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Summary

As renewable energy penetration grows across Europe, transmission networks face increasingly frequent

and unpredictable congestion, a problem costing an estimated 4.2 billion euros per year in Europe alone.

Yet most data-driven forecasting tools either focus on generation or demand in isolation, or require

access to proprietary grid models unavailable to market participants. This thesis addresses the question

of whether interzonal power flows, and by extension, congestion, can be forecast purely from publicly

available market and weather data.

The proposed approach is a spatio-temporal graph neural network that operates directly on transmission

edges rather than nodes. It combines an LSTM encoder for temporal dynamics, a Transformer-based

graph message-passing module with updatable edge representations, and a future-aware decoder

that ingests day-ahead prices and weather forecasts. The model is trained and evaluated on Italy’s

seven-zone electricity market over a 2025 test year.

Against baselines ranging from naive persistence to gradient-boosted trees and LSTM, the model

achieves the best normalized absolute error, directional accuracy, and congestion detection F1 score, with

advantages that persist across all six forecast horizons. Critically, the proposed model achieves the best

AUROC, demonstrating its ability to rank truly congested hours above non-congested ones regardless of

where the threshold defining congestion is placed. Through comprehensive experiments and analyzes,

the model proves to be more accurate than standard industry methods and domain-specific model.

Further experiments demonstrate the quality of the forecast per edge and horizon, and break down the

contribution of the different choices regarding its design. Moreover, the impact of future features is

assessed, showing significant performance increase in congestion detection.

The central contribution to the renewable energy field is a reproducible, open-data framework that

transforms observable market and weather signals into physically grounded flow forecasts, without

access to network topology or TSO-proprietary models.
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1
Introduction

This thesis addresses a growing problem: as renewable energy sources become a significant part of

national electricity mixes, power systems face new patterns of congestion that are not fully captured by

typical forecasting and risk-assessment approaches. Variable renewable energy generation, particularly

photovoltaic and wind power, brings substantial environmental benefits and is essential for meeting

decarbonisation goals, yet it also increases variability, uncertainty, and the likelihood of stress on

transmission networks. This study focuses on the transmission system operator level, where interzonal

flows, market coupling, and large-scale balancing are coordinated. The project is part of Task 5.5 of the

European Union’s Supernova project, which focuses on the interactions between photovoltaic power

plants and the rest of the power system.

1.1. Grid failures and cascading outages
Interdependent infrastructure networks are inherently vulnerable to cascading effects: the failure of

a small set of nodes in one network can propagate recursively and fragment coupled systems. This

phenomenon was dramatically illustrated by the Italian blackout of 28 September 2003. The event

originated from the loss of a few transmission lines in Switzerland, which rapidly propagated through

the Italian grid, ultimately disconnecting the entire country from the European system [1].

As reported in [2], large-scale blackouts can often be initiated by the outage of a single transmission or

generation element which, if not properly managed by automatic control systems or operator intervention,

gradually leads to cascading outages and eventually to the collapse of the entire system. The electric

blackout that affected Italy in 2003 induced severe degradation in several critical infrastructures,

including the railway network, healthcare systems, financial services, and communication networks. At

the same time, the partial failure of communication systems reduced the capability of the Supervisory

Control and Data Acquisition (SCADA) network, responsible for managing the electric grid, to perform

its function, producing a negative feedback loop that complicated and delayed the restoration phase [3,

2]. The dynamics of such “concurrent malfunctions” remain a canonical example of interdependent

network cascades.

A more recent case occurred on 28 April 2025, when Spain and Portugal experienced a near-nationwide

blackout. According to the ENTSO-E Expert Panel’s final investigation [4], the event was classified as a

Scale 3 event, the highest severity level. The crisis began at a substation in Granada, followed by rapid

failures in Badajoz and Sevilla, eventually leading to the decoupling of the France–Spain interconnection.

While initial data was obscured by communication failures similar to the 2003 event, the final report

identifies several stressors, like inadequate voltage control (gaps in reactive power control and differing

regulation practices across regions), system oscillations (unstable interactions that led to fast voltage

increases), and rapid output reductions (sudden disconnections of generators in Spain that outpaced

the system’s stabilization capabilities). This 2025 blackout represents a "first of its kind" event. It

underscores that while the triggers remain local, the implications are now increasingly dictated by the

physical limits of the system and the variability of modern generation. The investigation concludes

1



1.2. Renewable energy sources and congestion 2

that regulatory frameworks must evolve to support closer data exchange and improved monitoring of

system behavior to mitigate these fast-developing cascades.

These two events highlight the intrinsic vulnerability of highly interconnected power systems. They

show that cascading failures can develop within seconds, making them difficult to anticipate and contain.

As the share of renewable energy sources increases, the variability and unpredictability of generation

may further complicate this dynamic, introducing new stress patterns and congestion risks that can

trigger or amplify such cascades. Understanding this link between renewable variability and grid

stability is therefore essential for developing reliable forecasting and mitigation strategies, as discussed

in the next section.

1.2. Renewable energy sources and congestion
The rapid deployment of renewable energy sources (RES) is essential to achieve decarbonisation goals

and to mitigate climate change [5]. However, this transition also increases the variability and uncertainty

of electricity supply across multiple time scales, from minutes to entire seasons. Because RES output is

weather-dependent, system balancing increasingly relies on accurate meteorological information and

the availability of flexible resources such as storage and demand response [6, 7, 8]. Being able to forecast

renewable generation accurately is therefore necessary to maintain equilibrium in energy systems with

high renewable penetration [9].

At the same time, high local concentrations of photovoltaic (PV) and wind generation can produce large

power flows toward transmission exit points and overload lines or transformers that were not originally

designed for such flow patterns: this phenomenon is commonly referred to as congestion. When

power flows exceed line limits, conductors can overheat, leading to potential damage and automatic

disconnection. Many existing transmission lines were built decades ago, and their physical limits

make them increasingly vulnerable to overloads under high renewable penetration [10]. As a result,

congestion is becoming more frequent in both national and regional grids. When congestion forces

renewable curtailment or creates pronounced zonal imbalances, market signals and physical stress can

combine to raise blackout risks if not adequately forecasted and managed.

The economic impact of congestion is already large and growing. Recent analyses estimate multi-billion-

euro losses each year due to transmission constraints. In Europe, congestion costs were estimated at

approximately 4.2 billion euros in 2023 [11], while in the United States they reached about $20.8 billion

in 2022 [12]. These costs are accompanied by significant curtailments of renewable generation: in 2018,

approximately 6,500 GWh of solar energy was curtailed across the United States, Germany, Chile, and

China due to grid congestion and limited flexibility [13].

Moreover, congestion costs in the U.S. doubled between 2020 and 2021 and rose again by 56% between

2021 and 2022 [12], contributing to higher wholesale electricity prices and highlighting the urgent need

for congestion solutions. These figures demonstrate that congestion is not a marginal operational issue

but a major system-level stressor.

The increasing integration of intermittent RES thus introduces both opportunities and challenges: while

essential for climate objectives, it also demands new methods for monitoring, forecasting, and managing

grid congestion. The next section examines how these challenges are currently addressed through

detailed power-flow modelling and highlights the limitations of such approaches in data-constrained

contexts.

1.3. Motivation
Most academic and operational forecasting work in power systems focuses on either electricity demand or

renewable generation in isolation, often using synthetic networks (built to match statistical characteristics

found in actual power grids), or assuming complete knowledge of the physical grid and power flows

[14, 15]. While these studies provide valuable methodological insights, they rarely address the practical

constraints faced by real-world market participants, such as limited access to network data or the need

for actionable forecasts under uncertainty.

There is comparatively little empirical research that explicitly links market observables, such as zonal

prices, to physical grid conditions. Yet, these signals provide indirect but insightful information about
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transmission congestion. Integrating them with exogenous variables like weather forecasts, renewable

generation, or load data could enable early detection of congestion risk even when detailed grid models

are unavailable [16, 17].

In practice, full AC power-flow modeling (relationship between voltages and power injections at nodes

in an electric power system) remains the gold standard for transmission system analysis, but such

models depend on confidential data that are typically restricted to TSOs and are seldom accessible to

external researchers or market actors. The Day Ahead Congestion Forecast procedure is conducted

by TSOs on an international scale, in which each of them generates a model of their network that is

later shared with partners. Based on these models, TSOs have the right to change cross border power

exchange schedule or internal production schedule for a particular period of the day in case of security

constraints [18].

