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Integrating Industrial Demand Response into Capacity Expansion Models:
Curtailment and Load Shifting

Introduction

Meeting emissions reductions goals will necessarily require decarbonisation of industrial energy
demand. This includes through both direct electrification, or through energy carriers like hydrogen,
which have different, flexible demand characteristics. The decarbonisation of industrial demand will
consequently play a major role in the energy transition, both as a major source of new
consumption and as a potential provider of system flexibility. However, in many long-term capacity
expansion models, industrial loads are treated as exogenous, fixed time series that must be met by
supply-side investments. This approach overlooks the fact that many industrial processes
(particularly new and emerging industries such as hydrogen electrolysis, green iron, and large-
scale data centres) have significant technical and economic flexibility.

Ignoring this flexibility risks misrepresenting both the costs and opportunities of system
decarbonisation. If industrial demand is modelled as exogenous and a fixed input, expansion
models will tend to over-invest in peak generation and storage capacity to meet peak demand and
resource adequacy requirement. In practice, industrial consumers can and do temporarily reduce
or shift consumption (see figure 1 below). By endogenising demand flexibility, models can reveal
the opportunities and benefits of integrated co-optimisation: industrial firms may secure lower cost
energy by aligning consumption with periods of abundant renewables, while the power system can
reduce peak capacity requirements and system costs.
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Figure 1. Demand response by Tomago smelter in UNSW (author provided)

This paper explores potential implementation pathways for different forms of industrial demand
response (DR) in a standard capacity expansion problem. Firstly, the potential formulations are
derived, and then implementation pathways for a common modelling framework (PyPSA, Python
for Power System Analysis; Brown et al., 2018) are explored. The focus is on:

* Curtailment (load shedding): temporary reduction or interruption of industrial load,
compensated by a cost penalty to reflect lost value of service (see Figure 2, first panel).

* Load shifting (temporal scheduling): deferring or advancing consumption in time without
changing total energy demand, analogous to energy storage dynamics (see Figure 2,
second panel).



#§ ASIA-PACIFIC _
N ¢ SOLAR RESEARCH CONFERENCE 2-4 Dec 2025, Brisbane

A

——Original profile 4 A
- - —Profile after DR

v

v
v

Curtailment Load shifting Valley filling

Figure 2. Types of demand response, as described by Morales-Espaiia, G., et al.
(2022). This paper focuses on curtailment and load shifting.

Introducing Demand Response in Capacity Expansion

Mathematically, the two demand response approaches could be integrated into a capacity
expansion problem through two distinct pathways.

e Curtailment: Curtailment could be reflected by introducing a cost penalty (Value of Lost
Load for an industrial load) and an additional decision variable (unserved load). The
unserved load is given penalty cost, which is added to the objective function. This
formulation also ensures excessive curtailment by introducing an aggregate limits on
curtailment (Zerrahn & Schill, 2015). Figure 3 represents the mathematic formulation.

Parameters:
D} baseline industrial demand (MW or MWh per period)
¢ Value of Lost Load (8/MWh), very large penalty
D™=t gptional total curtailment budget (MWh)

Decision variable:
d¥*E > 0 non-served energy (MWh)

Objective contribution (penalty term):
min Z CVDLL " dtNSE
teT
Curtailment balance:

served demand at time ¢t = D} — d"°F

Optional aggregate limit:

d.‘\TSE & Dmax,curt
E t =
teT

Figure 3. Decision variables and constraint equations for implementing the
curtailment mode of demand response.
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* Load Shifting: Load shifting enables the model to reschedule industrial consumption
across time periods while preserving total energy requirements. In this approach, two
variables for each time period are introduced: one representing extra load above a
baseline, and another representing reduced load below a baseline. This formulation doesn'’t
include a cost function. However, it does introduce additional constraints to ensure served
demand is balanced, and there is no accumulation of energy. Figure 3 represents the full
mathematic formulation.

Parameters:
D! baseline industrial demand (MW or MWh)
D™ maximum allowable additional demand (MW)

E™* maximum deferrable energy, i.e. saturation (MWh)

Decision variables:
d;” = 0 extra load served above baseline (MWh)
d; > 0 deferred load below baseline (MWh)
i > 0 served demand (MWh)
e; > 0 state-of-charge of deferred load (MWh)

Served demand balance:

& =D +df —dy VteT

Energy neutrality:
Sar =Y
teT teT

Bounds:

0<d; <D D dr< ™ MeT

Deferred energy balance:
e =e—1+dy —df VteT,ep=10

Saturation constraint:
0<e < EM YteT

Final recovery:

er=10 (all deferred load must be recovered by horizon end)

Integration into PyPSA

We then try to implement these formulations into the PyPSA capacity expansion modelling
framework. Demand response capabilities are not natively represented in the PyPSA component
system. As such, the demand response capability introduced and represented though existing
structures and components (see Brown et al., 2018). This is modelled with a simplified test PyPSA
network.

Curtailment in PyPSA: This is implemented by adding a dummy generator at the bus of
the industrial load, with an extremely high marginal cost set to the penalty prices.
Dispatching this generator corresponds to unserved industrial demand. This approach is
standard in many PyPSA-based studies of reliability. To reflect aggregate curtailment limit,
a custom constraint is introduced that limits the annual generation of the dummy generator.
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This constraint can also be parametrised to ensure a minimum annual load is served. This
implementation is intended to reflect the kinds of behaviour identified identified in Figure 1.

Load Shifting in PyPSA: This is implemented by using a ‘Store’ component connected to
the load bus. This is more novel technique, in which the store’s state of charge of the ‘store’
represents deferred industrial energy. Discharging the ‘store’ effectively decreases the
residual load on the grid, and reflects reduced industrial consumption. Charging the ‘store’
increases demand on the grid, and reflects increased industrial consumption of the
electricity. This can also be conceptualised as ‘recovering’ previously deferred load.
Additional constraints (implemented within the store component) enforced daily (for
example) “recovery” (i.e ensuring daily industrial production targets are still met). This is
analogous to “state-of-charge” constraints with batteries. This approach leverages
PyPSA'’s existing solver formulations for intertemporal coupling and storage, ensuring
tractability. This implementation is intended to reflect the kind of behaviour you might see
from flexible electrolysers (or similar flexible loads) which are only begining to emerge.

Preliminary results discussion

Preliminary simulation experiments highlight the contrasting system roles of curtailment and load
shifting.

» Curtailment provides an important reliability benefits: the model avoids extreme
investments in peaking plants by allowing small amounts of high-cost load shedding. In the
PyPSA test case, annual system cost decreased modestly (1-3%), but peak generator
capacity requirements were notably reduced.

* Load shifting had larger impacts. Industrial flexibility equivalent to 10—-20% of peak demand
shifted within a 24h window reduced storage investment (batteries, pumped hydro) by up to
15% and curtailed renewable energy by ~10% in the test case. From the industrial
perspective, flexibility allowed consumption to align with low-cost renewable hours, lowering
effective average electricity cost.

Together, these results underline that properly endogenising industrial flexibility can improve both
economic efficiency (lower total system cost) and integration of renewables (less curtailment,
smoother net load).

Future work should extend these approaches to full-scale system studies, where transmission
limits, regional diversity, and market dynamics are represented. Exploring alternative formulations
and hybrid approaches will also help ensure that industrial flexibility is captured in a robust and
realistic way. In addition, the current implementations may be conveniently reflected in PyPSA
components, but not properly reflect technical process limits (e.g. minimum run times, recovery
dynamics in industrial production).
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