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The increasing integration of variable renewable energy sources requires firming resources, typically involving
storage, gas generation, and new transmission infrastructure to maintain a reliable power supply. In contrast,
this paper argues that using prosumer-owned batteries coupled with rooftop solar systems is a promising
alternative. A production cost model is proposed to study the provision of capacity-firming services by
prosumer virtual power plants in future grid scenario analysis. The model employs a bilevel optimization
framework that (1) enables prosumers to prioritize self-consumption before offering surplus battery capacity
for firming services, ensuring operational autonomy, and (2) allows the system operator to select the most cost-
effective prosumer solutions without compromising the overall benefits to prosumers. The model effectiveness
is evaluated through a case study of the Australian National Electricity Market. Results indicate that prosumer-
owned batteries can significantly lower the cost of capacity firming by reducing reliance on gas generation
and utility-scale storage. Furthermore, capacity-firming services provide prosumers with an additional revenue
stream, enhancing the economic viability of home batteries. However, the study also reveals a decreasing
marginal benefit of the value of the capacity-firming service provided by prosumers as their battery size relative

to solar capacity increases.

1. Introduction

Electric power systems around the world are undergoing a mas-
sive transition driven by efforts to decarbonize the economy [1]. In
Australia, the transformation is remarkably rapid—due to the ever-
decreasing cost of renewable generation, coupled with the excellent
availability of wind and solar resources and abundant land, all coal-
fired generation will close by 2038, if not sooner, as stated in the
Australian Integrated System Plan [2]. Replacing conventional fossil
fuel generation with variable renewables is challenging. Ensuring that
sufficient supply is available to meet the demand at all times requires
additional transmission infrastructure to increase the geographic diver-
sity of renewables and firming resources to cater for still cloudy periods.
The firming capacity can come from various storage technologies and
gas generation. Although these technologies are well understood, they
are costly and often challenging to install.

* Corresponding author.

1.1. Motivation

Another alternative is utilizing the flexibility of distributed energy
resources (DERs) located ‘behind the meter’ in residential and small
commercial buildings—an often overlooked option [3]. These DERs
transform traditional consumers into prosumers who actively produce,
consume, and manage their energy. In response to signals such as
energy prices, grid reliability, carbon intensity, or renewable energy
availability, prosumers can adjust their energy consumption—a capa-
bility known as demand flexibility [4]. Demand flexibility is becoming
increasingly important as the energy industry transitions to a more dis-
tributed, renewable, and decarbonized energy system, complementing
‘conventional’ flexible options, such as energy storage [5]. By enabling
prosumers to actively manage their energy use, demand flexibility can
help balance the grid, reduce the need for a new energy infrastructure,
and reduce carbon emissions. It can also provide cost savings for
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Photovoltaic

Renewable energy source

State of charge
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Set of transmission lines /
Set of nodes n
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Start-up
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Gas-fired power plants
Synchronous
Utility-scale battery
Prosumer VPP battery
Demand

Grid

Reserve
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Constants and parameters

Cost
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Minimum time
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Ramp-rate.

B Transmission line susceptance

P Power demand
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Notation

ot/ Up/down, charge/discharge, from/to the
grid

: Initial value

o Minimum/maximum value

Example

p:’,F ¢ Firm capacity battery discharge power of
prosumer VPP p in time slot ¢

customers who can take advantage of lower prices during off-peak
hours and potentially generate revenue through participation in de-
mand response programs, including virtual power plants (VPPs).

Using demand flexibility as a valuable system resource is particu-
larly attractive in countries with a high penetration of DER, such as
Australia, where policy frameworks and market reforms are actively
evolving to facilitate greater prosumer participation, as highlighted by
reports from the Energy Security Board (ESB) [6,7]. For example, the
penetration of residential rooftop solar photovoltaic (PV) and home
batteries in the National Electricity Market (the interconnection span-
ning the eastern Australian seaboard) is predicted to increase to 50 GW
and 40 GWh, respectively, by 2050 [8]?%; this offers an unprecedented
opportunity to use these resources to firm variable renewables. This
value has been acknowledged by governments and market-making bod-
ies, including by the Australian government which aims to introduce
auction mechanisms for procuring firming capacity to support variable
renewable generation, with explicit mention of the potential firming
value of aggregated DER and VPPs.® Residential solar-battery systems
are particularly attractive for two reasons: first, they are a consumer-
financed resource, so using them for capacity firming does not increase
the social cost’; and second, they are installed in residential buildings
with less onerous connection requirements compared to utility-scale
resources. However, private ownership also prevents the system oper-
ator from directly controlling the home battery systems. The primary
purpose of home batteries is to reduce the owner’s energy expenditure
and not to participate in system operation directly. In other words,
prosumers pursue their private objective that might not align with the
objective of the system operator.

While existing studies have predominantly focused on centralized,
supply-side firming solutions, limited attention has been given to the
potential of prosumer-owned batteries as a decentralized, cost-effective
alternative. Current approaches to demand flexibility typically assume
a unidirectional flow with full control by the system operator, often
overlooking the challenges associated with prosumers’ private owner-
ship and their usage priorities.

This challenge is addressed by proposing a production cost model
for future grid scenario analysis, evaluating the potential of prosumer-
owned batteries for capacity firming. The conflict arising from pri-
vate ownership is reconciled by formulating the problem as a bilevel
optimization model, where the upper level represents the system op-
erator minimizing generation costs, while the lower level represents
prosumers maximizing rooftop solar self-consumption.® The excess ca-
pacity of the home battery is then offered to the system operator for
capacity firming.

2 For comparison, the total utility-scale generation, distributed solar and
home battery capacity in 2022 was 65GW, 14 GW and 2.7 GWh, respectively.

3 www.dcceew.gov.au/energy/renewable/capacity-investment-scheme.

4 This excludes government subsidies aiming to boost the adoption of DERs
that still exist in many jurisdictions.
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1.2. Related work

To maintain the reliability of the network, the electricity supply
must always match the demand. However, renewable energy sources
(RES), such as wind and solar, are variable and their output can change
rapidly depending on weather conditions. The National Renewable
Energy Laboratory (NREL) conducted one of the first studies on the
need for grid flexibility focusing on energy storage [5]. Although they
did not use that term, they were the first to propose what is now
called capacity firming, which refers to the process of maintaining a
consistent and reliable amount of power from an intermittent source to
meet demand or to compensate when renewable sources do not produce
enough electricity. Capacity firming can be achieved by energy storage,
such as batteries or pumped hydro, and dispatchable generators, such
as gas-fired power plants.

Different aspects of the capacity firming problem have been ad-
dressed in the existing literature. The impact of energy droughts on firm
capacity requirements has been analyzed using fuel-based technologies,
such as hydrogen [9]. The effectiveness of open-cycle gas turbines and
battery storage as firming solutions for merchant wind farms has been
evaluated [10]. The use of battery storage combined with deep-learning
irradiance forecasting has been examined to enhance the dispatcha-
bility of large solar PV plants with minimized storage capacity [11].
A probabilistic optimization strategy has been proposed to improve
the energy management of renewable plants with battery storage in
capacity firming markets for small, non-interconnected grids [12].
Additionally, the impact of geographically diversifying onshore wind
farms has been analyzed as a strategy to reduce required firm capacity
and improve system reliability [13].

While previous studies have primarily focused on supply-side so-
lutions for capacity firming, demand flexibility has attracted compar-
atively less attention. In [14], demand flexibility is considered as a
physical hedge to limit the price exposure of an aggregator in the
wholesale electricity market by using demand curtailment to compen-
sate for the uncertainty and variability of variable renewable energy
in the aggregator’s portfolio. The authors in [15] considered demand
response as one element of the capacity-firming technology suite (along
with battery storage, pumped-hydro storage and open-cycle gas gener-
ation) to ensure the security of supply of the Spanish electric power
system. Additionally, [16] explored how flexible electrification in heat-
ing, transport, and industry can support renewable integration and
reduce reliance on storage and backup generation, primarily focusing
on demand-side adjustments. To our knowledge, our earlier work [17]
is the only one that explicitly considered prosumer-owned batteries for
capacity firming.