Consequently, there is a growing need for data-driven approaches capable of inferring congestion

patterns from publicly available information. Market-based signals such as zonal price differentials offer

a scalable and transparent alternative to physical flow models for congestion forecasting in data-limited

settings [19, 20].

This thesis positions itself within this commercial and market-oriented perspective, focusing on methods

that can support energy traders, aggregators, and market analysts who must operate without full

visibility of the grid. By leveraging observable market and weather data, the aim is to provide a

framework for anticipating congestion and assessing its market impact close to real time.

1.4. Research questions and contributions
In zonal markets with interzonal transmission lines, such as Italy’s seven-zone market, price imbalances

between zones act as indirect indicators of transmission congestion. Coupling these market-based

signals with external predictors, such as numerical weather observations and historical flows, offers a

path toward data-driven forecasting of congestion patterns without requiring access to proprietary grid

models. This approach contributes to operational decision-making by transforming publicly observable

data into physically grounded flow forecasts.

Why Italy? Italy’s electricity market offers a particularly compelling test case for this research. Its

seven-zone structure, with bidding zones that range from mainland regions to island interconnections,

closely mirrors the multi-country architecture of the broader European electricity market, where each

country plays a role analogous to an Italian zone and cross-border ENTSO-E flows serve as the congestion

signal of interest. The combination of high and unevenly distributed renewable penetration, persistent

north-to-south transmission bottlenecks, and a well-documented history of zonal price divergence

makes Italy both a challenging and representative setting. Beyond its local relevance, results obtained

on the Italian market can therefore inform the design of congestion forecasting tools at the European

scale, which is one of the broader objectives of the Supernova project.

To address this objective, we pose the following research questions:

RQ1: Can physical interzonal flows be forecast from public market and weather data? We evaluate

whether market prices and ERA5 weather observations, without any access to network topology or

injection data, carry sufficient information to produce operationally useful multi-step flow forecasts.

RQ2: Does a graph-based architecture add value over per-edge models? We assess whether explicitly

representing the Italian grid topology via message passing improves flow prediction compared to

independent per-edge forecasting models, and how performance varies with the depth of the graph.

RQ3: Does the model translate into actionable congestion signals? We examine whether the

regression output of the model can serve as a congestion score, and whether it carries tradeable

predictive value beyond what intraday market prices already reflect.

The main contributions of this thesis are :
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• Flow-level forecasting from market data.
Existing congestion forecasting methods either require high network observability (physics-based)

or target day-ahead price proxies that are not close to real-time events. We directly forecast

interzonal physical flows using only publicly available market prices, NWP weather data, and

historical flows, in order to obtain operationally relevant outputs.

• Spatio-temporal graph architecture for edge-level targets.
Existing STGNNs in power systems focus on node-level tasks. We propose an encoder-decoder

architecture combining LSTM temporal encoding with graph transformer message passing with

explicit edge representation updates, operating directly on edge-level targets (interzonal flows)

across all zone pairs simultaneously.

• Open and reproducible framework scalable to the EU.
The pipeline relies exclusively on publicly available data sources (Terna, ENTSO-E, GME, ERA5)

and open-source tooling. The trained model is evaluated on a full test year, and results are

visualized in an interactive interface displaying predicted versus actual interzonal flows across all

Italian zone pairs and neighboring countries (available at: https://congestion-forecasting.
portal.csem.ch/). The framework generalizes directly to the EU-wide setting where each country

acts as a zone, providing a scalable foundation for continent-level congestion forecasting.

1.5. Thesis outline
Chapter 2 provides the technical background: it covers Italy’s zonal electricity market and its energy

mix, the day-ahead and intraday market mechanisms that motivate the choice of input features, and

the machine learning foundations underpinning the proposed architecture, including graph neural

networks, graph attention, edge-level prediction, spatio-temporal extensions, and multivariate time

series forecasting.

Chapter 3 surveys the related work across five methodological families: physics-based methods,

econometric approaches, hybrid and deep learning architectures, spatio-temporal GNNs, and dedicated

edge-level prediction methods. For each family the chapter identifies what has been achieved and why

a gap remains for forecasting physical interzonal flows from market-observable data in a multi-zone

system.

Chapter 4 describes the problem formulation, the target variable construction, and details the proposed

encoder-decoder architecture, including the LSTM encoder, the graph message-passing block, the

decoder design, and the training procedure.

Chapter 5 presents the experimental setup : data sources, preprocessing pipeline, the graph representa-

tion of the Italian grid. The evaluation of the model is presented as well: baseline comparisons, ablation

studies on graph depth and future features, congestion classification analysis.

Chapter 6 discusses the findings in relation to the research questions, acknowledges the limitations of

the study, and outlines directions for future work.

https://congestion-forecasting.portal.csem.ch/
https://congestion-forecasting.portal.csem.ch/


2
Background

Figure 2.1: Zonal electricity markets in Europe.

2.1. Italian electricity market & 7-zone structure
2.1.1. Zonal market concepts
The European Internal Electricity Market is organized according to a zonal market design, in which

electricity supply and demand are matched at the level of predefined market zones, also referred to as

bidding zones. Within each zone, the transmission network is assumed to be unconstrained for market

clearing purposes, while transmission constraints are explicitly taken into account only at the borders

between zones [21, 22].

Market clearing is performed independently for each zone, subject to available cross-zonal transfer

capacities. As a result, a single wholesale electricity price is formed per zone, applying uniformly to

all accepted bids within that zone. This design significantly simplifies market operations compared to

5
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nodal pricing, but at the cost of neglecting internal network constraints during the clearing process [21].

Historically, market zones have largely coincided with national borders, reflecting the former national

organization of European power systems. However, several countries operate multiple bidding zones.

In the Nordic region, Denmark, Sweden, and Norway are subdivided into multiple zones, and it is

also the case in Italy, see Figure 2.1. These zonal configurations either reflect natural geographical

separations or persistent structural transmission constraints within the grid [21].

The European regulatory framework explicitly links the definition of bidding zones to congestion

patterns. According to Article 14 of the EU Electricity Regulation, bidding zone borders shall be based

on long-term, structural congestion in the transmission network. Structural congestion should not

persist within zones, and corrective measures are intended to be temporary rather than a permanent

substitute for appropriate zone delineation [21].

When actual power flows resulting from the market outcome are not physically feasible, Transmission

System Operators apply remedial actions to restore system security. These actions include redispatch,

whereby generation schedules are adjusted upward or downward after market clearing, and counter-

trading, where energy is procured across zones to relieve congestion. In practice, redispatch is often

used as a general term encompassing both mechanisms [21, 23].

2.1.2. Italy’s zonal market
From the outset of market liberalization, the Italian electricity market has been modeled through a zonal

structure. As described by Terna, Italy’s Transmission System Operator, “the electrical system is divided

into areas where producers and consumers can sell and buy electricity freely, while there are limitations

on the buying and selling of energy between different zones” [24].

The adoption of market zones in Italy reflects both geographical characteristics and structural constraints

of the transmission network. Natural separations, such as islands, as well as persistent bottlenecks in the

mainland grid, motivated the subdivision of the territory. In addition, zonal pricing was introduced to

differentiate electricity prices according to the local balance between generation capacity and demand,

thereby providing location-specific price signals. Zones with relatively abundant generation tend to

experience lower prices, whereas zones with higher demand and limited local generation face higher

prices [23].

Italy applies an interzonal pricing mechanism, under which electricity prices are determined separately

for each zone based on accepted bids and available transmission capacity between zones. This mechanism

allows prices to reflect not only local supply and demand conditions but also the net physical power

exchanges between zones. Compared to other liberalized electricity markets, Italy stands out for its

extensive use of zonal pricing at the national level, featuring one of the highest numbers of bidding

zones in Europe [23].

The current configuration consists of seven geographical market zones (Fig. 2.2): North (NORD),

Center North (CNOR), Center South (CSUD), South (SUD), Calabria (CALA), Sicily (SICI), and Sardinia

(SARD). These zones are defined by Terna and approved by the Italian Regulatory Authority for Energy,

Networks and Environment, based on grid topology, demand distribution, and the spatial allocation of

major generation assets [25]. Sicily and Sardinia form separate zones due to their electrical isolation

from the mainland, while the mainland is subdivided to reflect internal transmission constraints and

demand concentration patterns.

