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Abstract

The Italian electricity imbalance market exhibits high volatility and non-linear
dynamics, rendering deterministic forecasting inadequate. This paper proposes a
probabilistic forecasting framework based on the Temporal Fusion Transformer
(TFT) tailored to this highly stochastic context. The model integrates heteroge-
neous data—including historical imbalance prices, load and generation metrics,
and future-known Day-Ahead zonal prices—enforcing a strictly causal, 12-hour
multi-horizon prediction at the native 15-minute resolution. Methodologically,
the TFT is formalized via quantile loss and Variable Selection Networks to
meet operational trading constraints. Experimental results show that the model
converges to a robust mean-value predictor with a sign accuracy of 62-65%,
performing comparably to recurrent and tree-based baselines, thus confirming a
deterministic accuracy ceiling. However, we demonstrate that the model’s pri-
mary value lies in its probabilistic and interpretable nature. Quantile forecasts
provide calibrated risk bands to identify low-risk biddable hours, while atten-
tion diagnostics reveal the dominant market drivers across temporal scales. The
proposed framework operates as an explainable decision-support system for risk
management rather than a deterministic price oracle.
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1 Introduction

Electricity is a highly stochastic commodity whose trading and settlement must contin-
uously reconcile grid security with market efficiency. In Italy, this balance is achieved
through a zonal market design, progressively integrated with European frameworks,
in which institutional roles are strictly partitioned: the Gestore dei Servizi Energetici
(GSE) manages renewable incentives and priority dispatch [1]; Terna, as Transmission
System Operator, plans the grid, performs real-time balancing, and defines bidding
zones [2—4]; the Gestore dei Mercati Energetici (GME) acts as Nominated Electricity
Market Operator, clearing auctions and computing equilibrium prices [1, 2, 5]; and
ENTSO-E coordinates pan-European data exchange and system integration [3, 6].
Prices are cleared through a zonal marginal mechanism in the Day-Ahead (MGP) and
Intraday (MI) markets, while the Ancillary Services Market (MSD) uses pay-as-bid
pricing [1, 3, 7].

Since the September 2021 integration into the Single Intraday Coupling under
Regulation (EU) 2015/1222 [2, 8, 9], the Italian intraday segment has combined three
sequential auctions (MI-A1, MI-A2, MI-A3) with continuous cross-border trading (MI-
XBID), the latter extended to the French, Austrian, Slovenian, and Greek borders
in June 2024 via the Euphemia algorithm [1, 10]. The resulting auction timeline,
summarized in Figure 1, sets the operational deadlines within which traders must
finalize their positions before delivery.

At delivery, Terna settles the deviation between scheduled and actual flows by
activating balancing resources and imposing imbalance charges on Points of Delivery,
following a three-tier pricing regime that distinguishes enabled (dual-priced) from non-
enabled (single-priced) units, with dedicated tolerance bands for non-programmable
renewables [8, 11]. Imbalances are classified as Long (excess injection, from over-
production or under-consumption) or Short (deficit, from under-production or over-
consumption) relative to the binding schedule [1, 4], with penalties or rewards assigned
according to whether an individual position aggravates or offsets the aggregate zonal
imbalance [11]. The settlement cost can be expressed as

Cost = (Actual Energy — Scheduled Energy) x a x Imbalance Price, (1)

where o — hereafter Sign — encodes the alignment between a trader’s imbalance
and the system-level imbalance direction [11]. This formulation identifies three com-
plementary levers for cost minimization: (i) load-energy forecasting, which reduces the
deviation term itself and remains an active, mature research area [12-15]; (ii) sign
prediction, which allows traders to align or counter-position exposures; and (iii) imbal-
ance price forecasting, the focus of this work, which quantifies exposure and supports
hedging and bidding decisions.



