv
Pt , Qt

Qe
i
Qai,t
Qbatt
t

Discharging depth of the battery.
Curtailment at node i (p.u.)
Energy, raise and lower price for capacity
band b ($/kWh/ $/kW)
The active, reactive power and the
squared current magnitude flowing into
node i from its upstream for the energy
market (p.u.)
Overall energy bid accepted by the DSO at
node i (p.u.)
Energy, raise and lower FCAS bids of a
consumer (kW)
Total energy, raise and lower FCAS bids of
aggregator a at node i (kW)
Battery charge, discharge, SoC (kW/kWh)
Active, reactive power output of a PV system
(kW/kVar)
Reactive power used by network to expand
its feasible region (p.u.)
The reactive power support of aggregator a
at node i and time t (kVar)
Reactive power output of a battery inverter
(kVar)
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ut
Vi

Binary auxiliary variable
Squared voltage magnitude at node i (p.u.)
I. I NTRODUCTION

A. Research Motivation
HE ADVENT of distributed energy resources (DER),
such as rooftop PV and batteries, is cutting down the
market share of big generating companies, with a notable fraction of the overall demand being supplied by consumers. This
adoption of DER and grid-scale renewable projects translates
to fewer dispatchable generators for market operators to ensure
the safe operation of their power systems.
Recently, the market participation of residential DER
through aggregators has been suggested as a promising
approach to provide market operators with more flexibility.
Despite this intention, the state of the art has mainly simplified aggregators’ bidding to just a single band. In other words,
existing approaches optimize aggregators’ resources according to a price forecast and bid the obtained schedule at either
market floor or cap prices. Assuming that the market does
not reach its floor or cap prices, these bids are fully cleared,
hence, we call them inelastic bids. Such a simplification not
only narrows the DER flexibility down to a single band, but
also can reduce aggregators’ benefit when the market clearing
price (MCP) deviates from the forecast. On the contrary, bidding a wider range of DER flexibility at different price bands
enables aggregators to fully exploit their capabilities and hedge
the price uncertainty effect which will benefit both aggregators
themselves and the market as a whole.
However, bidding the available operating range of DER,
rather than just a single band, generates some new challenges
not encountered by the inelastic approaches. One of these new
challenges is the inter-dependency between the energy and the
reserve markets, where the participation in one market can
limit the bids in another. In fact, when bidding the full operating range of DER, aggregators need to obtain a feasible region
accounting for any energy and reserve dispatch combinations.
Another challenge is to ensure that the distribution network
will not be overloaded by aggregator actions. Since aggregators bid a feasible region, the network also requires calculating
its feasible operating region. The privacy concerns as well as
the independent role of the aggregators and the distribution
system operator (DSO) will also add to the complexity of
such a problem.
To solve the above challenges, we introduce a new priceelastic bidding approach in which aggregators and the DSO
solve their respective subproblems sequentially. The aggregator subproblem of our approach has aggregators calculate their
energy-reserve feasible operating regions, the marginal prices
for a series of capacity bands within these operating regions,
and finally the reactive power support capacity (which can be
injected/absorbed by inverters). In the network subproblem,
the DSO calculates the network operating region and shapes
the aggregator bids to be within these limits. As part of this the
DSO can use reactive power to increase network throughput.
The aggregators can then submit their network-constrained
bids to the wholesale market.

T
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B. Related Work
The uptake of smart technologies at the demand side (i.e.,
smart controllers and smart meters) with the ability to communicate to an aggregator have enabled consumers to respond
to real-time prices and participate in electricity markets [1].
This is why the participation of residential DER in either
energy [2], [3], and/or reserve markets [4]–[8] has attracted
notable attention in the literature. In [2]–[8], a third party
(e.g., an aggregator) optimizes/co-optimizes DER according
to a price forecast to obtain inelastic bids for the wholesale
markets. References [2]–[8] assume that the market actions
of aggregators do not violate the operational limits of the
grid. However, the often synchronous behavior of DER, e.g.,
in response to a price spike or during peak PV production,
can exceed the network boundaries and thus can lead to
infeasibilities.
To avoid network infeasibility, [9]–[12] enhance their models by taking the distribution network constraints into account.
Similarly to [2]–[8], the works [9]–[12] also rely on generating
inelastic bids. Such an inelastic bidding policy simplifies the
network inclusion as the operating state of the network can be
known and checked prior to submitting bids to the wholesale
market.1 Therefore, they either solve centralized [9]–[11], or
decentralized OPFs [12] to ensure the network feasibility for
this pre-known operating point.
However, with or without network consideration, the inelastic bidding approaches, [2]–[12], can negatively affect both the
market and aggregators. From the market perspective, inelastic bids always need to be settled (as long as the market does
not reach its cap or floor prices). Therefore, the market is
constrained to dispatch these DER bids at a predetermined
operating point, despite the underlying flexibility of DER.
For aggregators on the other hand, restricting DER to operate at one point (as in inelastic approaches [2]–[12]) not
only misses opportunities for providing higher value market
services but also can lead to economic loss in cases where
cleared electricity prices deviate from forecasts.
To avoid these problems, we instead propose generating
price-elastic bid bands that account for an aggregator’s full
feasible operating region. Since the participation in one market might change their capability in another, we calculate an
aggregator’s energy-reserve region accounting for these interdependencies. We also obtain the marginal prices of getting
dispatched at different bands across this energy-reserve region.
When bidding a range of DER operating bands at different
prices, the final operating point of the aggregators and thus
of the distribution network will depend on the market output.
Therefore, unlike the inelastic bidding approaches [9]–[11]),
here, there is no single pre-known operating point to run an
OPF and ensure the network feasibility. To meet this challenge,
we propose obtaining the network operating region using a
series of multi-period OPFs. We then restrict aggregators’ feasible regions to be within the network operating region, in a
way that favors more competitive aggregator bids. This reduces
the operation cost of the whole system which is in line with
1 Remember that inelastic participants are assumed to get fully dispatched
as they bid at either market cap or floor prices.
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TABLE I
P ROPOSED A PPROACH VS . R ELATED W ORK