This study considers capacity firming in the context of future grid
scenario analysis in renewable integration studies that inform policy-
makers and power system planners about the challenges and oppor-
tunities of low-carbon future grids, e.g. Australian Integrated system
Plan [2], North American Renewable Integration Study [18], and Eu-
ropean ENTSO-E’s 10-year network development plan (TYNDP) [19].
Scenario analysis is used to explore and evaluate a range of variables,
such as technological developments, policy changes, economic factors,
and environmental impacts. Scenario studies typically employ capacity
expansion and production cost models to provide the least cost portfolio
for the development of a national or continental grid [20]. Capacity
expansion models provide a high-level long-term view of the evolving
power system by developing a least-cost generation and transmis-
sion expansion plan to meet projected electricity demand. Production
cost models, on the other hand, simulate power system operations on
shorter time scales using detailed load, transmission, and generation
fleet data by minimizing production costs [21,22].

5 Solar self-consumption is the most common optimization strategy in
Australia. Because retail tariffs are higher than feed-in tariffs, maximizing solar
self-consumption is equivalent to minimizing electricity costs.

Energy 321 (2025) 135221

1.3. Knowledge gap

The existing literature [9-12,14-16] reveals two critical gaps in the
way demand flexibility is modeled for capacity firming. First, current
studies address demand flexibility through load reduction or temporal
shifting, failing to fully capture the bidirectional potential of prosumer-
owned DERs. This limitation restricts the system operator’s ability to
leverage the dynamic capabilities of distributed resources for effective
capacity firming. Existing approaches predominantly focus on unidi-
rectional demand response, overlooking how prosumer-owned DERs
can provide bidirectional capacity firming services by absorbing excess
renewable generation and exporting power when needed, leading to
suboptimal grid balancing, increased renewable curtailment, and a
continued reliance on conventional generation sources.

In addition, conventional load flexibility models typically assume a
centralized control framework, where controllable loads and VPPs are
fully managed by the system operator [23]. However, this approach
overlooks the practical reality of private ownership and the operational
prerogative of aggregated DERs. The critical challenge is to design
optimization and control strategies that prioritize prosumers’ private
objectives (e.g., maximizing solar self-consumption) while enabling
the system operator to access the remaining aggregated capacity for
system-level capacity firming. It is essential to ensure that prosumers
maintain their expected self-consumption benefits while allowing the
system operator to optimize grid operations. Achieving this balance
between prosumer prerogative and grid-level coordination remains
largely unexplored in the existing literature.

As the main objective of the prosumers is to maximize their PV self-
consumption, an appropriate model is required to consider the private
objective of the prosumers within the optimization model, minimizing
the objective of the system operator. This leads to the creation of
a mathematical program with equilibrium constraints (MPEC) [24],
where the system operator’s optimization problem is constrained by the
optimization problems of the prosumers.

The MPEC framework is widely used to model hierarchical decision-
making in energy systems, including the strategic bidding behavior
of generation companies [25], EV fleet aggregators [26], RES power
producers [27], and grid-scale energy storage systems [28]. In these
models, the upper-level problem is to find the strategic bidding be-
havior of the entity owner, while the lower-level problem simulates
the market clearing operation. The bilevel structure was also used to
model the energy management of a retailer for various distributed
resources [29] and the planning design of an EV charging station
using RESs [30]. A common approach for integrating the lower-level
optimization problem into the upper-level one is to include the lower-
level problem optimality Karush-Kuhn-Tucker (KKT) conditions as con-
straints in the upper-level problem and reformulate it into a single
mixed-integer linear program. Therefore, this approach is used in this
study.

In contrast to other models that focus on the interaction between
an aggregator and prosumers or the aggregator and the wholesale
market that use price coupling (e.g. [26,31]), the proposed formulation
uses demand coupling, as in our previous work [32]. Price-coupling
approaches define a market structure by establishing a pricing rule
to support a particular outcome. In contrast, when the two levels are
coupled through the prosumer demand the model becomes agnostic
to market pricing mechanisms. It is assumed that an efficient mech-
anism is in place for prosumer aggregation, with prices determined by
that mechanism to support the outcomes computed by the proposed
optimization framework.

The demand coupling model allows the system operator to select
the most cost-effective solution from the set of multiple prosumer-
optimal outcomes. When solar generation significantly exceeds the
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battery capacity—as is often the case in Australia®—prosumers natu-
rally have multiple equally beneficial battery charging and discharging
strategies that maximize self-consumption. This flexibility allows the
system operator to choose the solution that minimizes generation costs
and enhances grid stability without impacting prosumer benefits. Com-
pared to solving the prosumer and system operator problems indepen-
dently, the bilevel formulation significantly reduces the cost of firming
services, as demonstrated in Section 3.4.

To address this, a production cost model suitable for scenario anal-
ysis is introduced. The model is conceptually similar to [10], where a
unit commitment electricity market model is used to analyze the perfor-
mance of an open-cycle gas turbine and a large-scale battery system as
a physical hedge against volume and price risk in an electricity market.
However, the proposed model extends this framework by explicitly
incorporating prosumer-owned DERs and comparing their effectiveness
with established capacity-firming alternatives.

1.4. Contributions

This paper introduces a novel demand-coupling bilevel optimization
framework that enables the system operator to effectively utilize pro-
sumers’ unused battery capacity for capacity firming. The framework
advances existing knowledge by addressing two key challenges: (1)
preserving prosumer prerogative by ensuring that prosumers maxi-
mize their self-consumption before offering any remaining capacity to
the system operator, and (2) enabling bidirectional demand flexibil-
ity to enhance renewable energy integration and reduce reliance on
conventional generation.

This paper builds on our earlier conference publication [17] by
expanding the scope of discussions and analysis in several significant
ways. First, the study moves beyond examining a single wind farm by
utilizing a comprehensive production cost model based on a unit com-
mitment problem, which necessitates a different modeling approach, as
explained in Section 2.2. Second, the study takes inspiration from the
current state of the Australian National Electricity Market (NEM), pre-
senting a practical case study that focuses on prosumer-owned batteries
as a source of firm capacity. Using realistic data, the paper provides a
reliable assessment of the potential for prosumers to reduce the reliance
on utility-scale storage and gas generation as primary sources of firm
capacity.

In summary, the main contributions are as follows.

+ A novel bilevel capacity firming optimization model is proposed,
leveraging unused battery capacity after prosumers have opti-
mized solar self-consumption. This model (1) preserves the pro-
sumer prerogative and (2) provides the system operator with
the flexibility to choose among multiple optimal solutions of the
lower-level problem, ultimately reducing generation costs.

The study findings demonstrate that utilizing prosumer-owned
batteries for capacity firming can significantly reduce the reliance
on gas generation and utility-scale batteries while enhancing the
economic viability of home batteries.

The case study reveals a diminishing marginal benefit of capacity-
firming services provided by prosumers as their battery size rela-
tive to PV capacity increases.

1.5. Organization of the paper

The rest of the paper is organized as follows. Section 2 outlines
the problem setup and provides the formulation of the bilevel capac-
ity firming optimization model. Section 3 describes the case studies.
Section 5 concludes the paper and provides directions for future work.

¢ In Australia, PV generation can exceed the battery capacity by between
at least a factor of 2 in winter and over 8 in summer, assuming a typical 7kW
PV system and a 10kWh battery.
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Intermittent
generation

Generation with
firm capacity

—

Supportive technologies:
- Gas-fired power plants

- Energy storage systems
- Prosumers

Fig. 1. Conceptual model of capacity firming.

2. Model setup

The model setup aims to provide a structured approach for ana-
lyzing the proposed capacity firming framework. This section outlines
the key assumptions considered in the study and presents the Capacity
Firming Optimization Model.

2.1. Modeling assumptions

The proposed production cost model is based on our previous
research [32]. The model, based on a unit commitment problem, has
been modified by explicitly including capacity firming, as illustrated in
Fig. 1. The following firming technologies are considered:

» Conventional gas-fired power plants,
« Utility-scale batteries,
» Prosumer VPPs that aggregate prosumer-owned batteries.

