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ABSTRACT: Battery energy storage systems can capture stacked revenue by placing bids in the energy markets,
arbitraging day-ahead prices, correcting positions in intraday auctions, and providing ancillary services such as
secondary regulation, either as a standalone power plant or collocated with photovoltaic or wind generation. How-
ever, profitable participation requires (i) accurate short-term price forecasting across coupled market products and
(ii) an optimization model that enforces market rules, grid connection limits and state-of-charge feasibility under
uncertainty. This paper presents an end-to-end decision-support framework for the Spanish electricity market that
combines machine-learning forecasting with a mixed-integer linear programming scheduler and an adjustable robust
optimization extension. The forecasting layer relies on XGBoost models using publicly available data from the Spanish
system operator, meteorological observations and gas prices, including calendar and event features. The scheduling
layer explicitly models the market coupling, point-of-connection limits and two imbalance settlement options (priced
and penalized). The adjustable robust optimization formulation uses budgeted uncertainty sets and strong duality
to produce tractable robust counterparts that trade expected profit for improved downside protection. A redispatch
simulator sequentially re-optimizes as markets clear, preserving committed trades while updating remaining degrees
of freedom. Results demonstrate that forecast quality and the robustness budget I' jointly shape bidding decisions
and imbalance exposure. These findings provide practical guidance for operating BESS or collocated portfolios in
multi-settlement electricity markets.

KEYWORDS: Battery energy storage systems; photovoltaics; electricity markets; price forecasting; machine learning;
robust optimization

1 Introduction

The rapid growth of variable renewable energy has amplified short-term variability in net load, substan-
tially raising the system value of flexible resources such as battery energy storage systems (BESS). Utility-scale
BESS, standalone or collocated, can provide multiple services: energy arbitrage, imbalance mitigation,
and participation in reserve markets. In liberalized European markets, these value streams are typically
accessed through a sequence of market sessions (day-ahead, intraday, balancing and ancillary services), with
progressively shorter lead times and different settlement rules. Capturing stacked value requires coordinated
decisions across sessions and consistent treatment of operational constraints (state-of-charge dynamics,
charge/discharge limits) and grid constraints (point-of-connection limits).
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This paper aims to understand how multi-product electricity price forecasts, market-rule-constrained
battery scheduling, robust uncertainty management, and chronological redispatch can be integrated into a
single operational framework for PV+BESS participation in the Spanish electricity market. More specifically,
the study investigates: (i) how forecast information from day-ahead, intraday, and secondary regulation
products can be translated into feasible battery schedules; and (ii) how residual uncertainty, represented
through I'-budgeted uncertainty sets, affects bidding decisions, imbalance exposure, and state-of-charge
management.

In the Iberian market (including Portugal and Spain), the day-ahead (DA) market clears quarter-hourly
positions for the next day, followed by several intraday (ID) auctions and balancing mechanisms. Secondary
regulation (SR) is procured to manage frequency deviations and is settled with availability and activation
components. For an asset operator, these coupled mechanisms give rise to a multi-stage optimization
problem in which decisions at each settlement layer depend on forecasts of prices, load, renewable generation,
and reserve activation signals.

In practical operation, these decisions cannot be decomposed into independent forecasting, bidding,
and redispatch tasks. A price forecast that is accurate on average may still lead to infeasible or eco-
nomically suboptimal battery schedules if state-of-charge limits, point-of-connection constraints, reserve
commitments, and previously cleared market positions are not considered simultaneously. Conversely, an
optimization model that assumes perfect or static forecasts may overestimate the value of arbitrage and
underestimate imbalance exposure. This coupling becomes especially relevant in multi-settlement markets,
where each market gate closure fixes part of the schedule while later sessions only allow incremental
corrections based on updated information. Therefore, the operational gap addressed in this work is the lack
of a unified decision-support pipeline that transforms multi-product forecasts into market-rule-compliant
PV+BESS schedules, updates those schedules sequentially as markets clear, and controls residual forecast
uncertainty through a tractable robustness mechanism.

This paper contributes an end-to-end operational framework in which forecasting, deterministic
scheduling, robust scheduling, and redispatch are not treated as independent modules but as coupled
stages of the same bidding process. The proposed framework integrates four layers: (i) a multi-product
forecasting stack for DA, intraday and SR prices; (ii) a deterministic mixed-integer linear programming
(MILP) scheduler that enforces Spanish market coupling rules and two imbalance settlement representations;
(iii) an adjustable robust optimization (ARO) extension to hedge against price and renewable uncertainty;
and (iv) a redispatch simulator that sequentially updates the schedule as markets clear. While individual
components like multi-product price forecasting, MILP self-scheduling, and robust optimization have been
studied separately, the contribution of this work is their tight integration into a single operational pipeline
specifically designed for the Spanish MIBEL market, featuring an empirically validated forecasting layer,
explicit modelling of Spanish market rules and settlement logic using ESIOS-derived inputs, and a I'-tunable
robustness mechanism calibrated against commercial benchmarks.