The introduction of the seventh zone, Calabria (CALA), represents a recent refinement of the zonal

structure. This separation was motivated by persistent structural congestion between Southern Italy

and the Sicilian interconnection corridor, as well as by the growing penetration of renewable generation

in the southern regions. By isolating Calabria as a distinct zone, the market design more accurately

captures local congestion patterns and improves the transparency of price signals, while reducing

reliance on remedial actions such as redispatch [23, 25].

In addition to geographical zones, the Italian market includes virtual zones corresponding to inter-

connection points with neighboring countries. These virtual zones facilitate cross-border electricity

trade and integrate Italy into the wider European electricity market, while maintaining control over

congestion at national borders [25].
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Figure 2.2: Zonal electricity markets in Italy.

2.1.3. Italy’s energy mix
Italy provides a particularly relevant test case for studying congestion risks in systems with high

renewable penetration. The country’s power system combines a large share of PV generation, a zonal

market structure, and transmission constraints that often manifest as price differentials between zones.

According to the most recent statistical data published by Terna (Italian TSO) for 2025, Italy’s total

installed renewable capacity reached approximately 80 GW, distributed as follows [26]:

• Photovoltaics: 41,1 GW

• Wind: 13.4 GW

• Hydropower: 21.3 GW

• Bioenergy and Geothermal: 4.9 GW

These figures highlight the central role of PV, which alone accounts for nearly half of Italy’s renewable

capacity.

PV capacity has grown rapidly over the last decade, supported by abundant solar resources and national

incentives such as the Conto Energia schemes and declining module costs [27]. Between 2020 and 2023,

the installed PV capacity increased by more than 30%, with over 310,000 new small and medium-sized

installations connected to the grid during that period [28, 29]. The majority of these new plants are

located in southern and central regions, where both irradiation levels and available land make these

projects economically attractive.

This geographical pattern is illustrated with Italy’s Global Horizontal Irradiance (GHI) in [30]. The

highest solar resource potential is found in Sicily, Sardinia, Puglia, and Calabria, while northern regions

have more limited but still viable solar potential. This uneven spatial distribution of generation, combined

with historical transmission infrastructure designed for north-to-south power flows, contributes to

localized congestion and persistent zonal price differences.

In Italy’s zonal electricity market, these price differentials serve as a practical indicator of transmission

bottlenecks. As a result, zonal price separation and curtailment events are increasingly common

operational challenges for both system operators and market participants. These dynamics make Italy

an ideal case study for exploring how renewable-driven congestion can be forecast and managed using

market indicators.
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2.1.4. Day-ahead and Intraday markets
Electricity trading in Europe is organized across multiple sequential markets, primarily the Day-Ahead,

Intraday, and Balancing markets. Each market operates at a different time horizon and exhibits distinct

characteristics in terms of time resolution, information availability, and price formation mechanisms.

These differences result in unique challenges for market participants and for price analysis and forecasting

[31].

While the day-ahead market aggregates expectations about next day system conditions, the intraday

market allows participants to revise their positions closer to real time, when uncertainty about demand,

renewable generation, and network conditions is significantly reduced. As a result, intraday prices

should display stronger volatility and sharper congestion signals than day-ahead prices.

Day-ahead market
In the Italian Day-Ahead Market (Mercato del Giorno Prima, MGP), electricity is traded for delivery on

the following day. Market participants, including generators, retailers, and large consumers, submit

supply offers and demand bids specifying quantities and corresponding price limits. Supply offers

indicate the minimum price at which a given quantity of electricity is willing to be sold, while demand

bids reflect the maximum price buyers are willing to pay.

To formulate their bids, participants rely on internal forecasts and operational constraints. These

typically include expectations about generation costs (such as fuel prices, start-up costs, and ramping

constraints), plant availability, anticipated renewable production from wind, solar, and hydro resources,

interconnection capacities, and expected electricity demand. In addition, strategic considerations related

to competition and anticipated bidding behavior of other market participants influence bid formation.

Market clearing in the MGP results in zonal prices determined by the intersection of aggregated supply

and demand curves, subject to interzonal transmission constraints. Importantly, the day-ahead market

itself does not constitute a forecasting model. Rather, it is a market mechanism that aggregates the

heterogeneous private forecasts and expectations of all participants into a single competitive equilibrium

outcome. Consequently, the day-ahead zonal price can be interpreted as an implicit forecast: it represents

the collective expectation of system conditions for the following day, rather than a prediction of real-time

operational prices.

Intraday market
The Intraday Market allows participants to adjust their positions after the day-ahead clearing and

closer to the delivery hour. This market exists precisely to address the residual uncertainty inherent

in day-ahead trading, particularly related to electricity demand, renewable generation, and network

constraints. As delivery approaches, updated forecasts and operational information become available,

enabling market participants to refine their bids accordingly.

Intraday prices therefore reflect real-time corrections to the expectations embedded in day-ahead prices.

At this stage, bids incorporate updated demand forecasts, improved predictions of renewable output,

and emerging congestion conditions within the transmission network. The resulting price formation

captures a more accurate and informed view of the actual system state.

Empirical studies indicate that, in intraday markets, historical price information from previous trading

sessions often constitutes the most relevant explanatory input, while exogenous variables play a

comparatively limited role in improving forecast quality [32]. This highlights the endogenous nature

of intraday price dynamics, where market participants continuously react to prior price signals and

revised expectations.

From an interpretative perspective, the distinction between the two markets can be summarized as

follows:

• the day-ahead price represents an implicit forecast formed by market participants under significant

uncertainty;

• the intraday price reflects the realized adjustment of these expectations and can be regarded as a

closer approximation to the operational ground truth.



2.2. Power system congestion and zonal market concepts 9

Figure 2.3: Volatility of smoothed Intraday and Day-ahead price differences between Central North and Central South zones.

Absolute differences below 10
=C were set to 0

=C for readability.

This difference is particularly evident in zonal price spreads. While day-ahead prices often exhibit

limited congestion signals, intraday prices frequently reveal pronounced zonal divergences as actual

bottlenecks materialize closer to real time. Figure 2.3 illustrates this effect for the Central North and

Central South zones, where intraday price differences display substantially higher volatility than their

day-ahead counterparts.

2.2. Power system congestion and zonal market concepts
2.2.1. Congestion
In power systems, congestion arises when transmission constraints prevent electricity from being

transported freely from generation areas to consumption areas. In economic terms, congestion reflects a

situation where the desired power flows implied by market outcomes exceed the physical limits of the

transmission network, requiring corrective actions to maintain system security.

From an operational perspective, congestion is fundamentally linked to the physical laws governing

power flows and to the thermal, voltage, and stability limits of transmission lines. System operators

therefore rely on technical indicators such as transmission capacity and line loading to assess and

manage congestion. However, these indicators are not directly observable to market participants and

are often difficult to forecast.

Several measures of transmission capability are used in practice. Total Transfer Capability (TTC)

represents the maximum power that can be exchanged between two areas while respecting all operational

constraints. Available Transfer Capability (ATC) is the remaining portion of TTC that is still available

for commercial transactions after accounting for already allocated capacity and security margins. More

recently, Flow-Based Market Coupling (FBMC) has been introduced in parts of Europe, relying on

Power Transfer Distribution Factors (PTDFs) to model how transactions affect flows on critical network

elements. This approach enables a more accurate representation of network constraints but requires

detailed grid data and complex system modeling.

For parties other than Transmission System Operators, it is practically impossible to compute TTC, ATC,

or flow-based capacities accurately. Although common European regulations define both the ATC and

FBMC methodologies, their concrete implementation is carried out by TSOs and is not fully disclosed.

TSOs retain degrees of freedom in the choice of models, parameter settings, and security margins to

ensure system reliability, which limits the transparency of capacity calculation procedures. As a result,

these quantities depend on a large set of variables, including line limits, network topology, generation

dispatch, and PTDF matrices, that are not observable to market participants. [33] emphasizes that this

lack of transparency makes it extremely difficult for market participants to forecast the transmission

capacities that TSOs will make available for future trading intervals, thereby constituting a significant

obstacle to the formulation of effective trading strategies.