Forecasting the Italian imbalance price is particularly challenging because re-
dispatch costs and localized congestion can decouple intraday prices from real-time
operating costs [16], while renewable penetration, cross-border flows, and an evolv-
ing regulatory framework add further non-stationarity. Notably, ARERA Resolution
304/2024 replaced the national single price (PUN) with full zonal pricing across seven
zones, alongside a progressive shift to 15-minute market time units [17, 18], both
of which materially affect forecast accuracy. Robust day-ahead prediction of these
dynamics is therefore essential for traders seeking to optimize bidding strategies across
the MGP and continuous MI-XBID phases.
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Fig. 1 Timeline of Italian Intraday Market (MI) and XBID Auction Sessions relative to Day D
delivery. The chart illustrates the hybrid architecture combining sequential auctions with continuous
cross-border trading windows.

A price forecast is, however, only an intermediate input: translating it into
economic value requires embedding it within a broader decision layer, such as a meta-
heuristic optimization strategy [19], a reinforcement-learning trading agent [20, 21],
generation-side forecasting [22], or a Smart Energy Management System coordinating
flexible resources in real time [23, 24]. Existing imbalance-price studies, in contrast,
largely stop at deterministic point forecasts, offering limited support for risk-aware
operational decision-making.

This paper addresses that gap with an interpretable, uncertainty-aware forecasting
framework aimed at supporting economic decision-making in the Italian imbalance
market. Its contributions are three-fold:

® A decision-support forecasting framework: to the authors’ knowledge, the
first application of the Temporal Fusion Transformer (TFT) to the Italian electric-
ity imbalance market, designed to feed directly into trading and risk-management
decisions rather than to serve as a standalone predictive exercise.

® Probabilistic rather than deterministic forecasting: we show empirically
that, in a congestion-driven zonal market, deterministic point predictions face



a hard accuracy ceiling, and reframe the operational objective around quantile-
based uncertainty modeling, giving traders dynamic confidence intervals for risk
mitigation.

¢ Economically interpretable outputs: Variable Selection Networks and temporal
attention maps expose the market drivers behind each forecast, turning the model
into a transparent decision-support tool rather than a black-box price oracle.

2 Literature Review

Accurate forecasting of the imbalance price is currently recognized as one of the
most complex challenges in electricity market modeling. While load forecasting is a
mature field for most Points of Delivery (PODs), the projection of settlement prices is
plagued by extreme volatility. Consequently, energy traders and institutional players
often bypass point price prediction, optimizing their Profit & Loss (P&L) strategies
by focusing solely on anticipating the market sign (Long/Short) through statistical
or deep learning models [25—28]. Existing literature demonstrates that forecasting the
imbalance price in Italy is strictly bounded by a high degree of stochasticity, which
depends only marginally on historical trends or exogenous fundamental features [29].
Analyzing zonal imbalance signs, traditional statistical approaches such as logit and
Markov models achieve an accuracy fluctuating between 65% and 70% [25]. Even the
application of state-of-the-art deep learning frameworks for day-ahead sign forecast-
ing yields an Area Under the Curve (AUC) of approximately 0.7, translating to an
estimated accuracy of 60%-65% [26]. Although these results grant evident economic
benefits for market players via reduced imbalance costs, they remain structurally below
the 80% target typically expected in more stationary financial markets. Similar pre-
dictive ceilings are observed internationally: in the Spanish market, Random Forest
algorithms hit a comparable 68% sign accuracy [30]. When shifting from directional
classification to point price forecasting, the intrinsic unpredictability becomes even
more pronounced. In affine continental markets like Germany, advanced probabilis-
tic machine learning models (including Lasso and GAMLSS) struggle to drop below
a Mean Absolute Error (MAE) of 60 €/MWh, ultimately performing comparably to
simple naive baselines [31]. Only in highly liquid and geographically distinct systems
like the UK, deep learning models can reach an MAE of approximately 7-8 £/MWh
(around 9 €/MWh) [32]. In contrast, the predictive limit in the Italian market con-
sistently manifests with MAE values remaining above 50-60 €/MWh [26, 29], despite
the ingestion of advanced fundamental data, including day-ahead prices (PUN), zonal
prices, load, renewable generation, and gas costs. This pronounced performance gap
between Italy and other European hubs stems from structural, topological, and regula-
tory intrinsic characteristics rather than algorithmic limitations. Recent comparative
studies highlight that, under identical LSTM network architectures, the forecasting
error in Italy is approximately 2.3 times higher than in Germany [33]. This discrep-
ancy is heavily driven by the transmission topology. Unlike central European grids,
the Italian network is highly susceptible to internal congestion and structural network
splits particularly regarding the electrical islands of Sardinia and Sicily which act as
a primary driver for non-linear, extreme price volatility [34]. The magnitude of these