the objective of both the market and the DSO. Additionally,
our network model ensures network security for any market
clearance output.
The intrinsically distributed nature of the problem, sensitivity of private participant data, computational effort, and
uncertain forecasts, all contribute to increasing the difficulty of
the problem. We address these by decomposing the problem
and solving it over a rolling horizon. Our approach divides the
problem into aggregator and network subproblems, that are
sequentially solved by each entity. Unlike [9]–[11], our setting allows sharing the computational burden amongst all the
parties which can significantly decrease the runtime through
the use of parallel computing. These subproblems are solved
within a rolling horizon that moves forward in lock with the
real-time market. This ensures that aggregators put their best
offers forward, which incorporate the latest and most accurate
forecasts over their uncertain parameters, and incorporate the
realization of their stateful variables.
This article builds on our conference paper [13], by extending it in three main ways. Firstly, we enable aggregators
to participate in both raise and lower reserve markets leading to a higher aggregator profit. Secondly, our approach
provides aggregators with the possible future network congestion information, which helps aggregators make informed
decisions. Finally, unlike [2]–[13], we enable aggregators to
provide reactive power capacity to the network. The network
can use this reactive power to expand its feasible region leading to aggregators participating in the market with less network
limitations.
To the best of our knowledge we are the first to propose such
a price-elastic bidding approach for residential DER. Even for
the grid-scale DER, most research, such as [14], has relied on
inelastic bidding policies. The few exceptions that consider
the market price variation, such as [15] and [16], take the
sensitivity of the price into account, but still ultimately submit an inelastic bid. In other words, rather than using a price
forecast, they obtain a modified price upon which they generate inelastic bids. Thus, in addition to excluding network
constraints, [14]–[16] are not able to offer a range of DER
flexibility for different prices. Table I summarizes the main
differences of our proposed approach with the related literature. This comparison is in terms of whether both raise and
lower reserve market are considered (shown by Raise & Lower
Reserve in Table I), whether aggregators are provided with the
forecasts of future network congestion (shown by Network
Full Info) and whether aggregators provide the network with
their reactive power support (shown by Reactive Power).

Given the above literature, our contributions are:
• A novel price-elastic aggregator bidding approach for
energy and reserve markets, which more accurately captures the flexibility and value of DER, and enables DER
dispatch to adjust to the uncertain realization of market
prices.
• A new network optimization layer that jointly conforms
price-elastic energy and reserve bids within distribution
network limits, while encouraging competition between
aggregators. This is done prior to bids reaching the market, to avoid disruption to existing market structures,
enabling the approach to be more readily taken up.
• Enabling aggregators to provide reactive power voltage support, alongside energy and reserve bidding, in
order to achieve greater network throughput and greater
aggregator access to wholesale markets.
Note that we develop our approach under the Australian
national electricity market (NEM) regulations, operated by
the Australian energy market operator (AEMO). In line with
the NEM and AEMO terminology, here-after, we use the
term “frequency control ancillary service” (FCAS) instead of
reserves and “FCAS market” for the market in which FCAS
is traded. Despite this focus, our approach is widely applicable for participation in markets that co-optimize energy and
reserves bids, such as CAISO, ERCOT, PJM [17].
The rest of this article is organized as follows: after briefly
introducing the NEM and AEMO in Section II, we provide
an overview of our network-secure price-elastic approach in
Section III. We then introduce the aggregator and network subproblems of our approach respectively in Sections IV and V.
We numerically illustrate the effectiveness of our approach in
Section VI. Finally, we conclude this article in Section VII.
II. NATIONAL E LECTRICITY M ARKET
The NEM is a wholesale spot market within which the
energy and FCAS markets are fully co-optimized every five
minutes using the NEM dispatch engine (NEMDE). The FCAS
market includes both regulation and contingency services. The
contingency FCAS market is further broken down into markets for 6-second, 60-second, and 5-minute response times. To
ensure safe operation, AEMO secures every 5-minute interval
with enough raise and lower support from each FCAS market
(regulation and every contingency FCAS market) [18].
The NEM requires participants to submit their energy-FCAS
region, known as a trapezium for its geometry, which can be
submitted with up to 10 price-bands for each market. An example energy and FCAS trapezium submitted for a generator is
shown in Fig. 1. This notifies the market that the generating unit can be dispatched at any point within the trapezium
(highlighted in yellow in Fig. 1), for the right price.
Although all participants get dispatched in the real-time
market, they are required to submit their bids (feasible regions
and 10 price-bands) one day in advance. This enables AEMO
to predict and resolve the real-time shortages. Currently, while
the price-bands cannot be updated in real-time, the capacity can be modified at each 5-minute interval. Here, we only
deal with the real-time part of the problem, yet one can use
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Fig. 1.

Energy-FCAS trapezium for a generating unit.

Fig. 2.