Given these limitations, congestion can be approached from different conceptual perspectives. A

physically grounded definition relies on actual power flows relative to line capacities. For instance,

Løland et al. [34] define the Net Capacity Utilization (NCU) between two zones at time 𝑡 as the ratio of
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Figure 2.4: Net Capacity Utilization versus Day-Ahead price difference between Calabria and South zones.

realized power flow to available transmission capacity:

NetCapacityUtilization(𝐴,𝐵),𝑡 = 𝑘 ×
flow(𝐴,𝐵),𝑡

capacity(𝐴,𝐵),𝑡
,

𝑘 =

{
+1, if zone 𝐴 exports to 𝐵,

−1, if zone 𝐴 imports from 𝐵.

(2.1)

This measure directly captures how intensively a transmission line is used and whether it operates close

to its physical limits. An alternative and widely adopted approach defines congestion in economic

terms, using price signals. In zonal electricity markets, congestion manifests itself through price

differences between zones that exchange electricity. When transmission capacity between two zones

becomes binding, the zonal prices diverge, reflecting the marginal cost of delivering electricity across

the constrained interface. This definition aligns directly with the design of the Italian electricity market,

where zonal pricing is explicitly intended to signal interzonal congestion.

Recent empirical studies on the Italian market therefore define congestion as the occurrence or magnitude

of price spreads between connected zones [35]. This price-based definition is particularly suitable when

the analysis focuses on market outcomes rather than on system operation. It leverages publicly available

price data and captures the effective economic impact of congestion as perceived by market participants.

2.2.2. Price difference and congestion relationship
The relationship between transmission congestion and zonal price differences can be empirically

illustrated by comparing price spreads with physical congestion indicators. Figure 2.4 shows the

relationship between the Net Capacity Utilization (NCU) and the day-ahead price difference between

the Calabria and South zones.

A striking correlation emerges in the day-ahead market. As soon as the NCU reaches its extreme

values (NCU = ±1), indicating a binding transmission constraint, a zonal price difference systematically

appears. When Calabria exports electricity (NCU > 0), the price difference decreases, corresponding to

a lower price in Calabria relative to the South. Conversely, when Calabria imports electricity (NCU < 0),

the price difference increases, reflecting a higher price in Calabria. Importantly, price differences are

observed almost exclusively during congestion events, and congestion events are consistently associated

with non-zero price spreads.

This observation provides empirical support for using zonal price differences as indicators of congestion

in a zonal market framework. In the day-ahead market, price spreads appear tightly linked to physical

transmission constraints, validating the interpretation of price divergence as a congestion signal.
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However, while day-ahead prices capture anticipated congestion, they do not fully reflect real-time

system conditions. Intraday markets are designed to incorporate updated information closer to delivery,

including revised demand forecasts, renewable generation updates, and emerging grid constraints.

Intraday prices are therefore expected to better reflect actual congestion conditions in real time.

In practice, intraday prices, particularly those observed shortly before delivery (for example XBID60 :

market prices 60 minutes before physical delivery), exhibit substantial volatility and noise. This raises

the question of whether observed intraday price variations reflect meaningful system information or

merely stochastic trading behavior. Two main drivers can explain deviations of intraday prices from

day-ahead prices. First, unexpected physical events such as demand peaks, forecast errors in renewable

generation, or unanticipated congestion can induce genuine price adjustments. Second, intraday trading

itself introduces noise: continuous trading and speculative behavior may generate price movements

unrelated to underlying physical constraints, similarly to short-term fluctuations observed in financial

markets.

Disentangling these two effects is challenging. The literature emphasizes that intraday electricity prices

are influenced by both fundamental shocks and speculative trading dynamics, and that raw intraday

prices may therefore be poorly suited as direct modeling targets [36]. As a consequence, the use of

engineered targets, such as aggregated price measures or transformations designed to extract structural

information, has been proposed to improve interpretability and predictability.

A further limitation arises from data availability. While NCU can be computed for the day-ahead

market using day-ahead flows and transmission capacities, equivalent information is not available at

the intraday time scale. Real-time physical flows, continuous intraday transfer capacities, and their

temporal alignment with XBID prices are not directly observable or synchronized. Although offered

intraday transfer capacities are published by ENTSO-E, they do not necessarily reflect realized physical

constraints at the time of trading. As a result, replicating the NCU-based analysis for intraday prices is

not feasible.

Given these constraints, congestion analysis in the intraday market cannot rely on price-based indicators

alone. This approach inevitably aggregates both physical congestion effects and noise induced by

trading, and preliminary tests showed significant hardships to overcome the noise and predict valuable

information. They remain excellent features for the model to rely on, but the target must be physically

grounded. After several trials to forecast intraday prices differences, it was decided to rather predict the

interzonal flows. The challenge is therefore to design models capable of extracting the congestion-related

signal embedded in intraday price dynamics.

2.2.3. Fundamental price drivers and input variables
Electricity spot prices are commonly modeled as the outcome of a wide set of fundamental drivers

related to supply, demand, and system conditions. In addition to these drivers, electricity prices exhibit

pronounced seasonal patterns at multiple time scales. Daily and weekly seasonalities are particularly

relevant in short-term markets, while longer-term horizons are influenced by annual seasonality and

trend-cycle components. The relevance of these patterns depends on the forecasting horizon: short-term

models must account for intraday and weekly structures, whereas longer-term analyses may largely

abstract from them [37].

Beyond seasonal effects, the literature identifies several key categories of explanatory variables, including

system load (electricity demand and consumption), weather related variables (temperature, wind speed,

solar radiation, precipitation), fuel costs (primarily natural gas and oil, and to a lesser extent coal),

reserve margins (available generation capacity relative to expected demand), and planned or unplanned

outages of generation units or critical grid components. Both historical realizations of these variables

and their forecasts over the relevant horizon are typically considered essential inputs for electricity price

forecasting models [37].

Weather variables play a dual role in modern electricity systems. On the demand side, temperature

influences heating and cooling loads, while on the supply side it directly affects renewable generation,

particularly wind and solar output. Fuel prices influence the marginal cost of thermal generation and

are therefore expected to impact price formation, especially in systems where gas-fired units frequently

set the marginal price. Reserve margins and outages capture system tightness and scarcity conditions,
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which are known to be associated with price spikes and increased volatility.

However, the influence of fundamental drivers on electricity prices is neither constant over time nor

uniform across markets. Empirical evidence suggests that, in certain periods, spot price dynamics may be

dominated by factors that are only weakly related to observable fundamentals. For example, [36] shows

that in the UK market during 2011–2012, traditional fundamental variables such as wind generation,

demand, and gas prices explained only a small fraction of price variability, while speculative or price-

driven shocks accounted for up to 95% of observed volatility. The distinction between fundamental

shocks, originating from changes in demand, generation, or fuel costs, and speculative shocks driven by

trading behavior, liquidity, and market microstructure is emphasized [36]. The relative importance of

these components varies across markets and trading stages, with intraday markets in particular being

more exposed to speculative dynamics due to continuous trading and shorter time-to-delivery.

As observed in the literature, the selection of input variables is therefore often guided by heuristics,

prior experience, and data availability, rather than by a universally optimal rule. While pure price-based

models exist, most short-term forecasting applications rely on a combination of price history and

fundamental inputs. The optimal choice of variables remains an open question, and it is unlikely that a

single universal set of inputs can be identified across different electricity markets and time horizons [37].

Consequently, in the present study, fundamental variables are included not under the assumption that

they fully explain congestion dynamics, but to test empirically the extent to which they contribute to

explaining and predicting congestion on the grid.

2.3. Machine and Deep learning for grid forecasting
2.3.1. What is a Graph Neural Network
A graph 𝒢 = (𝒱 ,ℰ, 𝐴) is defined by a set of nodes 𝒱 with |𝒱 | = 𝑁 , a set of edges ℰ, and a weighted

adjacency matrix 𝐴 ∈ R𝑁×𝑁
, where 𝐴𝑖 𝑗 > 0 if nodes 𝑖 and 𝑗 are connected (𝑖 ≠ 𝑗) and 𝐴𝑖 𝑗 = 0 otherwise.

Three types of features can be defined on a graph: node features h𝑖 for 𝑖 ∈ 𝒱 , edge features e𝑖 𝑗 for 𝑖 𝑗 ∈ ℰ,

and a global graph feature vector g.

A Graph Neural Network (GNN) is a class of neural networks designed to operate on graph-structured

data. GNNs learn node, edge, and graph-level representations by iteratively propagating and trans-

forming information along the edges of the graph, a process known as message passing.