structural spikes is confirmed by European regulatory reports, which place the 90th
percentile of the Italian imbalance price around 180 €/MWh, starkly contrasting with
Germany’s 85 €/MWh [35]. Furthermore, capacity projections indicate that Italian
interconnection limits will persist well into 2030, maintaining a low-liquidity envi-
ronment that inherently complicates algorithmic learning [36]. Finally, Italy’s unique
regulatory framework introduces further aleatoric uncertainty. The official methodol-
ogy for calculating the imbalance premium includes a macro-zonal margin and specific
coefficients published exclusively ex-post by the TSO [37]. This introduces a purely
stochastic variable into the settlement equation, rendering a significant portion of
the price variance strictly unobservable during the day-ahead and continuous trading
phases, thereby confirming the necessity of a probabilistic, rather than deterministic,
forecasting paradigm. Finally, Italy’s unique regulatory framework introduces further
aleatoric uncertainty. The official methodology for calculating the imbalance premium
includes a macro-zonal margin and specific coefficients published exclusively ex-post
by the TSO [37]. This introduces a purely stochastic variable into the settlement
equation, rendering a significant portion of the price variance strictly unobservable
during the day-ahead and continuous trading phases, thereby confirming the necessity
of a probabilistic, rather than deterministic, forecasting paradigm.

While current literature thus establishes a clear performance ceiling for recurrent
and ensemble models applied to electricity price forecasting [26, 29], these archi-
tectures suffer from a fundamental operational limitation that extends beyond error
metrics: they operate as opaque deterministic oracles. Standard LSTM and GRU net-
works, despite their well-documented effectiveness at capturing sequential dependen-
cies in univariate or low-dimensional settings [13, 15], are architecturally constrained
to point outputs and cannot natively incorporate future known covariates—such as
Day-Ahead zonal prices or load forecasts—without bespoke encoder-decoder modifi-
cations [38]. This structural rigidity is particularly penalizing in the Italian imbalance
market, where the joint exploitation of heterogeneous data streams (past observations,
deterministically known future inputs, and time-invariant static covariates) is essential
to approaching the predictive ceiling identified in the literature [26, 29].

Alternative deep learning architectures address subsets of these limitations, but
none simultaneously satisfies all requirements of the target task. N-BEATS [39]
achieves strong univariate benchmark performance through its doubly residual stack-
ing structure, but is inherently designed for univariate settings and provides no
mechanism for ingesting exogenous future inputs or generating probabilistic outputs.
DeepAR [40] natively supports probabilistic forecasting via autoregressive Gaussian
sampling; however, it does not natively support future-known covariates and offers
no feature-level interpretability over the driving market variables. Other study focus
on probabilistic foundation models, like PriceFM [41], that uses complex graph neu-
ral network with mixture of expert to have a foundation model pre-trained on
price-forecasting. Vanilla Transformer architectures [42], while theoretically suited to
long-range dependency modelling via self-attention, have been shown empirically to
underperform recurrent baselines in noisy, non-stationary financial time series [31, 33],
likely due to their lack of a locality inductive bias. Table 1 summarises the architectural
limitations of each competing approach relative to the requirements of this study.



Table 1 Architectural comparison of candidate deep learning models against the requirements of
Italian imbalance price forecasting.