The model is designed for future grid scenario analysis, aiming
to capture the behavior of a hypothetical future grid. The objective
of the upper-level market model is to schedule and dispatch power
generation at minimum cost to meet the required demand under a
set of system-wide constraints, including capacity firming. To preserve
computational efficiency, Generation unit clustering is applied [33],
along with a DC power flow model to represent the transmission
network, while the distribution network is not explicitly modeled,
which is a standard approach in high-level system studies [9-15].
Preventing low-voltage distribution network issues (overvoltage and
network congestion) can be achieved by introducing flexible export lim-
its (aka operating envelopes), which is an emerging industry practice in
Australia [34]. Finally, the formulation of the problem is deterministic.
The impact of uncertainty on renewable energy production can be con-
sidered using a scenario approach to capture meteorological variability,
which is a standard technique in production cost modeling. Alterna-
tively, incorporating uncertainty in bi-level optimization directly can
be handled by distributionally robust optimization as in [35], which
comes at the cost of the increased computational burden.

The prosumers are aggregated into a single entity and controlled
by a VPP operator. Prosumers have smart meters equipped with home
energy management systems for scheduling the batteries, and commu-
nication infrastructure is assumed to allow two-way communication
between the grid, the aggregator and the prosumers, facilitating energy
trading between prosumers in the VPP. The proposed model is agnostic
with respect to the internal aggregation mechanism. That is, it im-
plicitly assumes that an efficient mechanism for prosumer aggregation
is adopted, with prices determined by that unspecified mechanism,
which supports the outcomes computed by the proposed optimiza-
tion framework. However, detailed energy-sharing mechanisms among
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Fig. 2. Conceptual model of using prosumer VPPs pb Fe-

gas,FC—

for capacity firming, comple-

menting gas generation p , utility-scale batteries pB FC', and renewable energy p?fs.

The total firm capacity pC must be greater than or equal to the required firm capacity
FC, according to (4). Prosumers within the VPP p (shaded area) are not modeled
explicitly.

prosumers within VPPs—requiring finer granularity and analyzed in
studies such as [36,37]—are beyond the scope of this paper. Instead,
this study focuses on the broader, system-wide benefits of VPPs in
capacity firming, considering their interaction with the grid rather than
the internal financial feasibility of individual prosumers. Full prosumer
engagement in offering surplus battery capacity is assumed. However,
the social factors [38] and behavioral factors [39] that influence pro-
sumers’ willingness to participate in capacity firming beyond financial
incentives deserve further attention.

Explicit modeling of long-term battery degradation is not included
in the proposed framework to maintain computational efficiency and
practical applicability. Instead, degradation is indirectly managed
through operational constraints, such as state-of-charge limits and cy-
cling restrictions, ensuring that the battery is not excessively used. This
approach aligns with industry practices, where simplified degradation
models are preferred for active decision-making [40]. While long-term
degradation effects are not explicitly modeled, the proposed framework
offers a practical evaluation of the trade-offs between capacity firming
participation and battery degradation.

Fig. 2 illustrates the novel concept of using prosumers in capacity
firming. Prosumers are aggregated in VPPs where the prosumers in-
side of the VPP (shaded area) are not modeled explicitly. Prosumer
VPPs complement gas generation and utility-scale batteries so that
the total firm capacity pfc is greater than the required firm capacity
FC, as explained in (4) in Section 2.2.2. This scheme assumes that
prosumers will use their battery to maximize their self-consumption.
Since the battery is not usually completely used up by the prosumer,
the remaining capacity can support non-dispatchable generation in
meeting the requested capacity firming. This process can be mod-
eled as a bilevel optimization problem. The upper-level optimization
problem involves using the remaining battery capacity for capacity
firming, while the lower-level problem aims to maximize the pro-
sumer’s self-consumption. The upper-level optimization is constrained
by the lower-level optimization, and the battery-sharing principle con-
nects the two levels. This principle gives priority to the prosumer as the
owner of the battery, which is the key innovation of this work.

2.2. Capacity firming optimization model

The optimization model is divided into an upper-level optimization
problem, representing the market operator, which addresses unit com-
mitment and capacity firming, and a lower-level optimization problem
that models the behavior of prosumer VPPs.
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2.2.1. Upper-level problem (Unit commitment)

The upper-level problem is formulated as a unit commitment (UC)
model to represent market operations and optimize power system
scheduling. A high-level description of the standard operational con-
straints is provided here, while the complete mathematical formula-
tions for power reserve, generation, and transmission line limits are
detailed in Appendix A for completeness.

minimize generation cost (€8}

subject to power balance constraints,
power reserve constraints,
generation constraints,
transmission line limits,
capacity firming constraints,

prosumers VPP KKT conditions.

Objective function: The objective of the proposed model is to
minimize the total generation cost for all times 7:

Il’lll’l 2 2( ;‘X Og s+ 3ty + c:{ddg’, + c;,’arpgv,), 2
teT g€G

where Q = {0, ,,u,,.d, . Py Dy PpyPry) 1S the set of decision variables
of the upper-level problem, including the total number of online units
at generation plant g, the turning on/off status of power plant g, power
generation of power plant g, power of utility-scale battery s, power of
prosumer VPP p, and power flow on transmission line /, all in time slot
f; ch, cu, czd, and ¢} represent fixed, startup, shutdown, and variable
costs, respectively.

Power balance: Power generated at node n» must be equal to
the node power demand, including the transmission losses plus the
net power flow on transmission lines connected to the node and
charged/discharged power from the prosumer VPP and utility-scale
batteries:

Z Pgy = —

> P+ Y a+ LFyp,,

g€6, ggas ceC,
B,FC—
+Zp1t+z(psr_psr_ At )
leL, SES,
+ , ULb+ _ ULb- _ bFC-
+ ) S Py = o = ), ®3)
PEP,
where G,,, QfaS’FC, C,,L,,S,. P, represent the set of generator (including

coal, gas, wind and solar, but excluding gas generators used for capacity
firming), gas-fired power plants used for capacity firming, consumers
(inflexible electricity end users), transmission lines, utility-scale bat-
teries and prosumer VPPs connected to node n, respectively; LF is
the loss factor representing system losses modeled as a percentage of
system demand p, ,; pgas is the power of gas-fired power plant g used
for capacity firmlng, , is the charging/discharging power of utility-
scale battery s, poFC s the utility-scale battery power used for capacity
firming; ot *is the power consumed by prosumer p, while pUL b and pb -FC
are the chargmg/dlscharging power and the power used for capac1ty
firming from the remaining VPP p aggregated batteries capacity, all in
time slot 7. Note that both the utility and the prosumer VPP battery
are charged from the grid (using p + and p *, respectively). Hence,
pB FC+ and pb FCH are always zero and are omltted in the model.

Power reserve constraints: To take into account uncertainties,
active power reserves provided by synchronous generation are always
maintained (10% in this paper). The reserves are defined as the differ-
ence between the online capacity (the total number of online units at
each generation plant) and the current operating point.

Generation constraints: Generation constraints consist of gener-
ation production limits, unit on/off constraints, rolling horizon con-
straints, ramp limits, minimum up and down time, and the number of
online units.
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Transmission line limits: A DC power flow model is used for
computational simplicity. Transmission line limits consist of thermal
and stability limits (the voltage angle difference over a transmission
line is limited to 30°).

2.2.2. Upper-level problem (Capacity firming)

Using utility-scale batteries and prosumer VPPs for capacity firming
requires some additional constraints in the upper-level unit commit-
ment problem.

Firm capacity: As illustrated in Fig. 1, the firm capacity should
always be greater than the guaranteed amount FC:

E as,FC BFC-_ Y bFC-
= ) S Y - e 2 FC, @
gEgRES gﬁas SES, peEP,
where pRfS is the generation supplied by RESs, pf,> FC is the gener-

B,FC—

s,t

utility-scale batteries, and P,y is power supplied by prosumer VPPs.
Utility-scale battery constraints: consist of energy balance (5),

capacity, and ramping constraints (6):

ation of conventional gas-fired power plants, p
b,FC—

is power from

B— B,FC—
e, 931—1 + 1B ?T - % - il JFEL (5a)
pB'j pB,FC—
eB = e + r/B*'pSB:' r]i% - [;,';_ =1, (5b)
&< <7, (6a)
o< s Pl (6)
0<pB +p2FC < Belyle, (6¢)
wirewl <1, (6d)
wir vl efo,1), (6€)

where binary variables Tf;f and EPSB_; prevent simultaneous charging

and discharging. The ramp rates r®* and rB~ are given as a fraction
of the battery capacity per hour. For example, 0.25h~! corresponds
to C/4 charge/discharge rate, or a 4-h battery (see the case study in
Section 3).

