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Abstract—Industrial demand response is emerging as a key
strategy to help balance power systems with increasing levels
of variable renewable generation. In particular, cement plants
are highly electricity-intensive and can provide demand response
through process scheduling and participation in ancillary-service
markets. However, taking advantage of this flexibility to reduce
operational costs is challenging due to uncertainty in electricity
prices, reserve activation, and renewable generation. To address
this challenge, this paper develops a multi-stage stochastic op-
timization model that co-optimizes energy and reserve procure-
ment for a cement plant. A rolling-horizon simulation with out-
of-sample evaluation compares performance against deterministic
and perfect foresight approaches, demonstrating the value of
stochastic methods in managing industrial energy flexibility.

Index Terms—Ancillary services, demand response, stochastic
programming, cement plant.

I. INTRODUCTION

The growing penetration of variable renewable generation
(RG) has intensified the need for demand-side flexibility to
support system reliability, grid stability, and efficient renew-
able integration. Industry, which is the largest electricity-
consuming sector, plays a crucial role in providing such
flexibility through demand response (DR). The potential for
DR depends on process characteristics such as notification lead
time, response speed, and mode of power modulation [1], [2].

Cement production represents a promising industrial DR
application due to its combination of high electricity use
and intermediate material inventories that partially decouple
material and power flows. Previous studies have primarily ex-
plored heuristic or mixed-integer linear programming (MILP)—
based scheduling strategies to reduce energy costs and peak
demand under conventional tariff structures such as time-of-
use pricing [3]-[5]. However, only a few have investigated
multi-market participation of a cement plant under uncertainty.
For instance, [6] proposed a production-inventory MILP that
jointly optimizes day-ahead (DA) energy procurement and
secondary reserve commitments, while [7] examined manual
frequency restoration reserve (mFRR) provision by a Spanish
cement plant through an annual DR service auction using
a medium-term stochastic model. Nevertheless, short-term
operational scheduling considering repeated mFRR activations
and cumulative inventory effects remains a research gap.
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This paper contributes to the development of a stochastic
MILP framework for the short-term co-optimization of energy
and reserve capacity in a cement plant, explicitly accounting
for activation uncertainty and inventory dynamics. A rolling-
horizon simulation framework is employed to capture the cu-
mulative impact of repeated reserve activations on both energy
use and material inventories. Such a framework is particularly
important in markets where reserve capacity is procured on a
daily basis (e.g., in the Nordic region), as repeated activations
can gradually disturb production schedules and storage levels.
Furthermore, because policies derived from historical data may
diverge from actual realizations, out-of-sample rolling-horizon
simulations are performed to quantify the performance gap
against deterministic and perfect-foresight benchmarks. The
analysis considers two European reserve products in the DK1
bidding zone (West Denmark): Frequency containment reserve
(FCR), supplied by an on-site battery energy storage system
(BESS), and mFRR, particularly up-regulation, provided by
the cement mill, as the plant’s largest schedulable load.

The paper is organized as follows. Section II provides the
problem description, outlining the context of cement man-
ufacturing, the decision-making process, and the key mod-
elling assumptions. Moreover, it also describes the multi-stage
stochastic optimisation framework, the treatment of uncer-
tainty, and the rolling-horizon simulation procedure. Section
IITI reports the results and discussion, analysing the impacts of
ancillary services on production-inventory management, and
economic performance. Finally, Section IV summarises the
main conclusions of the research and future work.

II. PROBLEM FORMULATION

Cement production involves a sequence of mechanical
and thermal processes connected by intermediate invento-
ries that buffer material flows. The process typically begins
with quarrying and crushing raw materials into rock-sized
fragments. Further size reduction occurs in the raw mill,
whose output feeds the main thermal pyroprocessing stage,
typically comprising a preheater tower and rotary kiln. In
this stage, limestone is calcined and clinker is formed in the
kiln. Finally, clinker is cooled and ground in cement mills
together with additives, resulting in the final cement blend. In
this study, calcined clay—produced in a parallel, electrified
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line—is ground with clinker to produce Limestone Calcined
Clay Cement (LC3), assumed to contain 50% clinker, 30%
calcined clay, 15% limestone, and 5% gypsum [8].