Model Probabilistic Future Covariates Multi-input Interpretable
LSTM / GRU [15] X X Partial X
N-BEATS [39] X X X Partial
DeepAR [40] v X Partial X
Transformer [42] X Partial v X

TFT [38] v v v v

The Temporal Fusion Transformer (TFT) [38] is uniquely positioned to address all
four requirements simultaneously. First, its Variable Selection Networks (VSN) enable
dynamic, input-specific gating via Gated Residual Networks (GRN), effectively sup-
pressing non-informative stochastic noise from the large set of generation and load
variables ingested in this study—a property absent in both standard LSTM and vanilla
Transformer architectures [38]. Second, the TFT architecture explicitly partitions the
input space into past observed, future known, and static covariate streams, allowing
the decoder to exploit deterministically available signals such as Day-Ahead (MGP)
zonal prices without introducing data leakage [1, 38]. Third, and critically for the risk
management application studied here, the TF'T is natively trained via quantile loss to
produce calibrated uncertainty intervals rather than point estimates, transforming the
forecast output into an actionable confidence band for energy traders [38, 40]. Finally,
unlike black-box sequence models, the TFT’s attention weights are directly inspectable
through temporal attention maps and Variable Selection Networks, enabling operators
to trace which market drivers and historical time steps contributed to each forecast—a
capability that is indispensable in a regulatory environment subject to sudden struc-
tural shifts and non-stationary regime changes [17, 26, 38]. For these reasons, the TFT
represents not merely an incremental architectural upgrade over existing approaches,
but the only existing framework that simultaneously addresses the probabilistic out-
put, multi-input heterogeneity, and interpretability requirements posed by the Italian
imbalance market.

3 Methodology

3.1 Mathematical Formulation of the Temporal Fusion
Transformer (TFT)

To navigate the extreme stochasticity and non-stationary regime shifts inherent to
the Italian imbalance market, this study employs the Temporal Fusion Transformer
(TFT), a state-of-the-art deep learning architecture specifically designed for multi-
horizon time series forecasting [38]. Unlike traditional deterministic models, the TFT
excels at aligning heterogeneous data streams—past observed inputs, future known
inputs, and static time-invariant covariates—while utilizing specialized attention
mechanisms to capture complex temporal dynamics [38].

Because point forecasting is structurally inadequate for grid topologies prone to
severe congestion and localized price spikes, the true value of the TFT lies in its



probabilistic forecasting formulation. The network is trained to output an uncertainty
interval rather than a singular scalar prediction, optimizing jointly across the ¢ €
{0.1,0.5,0.9} quantiles [38]. This is achieved by minimizing the Quantile Loss (or
Pinball Loss) function over the prediction horizon:

Lq(y,9) = max(q(y — 9), (¢ — 1)(y — 9)) (2)

where y is the actual imbalance price and g is the quantile prediction. By provid-
ing a strict confidence interval, the model operates as an actionable decision-support
system for risk management rather than a brittle deterministic oracle.

A fundamental contribution of the TF'T architecture is its granular interpretability,
distinguishing it from traditional ”black-box” neural networks [38]. This is driven by
the Variable Selection Network (VSN), which leverages a Gated Residual Network
(GRN) to dynamically apply non-linear processing only where needed. For a given
input variable ¢ and primary input z, the GRN is defined as:

GRN (z,c) = Layer Norm(x + GLU (Wyz + Wac + b1)) (3)

where GLU represents a Gated Linear Unit, which suppresses non-informative
stochastic noise. The VSN computes continuous variable weights through a Softmax
distribution over the GRN outputs, generating the specific attention maps that allow
operators to trace exact market drivers [38]. Furthermore, to capture long-term cyclical
dependencies, the TFT employs a temporal Multi-Head Attention mechanism within
its decoder block:

Attention(Q, K, V) = Softmax (C?/Iidj) 14 (4)

where @, K, and V represent the query, key, and value matrices, respectively [42].

3.2 Operational Architecture and Data Engineering

To validate the algorithmic efficacy in a production-ready environment, a robust,
latency-tolerant MLOps pipeline was engineered. The complete data integration archi-
tecture, mapping the distinct feature spaces into the TFT encoder and decoder, is
illustrated in Figure 2.