In the general message passing framework, at each layer 𝑘, node, edge, and graph representations are

updated as follows:

h(𝑘)
𝑖

= 𝑓𝑣

(
h(𝑘−1)
𝑖

,
{
h(𝑘−1)
𝑗

, e(𝑘−1)
𝑖 𝑗

: 𝑗 ∈ 𝒩𝑖

})
, (2.2)

e(𝑘)
𝑖 𝑗

= 𝑓𝑒

(
e(𝑘−1)
𝑖 𝑗

, h(𝑘)
𝑖
, h(𝑘)

𝑗

)
, (2.3)

g(𝑘) = 𝑓𝑔

(
g(𝑘−1) ,

{
h(𝑘)
𝑖

: 𝑖 ∈ 𝒱
}
,
{
e(𝑘)
𝑖 𝑗

: 𝑖 𝑗 ∈ ℰ
})
, (2.4)

where 𝒩𝑖 denotes the neighborhood of node 𝑖, and 𝑓𝑣 , 𝑓𝑒 , 𝑓𝑔 are learnable functions. This formulation

generalizes to a wide range of GNN architectures and allows simultaneous learning of representations

at different levels of the graph hierarchy.

An early and widely used instantiation of this framework is the Graph Convolutional Network (GCN),

which simplifies the node update by discarding edge features and using degree-based normalization:

h′
𝑖 =

∑
𝑗∈𝒩(𝑖)∪{𝑖}

1√
◦(𝑖)◦(𝑗)

(
𝑊h𝑗

)
+ b, (2.5)

where
◦(·) denotes the node degree,𝑊 is a learnable weight matrix, and b is a bias term. For the entire

graph, this operation can be expressed as

𝐻′ = 𝜎
(
𝐷̂− 1

2 𝐴̂𝐷̂− 1

2𝐻𝑊
)
, (2.6)

where 𝐴̂ = 𝐴 + 𝐼 includes self-loops, 𝐷̂ is the corresponding degree matrix, and 𝜎(·) is a nonlinear

activation function.
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GNNs introduce a relational inductive bias by explicitly modeling interactions between connected

components. This property is particularly suitable for power grids, where phenomena such as congestion

propagation and cascading failures follow the physical network topology.

2.3.2. Graph attention
Graph Attention Networks (GATs) [38] extend the message passing framework by introducing a learnable

attention mechanism to weight the contributions of neighboring nodes. Rather than relying on fixed

degree-based normalization as in GCN, GAT computes attention coefficients that reflect the relative

importance of each neighbor.

Given node features h𝑖 ∈ R𝐹 , the updated node representation is computed as

h′
𝑖 = 𝜎

©­«
∑
𝑗∈𝒩𝑖

𝛼𝑖 𝑗𝑊h𝑗
ª®¬ , (2.7)

where𝑊 ∈ R𝐹
′×𝐹

is a shared learnable weight matrix and 𝜎(·) is a nonlinear activation function. The

attention coefficient 𝛼𝑖 𝑗 is obtained by normalizing unnormalized scores over the neighborhood of node

𝑖:
𝛼𝑖 𝑗 = softmax𝑗

(
attention(𝑊h𝑖 , 𝑊h𝑗)

)
. (2.8)

In the original formulation, the attention function is implemented as a single-layer feedforward network

applied to the concatenation of the transformed features:

𝛼𝑖 𝑗 =
exp

(
LeakyReLU

(
a⊤[𝑊h𝑖 ∥𝑊h𝑗]

) )∑
𝑘∈𝒩𝑖

exp

(
LeakyReLU(a⊤[𝑊h𝑖 ∥𝑊h𝑘])

) , (2.9)

where [· ∥ ·] denotes concatenation and a ∈ R2𝐹′
is a learnable parameter vector.

To improve expressiveness and training stability, GATs commonly employ multi-head attention. Using

𝐾 independent attention heads with weight matrices𝑊𝑘 , the update rule becomes

h′
𝑖 = 𝜎

©­«
𝐾∑
𝑘=1

∑
𝑗∈𝒩𝑖

𝛼𝑘𝑖𝑗𝑊𝑘h𝑗
ª®¬ . (2.10)

The attention mechanism allows the model to focus selectively on the most relevant neighbors, which is

particularly valuable in heterogeneous graphs where nodes have varying degrees of influence on their

surroundings.

2.3.3. Edge-level prediction
While many GNN architectures are designed for node-level tasks, several real-world problems require

predictions defined on edges. In power systems, quantities such as interzonal flows, line loadings, and

congestion states are inherently edge-centric: they describe the relationship between two connected

nodes rather than a property of a single node.

The general message passing formulation introduced in Section 2.3.1 naturally supports edge-level

reasoning. By maintaining and updating explicit edge representations e(𝑘)
𝑖 𝑗

throughout the forward pass,

the model can produce edge-level outputs directly, rather than deriving them as a post-hoc combination

of node embeddings. This is particularly important for signed quantities such as directed power flows,

where the order of the incident nodes matters and symmetric aggregation would wash out directional

information.

In practice, deriving edge predictions from node embeddings alone, typically by concatenating source

and destination representations, remains a common but limited approach. More principled architectures

maintain first-class edge representations and handle orientation explicitly. A detailed discussion of

dedicated edge-level methods and their relation to this work is provided in Section 3.3.3 of the related

work chapter.
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2.3.4. Multivariate Time Series Forecasting
Time series forecasting aims to predict future values based on historical observations. In power

system applications, forecasting tasks include load, generation, and congestion prediction, and can be

formulated as either value-based regression or classification problems. In both cases, predictions are

made from past time series observations.

Day-ahead forecasting methods can be broadly categorized into three approaches [39]: (i) rolling
forecasting, where one-step-ahead predictions are iteratively fed back as inputs; (ii) direct forecasting,

where separate models are trained for each future time step; and (iii) multi-step forecasting, where a

single model directly predicts a sequence of future values over a fixed horizon. The third approach is

commonly adopted in modern deep learning frameworks due to its efficiency and ability to capture

temporal dependencies across the prediction horizon.

In many real-world settings, time series do not exist independently. For instance, in power grids or

weather systems, multiple correlated entities evolve simultaneously. Instead of forecasting a single

sequence, the goal is to predict multiple time series jointly while exploiting their interdependencies.

This setting is referred to as multivariate time series forecasting.

Let 𝑁 denote the number of time series and 𝐹 the number of features per series. At time step 𝑡, the

observation matrix is

𝑋𝑡 ∈ R𝑁×𝐹 . (2.11)

Using a sliding window of length 𝑤, the input sequence is defined as

𝑋𝑡−𝑤:𝑡 = [𝑋𝑡−𝑤 , . . . , 𝑋𝑡−1 , 𝑋𝑡] ∈ R𝑁×𝑤×𝐹 . (2.12)

The objective is to predict a future sequence over a horizon of ℎ time steps:

𝑌̂𝑡+1:𝑡+ℎ = [𝑌̂𝑡+1 , . . . , 𝑌̂𝑡+ℎ] ∈ Rℎ×𝑁×𝑑0 , (2.13)

where 𝑑0 denotes the output dimension. In the common case where a single value is predicted per time

series, i.e., 𝑑0 = 1, the prediction reduces to

𝑌̂𝑡+1:𝑡+ℎ ∈ Rℎ×𝑁 . (2.14)

By modeling multiple time series jointly, multivariate forecasting methods can exploit shared structure

and correlations between entities. When combined with graph-based representations, this formulation

naturally enables the integration of spatial dependencies, which is particularly relevant for power grid

forecasting.

2.3.5. Spatio-temporal extension of GNNs
Many real-world forecasting problems involve both spatial and temporal dependencies. Graph neural

networks are effective at modeling spatial structure through message passing, while time series models

capture temporal dynamics. Power systems forecasting inherently requires both: electrical interactions

are constrained by grid topology, and system states evolve over time due to demand patterns, weather

conditions, and operational decisions.

Spatio-temporal graph neural networks (STGNNs) address this challenge by combining graph-based

representations with temporal modeling. A systematic literature review by [40] categorizes STGNNs

according to how spatial and temporal components are integrated, highlighting their effectiveness for

time series forecasting and classification tasks on structured networks.