Schematic overview of our price-elastic approach.

our approach a day before to generate the prior-day bids.
Moreover, we investigate a more general case in which the
price bands can also be updated in real-time. We explore the
effect of fixed prices in the result section.
III. T HE OVERALL A PPROACH
Figure 2 illustrates how our network-secure price-elastic
approach interacts with the NEM wholesale market. Every
5 minutes, participating aggregators receive (or calculate) a
new wholesale market price forecast over a forward horizon
(shown by 1 in Fig. 2). The aggregators use this price forecast as a basis for calculating multi-band bids (represented in
the NEM as bid trapeziums) for the next 5 minute dispatch
interval, and for each node of the distribution network where
they have customers 2 . The network takes these bids, merges
them to obtain a polygon at each node 3 , and solves a set of
OPFs and curtails the bids to obtain an overall bid region that
will always remain within the network limits for any combination of ways in which the wholesale market could dispatch
energy and reserve 4 . The curtailments are then applied to
the original aggregator bids in the order of the least to the most
competitive (in terms of price) bids 5 , before being sent to
the wholesale market for consideration 6 .
In this overall approach, aggregators are free to calculate
their multi-band bids as they please, as long as it conforms to
the bidding structure. In this article, we propose a particular
method, based on the fact that in a competitive and efficiently
operating market, the bids of participants will tend toward
reflecting their true underlying costs and constraints. The
bidding requirements of existing markets are not expressive
enough to capture these underlying requirements of participants to high accuracy, so we will have to allow for some
assumptions and approximations in this process.
For the network subproblem, when the DSO has to make
a decision between two bids (i.e., if the combination of them
would lead to a network violation), all else being equal, it will
opt for the bid with the more competitive price offering. The
idea is that the wholesale market would favor this bid over the
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less-competitive one in order to achieve an efficient dispatch,
so we should similarly be offering the most competitive subset
of bids that will remain within the network’s limits.
We implement our approach within a rolling horizon framework which moves forward every 5 minutes. This allows
aggregators to account for the gradual revelation of uncertainty
and include the latest (most accurate) uncertainty information
into their optimization problem. While we expect a fairly accurate PV forecast for the next 5-minute interval, we are not
prescribing that aggregators solve a deterministic optimization
problem to obtain their bids. In fact, our overall approach
does not stop aggregators from taking a stochastic/robust
approach into consideration when generating their feasible
regions (trapeziums). In the following, we present the aggregator and network subproblems for iteration K of our rolling
horizon framework.
IV. AGGREGATOR S UB -P ROBLEM
Here, we first model HEMS (home energy management
system) of a consumer owning a battery, PV and a background
load2 in Section IV-A. Next, we develop a model to enable
aggregators to schedule their consumers in Section IV-B. We
then use such an HEMS model as well as the aggregators’
co-optimization problem as bases to build our price-elastic
aggregator subproblem.
A. Consumer HEMS Problem
Here, we divide the consumer constraints into two groups:
constraints that tie the bids for different markets, and those
modeling the operational bounds of the consumers’ DER.
1) Market Coupling Constraints: We combine the energy
pet , raise prt ≥ 0 and lower plt ≥ 0 FCAS bid variables of the
consumers in a vector pt for later reference. We use p+
t and
p−
t to respectively link the raise and lower markets with the
energy as follows:
e
r
p+
t = pt + pt ,

e
l
p−
t = pt − pt .

(1a)

2) DER Variables and Constraints: DER constraints should
be satisfied for energy (i.e., pet ) and FCAS delivery scenarios
−
(i.e., p+
t and pt ). Here, we only present the DER variables
and constraints for the energy scenario; the same variables
and constraints are then duplicated for raise and lower FCAS
market scenarios.
Rooftop PV: Rooftop PV has a variable for active power
pv
Pt ∈ [0, PV Ft ]; as well as a variable for the reactive power
pv
Qt (provided by its inverter) which is obtained as follows:
pv 2

Qt

pv 2

= Spv2 − Pt .

(1b)

Battery: Battery charge and discharge variables are linked
to the state of charge (SoC) variable Et ∈ [E, E] as follows:


dis
Et = Et−1 + δ σ Pch
(1c)
t − Pt /σ
2 It is it is relatively straightforward, depending on the convexity of the
model, to include any load type into the consumer subproblem, such as thermostatically controllable loads. However, to clearly explain the underling idea
behind our approach, here, we only model PV and batteries.
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the battery can exchange
The reactive power support Qbatt
t
with the grid using its inverter can be obtained as:
2

2

2

2

= Sbatt − Pch
− Pdis
.
Qbatt
t
t
t

(1k)

Combined Power: A consumer’s power exchange with the
energy market is:
Fig. 3.

pv

ch
I
pet = Pdis
t − Pt + Pt − Pt

Approximation to the cycle depth aging stress function.

PVtF

where:
0 ≤ Pch
t ≤ R · ut

(1d)

0≤

(1e)

Pdis
t

≤ R · (1 − ut )

The auxiliary binary variable ut is added to avoid simultaneous
battery charging/discharging. Note that the bids made to the
FCAS markets are capacities which might not get deployed.
Therefore, we use the latest SoC (i.e., Et−1 ) from the energy
scenario to model the SoC constraint for both raise and lower
FCAS at each time t.
To take the battery degradation cost into account, we use the
MILP model introduced in [19]. In line with [19], we obtain
the cost associated with the cycle of depth α using the depth
stress function (α). The depth of battery cycle at time t can
be obtained as follows:
1
(1f)
· Pdis
αt =
t + αt−1
σ ·E
The marginal cycle aging is obtained by taking the derivative
of (αt ) w.r.t Pdis
t . This can be written as follows:
∂ (ατ )
∂Pdis
t

=

d (ατ ) ∂ατ
1 d (ατ )
=
dis
dατ ∂Pt
σ · E dατ

(1g)