As depicted in Figure 2, the inputs are strictly partitioned to prevent data leakage.
Static inputs encompass time-invariant or cyclical calendar features (day of week,
month, hour). Past historical inputs, ingested by the TFT encoder, include the target
variable (Imbalance Price North/South), aggregate grid load, and generation metrics
segmented across 20 distinct energy sources. Crucially, the decoder leverages future
known inputs—such as projected load, forecasted generation, and Day-Ahead (MGP)
Zonal prices—which are deterministically established prior to the continuous intraday
market gate closures [43].

Initially, the data collection layer relied on web scraping protocols interfacing with
the GME portal [44]; however, this approach proved highly fragile under production
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Fig. 2 Data integration architecture mapping static, historical (encoder), and future known
(decoder) variables into the Temporal Fusion Transformer.

conditions due to anti-bot countermeasures. Consequently, the system architecture was
migrated to ingest real-time streams directly via the Terna and ENTSO-E application
programming interfaces (APIs) [43, 45].

A central operational challenge in real-time grid forecasting is the asynchronous
and non-deterministic nature of API data availability, with Terna real-time metrics
frequently subject to micro-delays (e.g., D-1 or a few hours delay) [43]. To counter
this, a custom algorithm orchestrator was deployed on a Google Cloud Server. This
orchestrator intelligently manages missing data by attempting to download the latest
available data, executing rigorous validation, and stepping back hourly if data is null.
Given these intrinsic API latencies and the operational requirements of energy traders,
the optimal prediction horizon was calibrated to 12 hours, equivalent to 48 discrete
15-minute market time intervals.

The fully automated cloud-based workflow executes the following sequential tasks:

® Data Collection: Continuous downloading of real-time metrics from ENTSO-E
and Terna APIs [43, 45].
® Validation: Algorithmic checking for null values and physical grid plausibility.




® Database: Structuring and storing raw metrics for historical traceability and
scheduled online-training.

® Preprocessing: Application of standardization, normalization, and strict temporal
partitioning to generate sequence blocks (known past, known future, static).

¢ Training/Prediction: Forward-pass execution of the TFT to generate the 48-
period multi-horizon forecasts.

¢ Evaluation: Continuous real-time calculation of Mean Absolute Error (MAE),
Mean Squared Error (MSE), and directional Market Sign accuracy (Long/Short).

® Reporting: Dispatching of operational summaries via a secure Telegram bot to
facilitate remote monitoring.

3.3 Design Justification and Hyperparameter Selection

The prediction horizon was set to 48 discrete time steps, corresponding to 12 hours at
the 15-minute market resolution mandated by the Italian electricity settlement frame-
work [1, 4]. The 15-minute granularity is a hard operational constraint imposed by the
MSD and imbalance settlement mechanisms [11]. The 12-hour horizon was selected
following an explicit comparative evaluation across four candidate horizons (3, 6, 12,
and 24 hours): accuracy degraded marginally beyond 12 hours, while shorter hori-
zons yielded no statistically significant improvement. From an operational standpoint,
a 3-hour horizon leaves insufficient reaction time for position adjustment across MI-
XBID continuous trading phases [1], whereas a 24-hour horizon introduced additional
non-stationary uncertainty without a corresponding gain in predictive accuracy [8].

The TFT was trained to jointly optimize three quantile levels ¢ € {0.1,0.5,0.9}.
The median ¢ = 0.5 serves as the primary point forecast. Empirical analysis of the
residuals confirmed that the upper and lower prediction bounds were approximately
equidistant from the realized price, indicating no systematic bias that would justify an
asymmetric quantile configuration. The outer quantiles define an 80% confidence inter-
val, providing traders with a calibrated risk band for hedging decisions [31]. Given the
extreme spike behaviour of the Italian imbalance market [26], a wider confidence band
is operationally more prudent, as underestimating tail risk carries a higher economic
cost than overestimating it [11].