Prosumer VPP storage constraints: A similar model is used to
model the battery constraints of the prosumer VPP, except that the stor-
age capacity is split into two components: eULb and e Lb , representing
the stored energy in the prosumer’s battery p avallable in time slot 7
for exploitation in the upper- and lower-level optimization problem,
respectively. The energy balance constraints are

pb,FC— pUL,b—
UL b __ UL b b+ UL, b+ PJ it
= +np - 1#1,
t 1 t — —
P [J - D, nb rlb
b,FC— UL,b—
QULD AUL b, b+ ULb+  Poi Py
€ TP, e T e 1= L
n n
b UL,b LL b
< .
e, < ept te, < ep (7a)

The VPP battery charge and discharge used in the upper level is
constrained by the use at the lower level:

0< pUL,b+ < (rb+Eb LL, b+)lpsb:—’ (8a)
0<por + ¢ < (rb-55 AP J (8b)
P+l <1, (8c)
P Wl e 0,1}, 8d)

st

similar to (6), lP:’f, and Y/b‘ are binary variables to prevent simultane-

ous charging and dlscharglng.
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To maintain a harmonized operation of the VPP battery in both
upper- and lower-level optimization problems, the following constraints
are imposed:

0 <Pt <whi M, (9a)
0< plL,Y];’bf <YM, (9b)

where M is a sufficiently large constant that is always greater than
p;l; b+ It is important to note that e[I;L > and pI[;L * are parameters in the
upper-level problem, since it is defined in the lower-level problem as
explained in Section 2.2.3. Constraint (9) ensures that the system op-
erator’s control ‘PB? does not conflict with the actions of the prosumer
VPPs, pii-b=,

The bilinear terms pLL Dy

s, in (8) are linearized using the big M

approach by introducing new variables pp, UL-P*:

0<ppr™ <popr, (10a)

ULb- , bFC— _ —ULb-

0<p,” +p,, " =<p, (10b)

—UL,b+ b+—b LL,b+

To ensure Py =7 =Py, only when 'l’b* = 1, we introduce the

following set of constralnts.

0<por WMy, (11a)
pEL ,b+ < rb+ b pLI; b+’ (11b)
ot > r"*‘b PP - - winm, (110
0< 5"“3‘ <¥hM,, (11d)
prb < b= eb pu;b_, (11e)
SULb- b_—b LL,b— 1 EP”_ M 11f
b, zre,—pr == M.

2.2.3. Lower-level problem (Prosumer operation)

Prosumer VPP objective function: The prosumer objective is to
maximize PV self-consumption, which can be modeled as a minimiza-
tion of residual demand, i.e. the missing energy that must be supplied
from the grid, pij, provided that the feed-in-tariff is always less than
the retail tariff (see also Section 1.1). To preserve the linearity of the
prosumer VPP battery model (15), a small penalty term is added to the
objective function to discourage simultaneous charging and discharging
while ensuring that this adjustment does not affect the optimization
outcome:

minimize Z P+ cpe“(pLL D+ pLL ), 12)
2 teT

where 2, = { pgf, pp‘;, pc‘;”, p]‘;]; b+ p];I;b Et} is the set of decision vari-

ables of the problem; p, ;’ * and e , represent the charging/discharging
power (p), and the energy (e) stored in the prosumer VPP’s p battery in
time slot 7.

Power balance constraints: The demand of the prosumer VPP pg’t
must be met at every hour:

LLb— LLb+
p +p +pv, p Py SPR (13)
where grid power import p * >0,
PV power constraints: The following constraints allow the VPP to
apply the PV power curtailment pc‘lrt to manage excess generation:
pv _ pvtotal curt
Pp1 = Py “Ppi

ppt’pcurt > 0

(14a)
(14b)

Battery storage constraints: Prosumer VPP battery state of charge

LL’b, and p"P* are decision variables, not a parameter as in the
Pl D, 4

upper-level problem (7a):

e

Qb _ LD e LLbt 1 1Lb-
et = ptl p ppt b Ppi >
My

t#1, (15a)
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Fig. 3. National Electricity Market (NEM) model based on the 14-generator IEEE test
system [42].

b+ LL b+ 1 1Lb-

E;Lt,b »LLb 1 el t=1, (15b)
b < e b < eb (15¢)
0<pLLb+ Srb+55, (15d)
0<pb <2 (15e)

.
The battery model (15) ensures that charging and discharging do
not occur simultaneously. This is enforced by requiring both the charg-
ing and the discharging power to be non- negatlve, (15d) and (15e),
and by including the penalty term cPe“(p =) in the cost
function (12). If the optimization problem has a fea51b1e solution with
both pLL b= > 0 and pLL BN 0, a lower-cost solution can be achieved by
settlng one of these values to zero while keeping the other positive [41].
To solve the bilevel optimization problem, the lower-level problem
(prosumer VPPs) is replaced by its KKT optimality conditions, which
are sufficient for optimality, and incorporated as constraints into the
upper-level problem (unit commitment), as shown in (1). The comple-
mentary slackness conditions in the KKT formulation introduce bilinear
terms, which are linearized using the big M method, transforming the
problem into a single mixed-integer linear program. This reformula-
tion enables the efficient solution of the bilevel optimization problem
using standard MILP solvers. Further details on the derivation and
implementation of the KKT conditions are provided in Appendix B.

3. Case study

As a case study, we use the 14-generator IEEE test system shown
in Fig. 3. The test system, initially proposed by [42] for small-signal
analysis, is loosely based on the Australian National Electricity Market
(NEM), the interconnection that spans the eastern Australian coast.
The network is stringy, with large transmission distances and loads
concentrated in a few load centers. It consists of 59 buses, 28 loads, and
14 generators. The test system consists of four areas representing the
states of Queensland (QLD), New South Wales (NSW), Victoria (VIC),
and South Australia (SA). In the business as usual (BAU) scenario,
the conventional generation portfolio consists of 23.11 GW of black
coal, 15.58 GW of brown coal, 5.22 GW of gas, and 2.33 GW of hydro
generation.

The case study is motivated by the retirement of the Liddell coal-
fired power station in April 2023. AGL, the owner of Liddell, proposed
to replace it with a combination of 750 MW of gas, 1.6 GW of wind and
solar, 250 MW of utility-scale battery storage and 100 MW of demand
response [43]. Wind, solar and load traces are from the Australian
Energy Market Operator’s (AEMO) National Transmission Network De-
veloped Plan (NTNDP) [44], and the fuel costs are from AEMO’s
Integrated System Plan [2].
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Note that the objective of this case study is not to model the current
generation mix in the NEM, but rather to demonstrate how conven-
tional coal-fired generation can be replaced with a mix of gas, utility-
scale battery storage, and demand response to guarantee a specified
level of firm capacity. Three cases are considered:

» Case 1 (C1): BAU with Liddell closed down (2 GW), and replaced
with 1.15GW wind and 450 MW solar spread across the system,
and five gas units with a total capacity of 750 MW connected at
the location of Liddell (Bus 201).

Case 2 (C2): This is the same as case Cl1 with an additional
installed utility-scale battery connected at Bus 201. The storage
capacity varies between one and five times the capacity of the
Hornsdale Power Reserve (HPR) ‘big battery’.” For example, sce-
nario C2-S3 has three HPR worth of capacity (3 x 129 MWh =
387 MWh). A C/4 discharge rate (129 MWh/4 = 32.25MW) is
considered; this contrasts to the faster rate (129 MWh,/100 MW) of
the Hornsdale battery, which was designed primarily to provide
fast frequency control.

Case 3 (C3): This is the same as case Cl with additionally
connected prosumer VPPs connected to Buses 205, 206, and 212,
with a total rooftop PV capacity of 750 MW and the total battery
capacity varying from one to five HPR. For example, scenario
C3-S3 has 750 MW worth of PV capacity and three HPR worth
of battery storage capacity (3 x129 MWh). The same discharge
rates C /4 as in case C2 are considered. Furthermore, the impact of
the discharge rate (C/4, C/2, C/1) is analyzed in the sensitivity
analysis in Section 3.6.