To define the marginal cost of cycle aging, we prorate the
battery replacement cost γ ($) to the marginal cycle aging,
and build a piece-wise linear function ω. This function has M
even segments dividing the cycle depth range from 0 to 100%.
⎧
ω1 , if αt ∈ [0, M1 )
⎪
⎪
⎪
⎪
.
⎪
⎪
⎨ ..
m
ω(αt ) = ωm , if αt ∈ [ m−1
(1h)
M ), M )
⎪
⎪
.
⎪
..
⎪
⎪
⎪
⎩
ωM , if αt ∈ [ M−1
M ), 1])
where



m−1
γ
m
−
(1i)
M
M
M
σ ·E
Fig. 3 shows the cycle depth stress function and its piece-wise
linearisation for different numbers of segments.
Finally, we obtain the cycle aging cost t by summing the
cycle aging costs associated with each segment as follows:

δ · ωm · Pdt,m
(1j)
t =
ωm =



m∈M

=
We use c,t for the aging cost of
where
consumer c which is used in the aggregator objective function.
As a result, aggregators will take their battery aging cost into
account when bidding to the electricity market.
Pdis
t

d
m∈M Pt,m .

(1l)

PIt )

Note that the forecasts (i.e.,
and
can be updated with
the latest and the most accurate values as our rolling horizon
framework moves forward.
Overall, the HEMS problem includes the market coupling
constraint (1a), and 3 copies of consumer’s variables and con−
straints (1b)–(1l), one for each output case: pet , p+
t and pt .
Note that (1b)–(1l) provide all the required bounds on our
variables including up and down reserve limits. Note that
there is no objective function in the HEMS model as the consumers are scheduled according to the aggregator’s objective.
In this article, the objective of aggregators is to maximize
the benefit of co-participating in energy and reserve markets. Therefore, aggregators receive consumers’ constraints
(presented above) and co-optimize them for energy and reserve
market as explained in the following section.
B. Aggregator Energy-Reserve Co-Optimization Problem
We combine the variables for total energy Pa,e
i,t , raise and
a,r
a,l
a
lower FCAS bids Pi,t , and Pi,t , in a vector Pi,t for the sake of
presentation. We index pt = (pet , prt , plt ) with c to represent the
bid vector of consumer c. Given the energy, FCAS raise and
lower price forecasts, π̄t = (π̄te , π̄tr , π̄tl ), aggregator a solves
the following problem:



δ · π̄t · Pai,t −
Dc,t (2a)
max
c,t +
P

i∈N t∈T

Pai,t =



c∈Cia t∈T

c∈Cia t∈T

pc,t ∀i ∈ N, t ∈ T

(2b)

c∈Cia

(1a) and 3 copies of (1b)–(1l),

∀c ∈ Ca

(2c)

The first term in the objective function maximizes the benefit
of aggregators in energy and FCAS markets. The second term
adds the battery degradation cost obtained via (1j) and the
third term adds the reserve deployment cost Dc,t obtained as:
Dc,t = π̄te · δ  μrt · prt,c − μlt · plt,c

(2d)

where δ  is the worst case number of seconds we would need
to be deployed for a single contingency. Equation (2d) models the probability of a contingency event occurring for lower
and raise reserves μlt and μrt , while assuming that the value
of the lost/gained energy is at the energy market price π̄te .
The significance of these deployment costs shrinks to zero as
contingencies become more rare. Note that this optimization
problem is what an inelastic approach uses to obtain the bids
according to the forecasts.
In the following, we use the above co-optimization problem
to obtain the three important parts of our aggregator subproblem, i.e., the energy-reserve regions (Section IV-C),
up to 10 price-bands (in the NEM) across their feasible
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Fig. 4.

Feasible region of an aggregator with 3 price-bands.

region (Section IV-D) and finally the reactive power they
can exchange with the grid for network support purposes
(Section IV-E).
C. Aggregator Feasible Region
Since the aggregators mainly own inverter-based DER technologies, their overall energy-FCAS region has the shape of a
triangle as shown in Fig. 4. This is because, unlike a general
trapezium (e.g., Fig. 1), their feasible region will not be limited by ramp rates [20]. However, irrespective of ramp rates,
aggregators3 might want to bid a trapezium as some of their
consumers might either not participate or only partially participate in the FCAS market. Such a partial market participation
brings consumers’ preferences into our model. Therefore, in
this article, we do not limit an aggregator’s feasible region to
a triangle. In fact, aggregators can bid a trapezium shown by
(A, B, C, D) for lower and (A, E, F, D) for raise FCAS market.
In the following we use (2a)–(2c) to obtain the coordinates of
points A–F and thus aggregator feasible regions.
1) Point A: To get the coordinates of point A, we maximize
the energy market participation of the first time step as follows:
 a,e
(max)
:= max
Pi,1
(3a)
Pa,e
i,1
i∈N

s.t. (2b)−(2c)

(3b)

(max)

, 0) is the coordinates associated with point A
Thus, (Pa,e
i,1
in Fig. 4.
2) Point B: To get point B, we maximize the lower FCAS
market participation of the first time step as follows:
 a,l
(max)
:= max
Pi,1
(4a)
Pa,l
i,1
i∈N

Pa,e
i,1
(max)

=

(max)
Pa,e
i,1

s.t. (2b)−(2c)

(4b)

(max)