The final configuration (hidden dimension: 4, attention heads: 2, LSTM layers:
2, dropout: 0.2, learning rate: 2 x 10~%, batch size: 64, encoder length: 168 periods)
was arrived at through an extensive manual search conducted over approximately two
months, spanning hidden dimensions from 4 to 128 and attention heads from 2 to 16.
A fundamental observation emerging from this search is what we term the overfitting—
generalization dichotomy: regardless of architectural scale, the TFT converged to one
of only two qualitatively distinct regimes. In the first, induced by insufficient reg-
ularization, the network achieved high training-set fidelity by mapping directional
changes with near-perfect accuracy, yet suffered catastrophic out-of-sample decay. In
the second, enforced through dropout and early stopping, the network abandoned
peak tracking and converged to a stable mean-value predictor, achieving consistent
sign accuracy of approximately 62-65%. Critically, increasing model capacity did not
yield any intermediate regime; larger models merely overfit more rapidly. Early stop-
ping with patience of 20 epochs was applied monitoring validation loss; in practice,



the TF'T consistently ceased improving between epochs 3 and 8, indicating rapid sat-
uration of the learnable signal in the training data [26, 29]. This behavioral pattern
strongly suggests that the performance ceiling is driven by the intrinsic aleatoric uncer-
tainty of the Italian imbalance market rather than by model capacity or architectural
choice [37], consistent with the theoretical arguments presented in Section 2.

4 Experimental Results

Before detailing the specific market outcomes, this section provides a synthetic
overview of the extensive experimental campaign conducted to evaluate the Tem-
poral Fusion Transformer’s capabilities. The architecture was rigorously tested
across multiple Italian market segments. The performance on sequential auction
prices—specifically the Day-Ahead (PUN) and continuous Intraday (XBID) mar-
kets—yielded highly promising results with remarkably low error margins. Conversely,
forecasting the final imbalance price demonstrated only marginal improvements over
baseline models, such as LSTM, XGBoost, or Naive approaches.

This pronounced discrepancy empirically suggests that the extreme, congestion-
driven volatility of the imbalance market acts as an intrinsic structural limit, rendering
deterministic point accuracy practically unattainable. Nevertheless, despite this hard
performance ceiling, the true operational value of the TFT is realized through its
probabilistic outputs and granular interpretability. By shifting the focus from absolute
precision to explainable uncertainty intervals and attention-driven market insights,
the framework overcomes the limitations of traditional ”black-box” models, providing
energy traders with a uniquely powerful decision-support tool.

4.1 Day-Ahead and Intraday Markets (PUN, Zonal, XBID)

The model was first applied to auction markets (Day-Ahead and Intraday). While
the primary interest lies in imbalance prices, these results demonstrate the model’s
feasibility.

¢ PUN: Results were excellent, with errors below 1 €/MWh. The model correctly
predicted peaks, though sometimes exhibiting overshooting in intensity.

e Zonal/XBID: Performance was good (MAE < 10 €/MWHh), though not at the
PUN level. Accuracy degraded drastically when extending the horizon beyond a few
hours to 12 hours or 1 day.

Comparisons with existing TFT applications [46] show that our methodology leverages
the architecture more fully by incorporating static and future known inputs, whereas
previous academic exercises often relied solely on past PUN/GAS data and incorrect
train-validation splits (predicting past vs. future).

4.2 Imbalance Price Forecasting

For the imbalance price, the results show significant room for improvement, demon-
strating that market volatility is intrinsic to the imbalance price and depends only
minimally on historical trends or exogenous variables. The results are summarized as
follows:
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Fig. 3 PUN prediction using TFT. Data taken from GME with web scraping, in a real time test.
The Deep Neural Network can successfully predict the market behaviour, the price peak and also the
stress period such as the valley of 30 March at 12:00. The overall MAE was of 4.52 €/MWh.

Performance: The model reached an error of MAE ~ 62 €/MWh and a sign
prediction accuracy of ~ 65%. While these values are scientifically aligned with
existing literature, they remain insufficient for high-stakes commercial trading where
margins are extremely tight [47].

Variable Sensitivity: Input variables such as generation, load, and zonal prices
were found to have a very limited weight. Accuracy remained nearly constant regard-
less of the feature set, suggesting that the model struggles to extract actionable
information from the data beyond a general baseline.