A common approach consists of combining GNNs with sequence models such as recurrent neural

networks. In this setting, graph convolutions are used to model spatial interactions at each time step,

while temporal dependencies are captured using recurrent units such as LSTMs or GRUs. This modular

design allows spatial and temporal patterns to be learned separately. Such architectures are widely

adopted in power system applications, including multi-site photovoltaic power forecasting, where

spatial correlations between geographically distributed sites are coupled with strong temporal dynamics

[41].
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Introducing an encoder-decoder model is an interesting improvement to better include temporal

interactions in a GNN. An encoder takes as input a graph and outputs embeddings that maps nodes

and edges features to hidden representations. A decoder takes as input the embeddings and makes

predictions. What is interesting in our case is to input weather observations in the encoder, and weather

forecast in the decoder. Thus, the encoder is in charge of processing the past whereas the decoder

process the future. It is possible to train the two components end-to-end. In such cases, the parameters of

the encoder and the decoder are typically initialized randomly. Then, until some criterion is met, several

epochs of stochastic gradient descent are performed where in each epoch, the embedding function

is produced by the encoder, predictions are made based on the embedding function by the decoder,

the error in predictions is computed with respect to a loss function, and the parameters of the model

are updated based on the loss. Inserting the GNN between the encoder and the decoder allows the

final model to be aware of the past temporal interactions, of the spatial interactions, and of the future

temporal interactions.



3
Related Work

Transmission congestion forecasting sits at the intersection of power systems engineering, market

analysis, and machine learning. This chapter surveys the main methodological families: physics-based

approaches, econometric and price-based methods, deep learning architectures for time series, spatio-

temporal graph neural networks, and edge-level prediction. For each family we identify what has been

achieved and why a gap remains for forecasting physical interzonal flows from publicly observable

market data in a multi-zone system such as Italy.

3.1. Physics-based methods
Physics-based methods model the network explicitly (nodes, lines, impedances, and generator con-

straints) and compute power flows under different operating scenarios [14].

Probabilistic power-flow and stochastic security-constrained optimal power flow (SCOPF) variants

extend this to estimate the distribution of flows and hence the probability that a given interface becomes

congested under uncertain renewable injection or demand [15]. These methods allow TSOs to quantify

congestion risk under different weather or generation scenarios with high physical fidelity.

Ji et al. [42] introduced a probabilistic framework using multiparametric programming, partitioning the

uncertainty space into critical regions to derive conditional distributions of real-time locational marginal

prices (LMPs) and congestion states. The approach efficiently separates offline and online computations,

making probabilistic congestion forecasting computationally tractable. Building on this idea, Hernandez-

Matheus et al. [43] proposed a hybrid method for DSOs that integrates probabilistic power flow with

machine learning to forecast congestion in smart distribution grids. By sampling uncertain operating

conditions and training ML models on the resulting probabilistic flow data, they demonstrated faster

and accurate congestion risk estimation in networks with high renewable penetration.

Recent work has extended these approaches by combining physical models with deep learning. For

instance, a cascaded LSTM–DNN framework [44] uses an optimization-based label generation process

to train a surrogate model capable of real-time congestion prediction. This hybrid method retains the

interpretability of physics-based models while achieving instantaneous runtime performance. Similarly,

the probabilistic co-planning approach of distributed series reactors and dynamic line ratings [45]

expands probabilistic SCOPF to the planning level, jointly optimizing infrastructure upgrades and

operational constraints to manage congestion under high renewable integration.

However, these solutions require complete and accurate network topology data, impedance parameters,

and real-time unit-commitment information that are rarely accessible to market participants or external

researchers. Because our setting is explicitly data-limited, and relying only on publicly available market

prices, weather forecasts, and reported flows, physics-based methods are not directly applicable, so a

data-driven alternative is needed.

16
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3.2. Econometric approaches
Zonal price differences are widely used as a proxy for interzonal congestion in markets where physical

flow data are unavailable or coarse [35]. Statistical and econometric methods exploit correlations

between these price spreads and observable variables such as renewable generation, demand, and

calendar effects [46, 47].

For the Italian market specifically, a multivariate regression was used in [46] to quantify how wind and

solar generation influence zonal prices in Italy over 2015-2019. Their results confirm the merit order

effect: more renewables tend to reduce average prices, though with heterogeneous effects across zones.

Similarly, [47] directly models interzonal congestion states, defined by price differentials between zones,

as a function of renewable generation, local demand, and calendar variables. They find that increased

renewable generation tends to lower congestion probability for importing zones but can raise it for

exporting ones, reflecting direction-dependent market responses. More advanced econometric models

extend this line of work by addressing volatility and uncertainty. [48] employed a heteroscedastic

additive model to jointly forecast zonal prices and demand in Italian zones, capturing both mean and

variance dynamics for one-day ahead forecasting

In the Nordic market, traditional time series models such as ARIMA and VAR have been widely used

to estimate congestion probabilities from demand and production indicators [34], demonstrating that

market-level factors can signal interzonal bottlenecks without detailed grid data. Electricity price

forecasting more broadly has been approached with ARIMA, GARCH, and factor models [49, 48].

Simple approaches such as exponential smoothing remain effective baselines for short-term forecasting

[50, 51, 52].

Recent comparative studies bridge econometric and machine learning methods. For example, [53]

compare statistical models (SARIMA, VAR) with deep neural networks (LSTM, CNN-LSTM) for day-

ahead price forecasting in Germany, showing that neural models often outperform classical methods at

shorter horizons, especially when external regressors such as weather and fuel variables are included.

Likewise, [54] propose an interpretable hybrid framework combining seasonal trend decomposition,

Gated recurrent unit, Light gradient boosting machine, and Shapley additive explanations to explain

factor contributions, achieving improvements in volatility and extreme price event forecasting in the

United States and Australia.

These econometric approaches are interpretable and feasible under limited observability, but they are

designed around price outcomes rather than physical flows, rely on mostly linear temporal structures,

and do not capture spatial correlations between zones. Our work builds on the insight that price signals

contain congestion information, but targets physical flows directly and uses a spatially-aware model.

3.3. Machine and Deep Learning methods
3.3.1. Hybrid and Deep Learning Architectures
With the increasing availability of high-frequency market and weather data, data-driven and deep

learning methods have become key tools for forecasting tasks in energy systems. Hybrid architectures

combining convolutional and recurrent components have been particularly successful in modeling

the spatio-temporal complexity of these systems. Convolutional Neural Networks (CNNs) extract

spatial or local correlations such as dependencies among neighboring grid areas or weather features,

while Recurrent Neural Networks (RNNs), particularly Long Short-Term Memory (LSTM) and Gated

Recurrent Unit (GRU) networks, capture temporal dynamics [55, 56].

Even if deep learning has only recently been applied to congestion forecasting, early attempts such as

[57] already explored neural network models for real-time congestion management in zonal markets.

These studies used historical demand and generation data to approximate total transfer capacity between

zones, offering an initial demonstration of data-driven congestion prediction, albeit with limited spatial

modeling capabilities. Later works on cross-border transmission forecasting using Artificial Neural

Networks (ANNs) in Central Western Europe also reported mixed performance [33], underscoring the

challenge of learning accurate congestion patterns from limited or noisy data. The authors stressed

the need for more detailed understanding of the structure and its relation to the underlying market

characteristics in order to obtain accurate forecasts.
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A representative example, although not in congestion, is PVNet [58], which integrates convolutional

and LSTM layers to process Numerical Weather Prediction (NWP) maps for large-scale photovoltaic

power forecasting. The CNN component learns spatial weather patterns, which are then passed to the

LSTM to model their temporal evolution, resulting in improved accuracy for country-level PV output

forecasts. Similarly, CNN–LSTM hybrids have been applied to load and demand forecasting [59, 60],

where convolutional layers extract local feature patterns from historical demand and exogenous inputs

(temperature, holidays), and recurrent layers handle longer-term dependencies such as daily or weekly

cycles.

Encoder–decoder frameworks, initially developed in natural language processing, have also found

application in time-series forecasting within the energy sector [61, 56]. In these architectures, the

encoder (often an LSTM or GRU) summarizes past information into a latent representation, while the

decoder generates future predictions, sometimes conditioned on exogenous variables. When combined

with CNN or attention mechanisms, such architectures can effectively model multi-step forecasts and

complex spatio-temporal correlations [62].