Thus, B= (Pa,e
, Pa,l
). We obtain the other points in
i,1
i,1
a similar fashion but omit this here for the sake of brevity.
D. Price Bands
Aggregators’ stateful technologies, such as batteries, make
a profit by arbitraging energy. Thus, obtaining representative
price-bands for aggregators relies on the price and dispatch
over time, yet, this information is not available to aggregators
as the NEM clears only one step at a time. Therefore, to make
sound decisions, we need to reflect the expected future benefit
when making decision in the first time step. To do so, we
3 Note that our overall approach enables even a single consumer (i.e., 1
aggregator = 1 consumer) to directly bid to the wholesale market (i.e., our
approach is still able to shape their bids to ensure the network security).
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select b capacity bands (up to 10 in the NEM) across the
energy-reserve region in the first time step (t = 1) at horizon
K. In fact, these bid bands are possible dispatch scenarios,
each of which can lead to a different future schedule. We
then obtain the schedule and the future benefit associated with
getting dispatched at each band. Comparing the future benefit
of each band with a base case (in which aggregators only have
their consumers background load), we obtain the minimum
price for delivering that capacity.
Note that since the aggregator and network subproblems
are solved sequentially, the latest network limits will be
imposed to our bids later on when solving the network subproblem (Section V). However, to ensure that the aggregator
subproblem does not completely neglect the future network
K−1
obtained at
congestion, we enforce the network limits P̄i,t
the previous iteration (i.e., K − 1) into the planning time steps
(i.e., 2 ≤ t ≤ T) of the aggregator subproblem solved at
iteration K. We do not impose the network limits for t = 1
since such limits will be imposed in the upcoming network
subproblem. This ensures that the first time step (which will
be submitted to the market) is not inaccurately bounded based
on the previous horizon. Let Pbi,t=1 denote the dispatch at priceband b, i.e., energy, maximum raise and maximum lower at the
b-th segment of the energy-reserve region. The expected future
b associated with Pb
benefit Bexp
i,t=1 is obtained as follows:
b
:= max
Bexp



(



δ · πt · Pai,t +

t∈{2,...,T} i∈N

Pai,t=1
Pai,t

=
≤

Pbi,t=1
K−1
P̄i,t
∀i



(Dc,t −

c,t ))

c∈Cia

(5a)
(5b)
∈ N, t ∈ {2, . . . , T}

(2b)–(2c)

(5c)
(5d)

Having obtained the expected future benefit associated with
every band b, we need to transfer them into reasonable prices.
To do so, we compare the total benefits (first time step + future
benefit) of getting dispatched at each capacity band with a
base case (b = 1) where consumers are just withdrawing their
background load from the grid in the first time step. The price
of getting dispatched at each capacity band should be such that
aggregators obtain higher benefits than in the base case (since
otherwise they should get dispatched at the base case). Let
πb = (πbe , πbr , πbl ) denote the energy, raise and lower price for
capacity band b. Given Pbi,t=1 , Pb=1
i,t=1 and their future benefits
b , B b=1 , this can be written as:
Bexp
exp
b
b=1
δ · πb (Pbi,t=1 − Pb=1
i,t=1 ) + Bexp ≥ Bexp .

(6)

Note that (6), in the marginal case, can be simplified to:
aπbe + bπbr + cπbl = d where a, b, c, and d are constants.
Such an equation can be satisfied for an infinite combination of energy and FCAS prices. To limit this and obtain a
unique solution, w.l.o.g., we fix the FCAS prices to zero and
obtain the energy price for which the aggregator can operate at
band b in the energy market and provide the associated FCAS
capacities. Note that even though the bids for each market are
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separate, in practice, the market cost function will be inseparable in NEMDE. Therefore, while it produces a unique solution
for (6), it will not change the aggregators’ dispatch.
E. Aggregator Reactive Power Support
Here we obtain the reactive power the aggregator can
exchange with the grid to provide a greater network throughpv
with c to show the reactive power
put. We index Qt and Qbatt
t
support provided by the inverter of PV and battery of consumer
c ∈ Cia . Therefore, the reactive power of the aggregator for the
network support Qai,t is obtained as follows:

  pv
Qai,t ≤
Qc,t + Qbatt
∀i ∈ N, t ∈ T
(7)
c,t
c∈Cia
pv
Qt

Qbatt
t

As explained in Section IV-A,
and
are just for the
energy scenario. Therefore, the same variables and constraint
should be duplicated for the raise and lower FCAS scenarios. Moreover, here, we assume that the aggregators are not
paid for their reactive power support and their only benefit in
providing such a support is to diminish network restrictions.
This is also inline with the Australia/New Zealand standard
where the inverters are required to be able to provide reactive power support for the distribution network. However, such
services can be contracted and paid for. This does not change
our approach and will just increase aggregators’ benefit.
Having obtained the feasible regions, prices and the reactive
power support, aggregators communicate them with the DSO
to have their bids shaped. Note that aggregators participating
in other co-optimized markets that do not require a trapezium,
can use a similar process to generate multiple bands and submit them to the DSO/market in the spirit of multiple simple
bids.
V. N ETWORK S UB -P ROBLEM
The goal of our network subproblem is to open up as much
network capacity as possible for aggregators while ensuring
grid security. To achieve this, we first merge aggregators’ feasible regions
to have a polygon at each network node, i.e.,

4
Pie = a∈Ai Pa,e
i /Sbase . For every extreme point of the overe,Ex
all polygon (i.e., Pi ), our network subproblem takes the
total desired capacity, solves an OPF and then returns a curtailment λi for each node. To reduce the total operation cost,
we apply this curtailment to the bids from least to the most
competitive (in terms of price) and curtail in this order until
we have curtailed the total of λi at each node.
In the following, we use the branch flow equations [21] to
model the distribution network constraints for the energy market; we duplicate similar constraints for the raise and lower
FCAS scenarios [12]. Since there is no time coupling constraint in the network subproblem (unlike in the aggregator
subproblem due to battery SoC), the OPF problem of each
time-step t can be solved separately and in parallel. Thus,
4 The obtained polygon includes several bid scenarios. However, we only
need to explore the worst scenarios which are located at the extremes of
the network polygon. This way, while keeping our network subproblem
tractable, we ensure that the network constraints are satisfied even for the
worst combination of scenarios.