Horizon Invariance: Shifting the forecasting horizon from 12h to 3h yielded no
tangible improvements in MAE or sign accuracy. This indicates that the model’s
predictions are essentially mean-value estimates that are already saturated with
intrinsic uncertainty.

Model Behavior: The model predicts in a robust way the averages of the energy
price, also during heavy changes in the electricity market, but struggled to extract
useful information beyond averages.

Baseline Comparison: The complex TFT performed similarly to LSTM and
XGBoost and only marginally better than a Naive model that predicts the price as
the price of yesterday (Price[t] = Price[t-96], with 96 periods equal to 24 hours),
Table 2, with the main advantage being prediction stability rather than error
reduction.

A critical aspect of this analysis is the ”Peak-Tracking vs. Generalization” trade-
off. The model initially achieved high fidelity on the training set, mapping directional
changes with 100 % accuracy . However, this was the result of heavy training without
validation, leading to severe overfitting. When applied to the test set, the attempt to

11
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Fig. 4 PUN forecasting known only past PUN, load and generation as input variables. Increasing
the input variables increased the model performance, since the quantile q0.5 follow more precisely
the real value and the uncertainty interval is narrower then test made with less variables.

track volatile peaks resulted in a sharp performance decline (Figures 6 and 8), with
sign accuracy dropping significantly (Figure 7. This confirms that peak behavior on
day = does not necessarily correlate with day x 4+ 1 due to the stochastic nature of
market drivers.

4.3 Interpretability Analysis

The primary advantage of the TFT architecture lies in its intrinsic interpretability
through attention mechanisms. Our training process revealed that early experiments
were prone to ”overthinking” the input space. In the August 26 attention maps, the
network assigned spurious weights to variables such as geothermal and offshore wind
generation, which resulted in catastrophic sign accuracy failures of 29.2 % (Figure
9).By implementing validation sets and early stopping (test of August 27), we forced
the model to generalize. The optimized variable selection map (Figure 11) shows
a more selective focus on fundamental drivers: the NORD imbalance price and the
”Year” variable. The latter likely acts as a structural baseline to capture non-stationary

12



TFT Quantile Prediction vs. Real Values Comparison - Sardinia
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Fig. 5 XBID forecasting in Market Zone of Sardinia. In blue the real vlaue of the XBID price, in
yellow the TFT predictions. On the y-axis there is the price in €/MWHh; on the x-axis there is the
date (12th of April). This is the first version of the orchestrator that takes data with web scraping.
The MAE for this simulation, not yet optimized, was of MAFE = 17 € /MWh .

Table 2 Performance Comparison of Forecasting Models across
Italian Electricity Markets. Metrics are reported in Mean Absolute
Error (MAE) [€/MWh)].

Model PUN Zonal Prices XBID Imbalance Price

Naive 17 20 25 67.50
XGBoost 5 11 12 63.80
LSTM 4 9 10 63.10
TFT 4 8 9 62.15

shifts in market regulations or energy mix between 2024 and 2025.While the model
eventually learned to predict robust average prices (Figure 12) and estimated uncer-
tainty intervals during high-volatility periods , it effectively ”gave up” on deterministic
peak forecasting. This aligns with expert feedback: peaks are driven by unpredictable,
daily-changing factors. Consequently, the TFT’s real value for a trader lies in pro-
viding a stable directional baseline (= 62.5 % accuracy and quantifying the risk of
potential spikes through uncertainty estimation rather than pinpointing them exactly.
The attention weights, that can be seen from the attention maps in Figures 10, 11,
also were extremely useful for a machine learning developer to understand what the
model is learning from, and from an energy trader point of view to give insight in the
energy market that can help proposing new strategy. Despite the error rate reached
by the model, the TFT can give some useful insight to energy trader.