Multi-market participation of storage has been addressed using bi-level formulations for price-taker
batteries and market-clearing interactions, as well as single-level self-scheduling models for price-takers.
Prior studies highlight the importance of including battery degradation and the coupling between energy
and reserve commitments. Khalilisenobari and Wu propose a bi-level model for energy and ancillary service
participation considering degradation costs [1], and Ghanaee et al. propose a MILP-based battery cycle-
aging model for day-ahead energy and reserve scheduling in hybrid power plants, highlighting the relevance
of degradation-aware scheduling for BESS participation in reserve markets [2]. In the context of European
multi-settlement markets, multistage stochastic approaches have shown that adding intraday opportunities
can increase expected profit and reduce imbalances for renewable-based virtual power plants [3].
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On the one side, forecasting is a critical input to bidding and scheduling. In the literature, electricity
price forecasting has been tackled with statistical time-series models (e.g., ARIMA), kernel methods (SVR)
and modern machine learning and deep learning approaches. Gradient-boosted decision trees, particularly
XGBoost, have proven competitive for non-linear relationships and heterogeneous features [4], while hybrid
trend-seasonality models such as (Neural)Prophet capture multiple seasonality and holiday effects [5], and
LSTM networks provide sequence modelling capacity for complex temporal patterns [6].

Moreover, uncertainty in prices and renewable production motivates stochastic and robust optimiza-
tion. Robust optimization replaces random variables with uncertainty sets, producing solutions feasible
for all realizations within the set. Ben-Tal et al. introduced adjustable robust counterparts for problems
with recourse decisions, often approximated with affine decision rules for tractability [7]. Bertsimas and
Sim proposed the budget-of-uncertainty concept, enabling a continuous trade-off between robustness and
nominal performance while preserving linearity [8]. In energy systems, robust formulations have been
applied to day-ahead participation problems under price and PV uncertainty [9] and to wind+BESS
participation across energy and reserve products [10].

The remainder of the paper is organized as follows. Section 2 describes the data sources and feature
engineering process. Section 3 presents the proposed methodology, including the forecasting layer, MILP
scheduling formulation, and adjustable robust optimization extension. Section 4 reports out-of-sample
forecasting results and illustrative scheduling outcomes. Section 5 discusses implications, limitations, and
future directions, and Section 6 concludes.

2 Data Sources and Feature Engineering

The framework developed in this work is designed for operational deployment and therefore relies
on publicly available or routinely accessible data. Market variables (day-ahead, intraday and ancillary
service prices) are retrieved from the Spanish system operator’s (ESIOS) transparency platform via API [11].
Meteorological variables are obtained from the AEMET OpenData service [12] and fuel price fundamentals
are represented by the daily day-ahead natural gas price index from MIBGAS [13].

All data series are aligned to the market time reference and aggregated to the corresponding product
granularity. Missing values are handled by a combination of forward filling for slowly varying series (e.g.,
daily gas price) and interpolation for meteorological data. For operational consistency, the production
pipeline re-trains models daily with fixed hyperparameters to include the features of the most recent
available data.

For weather, AEMET provides historical data of daily minimum and maximum temperature and, for
some locations, daily mean temperature, as well as the corresponding time of each value. To obtain an
historical temperature profile usable for model training, we reconstruct a normalized intra-day temperature
curve and then re-scale it to match each day’s observed minimum and maximum.

Fig. 1 illustrates the standard intra-day temperature profile used to reconstruct quarter-hourly temper-
ature from daily statistics.

Calendar features include hour of day, day of week, month and day-type (working day vs. week-
end/holiday). To capture structural breaks and extraordinary events, an event calendar is encoded as
binary flags (e.g., COVID-related periods, geopolitical events, and other system-wide anomalies). These
event features are appended to the feature vector for price models to improve generalization during
atypical regimes.
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Figure 1: Average day temperature profile.

More than a thousand energy-market indicators are provided by ESIOS. Given this large number, feature
selection is performed using correlation screening and domain knowledge. Both linear correlation (Pearson)
and non-linear dependence (maximal information coefficient, MIC) [14] are used to identify redundant
signals. Features with Pearson and MIC correlation above a heuristic threshold (e.g., 0.7) are grouped, and
representative indicators are chosen to minimize collinearity while preserving explanatory power.

PV generation forecasts for the hybrid plant can be derived from meteorological inputs using the pvlib
Python library [15] and AEMET day-ahead sky-condition forecast.

3 Methods

The proposed methods are designed for a case study that represents a single PV+BESS market
participant operating as a price-taker in the Spanish electricity market. The model does not simulate the full
wholesale market-clearing process and does not represent individual competing generators. Instead, the rest
of the power system is represented through exogenous market and system variables, including cleared market
prices, renewable generation indicators, system balance variables, and reserve-related signals obtained from
public data sources. The resulting tool is therefore best interpreted as a decision-support and self-scheduling

framework for a price-taking PV+BESS operator, rather than as a market-clearing or strategic price-maker
bidding model.

The modelled asset is a hybrid PV+BESS plant connected to the grid through a single point of
connection. The point-of-connection constraint limits the net import and export of the aggregated PV and
battery system. Network constraints beyond this point of connection are not modelled explicitly, which is
consistent with the price-taker formulation adopted in this work. The scheduling model therefore focuses
on the operational decisions available to the asset owner: charging, discharging, market energy sales and
purchases, secondary regulation commitments, and imbalance management.