The purpose of the sensitivity analysis (scenarios C2-S1 to C2-S5
and C3-S1 to C3-S5) is to analyze the extent to which prosumer-owned
batteries can replace utility-scale batteries with the same capacity. In
the battery-cycling analysis in Section 3.3, an additional scenario, C3-
S10, is included, where the battery capacity is double that of scenario
C3-S5.

3.1. Commitment of gas units

This section examines the use of utility-scale batteries and prosumer
VPPs for capacity firming to reduce the requirement for gas generation.
Fig. 4 compares the results for cases C2 and C3 (blue histograms)
with the results for case C1 (red stars), showing the commitment of
gas units, from one to five, of the 750 MW gas power plant used for
capacity firming. The commitment is measured as the total number
of operating hours in the simulated year for each individual unit.
Observe that the commitment of gas units is reduced with the increased
firm capacity support provided by the utility-scale battery in case C2
and the prosumer VPPs in case C3. Utility-scale batteries demonstrate
higher effectiveness due to their dedicated availability and centralized
control, enabling more efficient dispatch for capacity firming. They
can be strategically located and optimized for maximum grid sup-
port, making them a more reliable alternative. In contrast, prosumer
VPPs leverage existing DERs, offering a cost-effective and decentralized
solution without additional infrastructure investment. Despite their
lower availability—primarily due to their role in maximizing self-
consumption—they enhance grid resilience and improve overall system
flexibility. However, their participation in capacity firming depends
on prosumer engagement and appropriate market incentives to ensure
adequate availability.

7 Hornsdale Power Reserve was the largest lithium-ion battery in the
world at 100 MW/129 MWh when installed in 2017. It is co-located with the
Hornsdale Wind Farm in South Australia.
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Fig. 4. Commitment of gas units for capacity firming. For comparison purposes, the
red stars show the results for case C1 where only gas is used for capacity firming. In
cases C2 (top row), and C3 (bottom row), utility-scale batteries and prosumer VPPs,
respectively, are used in addition to gas.

3.2. Energy flow analysis

This section examines energy flows both at the system level and at
the prosumer level to understand the contributions of various firming
resources.

3.2.1. System-level energy flows

The firm capacity traces for three randomly selected days are pre-
sented in Fig. 5. Scenarios C2-S5 and C3-S5 are compared with ref-
erence case Cl, demonstrating the dynamic behavior of utility-scale
batteries and prosumer VPPs in capacity firming and the reduction of
gas generation in firming renewable generation capacity. In periods of
low renewable generation, utility-scale batteries and prosumer VPPs
provide some of the firm capacity, reducing the need for gas generation.
As expected, utility-scale batteries are more effective as they are only
used for capacity-firming purposes; prosumer batteries, on the other
hand, are also used for maximizing prosumer PV self-consumption as
illustrated in Section 3.2.2. However, despite their contributions, gas
units continue to operate extensively, highlighting their critical role
in ensuring grid reliability. While utility-scale batteries offer superior
performance in terms of efficiency and centralized control, their par-
ticipation in capacity firming remains limited by scalability challenges,
requiring significant investment and infrastructure for widespread de-
ployment. The increasing integration of prosumer VPPs presents an
opportunity to address some of the scalability limitations of utility-
scale batteries. By leveraging distributed residential storage, prosumer
VPPs can contribute to capacity firming on a broader scale, potentially
reducing reliance on gas generation. However, their effectiveness is
constrained by intermittent availability due to charging cycles and self-
consumption priorities. While greater penetration of prosumer batteries
could significantly alleviate dependency on gas, they are unlikely to
fully replace it. Instead, an optimized combination of gas generation,
utility-scale batteries, and prosumer VPPs can offer a more balanced
and resilient approach to firm capacity, ensuring system reliability
during periods of low renewable output.

3.2.2. Prosumer-level energy flows

Fig. 6 illustrates the energy flows of prosumer VPP at Bus 212 in
a typical week for scenario C3-S5. The figure shows prosumer power
flows, including electricity demand, PV generation and grid power flow
with and without capacity firming (top); battery power flows and state-
of-charge for PV self-consumption only (middle); and battery power
flows and state-of-charge for PV self-consumption and capacity firming
(bottom). The first figure illustrates how prosumers first meet their
power demand using PV generation, with any remaining power being
imported from the grid. When PV exceeds the demand, the battery
first stores extra power and uses it later to meet the demand when PV
generation drops. Observe that when prosumers participate in capacity
firming, they occasionally send power back to the grid per (4). The
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Fig. 5. Firm capacity (FC) traces for different technologies: gas only (C1), gas with
utility-scale batteries (C2), and gas with prosumer VPPs (C3) for a typical 72-h period.
Only scenarios S5 with storage capacity of 5 X129 MWh = 645 MWh are shown. Battery
discharge rate in C2 and C3 is C/4 (645MWh/4 = 161.25MW).

battery behavior, when used for maximization of PV-self-consumption
only, is illustrated in the middle figure. Finally, the bottom figure
illustrates the complete battery behavior, showing the battery state-
of-charge for PV self-consumption maximization and capacity firming
separately. Observe how part of the battery capacity unused in self-
consumption maximization is used for capacity firming; this increases
battery cycling analyzed next.

3.3. Battery cycling analysis

The simple rainflow-counting algorithm proposed in [45] is applied
to analyze the increased battery cycling due to the participation of
prosumers in capacity firming. The algorithm has been used previously
in similar applications, e.g. [46,47]. The results are summarized in
Table 1, showing the number of annual battery cycles for the three VPPs
for all scenarios. The results are split to the number of cycles for PV self-
consumption maximization (SC), capacity firming (CF) and the total
number of cycles (note that the total number of cycles might not be
equal to SC+CF). For illustration purposes, an additional scenario, C3-
S10, is included, where the battery capacity is double that of scenario
C3-S5.

Several trends are notable. First, the annual number of cycles when
the battery is used for self-consumption only is close to the number
of days in the year; this reflects the fact that the PV capacity is
large enough to fully charge the battery every day. However, when
the battery capacity is significantly increased in scenario C3-S10, the
battery becomes too large, so it is only charged to less than half of the
capacity on average. Second, when the battery is also used for capacity
firming, the number of cycles more than doubles because the unused
battery capacity is made available for capacity firming, as illustrated in
Fig. 6.

The increased cycling might be prohibitive for the most common
Lithium Nickel Manganese Cobalt Oxide chemistry (e.g. Tesla Pow-
erwall 2) that is warranted for 3000 cycles (about ten years with
one daily cycle). However, Lithium Iron Phosphate (LFP) batteries
(e.g. Tesla Powerwall 3) have much better cycling performance. Ac-
cording to [48], they can sustain up to 10,000 cycles at C/4 (the base
discharge rate assumed in this paper) and 75% depth of discharge.
Lithium Titanate batteries have an even better cycling performance.
They can be fully charged and discharged for more than 30,000 cycles,
but they are more expensive [49].
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Fig. 6. Prosumer VPP at Bus 212 for scenario C3-S5 for a typical week: prosumer power flows, including electricity demand (Pjemang), PV generation (Ppy) and grid power
flow with (Pyig s and rc) and without (Pyq sc) capacity firming (top); battery power flows and state-of-charge for, respectively, PV self-consumption only (P, s¢ only> SOCsc onty)

(middle) and PV self-consumption and capacity firming (P, g¢ and rc» SOCcr) (bottom).

Table 1

Battery cycling comparison.
Scenario VPP Bus 205 VPP Bus 206 VPP Bus 212

SC CF Tot SC CF Tot SC CF Tot

C3-S1 298 390 534 358 384 537 296 393 541
C3-S2 269 388 536 354 380 538 266 392 534
C3-S3 242 385 535 350 382 542 239 391 515
C3-s4 220 386 527 345 385 539 217 393 499
C3-S5 201 386 520 339 382 534 199 386 487
C3-S10 129 343 485 296 376 508 126 336 464

3.4. Economic analysis

To fully evaluate the benefits of capacity firming on power system
operations, it is important to consider its economic advantages and its
impact on overall operational costs. Table 2 shows the total annual
system costs for the three cases, including all scenarios. These costs
cover the whole system and the annual cost of the gas power plant at
Bus 201, factoring in fixed, cycling (i.e., start-up and shut-down) and
variable operating costs. Case C1 has the highest costs among the three,
with a total system cost of 6993 million AU$ and a capacity firming
cost of 318 million AUS$, as firming is fully provided by gas generation.
The addition of battery storage for capacity firming in Cases C2 and C3
leads to higher utilization of renewable generation and consequently
to lower operating costs. Focusing specifically on the reduction of the
operating costs of the gas power plant used for capacity firming, the
costs drop by 22.3% in Scenario C2-S5. By comparison, the proposed
prosumer VPP model reduces the operating cost of the gas power plant
by 14.5% in scenario C3-S5.