5 Conclusion

In conclusion, this research presents a robust, production-ready pipeline for real-time
imbalance price forecasting within the highly volatile Italian electricity market. By
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TFT Predictions vs Actual Values
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Fig. 6 Performance decay on the test set (March 21, 2025). The divergence between forecast and
actual peaks demonstrates the intrinsic difficulty of deterministic tracking in volatile markets where
peaks on day x do not correlate with those on day x + 1.
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Fig. 7 Test set sign accuracy (60.4%), of the prediction of 6 The sharp decline from training levels
highlights the model’s limited ability to extract useful information from highly volatile data without
specialized regularization.
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TFT Predictions vs Actual Values
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Fig. 8 Further validation on the March 22nd test set, confirming the structural challenge of imbal-
ance forecasting. The model’s failure to capture extreme price spikes remains consistent across
different test periods. The Market sign accuracy for this prediction is of 54.2 %.

integrating live data streams from Terna and ENTSO-E via an orchestrated archi-
tecture, the system successfully enables continuous online training and inference.
However, the experimental evaluation confirms a fundamental characteristic of the
Italian grid: the intrinsic stochasticity and non-stationary dynamics of the imbalance
market impose a hard limit on deterministic predictability. As demonstrated by the
results, the Temporal Fusion Transformer (TFT) reached a performance ceiling with a
Mean Absolute Error (MAE) of approximately 62 €/MWh. This metric, while aligned
with recent state-of-the-art literature [26, 29], underscores that attempting to pinpoint
extreme, congestion-driven price spikes often leads to severe network overfitting. The
model’s initial tendency to map training set volatility resulted in rapid out-of-sample
performance decay. Through rigorous validation and early stopping, the network
instead optimized for a stable mean-value prediction, achieving a directional sign accu-
racy of roughly 62.5%. Consequently, the primary contribution of this work lies not in
overcoming the deterministic error barrier, but in shifting the forecasting paradigm.
The TFT architecture provides critical value through its probabilistic quantile outputs
and granular interpretability. By analyzing Variable Selection Networks and Temporal
Attention maps, traders can decipher the underlying drivers of market behavior and
recognize periods of extreme unobservable variance. This allows operators to identify
low-risk “biddable hours” and optimize hedging strategies based on confidence inter-
vals rather than relying on brittle point estimates. Ultimately, the framework operates
as an advanced decision-support system for sophisticated risk management and mar-
ket sign prediction rather than a simple price oracle. Regarding future developments
to improve the model’s utility, efforts should first focus on introducing new exter-
nal variables to provide a richer informational context. Once this broader dataset is
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TFT Encoder Variable Selection Map
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Fig. 9 Forecast under heavy overfitting (August 26). While the model approximates historical peaks
in the training set, it fails to translate these insights into viable future predictions. In sign accuracy
it performed with a very low accuracy, 29.2% due to overfitting. This result highlights that a model
tuned too tightly to training-set volatility can perform significantly worse than a random baseline in
real-world test sets.
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Fig. 10 Optimized decoder attention (August 27). The network identifies a more selective set of
future drivers, reflecting the benefits of early stopping and validation-set regularization.

established, advanced feature engineering can be applied to extract specific tempo-
ral dynamics and better capture underlying market states. Furthermore, to achieve a
comprehensive performance validation, the preliminary comparative metrics currently
presented in Table 2 must evolve into a definitive benchmark through standardized
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Market Sign: Forecast vs Actual - Accuracy: 62.5%
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Fig. 11 Variable selection map (August 27) highlighting the dominance of the NORD imbalance

price and the ”Year” variable. The latter serves as a structural baseline for non-stationary market
shifts that occur between different operational years.

simulations that isolate environmental and operational variability. A multi-seasonal
study, spanning an entire year, is therefore essential to strictly validate the TFT’s reli-
ability against long-term data drifts and varying grid conditions, ultimately providing
a statistically significant baseline for future real-time applications.
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TFT Predictions vs Actual Values
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12 Robust mean-value forecasting (August 27). The model successfully avoids the erratic behav-

ior of Fig. 9, focusing on a sustainable average price level. Stable sign accuracy (62.5%) achieved
through regularized training (August 27). This level of performance is consistent with the current
state-of-the-art for imbalance markets characterized by intrinsic volatility.
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