3.1 Forecasting Methodology

The forecasting layer produces short-term predictions for (i) PV generation (for operational con-
ditions), (ii) day-ahead spot price, (iii) intraday auction prices (multiple sessions) and (iv) secondary
regulation price signals. A portfolio of candidate models is evaluated offline, including support vector
regression (SVR), autoregressive integrated moving average (ARIMA), gradient-boosted trees (XGBoost),
NeuralProphet, and long short-term memory networks (LSTM). Model selection is performed offline via
time-series cross-validation, using expanding windows to respect the temporal ordering of observations and
prevent look-ahead bias. Hyperparameter tuning is performed once during the offline phase; the selected
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configuration is then frozen and the model is re-trained daily on a rolling window to incorporate the most
recent market behavior. This design prioritizes operational stability over marginal in-sample gains, avoiding
the risk of overfitting to recent regime shifts.

Performance is measured using absolute error (AE), root mean square error (RMSE) and relative
error (RE). Where commercial benchmarks are available, we report head-to-head comparisons for identical
evaluation windows.

The day-ahead price model uses 19 explanatory variables that combine temporal features with fun-
damental and market-based signals. In addition to calendar and weather variables, the model includes
renewable supply proxies (solar and wind), a daily gas price index, and lagged values of multiple ESIOS price
indicators from the previous day. Exogenous event flags are also included.

To interpret the trained models, we compute feature importance scores for the gradient-boosted
trees. ig. 2 reports a representative feature importance profile for the day-ahead spot model.

1_days_value | —
2 week avg I
3 _days_value mm
2_days_value s
working
renew M
0.0 0.1 0.2 0.3 04 05 0.6

Figure 2: Most representative features for day ahead predictions with XGB.

IR

“1_days_value”, “2_days_value’, and “3_days value” represent the price on the previous 1, 2 and 3 days
at the same time, “2_week_avg” the average value of the previous 2 weeks on the same day of the week at the
same time, “working’, indicates if it is a working day, and “renew” the amount of renewable energy generation
expected for that time.

Intraday prices are forecast per session. The first session (S1) is scheduled shortly after the day-ahead
market, and later sessions S2 and S3 occur closer to delivery. Each session model includes the latest available
spot and intraday price information, updated renewable and demand signals, and the same calendar/event
feature set.

Secondary regulation forecasts focus on the price of the reserve band (availability price), the related
activation signals (up and down) and the final prices (up and down). Inputs include recent reserve prices,
system balance indicators and calendar features. These forecasts are used as inputs to the scheduler when
evaluating participation in the SR market and determining reserve capacity commitments.

The market session schedule and bid horizons used in the scheduling and redispatch workflow are
summarized in Table 1.

Table 1: Market session schedule and bid horizons for the Spanish MIBEL market.

Market DA ID1 ID2 ID3 SR
Opening time - 14:00 21:00 9:00 -
Closing time 12:00 15:00 22:00 10:00 16:00
. . 0:00-23:59 next  0:00-23:59 next 0:00-23:59 next 13:00-23:59 0:00-23:59 next
Bid horizon

day day day same day day
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3.2 Scheduling and Bidding Optimization

The optimization layer solves a self-scheduling problem for a PV+BESS asset participating as a price-
taker in multiple markets. The model produces hourly/quarter-hourly bids for the day-ahead market (DA),
adjustments for intraday auctions (ID1, ID2, ID3), and reserve commitments for secondary regulation
(SR). The formulation is a mixed-integer linear program (MILP) designed for daily operation. The model
determines optimal up- and down-bidding strategies across markets while ensuring physical feasibility,
inter-market consistency, and compliance with operational constraints.

The BESS is modelled with charge and discharge power variables (¢, d;), binary indicators to prevent
simultaneous charging and discharging, and a state-of-charge recursion. State of Charge (SOC;) is bounded
between minimum (SOC,,;, = 0.1) and maximum (SOC,,,, = 0.9) limits. The point of connection (POC)
enforces export (10 MW)/import (10 MW) limits and accounts for PV generation (PV peak = 20 MW),
battery operation (max charge-discharge = 10 MW) and market transactions. Other relevant parameters are
found in Table 2.

Table 2: System parameters.

. Max. Energy Max. Num of Expected  Round-Trip  Initial Target
Variable . C e e . .
Capacity Cycles in Lifetime Lifetime Efficiency SOC SOC
Value 20 MWh 6000 15 years 0.88 0.6 0.6

Let T denote the discretized planning horizon, and let M = {DA, ID1, ID2, ID3, SR} denote the set
of markets. For each technology u € U = {PV, BESS}, the decision variables pdm:j” >0, p’:,f 4t 2 0 represent
energy sold and purchased in market m at time ¢, respectively. Market quantities are expressed as energy
over each scheduling interval. Battery charge and discharge variables are expressed in power units and
converted into energy using the interval duration At. This convention ensures consistency between market
commitments and physical battery operation. For the SR market, additional availability and activation
variables are defined.