To assess the value of the capacity firming service provided by
prosumers, we consider a home battery size of 10kWh.® The annual

8 This corresponds to a 14kWh battery with 70% of usable capacity
(state of charge between 15% and 85%), such as the Tesla Powerwall. At a
typical residential battery cost of AU$1000/kWh, a 14kWh system amounts
to approximately AU$14,000. Although the model assumes Li-ion chemistry
due to its widespread adoption, it can be adapted to other technologies by
adjusting parameters such as depth of discharge, charge/discharge rates, and
efficiency.

value of capacity firming per battery is determined by dividing the total
reduction in firming costs provided by the gas power plant at Bus 201
(tenth column in Table 2) by the number of batteries in a given scenario
(with 12,900 home batteries equivalent to one 129 MWh utility-scale
battery). The results, illustrated in Fig. 7, show that for the base case
(C/4), the value ranges from AU$946/year (C3-S1) to AU$735/year
(C3-S5).

This analysis provides a glimpse into the additional value streams
available to prosumers, potentially accelerating the adoption of home
batteries and reducing carbon emissions by enabling greater penetra-
tion of variable renewables. Furthermore, these findings suggest that
the proposed model could be a viable solution to address the cost and
site challenges associated with large-scale batteries in the long term.
However, the results also reveal diminishing marginal benefits as bat-
tery adoption increases, emphasizing the need for adaptive policies and
market mechanisms that align incentives with evolving grid conditions.

3.5. The value of the bilevel formulation

The last column in Table 2 shows the cost reduction when the lower
problem is solved separately (without using the bilevel formulation).
The analysis is only applicable to Case 3. Compared to the case where
the two optimization problems are solved independently, the system
cost reduction increases by between 45% (C3-S1) and as much as 82%
(C3-S2). This is because the lower-level problem has several optimal
solutions (the same objective values but different values of the decision
variables), which gives the market operator the flexibility to choose the
one that maximizes the upper-level objective.

3.6. Discharge rate sensitivity analysis

Finally, a sensitivity analysis is conducted, considering battery dis-
charge rates of C/4, C/2, and C/1; the results are shown in Fig. 7.
Observe that with increasing discharge rate, the capacity firming value
increases significantly, up to AU$3179 for C/1 in scenario C3-S1.

This is due to the significantly higher discharge rate (645 MW for
C/1 compared to 161 MW for C/4, combined for the three VPPs). The
downside is significantly increased cycling — from 485 annual cycles
for C/4 in Scenario C3-S5 to 1912 cycles for C/1. This is illustrated in
Fig. 8, using the same random three-day period as in Fig. 5. The figure
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Table 2
Cost comparison for all scenarios for discharge
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rate of C/4. All values are in million AU$.

System cost

Gas @Bus 201 cost

Cost reduction Cost reduction w/o bilevel

Scenario
Fixed Cycling  Variable Total Fixed  Variable Total System  Gas @Bus 201 System Gas @Bus 201
C1 2075.7 113.8 4803.9 6993.4 42.4 276.2 318.6 - - - -
C2-S1 2074.0 114.3 4792.3 6980.6 39.4 260.9 300.3 12.8 18.4 - -
C2-S2 2073.2 113.6 4780.4 6967.3 36.8 246.6 283.4 26.1 35.2 - -
C2-S3 2071.8 115.0 4769.6 6956.4 35.0 234.0 269.0 37.0 49.6 = =
C2-54 2073.1 113.2 4761.4 6947.7 33.7 223.8 257.5 45.7 61.2 - -
C2-S5 2070.7 112.5 4752.3 6935.5 32.7 212.6 245.3 57.9 73.3 - -
C3-S1 2068.8 116.3 4795.4 6980.5 39.5 266.9 306.4 129 12.2 8.4 7.7
C3-S2 2065.0 116.9 4786.6 6968.6 37.5 258.2 295.8 24.8 229 12.6 13
C3-S3 2062.4 115.5 4778.6 6956.5 36.2 250.6 286.8 36.9 31.8 21.5 17.5
C3-54 2060.2 117.3 4771.4 6948.9 35.3 243.3 278.6 44.5 40.1 24.7 23.3
C3-S5 2059.4 115.5 4764.4 6939.3 35.1 236.2 271.2 54.1 47.4 31.3 26.1
C3-S10 2052.3 112.2 4729.3 6893.9 31.7 200.5 232.3 99.5 86.4 56.6 48.3
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Fig. 7. Annual value of capacity firming services for a 10 kWh home battery. The x-axis
shows hours of storage given as the ratio between battery (in kWh) and PV capacity
(in kW) in the VPP. The results are shown for three different battery discharge rates:
C/1, C/2 and C/4.

compares Scenario C3-S5 for discharge rates of C /4 (base case analyzed
in Section 3.2.1) and C/1. The increased cycling behavior is, to some
extent, an artifact of modeling the VPP battery as a single large battery.
The increased cycling is the result of battery discharging to prevent
turning on an additional gas turbine. Due to the gas start-up cost, it is
more efficient to overcharge the battery in the previous time step and
discharge it in the next to avoid turning on an additional gas turbine.
The behavior becomes noticeable when the discharge rate increases
over C/3. In practice, the aggregate VPP battery consists of many small
batteries, so this increased cycling would not occur. Therefore, a more
granular battery model is needed to obtain a reliable estimate of the
cycling behavior for higher discharge rates. However, increasing the
discharge rate could potentially result in excessive grid exports. For
example, the C/1 discharge rate for a 10kWh home battery means the
10kW discharge power, which exceeds the 5kW limit for single-phase
connections used in Australia.

3.7. Computational performance

All simulations were conducted using a rolling-horizon approach
with hourly resolution. Each optimization encompasses a 48-h look-
ahead window with a 24-h overlap over a one-year period, resulting
in a total of 138,336 decision variables (22,656 binary, 4896 integer,
and 110,784 continuous) and 234,288 constraints per run. The model
was implemented in AMPL and solved using Gurobi 11.0 with a
0.5% optimality gap tolerance. All experiments were conducted on a
2.80 GHz quad-core machine with 16 GB of RAM.

Fig. 9 (top) shows the solution times per run in all scenarios,
demonstrating that scenarios with prosumer VPPs used for capacity
firming are computationally more expensive but still computationally

10

Fig. 8. Firm capacity traces for scenario C3-S5; C/4 discharge rate (top), C/1 discharge
rate (bottom). The base case (C3-S5 C/4) is the same as the bottom plot in Fig. 5.

tractable. To further examine scalability, a VPP in Bus 205 (130 MW
aggregated rooftop PV, 115 MWh battery) was replicated up to 27 times
and analyzed for two simulation horizons, 48-h (Fig. 9 bottom left) and
24-h (Fig. 9 bottom right). Observe that in both cases the computation
time grows exponentially as more VPPs are connected in the systems.
At the same time, the simulation time grows with increasing horizon
length. Nevertheless, the simulation time remains reasonable in both
cases, indicating the practicality of the proposed approach. Even in
relatively large problem instances, the model converges within compu-
tational times that are suitable for both day-ahead market participation
and rolling-horizon operational planning.

4. Discussion and open research questions

The case study has demonstrated the value of home batteries in
providing capacity-firming services, which can be used in the design
of the policy and regulatory framework to incentivize the adoption
of home batteries. However, many areas require further research, as
discussed below.