A. Assumptions

Due to thermal and process constraints, the kiln and clay
calcination system operate continuously, while the crusher, raw
mill, and cement mill are dispatchable on a daily basis. Among
these, the cement mill is assumed capable of providing mFRR
by deviating from its baseline. On-site RG and BESS support
the plant’s total load, while the latter can also provide FCR,
leveraging its fast power modulation.

The plant is modelled as a balance responsible party (BRP)
and price-taker in the Nordic electricity markets. It is finan-
cially responsible for real-time deviations between its market
position and actual consumption. Operational decisions are
structured across multiple markets and timescales, as illus-
trated in Fig. 1: (i) reserve capacity bidding for FCR and
mFRR on day D-1 morning, (ii) energy procurement in the
day-ahead market after reserve prices are known, (iii) intra-
day scheduling of production and inventory, and (iv) real-
time adjustments based on realized prices, RG, and activation
signals. Given the sequential and uncertain nature of this multi-
stage process, the overall problem is formulated as a multi-
stage stochastic MILP. Uncertainty is represented through
scenario indices w € €2, and non-anticipativity constraints
ensure consistent decision-making across stages.

B. Objective function

The proposed stochastic MILP minimizes Eq. (1), which
includes expected market cost and penalties across all scenar-
ios. The symbol A denotes either (i) market prices for energy
and reserve products, indicated by superscripts, or (ii) penalty
weights applied to slack variables. The symbol § denotes
nonnegative slack variables used to relax limits or targets. The
first two terms of Eq. (1) represent revenues from FCR and
mFRR capacity provision. The third term accounts for mFRR
activation energy settled at the activation price. The following
three terms reflect day-ahead energy purchases, balancing cost,
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and imbalance penalty. The last two terms penalize inventory
target deviations and violations of the minimum state of charge
(SOC) headroom required for FCR delivery.
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Reserve capacity procurement represents the first-stage de-
cision, where both FCR and mFRR bids must be submitted
under activation and price uncertainty.
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—R,mFRR VteT,
[PRmFRR xl;,:mFRR < Z PRUFRR 5 RmFRR

m,t,w t,w
et Yw €
(2)
—R,FCR vteT
PRFCR RFCR o Z P;thSR < PRFR RECR ;
' Yw € )
beB «
3)
These constraints use binary variables z®FR and zRmFRR

to bound the total reserve capacities offered for mFRR and
FCR within regulatory minimum requirements (P*™®R and
PRFCRY and the sum of available physical capability of each
asset m and BESS b (P~ RmERR and ?R’FCR).

Energy procurement is modelled through constraints that
capture the difference between real-time power consumption
and day-ahead commitments. DA bidding occurs in the second
stage, after reserve capacity prices are realized but before DA
prices are known, while real-time (RT) consumption decisions
are made in the final stage once all uncertamtles are revealed.
Constraints (4)-(6) define the signed (A ) and unsigned
(A t_’w) power imbalances and ensure that DA commitments
(Ptj?wA) respect the physical power exchange limit P at the
plant’s point of interconnection (POI). This limits speculative
behavior by preventing the plant from committing unrealistic
DA purchases based on expected DA-RT price spreads.
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From the assets perspective, on-site RG production (P, )

rgiuces the net load of the plant, but its available power
(Pr,t,w) 18 subject to real-time uncertainty:
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The BESS dynamics is captured by the energy balance
below, which accounts for charging (ngh) and discharging
(niihy efficiencies, self-discharge losses (i), and FCR
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FCR reserves are split into charging and discharging com-
ponents to enable bidirectional droop activation, although a
single FCR capacity Pft’ZCR is committed in the first stage,
equal to the sum of both components. To ensure sufficient
energy headroom, SOC margins are included in constraints
(13) and (14). These margins encourage the model to maintain
available energy capacity even when no activation is expected,
where ofR denotes the ratio of power capacity allocated
to SOC headroom, and §5°C and 459G+ are slack variables
penalized in Eq. (1).
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Byro < Bj1050C, — "R Py 1 5300 i e T,
Yw € Q,