The objective function maximizes the total expected profit over all markets:
max (HE + IR — HIB) (1)
being:

=2 % 2w (Dot~ Pomat)

teT ueU meM,,—sr

R _ SR [ ,.SR,up SR,down SR,act,up SR,up SR,up SR,act,down . SR,down SR down
_ZAt ( - Py )+Z()Lt by 7T - Ay p: )
teT teT
_ + 4 - -
= Z(SIBPIB,t +978P18.1)>
teT
where:

o A, energy price at time t in market m
)LSR actup \SR.actdown. o ctivation price for energy up/down in SR market at time ¢

9 I 95: positive and negative imbalance penalizations at ¢

. pm w b pfn”‘,f’; sold and purchased energy committed at time ¢, in market m for technology u, respectively

. pr MP pr down, : up/down energy committed in SR market
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SR, - . .
;P pSRAown: yp/down activation ratio in SR market at time ¢

e Pl Pl Positive and negative imbalances at ¢
e M,,_sg: set of markets without accounting for secondary reserve

Inter-market consistency is ensured through cumulative program variables:

DA _ up d
prog,— = Z(_pDA,u,r"'PDOAM,/Z,t > (2)
ueU
Dl _ up d DA
prog,— = Z (‘P[m,u,t +PIL0)T},Z,t) +prog; 3)
uelU
D2 _ up d D1
prog, " = Z (_pIDZ,u,t +P1133/,74,t) + prog; s (4)
ueU

and analogously for ID3 program. Upward bids correspond to energy injection into the system and
may involve battery energy storage system (BESS) discharge. Conversely, downward bids indicate energy
withdrawal from the system and may be associated with BESS charging.

The physical feasibility of aggregated trading actions is enforced through point-of-connection (PoC)
limits and battery dynamics are modelled as:

0<d, <vhmei, (5)
0<c < AS™(1-14,), (6)
d
(\/ yRTECt -7 ;TE)
SOC, = SOC,_, + 7 )
emax
SOC,in < SOC; < SOCmax, (8)
where:

o dy, c;: battery charge and discharge power at time ¢
« i, binary variable for discharge or charge state at time ¢

o ydmax AGmaxX. maximum discharge and charge power at time ¢
o SOC, SOCyin, SOC,, 4y state of charge at time t, and min/max boundaries

«  yRTE: round trip efficiency of the BESS, symmetrically shared in charge/discharge

o "% maximum capacity of the BESS

The system-wide energy balance, including SR activation and imbalance variables, and PV production
(Gf) is formulated as:

+ - _nS down SR,down _SR,down up SR,up _SR,up
Pis:— Pipe =07 + (me,u,t+pt Ty +dt) - (me,u,ﬂrpt T + Ct )
m,u m,u

The optimization process is executed as follows: (i) The DA schedule defines a baseline energy position.
Then, (ii) intraday auctions are modelled as incremental adjustments to the DA position, respecting the rule
that intraday participation is conditional on having a prior DA position. (iii) Cleared offers from earlier
sessions are fixed in later re-optimizations. (iv) A redispatch simulator executes this sequential logic, re-
solving the MILP before each market gate closure using updated forecasts.

Two imbalance settlement representations are supported in the present approach. In the priced imbal-
ance model, deviations between scheduled net injection and realized net injection are settled at an imbalance
price (with separate prices for positive and negative deviations). In the penalized imbalance model, positive
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deviations are penalized at a fixed cost rate, representing a conservative approximation when imbalance
prices are unfavorable or unknown. The choice affects risk appetite and is useful for sensitivity analysis. Both
representations are consistent with the Spanish imbalance settlement rules under Royal Decree 1747/2003
and its subsequent amendments, which distinguish between deviations that help the system (settled at a more
favorable price) and deviations that worsen system balance (settled at the imbalance price or penalized at a
fixed rate).

Eq. (9) states the energy balance of the system, and links power variables pP4 and 05 with the charge
and discharge of the BESS to define power imbalances at every hour of D+1. In other words, the imbalance of
the system is given by the difference between the system generated energy and the system committed energy.

Secondary regulation is modelled as a reserve band commitment (up/down capacity) that must be
sustainable given SOC limits and POC constraints. The objective includes an availability payment term
(capacity price times committed reserve) and, optionally, an expected activation component based on
historical activation ratios or scenario assumptions. Reserve commitments reduce the energy arbitrage
flexibility and require maintaining SOC margins, creating an endogenous trade-oft between arbitrage and
ancillary service revenue.

3.3 Adjustable Robust Optimization Extension

To address uncertainty in market prices and renewable production, the deterministic framework
is extended using Adjustable Robust Optimization (ARO) based on TI'-robustness principles. Uncertain
parameters are modelled as belonging to bounded intervals around nominal forecasts.

For each uncertain price parameter A, ;, the uncertainty set is defined as:
Am,t € [/\m,t - Am,ta /\m,t + )Lm,t] > (10)

where Xm,t is the nominal forecast and /A\m,t denotes the maximum deviation (heuristically selected as
an absolute or proportional value). A budget parameter I}, limits the number of simultaneous worst-
case deviations.