4.1. Prosumers participation and policy recommendations

The study does not explicitly model participation rates; however,
the scenario analysis accounts for their effects by adjusting the total
aggregated battery capacity. For example, in Scenario C3-S1, where
20% of the total potential capacity is used, a low percentage of the
participation of the consumer is assumed (20% of eligible consumers
adopt batteries). In contrast, Scenario C3-S5 represents full adoption,
with 100% of the capacity in use. The results highlight a nonlinear
trend: increasing capacity from S1 (20%) to S2 (40%) reduces capacity
firming costs by 3.46%, but a further increase from S4 to S5 produces
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Fig. 9. (Top) Computational performance across large-scale battery C2 (S1-S5) and
prosumer VPPs C3 (S1-S5) for charge rates of C/4, C/2, and C/1. (Bottom) Scalability
analysis of the proposed model with an increasing number of prosumer VPPs under a
rolling horizon with 48-h and 24-h windows.

a smaller improvement, with only a total reduction of 2.66%. This
suggests that the greatest benefits occur during the early stages of
adoption (20%-40%), while higher adoption levels lead to diminishing
returns.

To translate these insights into actionable policy, one avenue in-
volves tiered financial incentives. Early adoption tax credits can stim-
ulate home battery adoption in regions where participation rates re-
main below 40%, offering, for example, a 30% tax credit that grad-
ually reaches 10% once adoption surpasses 70%. This approach mir-
rors the Small-scale Renewable Energy Scheme (SRES) in Australia®
and aligns with the threshold observed between C3-S1 and C3-S2.
Meanwhile, degradation compensation in the form of annual payments
(e.g., AU$ 50-100/kWh/year) can offset the accelerated battery wear
that comes from capacity firming at varying discharge rates (C/4 to
C/1), as highlighted in Section 3.6.

Beyond financial incentives, demand response and VPP integration
offer a pathway to improve market participation. Standardized VPP
contracts with transparent compensation structures (e.g., AU$ 946/year
for C/4 discharge), liability provisions, and minimum commitment
periods (3-5 years) can lower administrative barriers for prosumers
and aggregators alike. Paired with dynamic export limits, such as
operating envelopes that allow for an increased export threshold (5 kW
to 10 kW) during peak demand—these measures help prevent localized
grid congestion while maximizing distributed contributions.

A final consideration involves behavioral and regulatory frame-
works. Granting prosumers automated opt-out clauses allows them to
prioritize self-consumption during critical periods, such as heatwaves,
without facing penalties, thus balancing autonomy with grid support.
Furthermore, regulating annual cycling caps (for example, 250 cy-
cles/year) ensures alignment with LFP battery warranties (Section 3.3),
safeguarding the long-term viability of storage owned by consumers.
These measures collectively speak to the diminishing marginal benefits
observed in the case study (Fig. 7) and address the saturation effects of

9 cer.gov.au/schemes/renewable-energy-target/small-scale-renewable-

energy-scheme.
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high participation rates. By incentivizing early adoption and promoting
decentralized storage, policymakers can replicate the cost reductions
seen in C3-S1 to C3-S5 while strengthening the reliability of the grid
through distributed resilience. Future work should explore dynamic
incentive structures that adjust to evolving participation levels and
changing grid conditions.

4.2. Financial viability of home batteries

Economic viability is an important consideration when discussing
regulatory and policy incentives. Although the study provides an es-
timate of additional value streams available to prosumers offering
capacity-firming services, a detailed analysis of the financial viability
of home batteries is out of scope due to the approximations required in
production cost modeling. As discussed in Section 2.1, the study focuses
on the transmission network, implicitly modeling distribution networks
as a copper plate. Furthermore, the demand coupling assumption ab-
stracts away distribution tariffs that are crucial in the cost-benefit
analysis of home batteries.

Despite these modeling limitations, the study provides a reason-
able estimate of how capacity-firming services impact the economic
viability of home batteries. For a typical 14kWh residential battery
priced at approximately AU$14,000, the results in Section 3 suggest
a simple payback period of 14 to 20 years for Cases C3-S1 and C3-
S5, respectively, when considering capacity firming alone. However,
the primary financial benefit of home batteries comes from PV self-
consumption. Given a 10-year warranty period, each battery would
need between AU$400 and AU$700 in additional annual savings from
PV self-consumption to break even. A recent Australian study [50] indi-
cates that achieving these savings is feasible, even without government
subsidies. That said, a more detailed analysis—incorporating distribu-
tion network modeling and varying residential electricity tariffs—is
necessary for actionable policy and regulatory recommendations.

4.3. Long-term sustainability of home batteries

The economic viability of prosumer batteries for capacity firming
must be weighed against their environmental footprint. Although life-
cycle emissions and material scarcity fall outside the scope of this
study, they represent critical barriers to scaling. The production of
lithium-ion batteries contributes 40-70% of lifecycle emissions due
to the energy-intensive extraction of lithium, cobalt, and nickel [51].
For example, LFP batteries, though cobalt-free, lead to higher lithium
demand, potentially straining global supply chains projected to face
shortages in the near future [52].

Recycling innovations—such as low-temperature hydrometallurgi-
cal processes, which can recover over 90% of metals [53], or direct
recycling methods that significantly reduce energy usage—have the po-
tential to substantially reduce lithium demand in the coming decades.
Some scenario-based studies suggest that the widespread adoption of
advanced recycling could reduce the need for newly mined lithium by
as much as 90% by 2060 [54]. However, the current recycling infras-
tructure remains underdeveloped, and high-emission pyrometallurgical
methods remain dominant despite their notable higher greenhouse gas
output [55]. Policy frameworks such as EU recycling content mandates
(for example, 12% cobalt, 4% lithium by 2030) and US tax incen-
tives for domestic recycling could accelerate progress [56]. Although
this study does not model these sustainability factors, their resolu-
tion is critical to ensure that home batteries are aligned with global
decarbonization goals.

Exploring alternative chemistries, such as sodium-ion or lithium-
sulfur batteries, may alleviate material constraints [57], while second-
life applications (e.g. repurposing retired batteries for grid storage)
can extend usage before recycling [58]. Circular economy principles,
including standardized designs for easier disassembly and blockchain-
based material tracking, could further reduce lifecycle impacts [59].


https://cer.gov.au/schemes/renewable-energy-target/small-scale-renewable-energy-scheme
https://cer.gov.au/schemes/renewable-energy-target/small-scale-renewable-energy-scheme
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For example, automated disassembly of modular battery packs has
shown promise in significantly reducing recycling costs [60]. A holis-
tic approach integrating lifecycle-aware policies, recycling innovation,
and ethical sourcing is essential to ensure home battery deployment
advances decarbonization without compromising resource equity or
environmental integrity.

4.4. System reliability and grid resilience

Decentralized capacity firming can strengthen grid reliability but
also introduces trade-offs. Battery ownership by prosumer reduces
the dependence on centralized infrastructure and, in high penetra-
tion scenarios, can support local feeders such as islands microgrids
during outages [61]. Their distributed nature mitigates single points
of failure, improving resilience to extreme weather events. However,
prosumer priorities, particularly self-consumption, limit surplus battery
capacity when solar output is low (e.g., cloudy days or nighttime),
creating uncertainty in firm capacity. By contrast, gas peaker plants
offer dispatchable power and grid-stabilizing inertia during renew-
able shortfalls, but their centralized configuration is vulnerable to
supply disruptions (e.g., pipeline failures) and site-specific risks like
flooding. Meanwhile, utility-scale batteries avoid the behavioral un-
certainties of prosumer systems, yet still face resilience limitations
(e.g., transformer failures, cyberattacks), underscoring the inherent
trade-offs among various capacity-firming approaches.

Moving forward, addressing behavioral uncertainties in prosumer
adoption and state-of-charge management is crucial for enhancing
decentralized storage reliability. Research might focus on quantifying
reliability metrics for prosumer-centric grids and developing resilience-
aware bidding strategies for VPPs, leveraging probabilistic models.
Hybrid systems that combine prosumer-owned VPPs with utility-scale
storage could balance flexibility and predictability.

As prosumers independently finance their battery systems for self-
consumption rather than as grid investments, their contribution to
the grid is best quantified through the reduction in total capacity
firming costs. Moreover, to incorporate long-term planning factors—
such as the investment costs of gas generation and large-scale batteries
alongside operational expenses—a hybrid framework is necessary. This
framework should integrate production cost simulations with capacity
expansion optimization, providing a more comprehensive economic
assessment of prosumer participation. By doing so, it not only captures
the reduction in capacity firming costs from an operational standpoint
but also accounts for the avoided investments in large-scale batteries
and gas generation, which warrant further consideration. While this
study focuses on operational cost savings, future research should evalu-
ate the long-term investment implications of these technologies within
a capacity expansion framework.