(13)
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(14)

The active power consumption of dispatchable machines
is regulated discretely as a function of electrical efficiency
(nf;l), rated throughput (F',), and a binary ON/OFF variable
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(tp,t.w)s as shown in constraint (15). The latter is a third-
stage decision, determined after the realization of DA prices
and before real-time operation. Real-time mFRR activation
is represented in constraint (16) as the product of a binary
activation factor (yici;mFRR) and the sum of committed mFRR
capacities. The activation factor is modeled by building on
the method proposed in [9], assuming activation occurs only
when the expected system-level activation meets or exceeds
the available mFRR potential. Consequently, real-time power
consumption deviates from the scheduled one for mFRR-
capable machines, as shown in constraint (17).
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Scheduled switching actions are subject to the minimum
on/off time requirements defined in constraints (18) and (19).
These constraints limit the duration that each process must

remain in a given state after a state transition, controlled by
on off
parameters o' and o).

15)
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Inventory dynamics are modeled through material balance
equations (20) and (21) that link upstream and downstream
processes. Material levels are affected by inflows and outflows,
which may include cement demand F'9¢™, as in contraint (21).
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Real-time inventories are differentiated from scheduled ones
for material streams connected to mFRR-capable processes,
reflecting potential deviations caused by reserve activation
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Constraint (26) is a soft constraint that penalize deviations
from end-of-horizon target levels in the objective function.
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Finally, the real-time power balance is formulated under a
copper-plate assumption (i.e., assets are connected to a single
node), accounting for all internal power injections (negative
terms) and absorptions (positive terms) within the plant:

PO = S P Y (R AR
reR beB vteT,
(Pho+ AP + > Paa+ Y PR, WweE
deD peP
27)

D. Scenario generation and rolling-horizon simulation

A stagewise sequential clustering approach is employed to
represent uncertainty, generating a scenario tree whose nodes
correspond to clusters at each decision stage. Historical data
are grouped using K-medoids clustering to capture representa-
tive realizations of uncertain parameters. In the first stage, FCR
and mFRR capacity prices are jointly clustered according to
the specified number of clusters. In the second stage, DA prices
are clustered conditionally on the reserve clusters to preserve
inter-stage dependencies. Finally, RT parameters—including
activation signals, balancing prices, and RG—are clustered
based on the corresponding DA clusters. To control tree
size and avoid branches with insufficient data, an adaptive
clustering procedure reduces the number of clusters when the
available samples fall below a threshold.

A rolling-horizon simulation is conducted to evaluate how
in-sample stochastic policies perform under out-of-sample
realizations and to track cumulative inventory deviations. The
procedure is summarized in Algorithm 1.

III. CASE STUDY

The rolling-horizon simulation spans 21 June-28 August
2021, covering over two months of operation for a representa-
tive cement plant in the DK1 bidding zone. The year is chosen
due to data availability on mFRR activations and grid fre-
quency. Market and renewable data are sourced from Energinet
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Algorithm 1 Rolling-horizon simulation procedure

Input: Total days D, horizon H=24h, initial state

81:(M0, SOCO, ON/OFF())

1: ford=1,...,D do

2: Generate scenario set {2y from lookback window
[d=N,...,d-1]

3: Minimize Eq. (1) for day d to obtain optimal policy
Tdq

4: Map in-sample scenarios to realized outcomes via

nearest-distance rule
5: Apply mapped policy x; to out-of-sample trajectory
6:  Update next day state sqi1 (My,SOCy, ON/OFFy)

“Return: Aggregated in- and out-of-sample cost

[10], and frequency data from WETI [11]. mFRR activations
are modeled with hourly resolution, consistent with available
data [12]. The plant operates at 200 ton/h, with equipment
sized from typical throughput data [5], and includes on-site
PV (20 MW), wind (30 MW), and BESS (10 MW/30 MWh).
For the simulations, the following input cluster numbers are
set: 2 for FCR data, 3 for DA data, and 4 for RT data. This
results in 24 scenarios if the adaptive clustering does not limit
branching. Moreover, a 45-day lookback window is employed.
Performance is benchmarked against deterministic and
perfect-foresight cases; the former optimizes a single average
scenario, while the latter optimizes decisions using realized
out-of-sample data, representing an ideal upper bound.