Similarly, the Temporal Fusion Transformer (TFT) [63] combines recurrent encoders, attention layers,

and gating mechanisms to capture long-term dependencies while maintaining interpretability. The

model explicitly learns which features (such as demand, renewable generation, or interzonal capacity)

are most influential at different forecast horizons, making it well-suited to congestion prediction tasks

where feature relevance varies dynamically with system conditions.

While these architectures achieve strong performance for demand or RES generation forecasting, they

do not explicitly represent the spatial structure of the transmission network. It is a key limitation when

the forecasting target is an interzonal flow that couples multiple zones simultaneously.

3.3.2. Spatio-temporal Graph Neural Networks
Graph Neural Networks for Power Systems
Graph Neural Networks (GNNs) are a natural modeling choice for power system tasks with inherent

spatial structure: instead of treating each measurement or zone as independent, they represent the

system as a graph where nodes denote substations, regions, or generation sites, and edges capture

physical, geographical, or logical linkages [64, 65, 66]. Through iterative message passing, each node

aggregates information from its neighbors, thereby capturing spatial interdependencies that standard

time-series models ignore.

In power system applications, hybrid architectures combining graph convolutions with temporal models

further extend this representational capability. Line-graph convolutions coupled with LSTMs have

been used for probabilistic transmission line rating forecasts [67], while PowerGNN [68] integrates

a GraphSAGE encoder with GRU modules to predict grid operating states under high renewable

penetration, jointly exploiting topology and temporal consistency. At a broader scale, [69] demonstrated

graph-based representations supporting multiple simultaneous tasks (consumption, generation, and

asset condition forecasting) in heterogeneous energy networks, with probabilistic voltage outputs that

can be used to estimate violation likelihoods directly related to congestion risk.

GNN-based approaches have also demonstrated accurate AC power flow prediction by learning flow

distributions directly from grid topology [70, 71], showing that spatial structure alone is sufficient to

recover system states with high fidelity without solving the full optimal power flow problem. However,

these methods operate as static snapshot predictors: given complete nodal injections and topology, they

estimate the resulting flows. This assumes full network observability and does not address temporal

forecasting or the data-limited regime where topology and injection data are unavailable. Our work

targets precisely this gap: rather than emulating a power flow solver, we forecast interzonal flows from

publicly observable market prices and weather signals, using an edge-level spatio-temporal GNN that

operates without access to network parameters.

Spatio-Temporal GNNs for Energy Forecasting
A major strand of recent research focuses on the fusion of heterogeneous spatio-temporal data sources,

particularly Numerical Weather Prediction (NWP) outputs, satellite imagery, and historical generation

or demand data, to improve forecast accuracy at longer horizons where single-source models struggle
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[72, 73]. Because renewable generation and electricity demand are inherently spatio-temporal processes

driven by weather dynamics, their accurate forecasting requires models that integrate both spatial

correlations and temporal dependencies across multiple data sources.

Photovoltaic power forecasting illustrates the benefits of this fusion clearly. [74] showed that NWP

information becomes increasingly valuable beyond 12-hour horizons, while locally observed or satellite-

based features dominate short-term forecasts, hybrid models fusing NWP, satellite imagery, and

historical PV generation further improve robustness under variable irradiance conditions [75]. Spatial

correlation is equally important: wind generation exhibits dependencies over distances of several

hundred kilometers [76], meaning that spatially correlated generation surges or deficits (precisely

the situations that trigger congestion) can be captured by models that explicitly represent geographic

structure. To address this, [77] proposed treating geographically distributed PV plants as nodes in

a graph and learning to propagate information across them through graph convolutions coupled

with LSTMs or Transformers, capturing both spatial interdependencies and temporal evolution. For

data-limited settings, compressive spatio-temporal models [78] leverage spatial correlations across

weather stations to maintain predictive accuracy even when observations are incomplete, which is a

relevant consideration for Italy’s unevenly distributed renewable production. More recently, diffusion-

based GNN architectures such as GraphDiffusion [79] and SAGDFN [80] integrate GNN encoders with

diffusion processes to jointly model spatial correlations and temporal uncertainty, offering promising

directions for probabilistic forecasting where both the likelihood and intensity of events must be

estimated. A systematic review by [81] confirms that spatio-temporal GNNs have driven substantial

improvements across domains including renewable energy, traffic, and meteorology, highlighting the

potential of these models for grid congestion forecasting.

These methods establish that graph-based spatio-temporal fusion yields clear accuracy gains for

generation and demand forecasting. Yet their application to interzonal congestion forecasting remains

largely unexplored. Existing studies target physical quantities like nodal voltages, line loadings,

generation output, rather than market congestion signals driven by the interplay of prices, flows, and

zonal capacities. The fusion of market-level variables with spatio-temporal weather data is rare, and

edge-level prediction (forecasting the flow on a specific interconnection rather than a nodal quantity)

receives little attention. Our work addresses these gaps by building an edge-level spatio-temporal GNN

that combines market and weather inputs to forecast physical interzonal flows in Italy’s multi-zone

system without requiring access to network topology or injection data.

3.3.3. Edge-level Prediction
While most GNN research focuses on node-level tasks, several recent works address learning and

prediction directly on edges. This is particularly relevant in domains where the quantities of interest are

associated with relationships between nodes rather than the nodes themselves. Link prediction and

edge regression have been explored in traffic networks where edge flows correspond to road segment

volumes and in knowledge graphs. In power systems, edge-level tasks include line flow estimation and

congestion state classification, but these are typically solved as post-hoc analysis problems with full

network observability rather than as forecasting problems from market data. This mismatch has begun

to attract dedicated methodological attention, though the field remains emerging.

A foundational challenge for edge-level prediction is directionality. Physical flows on a transmission

interface are signed quantities: the same edge carries different information depending on whether

power flows from north to south or south to north. Continuous Edge Direction [82] addresses this

by assigning a learnable continuous phase parameter to each edge, allowing the effective direction of

information propagation to adapt during training. Through a complex-valued Laplacian representation,

the model separates incoming and outgoing signals, avoiding the feature homogenization that standard

symmetric message passing produces in deeper networks. This is directly relevant to interzonal flow

forecasting, where the sign of the flow determines whether a zone is importing or exporting, and where

symmetric aggregation would wash out that distinction.

Beyond directionality, a second challenge is that standard GNN message passing is designed to produce

node embeddings, and deriving edge predictions from those embeddings is typically a post-hoc

operation (like concatenating the source and destination node representations) rather than a first-class

architectural concern. [83] formalize this gap by studying GNNs for edge-valued signals that depend
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on edge orientation, introducing the notions of orientation equivariance and invariance, and proposing

message-passing schemes that aggregate information from neighboring edges while respecting their

relative orientation. Their work provides a theoretical grounding for why existing node-centric

architectures are not well suited to learning signed flow quantities, and motivates architectures that

maintain and update explicit edge representations throughout the forward pass.

The temporal dimension adds further complexity. [84] study Temporal Edge Regression in dynamic

graphs, benchmarking heuristic methods, static GNNs (GraphSAGE, GAT), and temporal graph models

(TGN) on continuously evolving edge values. Their main finding is that existing architectures perform

similarly and that none is specifically optimized for edge regression, leaving the task as an open design

problem.

Taken together, these works identify three properties that an architecture for interzonal flow forecasting

must satisfy: explicit and updatable edge representations, orientation awareness for signed flows, and a

temporal model capable of multi-step ahead inductive prediction. Our encoder-decoder architecture

addresses all three: the LSTM encoder produces directed edge embeddings initialized separately for

each flow direction, the explicit edge update propagates and refines edge representations through graph

message passing, and the decoder produces a full forecast horizon conditioned on future exogenous

inputs. To our knowledge, no prior work combines these properties for edge-level regression from

market-observable data in a power system graph.

3.4. Congestion forecasting in zonal markets
Research on transmission congestion forecasting and zonal electricity market dynamics has been

pursued across several power systems worldwide, though with varying focus, data availability, and

methodological depth. Most early studies emerged in nodal markets such as the Nordic and U.S.

systems, where congestion pricing and locational marginal pricing (LMP) provide direct visibility into

grid bottlenecks. In contrast, studies focusing on Italy’s zonal market, while increasing in recent years,

remain relatively limited in number and often rely on traditional econometric or machine learning

techniques.