Based on [8], the term of objective function related to the market m is:
;Xm,tpm,t_zt:(rmzm,t"‘Qm,t)x (11)
subject to new constraints:

Zmt + Gt 2 f\m,tpm,t,zm,t >0,qm,:>0. (12)

The ARO formulation augments the deterministic model with dual variables (z,,,;, gm,:) for each
uncertain parameter family, embedding risk control directly into the optimization problem. The variables
Zm,t and g, are auxiliary dual variables introduced by the Bertsimas-Sim robust counterpart to model
market-price uncertainty. The variable z,, ; represents the protection level associated with the uncertainty
budget I, for market m at time ¢, while q,,, captures the residual protection required when the adverse
price exposure im,t Pm,: exceeds this protection level. Therefore, the term I’z + g, represents robust
protection cost, or worst-case revenue loss, associated with price uncertainty at market m and time .

The ARO counterpart is implemented as an optional robust scheduling mode and can be enabled for
each uncertainty source: market prices, SR activations and solar production. Hence, the deterministic initial
formulation detailed in Section 3.2 includes new terms and constraints aligned with enabled ARO versions.
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The resulting model remains a mixed-integer linear program with increased dimensionality but preserves
tractability while offering structured protection against price volatility and renewable uncertainty.

The mathematical programming model is formulated in Pyomo framework for Python [16,17] which
provides a flexible and abstract implementation. The solver used is HiGHS solver [18], given the speed of
computation references.

4 Results

The framework is evaluated using Spanish market data from 2015 onwards for training, with 2023
selected for detailed out-of-sample testing. For selected periods, forecasts are compared against commercial
data for benchmark. To reflect operational deployment, models are trained on data available up to each
forecast date and evaluated on subsequent horizons. XGBoost achieved the best accuracy (lower RMSE)
among the evaluated models.

Price benchmarks are reported for: (i) day-ahead spot prices (Table 3); (ii) the first intraday session S1
(Table 4); and (iii) the secondary regulation band price (Table 5). For intraday sessions affected by market
redesigns, accuracy is reported for each session definition where sufficient historical data exists.

Table 3: Metric for day ahead market.

Present Work Commercial Solution

May 8-June 23 July 5-August 8 May 8-June 23 July 5-August 8

RMSE (€/MWh) 12.2 11.8 17.5 12.9
RE (%) 14.9 13.1 14.9 19.4

Table 4: Metrics for intraday SI market.

Present Work Commercial Solution

May 4-June 23 July 5-October 2 May 4-June 23 July 5-October 2

RMSE (€/MWh) 3.6 3.7 8.8 5.8
RE (%) 71 3.9 10.0 211

Table 5: Metrics for secondary reserve band price.

Present Work Commercial Solution

May 3-June 23  July 5-September 22  May 3-June 23  July 5-September 22

RMSE (€/MW) 45 3.8 47 41
RE (%) 0.4 0.5 0.5 0.7

The proposed models achieve RMSE reductions of up to 31% relative to the commercial benchmark,
with larger improvements during high-volatility periods. Improvements are more pronounced in high-
volatility periods, suggesting that the feature set (including weather, renewables and gas) and non-linear
model capacity provide robustness to changing fundamentals.
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Fig. 3 provides an illustrative example of the day-ahead spot forecast against the real price series.
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Figure 3: Market price prediction for day ahead market in 2023.

For the first intraday session (Table 4), the proposed model reduces RMSE by 47%-60% vs. the
benchmark. This is operationally significant because S1 occurs shortly after the day-ahead market and
provides the earliest opportunity to correct the day-ahead position as new information becomes available.

Secondary regulation band price results (Table 5) show modest RMSE improvements (5%-8%). The
relatively low relative errors reflect the smaller dynamic range of this price signal compared to energy prices.
Even small improvements may matter economically because reserve revenues depend on both capacity and
the probability of activation.

Forecast accuracy directly affects the optimization layer by shaping expected arbitrage spreads and
reserve revenues. Lower price forecast error reduces the risk of over-committing the battery in DA and
then facing unfavorable corrections or imbalances. The ARO extension provides an additional control
knob: increasing the uncertainty budget IT' shifts schedules toward more conservative positions, typically
reducing cycling intensity and preserving SOC margins to accommodate adverse price or PV realizations.
In operational practice, I' can be adapted to forecast confidence (e.g., higher I' during extreme weather or
exceptional events) and to the operator’s risk tolerance.

To illustrate the end-to-end impact of forecast quality on scheduling decisions, consider the day-
ahead case. A 30% reduction in RMSE translates directly into narrower uncertainty bands around expected
arbitrage spreads. When spreads are better estimated, the MILP scheduler can commit the BESS more
confidently to peak export periods, reducing the need for conservative SOC margins and unlocking
additional revenue. The ARO layer, considered for the solar prediction, DA and SR, then acts as a second
line of defense: by setting I' > 0, the operator explicitly trades a fraction of expected profit for protection
against the residual forecast error, particularly during high-volatility sessions where even the improved
model may underperform.

Examples of the resulting market and battery schedule are shown in Figs. 4 and 5, including the price
trajectory, PV production, BESS charge/discharge and the derived net energy plan. Fig. 4 shows a clear
intraday structure in power positions, with net buying concentrated around midday (roughly hours 10-16),
likely driven by higher solar generation, and more balanced or selling positions in early and late hours.
Ancillary and imbalance components contribute consistently to downside exposure, particularly during peak
activity, while day-ahead and intraday trades dominate the positive positions. Overall, the strategy appears
more exposed during high-activity periods, with a mix of markets used to manage net positions across
the day.
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Figure 4: Hourly energy flows by market, prices, and PV production for the representative 24 h schedule. Positive
values indicate buy bids, while negative values indicate sell bids.