here, we drop the index t to increase readability. The network
subproblem is modeled as:

min
||λi ||22
(8a)
i∈N
Fie − ri Iie

+ Pe
i =

Qei − xi Iie +





Fje

j∈Di

qai + Qe
i =



Qej

j∈Di
 e

e
e
e
Vi = Vk − 2 ri Fi + xi Qi + z2i Iie
v2 ≤ Vie ≤ v2
Fie 2 + Qei 2 = Vie Iie
2
0 ≤ Iie ≤ ii
e,Ex
Pe
i + λi = Pi

Qe
Qai /Sbase
i ≤
a∈Ai

∀i ∈ N

(8b)

∀i ∈ N

(8c)

∀i ∈ N

(8d)

∀i ∈ N

(8e)

∀i ∈ N

(8f)

∀i ∈ N

(8g)

∀i ∈ N

(8h)

∀i ∈ N

(8i)

a∈Ai

The objective (8a) minimizes the square L2 norm of the bid
curtailments. Since we apply the bid curtailment from the
least to the most competitive price order, the more curtailment occurs at any one particular node, the more likely we
will start to curtail competitive bids. When the curtailment is
more evenly spread across many nodes, as with the L2 norm,
we will tend to just curtail the least-competitive bids at each
node. An L1 norm curtailment policy has been used in the
literature to limit PV systems, e.g., [22]. However, such an
L1 norm policy, curtails the bids at weaker nodes (mainly end
nodes) until the network problem is fixed. Thus, at these nodes,
both the least and the most competitive bids will be curtailed.
In the results section, we will illustrate the difference between
the two norms and show that L2 norm is more appropriate.
Active and reactive power flow equations are given
by (8b)–(8c), where, Di and Ai are the child nodes and the
set of aggregators at node i; (8d) obtains the squared voltage
magnitude Vi at each node, which is enforced to be within its
bounds in (8e). Equation (8f) gives the line’s complex power;
The current flowing in each line is bounded via (8g). The
overall bid accepted by the network plus the bid curtailment
is enforced to be equal to the overall aggregator bid in (8h).
Finally, the reactive power used by the network is limited to
aggregators reactive power offer through (8i).
Note that (8a)–(8i) need to be solved for the extreme points
on the energy, raise and lower FCAS axis. As shown in Fig. 2,
the feasible regions accepted by the network might be smaller
than the one aggregators have provided. Finally the shaped
bids are submitted to the market. When the market is cleared,
each aggregator finds out where in their bid trapezium they
will be dispatched for the upcoming interval. From here on,
our approach is repeated with updated inputs.
VI. N UMERICAL R ESULTS
A. Setup and Data
To examine the performance of our proposed price-elastic
approach, we use a 141-bus distribution network modified with
10 consumers at each node (1410 consumers in total). To better reflect the real-world DER penetration and obtain a more
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representative model, we use three types of consumers: PVBat consumers who own both a 5 kW/10 kWh battery with
the round trip efficiency σ 2 = 85%, as well as 5 kW rooftop
PV, PV consumers who just own 5 kW rooftop PV, and NoDER consumers who are not equipped with any DER. We
use anonymised solar and demand data of 27 consumers in
Tasmania, Australia from [23], and randomly assign them to
our 1410 consumers.
Our 1410 consumers are split equally between each of
the consumer types (PV-Bat, PV, No-DER), and each of the
consumers are being served by one of three aggregators.
Aggregator 1 serves 250 PV-Bat and 270 PV consumers;
aggregator 2 supplies 120 PV-Bat, 150 PV and 200 No-DER
consumers; and aggregator 3 has 100 PV-Bat, 50 PV and 270
No-DER consumers. The aggregators’ customers are at random nodes and multiple aggregators can have customers at the
same node. Consumers in our system are consuming a total of
29 MWh per day on average, where aggregator 1, 2 and 3 are
in charge of 10.5 MWh, 9 MWh, and 8.5 MWh, respectively.
We solve our aggregator and network subproblems respectively using Gurobi and IPOPT solvers in JuMP, Julia [24] on
a laptop computer with a 2.50 GHz Intel(R) Core(TM) i7 and
8 GB of memory.
B. NEMDE Implementation
More than 200 agents participate in the NEM energy and
FCAS markets every day. NEMDE co-optimizes all these participants every five minutes, to obtain the market prices as well
as the dispatch of every participants. Here, we implement a
simplified version of NEMDE to dispatch our aggregators. To
simplify, we assume that all the participants in the same market region (Australian states) are located at one transmission
node. This leads to a transmission network with 5 nodes, each
representing one of the Australian eastern states/territories. We
assume our 141-bus distribution network is connected to the
bus representing New South Wales (NSW). For each region,
we extract the energy and FCAS bids of all participants as
well as its demand and FCAS requirements from AEMO’s
website.5 Similarly to NEMDE, we use a linear OPF to obtain
the dispatch of all our participants (including our aggregators)
and the price of each market.
C. Comparative Approaches
To illustrate the performance of our price-elastic approach,
we compare the results of three different approaches:
Inelastic: in which aggregators optimize their portfolio
using the optimization model (2a)–(2c). The optimization uses
price forecasts provided by the AEMO’s pre-dispatch. Both the
predispatch and market clearing prices are provided in Fig. 5.
The mean absolute error of the forecasts and the realized prices
for energy, raise and lower FCAS market is 9.6, 7.4 and 3.0,
respectively The demand bids are submitted at the cap price,
and supply and FCAS bids are submitted at the floor price.
Perfect: in which aggregators optimize their portfolio using
the optimization model (2a)–(2c). The optimization uses market clearing prices instead of forecasts for the whole horizon
5 http://nemweb.com.au/

Fig. 5.
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Energy, Raise and Lower FCAS Market Prices.