A. Results and discussion

Fig. 2 compares the first days of operation for the stochas-
tic and deterministic models, considering participation in all
market layers described in Section II. In the stochastic model,
process scheduling accounts for multiple price and activation
scenarios, leading to more cautious and less frequent mFRR
reserve commitments. Following an activation event (e.g.,
26-27 June), the model prioritizes inventory recovery, tem-
porarily suspending reserve bids. In contrast, the deterministic
model optimizes for a single expected scenario, neglecting
uncertainty and resulting in an overconfident mFRR bidding
strategy. Without uncertainty representation, cumulative acti-
vations hinder inventory recovery, as the model overestimates
its ability to restore material levels while earning from reserve
capacity. Thus, operation becomes infeasible after 26 June,
when the calcined clay inventory exceeds its 2000 ton limit.

Table I summarizes total market costs and savings for
three participation cases: Energy-only, FCR-only, and FCR
& mFRR. The Energy-only case serves as the baseline for
computing cost savings within each simulation type. Here,
cost differences mainly stem from scheduling arbitrage and
strategic bidding: under perfect foresight, where day-ahead and
real-time prices are known, the optimizer deliberately under-
or overcommits bids to exploit price spreads. Allowing the
BESS to provide FCR (up to 10 MW) yields savings of 3—-6 %.
Although the deterministic formulation shows slightly higher
relative savings, it has marginally higher absolute costs than
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Fig. 2. Impact of mFRR activations on production and inventories: (a)
stochastic and (b) deterministic model. Shaded areas show deviations between
scheduled and real-time inventory levels. Rated powers: 0.39 MW (crushing),
1.8 MW (raw meal grinding), 7.9 MW (cement grinding).

the stochastic one because savings are calculated with respect
to the same simulation type. The gap between stochastic and
perfect-foresight solutions is around 1 M€, highlighting the
value of perfect information.

Introducing mFRR bidding (7.9 MW capacity) increases
operational complexity due to activation uncertainty, which
may push inventories beyond physical limits if neglected (see
Fig. 2). Stochastic savings rise from 3.0 % to 39 % (~
40 k€) when mFRR provision is allowed—roughly one-third
of the gains achieved with FCR alone. This smaller benefit
reflects higher FCR capacity prices compared to mFRR during
the analyzed period. Although mFRR activations can yield
revenues, they are highly uncertain in both activation and price
and often trigger rebound effects that raise subsequent energy
costs. Under perfect foresight, potential savings increase by
about 1.2 M¥€ relative to the stochastic case.

Overall, the stochastic formulation’s main advantage lies
less in cost reduction and more in its ability to manage acti-
vation uncertainty and maintain feasible production—inventory
trajectories, particularly in the FCR & mFRR case.

IV. CONCLUSIONS

This paper presents a multi-stage stochastic optimization
model for co-optimizing energy and ancillary service pro-
curement for a cement plant under uncertainty. A rolling-
horizon simulation with out-of-sample evaluation is used to
assess the cumulative impact of mFRR activations on plant
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TABLE I
TOTAL MARKET COST AND SAVINGS VS ENERGY-ONLY BASELINE.

Case Simulation Cost [M€] Savings [%]
Deterministic 4.11 -
Energy-only Stochastic 4.07 -
Perfect foresight 3.16 -
Deterministic 3.97 3.27
FCR-only Stochastic 3.95 2.98
Perfect foresight 2.95 6.65
Deterministic Infeasible Infeasible
mFRR & FCR  Stochastic 3.91 3.95
Perfect foresight 2.74 13.31

operation. The results emphasize the importance of uncertainty
characterization, particularly when modelling energy-intensive
services such as mFRR, whose activations have a significant
impact on short-term production and inventory planning. In
contrast, non-energy-intensive services such as FCR yield cost
reductions that are less sensitive to uncertainty modelling
but depend on on-site BESS investments. Future work will
integrate a risk-averse formulation, extend the optimization
horizon, and conduct sensitivity analyses on key parameters.
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