The sequential redispatch simulator is essential in multi-settlement markets because it respects the
chronological information structure: only decisions for future sessions should be adjustable when new
information arrives, while cleared transactions must remain fixed. This prevents unrealistic look-ahead bias

1
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and enables fair backtesting of integrated strategies. A more detailed image of the battery charge-discharge
operation, together with the representation of the SOC can be observed in Fig. 5.
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Figure 5: Battery charge/discharge operation.

The optimized 24-h schedule shows that the BESS is operated as a flexible market asset rather than as a
simple PV-shifting device. Instead of following a single daily pattern in which the battery charges only when
PV generation is available and discharges later, the schedule combines several charge and discharge actions
throughout the horizon. This behavior reflects the multi-market nature of the optimization problem: upward
market positions can be supported by BESS discharge, whereas downward positions can be supported
by BESS charging. As a result, the battery dispatch is shaped jointly by arbitrage opportunities, intraday
corrections, secondary regulation value, point-of-connection limits, and imbalance exposure, rather than by
PV availability alone.

The SOC trajectory in Fig. 5 confirms that these market decisions remain physically feasible, with the
battery kept within its operational limits throughout the horizon. When secondary regulation participation
is attractive, the scheduler must also preserve sufficient upward or downward flexibility so that reserve
commitments remain deliverable. Therefore, part of the battery capacity is implicitly allocated to operational
headroom or footroom, rather than being used only for energy arbitrage. This illustrates the value of the
integrated framework for battery operators: it coordinates arbitrage, redispatch, reserve provision, and
imbalance-risk management within a single feasible schedule.

5 Discussion

The results presented in Section 4 confirm that integrating multi-product price forecasting with a
structured optimization layer yields measurable improvements over commercial benchmarks and produces
schedules that are both physically feasible and market-rule compliant. This section elaborates on the practical
implications of these findings, analyses the interactions between the framework components, and outlines
directions for future research.
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Although the proposed framework provides an integrated representation of forecasting, scheduling,
robust optimization, and redispatch, its practical implementation also raises several operational challenges.
The computational burden is particularly relevant in multi-market participation settings, especially when all
market products are represented at 15-min resolution. In this configuration, both the deterministic MILP
and the adaptive robust optimization formulation may become computationally demanding; in some cases,
the HiGHS solver may require long solution times or fail to return a feasible solution within the operational
time window. Therefore, practical deployment requires solver time limits, fallback deterministic schedules,
warm-start strategies, and careful tuning of the temporal resolution and robustness budgets.

Potential model-coupling mismatches must also be considered. In the proposed framework, these
mismatches are mitigated through backtesting validation, consistency checks, and parameter recalibration,
which help align the behavior of the forecasting, optimization, and redispatch components. However,
the robustness of this coupling has not yet been fully validated in a live production environment, where
data delays, forecast drift, and market-design changes may affect performance. By contrast, data sharing
is not expected to represent a major limitation, since the framework assumes a specified and validated
data layer that provides each model with timely access to the required inputs for inference and decision
recommendation.

5.1 Forecasting Performance

The day-ahead price model achieves RMSE reductions of up to 31% relative to the commercial bench-
mark, with the largest improvements concentrated in high-volatility periods. This pattern is consistent with
the hypothesis that fundamental drivers, such as renewable supply proxies, gas prices, and weather variables
carry predictive information precisely when markets are most stressed, i.e., when price spikes or negative
prices occur due to excess renewable generation or unexpected demand drops. Standard benchmarks that
rely primarily on lagged price signals tend to underperform in these regimes because they lack the causal
structure needed to anticipate sharp deviations from recent history.

The first intraday session (S1) shows even larger gains (47%-60% RMSE reduction). This is operationally
significant for two reasons. First, S1 occurs shortly after the DA market closes, providing the earliest
opportunity to revise positions as renewable generation forecasts are updated. Second, S1 liquidity in MIBEL
has historically been lower than DA liquidity, meaning that price discovery is noisier and a better model
provides a more durable informational advantage. The ability to enter SI with a more accurate price forecast
allows the scheduler to capture correction trades that partially offset DA forecast errors before the system
enters the penalized imbalance regime.

For the secondary regulation (SR) band price, improvements are modest in absolute terms (5%-8%
RMSE reduction) but may be commercially meaningful. Reserve revenues depend not only on the band
price but also on activation frequency: a small forecasting edge on the band price, combined with a better
estimate of activation probability, can shift the expected SR revenue by several percent points, enough to
affect the binary decision of whether to participate in the SR market at all. Future work could focus on jointly
forecasting the band price and the activation probability as correlated outputs, potentially using a multi-task
learning architecture that captures the structural dependence between these two signals.