TABLE II
OVERALL B ENEFIT OF AGGREGATORS N EGLECTING N ETWORK

(288 future time steps). Similarly to Inelastic, the demand bids
are submitted at the cap price, and supply and FCAS bids are
submitted at floor prices.
Price-Elastic: in which aggregators run the proposed
approach to generate their energy-FCAS regions (both raise
and lower FCAS markets) as well as their price bands. Note
that we use the same forecasts as in Inelastic to obtain the
prices. Here, we only obtain three price bands each reflecting the price of a highly likely transition that aggregators can
experience: 1) moving from the base case in which the batteries are neither charging nor discharging to charge mode;
2) moving from the base case to discharge mode; 3) moving
from the base case in which all PV is curtailed to a no-PVcurtailed point. Note that we have tried 10 price-bands yet the
additional aggregator benefits were negligible. The reason is
that the aggregators problem is linear and these transitions,
especially over a 5 minute settlement, are representative.
Note all the above approaches are implemented within a
rolling horizon framework which moves forward one time step
(5 minutes) at a time.
To highlight the effectiveness of bidding a wider range
of DER operating points, we first report aggregators’ benefit for the above approaches when the network constraints are
neglected. Table II reports the one-day benefit of aggregators
1–3 (shown by Agg. 1 – Agg. 3) when participating in both
energy and FCAS markets while neglecting the distribution
network.
As reported in Table II, the proposed price-elastic approach
could bring 21% higher benefits for aggregators compared to
an inelastic approach. The reason is that inelastic approaches
submit their bids at either floor or market cap prices, therefore, no matter how much the real price deviates from the
forecasts, their bids are accepted by the market. However,
our proposed approach bids different capacities for different
prices, So, in case the real price deviates from the forecast,
our approach can act differently to ensure that the highest
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TABLE III
N ETWORK AND R EACTIVE P OWER S UPPORT E FFECT

benefit is achieved. Moreover, as can be seen in Table II, the
perfect approach brings the highest benefit since it uses the
market clearing prices (i.e., perfect information). Yet since the
network constraints are neglected, the results in Table II might
be infeasible.
Note that here, we allow prices to be updated in real-time,
thus every iteration of our rolling horizon framework reflects
the latest expected cost of aggregators. Yet, according to the
current NEM regulations, the prices for the whole day needs to
be submitted prior to the market day. To have an idea of how
this requirement can change aggregators benefits, we clustered
the price forecasts into 10 price bands using k-means [25]
and used the centroids of these 10 clusters as the fixed prices.
Then, in real time (when we obtain our prices), we select the
closest match from these fixed prices instead of updating price
bands. Since under these fixed prices aggregators do not have
to reflect their true expected costs, in our experiments, they
could obtain 7% higher benefits, compared to a case when they
reflect their true costs. This means that a more sophisticated
approach for determining prices could improve aggregators’
benefit. However, we leave the detailed study of such a case
to future work.
D. Inclusion of Network and Reactive Power Support
Here, we illustrate the effect of including the network
and the reactive power support. To show the effectiveness
of our network sub-problem, we report the results for two
cases of network observability; First Net: where only the
first time step of every rolling horizon iteration incorporates
network constraints, i.e., remove constraint (5c) in the aggregator sub-problem and solve OPFs only for the first time
step in the network sub-problem; and Fully Net: where every
iteration solves multi-period OPFs over all the remaining time
steps within a horizon. To provide a fair comparison, we
include the network subproblems for both inelastic and perfect approaches. To do so, we use a similar approach as in
Section V, yet instead of solving the network subproblem for
the extreme points of aggregators energy-reserve region, we
solve OPF for the operating point obtained by inelastic and
perfect approaches.
Table III reports the total one-day benefits of our aggregators
for the two network cases as well as a case when aggregators
also provide reactive power support (Reactive) while using a
Fully Net network model. For the Inelastic and Perfect cases
we again use a similar approach as in Section IV-E to enable
them to provide reactive power support.
The relative benefit improvement of the two network cases
and the Reactive case w.r.t. no network case (i.e., Table II) is
also reported in Table III. The first, second and third values are

Fig. 6.

The voltage of bus 141 in energy case.

Fig. 7.

The voltage of bus 141 in raise FCAS case.

respectively the relative benefit improvement of the First Net.,
Fully Net., and the Reactive case. Note that since the network
constraints are included, all three cases obtain network feasible results; however, the highest benefit is obtained when
aggregators also provide reactive power support. The reason
is that such a support expands the network feasible region thus
aggregators can bid with less restrictions.
E. Distribution Network Voltage Analysis
After market clearing when the real dispatch of each aggregator is revealed, we solve three PFs (one where no FCAS
action is required (energy alone), one for max raise FCAS
activation, and another where max lower FCAS is activated)
to obtain the actual voltages at each node. We plot the voltage of node 141, in the normal operating condition and when
the raise FCAS is deployed in Figures 6–7, respectively. Each
figure plots two cases; one where the network was neglected
when bidding (Network Free); another where the network was
fully incorporated (Network Constrained).
As can be seen in Figs. 6 and 7, the voltage of node 141 is
always within the safe limits for the proposed network-secure
approach. Also, while the proposed approach could keep the
voltage of all 141 nodes within the safe limits, 19 out of 141
nodes experienced at least one voltage violation in the Network
Free case.
To show the impact of different curtailment policies when
computing our network secure bids, we compare the bid
curtailment under the L1 and L2 norms in the objective function (8a). Fig. 8 compares the amount of curtailed bids for
the three highest prices6 at time step 164, where the highest
voltage violation occurs. As shown in the figure, unlike the
L1 norm, the L2 norm mainly limits the most expensive bid.
In our experiment, the L2 norm reduced the total aggregator
benefit by 1.7% ($844 compared to $858). The reason is that
when using an L1 norm, more expensive offers reach the market (leading to higher benefit for aggregators but at the expense
of higher total operation cost from the market viewpoint). On
6 There was no curtailment for prices lower than $77.
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Fig. 8.