5. Conclusion

This paper is motivated by two important factors in Australia and
globally—the increasing use of variable renewable energy and the
upcoming closure of coal power plants. However, there is an oppor-
tunity to use the growing number of prosumer-owned batteries to
help ensure a stable energy supply. To realize this opportunity, this
paper has proposed a bilevel capacity firming optimization model that
allows prosumers to use their batteries for their private objectives first
and offer the remaining capacity to the system operator for capacity
firming. It adopts a generic unit commitment approach with demand
coupling, ensuring adaptability to diverse market designs and future
grid scenarios.

The case study demonstrates the value of prosumer batteries by
showing that they are a feasible and effective alternative to conven-
tional gas generation and utility-scale batteries. This indicates a pos-
sible direction of the energy policy supporting the energy transition—
instead of supporting utility-scale solutions, policymakers should incen-
tivize the adoption of behind-the-meter resources. The results demon-
strate the potential economic benefits of distributed storage. However,
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while the study results can inform policies to incentivize home battery
uptake, they should be supported by a detailed cost-benefit analysis.

Additionally, future work should explore the integration of elec-
tric vehicles with vehicle-to-grid capabilities, as their larger storage
capacities offer substantial firming potential and can complement home
batteries in tackling scalability challenges, further reinforcing the role
of distributed energy resources in the energy transition.
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Appendix A. Upper-level operational constraints

Power reserve constraints:

ﬁg gt Pegt) = :ft’
Y Beog —pe)Z YA

ge{gvnG T} neN,

(A.1)

where sets ' and N, denote generators and buses within region
r. This formulation ensures that each region maintains adequate re-
serves p;°! to accommodate real-time uncertainties and maintain system
reliability.

Generation limits: Dispatch levels of a synchronous generator g are
limited by the respective stable operating limits:

og,teg S pyy 05D, 8 E o, (A.2)

The power of RES generation is limited by the availability of the
corresponding renewable resource (wind or sun):

OgiP, < Pgs < OgiPgis 8EG. (A.3)

Unit on/off constraints: A unit can only be turned on if and only if it
is in off state and vice versa:

t#1, ge g (A4)

Ugs —dgr = 0gy = 0gr 1,

In a rolling horizon approach, consistency between adjacent time slots
is ensured by:

Ugr — dg,t =0g;— 6ga t=1, g€ gsyn’ (A5)

Egs. (A.4) and (A.5) also implicitly determine the upper bound of u,,
and d,, in terms of changes in o,,.

Number of online units: An explicit upper bound on status vari-
ables, that is limited by maximum number of identical units at each

generation station:
04, <U,. (A.6)

Ramp-up and ramp-down limits: Ramp rates of synchronous gener-
ation should be kept within the respective ramp-up (A.7), (A.8) and
ramp-down limits (A.9), (A.10):

(A7)
(A.8)

Pgs = Pgim1 S 0g Ty 1# 1,8 € (CVrf < By},

Pgs = By S 0,77, t=1,g € {CVr} <pgl,
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(A.9)
(A.10)

t#1,g€{C¥r, <b,},

— Syn|,.— _ -
1=1,g€{G"|r, <pg}.

Pg — Pgt < og,t—lr;’

Pg = Pgs S Og17s
Minimum up and down times: Thermal generators must remain on

for a period of time 7y once turned on (minimum up time):

0y > T;, gE {stnlré‘{1 > At}, (A.11)
f=rio1
0
0gs > Z Ug, i+, 1<l g € (Gl > Ar). (A.12)
=t—1
Similarly, they must not be turned on for a period of time rg once
turned off (minimum down time):
. 0
0g0 SUg= D dyii, 127 ge (¢l > 4, (A13)
f=rd—1
g
0
7 7 d d
0, <U, - RZ dy, i —dg,. 1<l ge (¢l > ar). (A.14)
t=t-1
Line power constraints: DC power flow formulation
Py =B, —6,), €L (A.15)

where the variables 6, , and §,, represent voltage angles at nodes x € N
and y € N, respectively.

Thermal line limits: Power flows on all transmission lines are
limited by the respective thermal limits of line /:

[ 1y 1225 (A.16)

where p, represents the thermal limit of line /.
Appendix B. Lower-level KKT optimality conditions

To ensure completeness, the full set of KKT optimality conditions is
derived for the lower-level prosumer VPP optimization problem. The
equality and inequality constraints of the lower-level, as represented
by (13)-(15e), are reorganized and rewritten with the corresponding
Lagrange multipliers indicated in parentheses:

LLb- _ d _

Pthr + pi‘: + Ppi it ]1;,];’“ =0, (AE;) ®.1)
-G A =0 G e
p
R AL T Tl IS
p
1’5,‘:, B plp:j;,total + U=, (Ai‘;) (B.4)
Careo W e
-ppy <0, () (B.6)
<o W @
g]; _ eI;i,,b <o, (ﬁ;t) (B.8)
ezl;,b _ 51; <0, (,7;,) (B.9)
_ p]/;,];’bJr <o, (E::) (B.10)
p;’Lt,bar _ rb+EE <o, (ﬁ;’;) (B.11)
_ p;Lr,b— <0, (ﬁf:;) (B.12)
pll;’l;,b— _ rb—zl; <0, (pi:) (B.13)

The KKT conditions for the lower-level optimization problem are
derived by first formulating the corresponding Lagrangian function:

L, A @) = f(X)+ ATgx) + p h(x), (B.14)
LLb+ LLb- p

curt
Ppr €y

where x = { plg:, pf:‘;, PSS P,y } represents the decision vec-
tor of the lower-level problem. The function f(x) denotes the objective
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function (12), g(x) is the vector of equality constraints (B.1)-(B.4), and
h(x) is the vector of inequality constraints (B.5)-(B.13). The vector of
Lagrange multipliers associated with the equality constraints is given by
AT = {28 58 A>'}, and the multipliers corresponding to the inequality

pt’ ot
: T_7¢,8 PV  curt —€ b+ 7Pt  p-—
constraints are represented as u' = {u i Hpas Hp s B s BT B B

e
_ pit
Ay

Following this, the KKT optimality conditions can be derived by first
taking the derivative of the lower-level problem’s Lagrangian function
L with respect to its primal variables x. This results in the introduction
of the equality conditions given by constraints (B.15)-(B.21).

oL

— gt g+ _
opst =1+ 40—y =0 (B.15)
pit
oL g+, PV _ PV
o ne ¥ Aps =y =0 (B.16)
pit
oL pv curt
=Apy =0, (B.17)
t N 1
apg e
OL  _ pen_ g+ _ brje L bt _ bi _
Pl Apt =My Ay H Wy =07 =0, (B.18)
[
0L _ pen g+ 1 e . —b- be _
S Cn + At F%J tHy —p =0, (B.19)
pP,l‘ P
0L _ e e —e e _
LD e T A Y B, = 0, 1<T (B.20)
P!
L e | —e . ~
PN Ao T Hy T Por = 0, t=T (B.21)
P

Second, the equality constraints of the primal lower-level prob-
lem are given by (B.1)-(B.4). Finally, the complementarity conditions
related to the inequality constraints are given as follows:

0<hx) Luz0, (B.22a)

where h(x) represents the inequality constraints (B.5)-(B.13); u denotes
the Lagrange multiplier associated with each inequality constraint.
These complementarity constraints are then linearized using the well-
known Big-M approach. Each constraint of the form 0 < h(x) L 4 > 0
is replaced by:

h(x) 2 0,
h(x) < bM,

(B.23a)
(B.23b)

u=>0,
us(-bM,

where M is a sufficiently large number, and b is a binary decision
variable.

Given that the KKT conditions are both sufficient and necessary for
optimality, the lower-level problem (12)—(15e) can be replaced with
mixed integer linear constraints (B.15)-(B.21), (B.1)-(B.4), and (B.23a)
and (B.23b).

Hence, the production cost model is structured as a MILP that can be
solved efficiently with off-the-shelf solvers described by the following:

objective (2)

subject to

(3)-(11), (A.1)-(A.16),(B.1)-(B.4), (B.15)—(B.21),
(B.23a) and (B.23b).

where the decision variables are (2, Qp. Ay and b.

Appendix C. Supplementary data

Supplementary material related to this article can be found online
at github.com/mald1409/Capacity-Firming-Data.
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