It is also important to note that the evaluation windows used for benchmark comparison (Tables 2-4)
span summer 2023, a period characterized by moderate renewable penetration and relatively stable gas prices
following the 2022 energy crisis peak. Performance during more extreme periods, such as the negative-price
episodes observed in spring 2024 due to excess solar generation, would provide a more demanding test of
the model’s generalization capability. Expanding the evaluation to include such stress periods is a priority for
future validation.
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5.2 Optimization Layer

The MILP scheduler enforces Spanish market coupling rules through cumulative variables, ensuring
that intraday adjustments are always incremental relative to previously committed positions. This design
faithfully mirrors the actual settlement logic of MIBEL, where intraday bids are conditional on having a
prior DA position and are settled as adjustments rather than independent quantities. Correctly modelling
this coupling is non-trivial but essential: an uncoupled formulation would systematically overestimate the
degrees of freedom available at each intraday gate, leading to over-optimistic backtesting results.

The two imbalance settlement representations (priced and penalized) serve complementary purposes.
The priced model is appropriate for assets that can accurately forecast imbalance prices and whose deviations
are sufficiently small to be settled at market rates. The penalized model is a conservative alternative
that approximates worst-case imbalance costs, useful when imbalance price forecasts are unreliable or
when the asset operator prefers a deterministic cost bound. In practice, operators may wish to switch
between representations depending on market conditions: the penalized model provides stronger downside
protection during high-volatility periods, while the priced model captures gains during stable regimes.
A natural extension would be to endogenize this choice by modelling imbalance prices as an additional
uncertain parameter within the ARO framework.

Secondary regulation modelling introduces an explicit trade-off between reserve revenue and energy
arbitrage flexibility. Committing SR capacity reduces the effective SOC window available for energy trading,
and the SOC margins required to sustain the committed reserve band limit the depth of charge/discharge
cycles. The results show that this trade-oft is sensitive to the assumed activation probability: if activation is
underestimated, the asset commits too much reserve and loses arbitrage revenue; if activation is overesti-
mated, the asset maintains unnecessarily large SOC margins. Improving the activation forecast, for example,
by conditioning on real-time system balance indicators available from ESIOS is a key lever for improving SR
participation decisions.

The ARO extension with budgeted uncertainty sets (I'-robustness) provides a tractable mechanism for
controlling conservativeness without solving a stochastic program with explicit scenarios. The key practical
advantage is that I' can be set by the operator as a single scalar per market product, allowing intuitive control
over the risk-return trade-off: higher I' produces more conservative positions (lower expected profit, lower
downside risk), while I' = 0 recovers the deterministic baseline.

However, the calibration of uncertainty sets remains an open challenge. In the current formulation, the
maximum deviation A,  is treated as a fixed parameter, typically estimated from historical forecast residuals.
A more principled approach would derive im,t directly from the predictive distribution of the forecasting
model, for instance from quantile regression or conformal prediction intervals, creating a tight coupling
between the forecasting and optimization layers. This would allow the uncertainty set to adapt dynamically
to the current forecast confidence, tightening when the model is confident (e.g., stable weather, normal
demand) and widening when uncertainty is high (e.g., storm events, system stress).

An important limitation of the current ARO formulation is that it handles each uncertainty source (mar-
ket prices, SR activations, and solar production) independently. In practice, these quantities are correlated:
low solar output on a cloudy day tends to coincide with reduced system-wide renewable production and
higher energy prices. Ignoring this correlation leads to uncertainty sets that are either too pessimistic (when
worst cases are assumed to occur simultaneously across all sources) or too optimistic (when correlations are
not accounted for and individual budgets are set conservatively). Future work could explore ellipsoidal or
factor-model-based uncertainty sets that capture these dependencies while preserving tractability.
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Decision-focused (or task-based) learning, as recently explored for reserve market participation [19],
offers a complementary direction: rather than minimizing forecast error, the forecasting model is trained
to minimize the downstream scheduling regret, i.e., the gap between the profit achieved with the model’s
predictions and the profit achievable with perfect foresight. Preliminary evidence in related settings suggests
that task-trained models can reduce scheduling regret even when their point forecast accuracy is comparable
to, or slightly worse, than standard models, because they implicitly learn to be accurate where accuracy
matters most for the optimization.

5.3 The Redispatch

The sequential redispatch simulator is a critical component for realistic backtesting. By re-optimizing
before each market gate closure using only information available at that time, the simulator enforces the
chronological information structure that real operators must respect. This prevents look-ahead bias (a
common source of overoptimistic results in energy system backtesting) and ensures that committed transac-
tions from earlier sessions are fixed in subsequent re-optimizations, accurately reflecting the sequential and
binding nature of electricity market commitments.

In operational deployment, several additional considerations arise. First, computational tractability
is essential because the MILP must be solved within the time windows between gate closure and bid
submission. Although many deterministic instances can be solved within practical time limits, the ARO
augmentation and the use of 15-min resolution across multiple market products can substantially increase
computational burden. Therefore, practical implementations should impose solver time limits, monitor
infeasibility, warm-start from previous redispatch solutions when possible, and fall back to deterministic
or conservative schedules if the robust formulation does not converge within the available time. Second,
data pipeline reliability is critical: the framework depends on timely retrieval of ESIOS market data, AEMET
meteorological forecasts, and MIBGAS gas price indices. Any latency or gaps in these feeds must be handled
gracefully, with fallback strategies (e.g., persistence forecasts or conservative default positions) to ensure
that the scheduler always produces a valid bid. Third, model drift monitoring should be embedded in the
production pipeline: as market structures evolve (e.g., the ongoing MIBEL intraday market redesign), feature
availability and price dynamics change, potentially degrading model performance. Continuous performance
tracking with automated re-calibration triggers is recommended.