Bid curtailment at different prices.

TABLE V
C ENTRAL V. S . ADMM OPF

Fig. 9.

Longer term Energy-FCAS benefit breakdown.

the other hand, our L2 norm curtailment policy ensures that
the less expensive bids will make it to the market (leading to
a lower total operation cost from the market viewpoint at the
expense of a slightly less aggregator benefit).
F. Longer Term Cost Comparisons: Inelastic vs Proposed
Fig. 9 reports the total benefits of aggregator 1 together with
the energy and FCAS shares when the aggregator uses the
inelastic and our proposed price-elastic approach. This experiment is done over months September, October and November
2019, Australia. For both approaches, we have used AEMO’s
predispatch price forecast and then used our NEMDE to clear
the market and obtain the real benefit of aggregators according to their dispatch. Our proposed approach delivered a 19%
higher benefit over three months compared to the inelastic
approach.
G. Computational Performance
Table IV reports the total problem size and the computational time of inelastic, perfect and price-elastic approaches
for our sequential implementation together with the expected
parallel time (using the time of the slowest subproblems at
each iteration). Note that in the aggregator subproblem, the
number of variables is linear in the number of consumers.
The reason is that no two aggregators nor any two consumers
of the same aggregators have common variables and constraints. Thus, the aggregator subproblem can be decomposed
at the connection point of every consumer within a single
rolling horizon iteration and each of the consumer subproblem
can be solved in parallel. Each consumer subproblem being
solved (for the price-elastic approach) includes 21k and 16k
variables and constraints, respectively. Similarly, our network
subproblem can be separated into one OPF for each time step7
and each power flow case under consideration: energy, FCAS
raise, FCAS lower. This reduces the number variables and
constraints relevant to the parallel resolution of the network
subproblem to 2k and 1.7k, respectively.
As can be seen in Table IV, the estimated parallel time to
solve the inelastic and the proposed price-elastic approaches,
7 Since there is no time coupling constraints in the network subproblem.

for a single horizon, are respectively 0.84s and 1.30s. Note
that these are potential solve times for a fully parallel implementation. However, if the computational resources are not
available to perform a fully parallel solve, and the solve time
becomes a limiting factor, it is possible to approximate the
problem by using a variable time discretisation of the horizon
to reduce the number of time steps [23]. By using 30-minute
steps after the first time step in the horizon, experiments show
that we are able to reduce the sequential solve time 16 fold,
at the cost of a 6% decrease in overall benefits.
H. DSO-Aggregator Setting
We initially designed our approach for the case where
multiple independent aggregators share the same grid.
However, we believe that our approach is also useful in the
case where the same party acts both as a DSO and the sole
aggregator. The reason is that modeling the constraints and
variables of numerous consumers together with the grid OPFs
leads to a large-scale multi-period problem which the DSOaggregator might not be able to solve centrally (especially
for realistically-sized distribution networks). To show this, we
have studied a similar approach as in [10] in which a DSO uses
a central OPF to obtain network-secure inelastic bids for the
wholesale market. As reported in Table V, we could not solve
this problem via state-of-the-art solvers on a laptop computer
with 8 GB of memory (shown by “–” in Table V). The alternating direction method of multiplier (ADMM) is used in the
literature to solve OPF in a distributed manner, which yields
an approach capable of leveraging parallel computation similar to [12], and whose run-time is also reported in Table V.
However, the ADMM approach in [12] is still an inelastic
method which cannot offer a wide range of DER flexibility.
Since the parallel run-time and objective function of our elastic approach in this DSO-aggregator setting is the same as
that in the DSO + multiple aggregators setting, the results in
Tables III and IV show that our elastic approach brings 15%
higher benefits in total compared to the ADMM work in [12]
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($844 compared to $737) whilst remaining computationally
feasible.
VII. C ONCLUSION
In this article, we answer the important question of how
aggregators, who share the same distribution network, can efficiently participate in the energy and reserve markets while
respecting the grid constraints. Unlike the common inelastic
approaches, our approach generates bids and the prices for
aggregators’ whole flexibility. By obtaining the grid operating region, we also ensure that aggregators bids will not go
beyond the network capabilities.
We illustrated the effectiveness of our approach using three
aggregators who in total serve 1410 consumers in a 141-bus
network. Our results show 19% improvement on aggregators
benefit compared to an inelastic method. We also show the
importance of network inclusion by using two network scenarios: A) the inclusion of the network just for the first time step,
2) the inclusion of the network for all the future time steps.
While the network was feasible for both cases, the aggregator could obtain 0.6% higher benefits when they received the
network visibility for the next 24 hours. We also show that
if aggregators provide the network with their reactive power
support, they can obtain about 5% higher benefits since such a
reactive power support can expand the network feasible region.
In this article we primarily focus on the security of the
network while opening up network capacity. However, our
network subproblem can be extended to additionally consider
reducing losses. Including different DER types and uncertainty
(other than what our rolling horizon can capture) are two other
possible extensions that we leave to future work.
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