5.4 Considerations and Transferability

The framework is designed specifically for the Spanish MIBEL market but is architecturally transferable
to other European multi-settlement markets. The key market-specific elements are: (i) the session schedule
and gate closure times encoded in Table I; (ii) the imbalance settlement rules; (iii) the SR product definition
(availability band plus activation); and (iv) the data sources (ESIOS, AEMET, MIBGAS). Adapting the
framework to, say, the French EPEX market or the Italian GME would require updating these elements and
retraining the forecasting models on the corresponding data, but the overall architecture (forecasting layer,
MILP scheduler, ARO extension, redispatch simulator) would remain intact.

An important consideration for transferability is the degree of market coupling between countries. In
the Iberian Peninsula, Portugal and Spain share a common day-ahead price through market coupling with
the rest of Europe via EUPHEMIA. Cross-border flows and interconnection constraints can induce price
differences (Iberian spread) that represent an additional source of uncertainty for asset operators. Explicitly
modelling this spread, and its interaction with renewable generation on both sides of the border, could be a
valuable extension for operators with cross-border assets or import/export positions.
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From a regulatory perspective, the ongoing implementation of the EU Clean Energy Package (Directive
2019/944) is progressively harmonizing imbalance settlement rules, reserve product definitions, and market
time unit granularity across European member states. This convergence will likely reduce the market-specific
engineering effort required to adapt the framework and increase the relevance of transferable approaches
such as the one presented here.

6 Conclusions

This paper presented an end-to-end decision-support framework for PV+BESS participation in the
Spanish electricity market, integrating multi-product price forecasting, deterministic MILP scheduling,
adjustable robust optimization, and a sequential redispatch simulator. The framework is designed for daily
operational deployment using publicly available data from ESIOS, AEMET, and MIBGAS, and is validated
against a commercial forecasting benchmark on 2023 out-of-sample data.

The key findings are as follows. On the forecasting side, XGBoost models combining fundamental
drivers (renewable proxies, gas prices, weather) with calendar and event features achieved consistent
improvements over the benchmark: up to 31% RMSE reduction for day-ahead prices, 47%-60% for the
first intraday session, and 5%-8% for the secondary regulation band price. The largest gains occur in high-
volatility regimes, where fundamental-driven models outperform lag-based benchmarks by capturing the
causal structure of price spikes and negative-price episodes.

On the optimization side, the MILP scheduler correctly models Spanish market coupling through
cumulative variables and supports two imbalance settlement representations, enabling sensitivity analysis
across different risk profiles. The ARO extension with I'-budgeted uncertainty sets provides a tractable,
operationally intuitive mechanism for trading expected profit against downside protection: higher robustness
budgets produce more conservative SOC trajectories and reduce cycling intensity, limiting imbalance
exposure during periods of elevated forecast uncertainty. The redispatch simulator enforces chronological
feasibility across market sessions, preventing look-ahead bias and enabling fair backtesting of integrated
bidding strategies.

From a practical standpoint, the results support several operational recommendations. First, multi-
product forecasting covering DA, intraday, and SR prices jointly is more valuable than single-product
forecasting because it allows the optimizer to evaluate cross-market trade-offs consistently. Second, the
robustness budget I' should be adapted dynamically to forecast confidence: a higher I' is warranted during
extreme weather events, market redesign transitions, or other atypical regimes where model generalization
is less certain. Third, the penalized imbalance representation provides a useful conservative baseline for
risk-averse operators or during periods when imbalance price forecasts are unreliable.

Looking ahead, three extensions stand out as high-priority. First, tighter coupling between the fore-
casting and optimization layers through decision-focused learning could potentially reduce scheduling
regret by training price models to be accurate where it matters most for the bidding problem, rather
than minimizing average forecast error. Since decision-focused learning is not implemented in the current
framework, a systematic comparison with the XGBoost-based forecasting pipeline is left for future work.
Second, probabilistic uncertainty sets derived from quantile regression or conformal prediction would
allow the ARO layer to adapt automatically to current forecast confidence, replacing the static deviation
parameters used in the current formulation. In addition, future versions of the framework should explicitly
account for the correlation between price, PV-production, and reserve-activation uncertainty. Treating these
uncertainty sources independently may lead to overly conservative or overly optimistic aggregate uncertainty
representations, which limits the robustness of the current framework for production-level deployment.
Third, incorporating battery degradation costs into the objective function would provide a more complete
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economic picture, particularly for assets with limited cycle life where aggressive arbitrage strategies may
erode long-term value.

The modular design of the framework, with clearly separated forecasting, scheduling, and robustness
layers, facilitates both incremental improvements to individual components and full adaptation to other
European multi-settlement markets. As renewable penetration continues to grow and electricity price
volatility intensifies, integrated forecasting-optimization pipelines of this type will become increasingly
essential for the profitable and reliable operation of flexible storage assets.
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