In the Nord Pool market, one of the earliest contributions is [34], which developed statistical models to

forecast transmission congestion probabilities between bidding zones. Their approach used demand

and production indicators to estimate congestion occurrence, illustrating how market-level factors could

signal bottlenecks in interzonal transmission.

In the United States, various studies have addressed congestion forecasting from market perspective. For

example, [85] proposed a machine learning ensemble framework for grid congestion price forecasting.

Their model combines gradient boosting, random forests, and neural networks to produce day-ahead

price forecasts that more closely match real-time market outcomes than the official market predictions. By

incorporating weather variables, load fluctuations, and historical nodal prices, their ensemble approach

captures both the temporal and spatial variability underlying congestion-driven price differences.

Similarly, [86] analyzed locational marginal prices across U.S. power markets to quantify the economic

value of transmission and identify its key drivers. Since LMPs represent the marginal cost of serving an

incremental unit of demand at a given node, including components for energy, losses, and congestion,

the study decomposed these elements to understand how transmission constraints shape regional price

disparities. Together, these works demonstrate how data-driven approaches can anticipate congestion

and quantify its economic implications within nodal electricity markets.

In China, studies have explored probabilistic congestion warning systems under rapidly evolving

renewable integration. For instance, [87] proposed a data-driven early warning method for grid

congestion probability based on multi-timescale features. Although promising, this work lacks detailed

data disclosure and focuses mainly on high-level correlation patterns rather than precise spatio-temporal

modeling.

Turning to Italy, research on congestion forecasting and zonal market dynamics is more limited,

despite the Italian grid’s unique structure of seven interconnected bidding zones and substantial

international transmission constraints. Early work such as [88] introduced a neural network approach to

estimate Transmission Transfer Capability (TTC) between zones, aiming to support real-time congestion
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management and reduce redispatching costs. Later, [89] applied neural networks and support vector

regression (SVR) to forecast Italian day-ahead electricity prices, incorporating zonal prices, projected RES

generation, and demand forecasts as explanatory variables. While not explicitly focused on congestion,

their model implicitly captured zonal imbalances driven by renewable fluctuations.

More recent work, such as [35], conducted an empirical analysis of interzonal congestion in the Italian

electricity market using a multinomial logistic regression framework. Their study quantitatively linked

zonal renewable generation, demand, and transmission capacities to congestion probabilities between

zone pairs, providing one of the first systematic congestion modeling efforts for the Italian market.

In addition, research on demand and renewable forecasting in Italy, such as [90], developed and tested

a LSTM model capable of predicting national hourly electricity demand with a Root Mean Squared

Error (RMSE) consistently below 2%. The model demonstrated strong alignment with official Terna

data, accurately reproducing both seasonal patterns and daily peaks over short- and medium-term

horizons. Although primarily designed for load forecasting, the study also examined how the model

handled anomalies and extreme events such as sudden load drops or spikes associated with renewable

fluctuations, showing reasonable resilience but without explicitly modeling network congestion. Hence,

while informative for system-level demand prediction, the approach remains limited in its ability to

infer spatial congestion propagation.

Overall, while there is a growing body of work addressing market forecasting in Italy, significant

research gaps remain. Most existing models rely on traditional machine learning rather than modern

deep learning or graph-based architectures capable of representing the spatial interdependence among

zones. Furthermore, rare events such as congestion spikes and their relationships with market prices

remain underexplored. Addressing these challenges is particularly relevant given the Italian system’s

structure, characterized by high renewable penetration, zonal transmission bottlenecks, and evolving

market coupling mechanisms.

Importantly, Italy provides a valuable proxy for broader European congestion forecasting. Its zonal

configuration matches the multi-country structure of the European electricity market, where cross-

border exchanges play a role analogous to interzonal flows. As part of the Supernova project, the Italian

case thus offers a scalable framework for extending congestion forecasting methodologies to the entire

European context, with each country treated as a zone. Studying Italy in detail therefore represents not

only a step toward improving national market efficiency but also a pathway to developing data-driven

tools for congestion prediction in the EU.

3.5. Conclusion
Taken together, the literature surveyed across five methodological families leaves a clearly defined open

problem. Physics-based methods [42, 43] achieve high physical fidelity but depend on confidential

bus, load, and generator data that are inaccessible to market participants. Econometric and statistical

approaches [34, 35] are feasible under limited observability, but model hours and zone pairs in isolation,

rely on largely linear structures, and target price proxies rather than physical flows. Deep learning and

hybrid architectures [63, 53] improve on temporal expressiveness yet still treat the problem as a collection

of independent time series, ignoring the spatial interdependence imposed by the transmission network.

Spatio-temporal GNN methods [41, 40] successfully incorporate topology but focus on node-level

quantities (generation, load, voltage) and are typically evaluated with full network observability on

the TSO side. Finally, the emerging literature on edge-level prediction [84, 83] establishes that existing

architectures are not specifically designed for direct regression of signed, directed edge quantities, and

leaves the multi-step inductive setting as an open design problem.

No existing work simultaneously satisfies all three requirements that physically grounded interzonal

flow forecasting imposes: (i) a spatially aware model that respects the topology of the zonal network,

(ii) edge-level outputs that treat directed flows as first-class regression targets rather than post-hoc

combinations of node embeddings, and (iii) exclusive reliance on publicly observable market and

weather inputs, making the approach actionable for market participants operating without access to

proprietary TSO data.
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Figure 4.1: Overall problem formulation.

Blue nodes on the graph are the Italian zones and red nodes are neighboring countries. Base map generated with Copilot.

4.1. Problem formulation
The initial goal of this project was to predict interzonal congestion as a price difference. However,

after careful consideration and preliminary experiments, the objective was reframed as interzonal flow

forecasting. Price time series exhibit high noise levels that hindered model performance, whereas

physical flows are governed by more stable underlying dynamics. Once flows are predicted, they can be

compared against the day-ahead interzonal capacities published by Terna to yield a congestion ratio

signal.

Formally, let f𝑡
𝑖 𝑗
∈ R denote the net observed flow on interconnection (𝑖 , 𝑗) at time 𝑡, and let 𝐶𝑡

𝑖 𝑗
be the

corresponding day-ahead published capacity. We define the congestion indicator as:

𝑟𝑡𝑖 𝑗 =
𝑓 𝑡
𝑖 𝑗

𝐶𝑡
𝑖 𝑗

(4.1)

Our objective is to forecast 𝑓 𝑡+ℎ
𝑖𝑗

for forecast horizon ℎ, using historical observations of flows, weather,

and market prices as inputs. The model does not replicate market participants’ forecasts, it rather learns

from their implicit output (day-ahead and intraday prices) alongside weather observations to detect

situations where market forecasts under or overestimate realized congestion.
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Figure 4.2: Diagram of the model architecture.

4.2. Model Architecture
The proposed model follows an encoder-decoder architecture built on a spatio-temporal graph neural

network. An overview is provided in Figure 4.2. The intuition is straightforward: we first summarize

each node’s and edge’s recent history into a compact context vector, then let the graph propagate

information across connected zones so that, for example, a wind surge in the north can inform the

expected flow on a southern interconnection. Finally, a decoder processes available future information

(weather forecasts, day-ahead prices) before a lightweight output head produces the flow forecast.

Concretely, the model is composed of four stages:

1. a dual LSTM encoder that compresses historical node and edge sequences into fixed-size context

vectors,

2. a Transformer-based graph message-passing module that propagates spatial context across the

network,

3. a dual LSTM decoder, initialized from the GNN-updated representations, that processes the

weather and prices forecasts,

4. and an MLP output head that maps the fused representation to a scalar flow forecast.

4.2.1. Encoder
The encoder’s role is to summarize each node’s and each edge’s recent history into a single fixed-size

vector that captures the most relevant temporal patterns. An LSTM is a natural choice here because it is

well-suited to variable-length sequences with long-range dependencies, such as the 24-hour look-back

window used in this work.

Each node and edge sequence is passed independently through its respective LSTM. The final hidden

state (the vector the LSTM produces after seeing the entire input sequence) serves as the context vector

for that entity:

henc

𝑣 , cenc

𝑣 = LSTMnode(X𝑣) (4.2)

henc

𝑒 , cenc

𝑒 = LSTMedge(X𝑒) (4.3)

where X𝑣 ∈ R𝑇enc×𝐹𝑣
and X𝑒 ∈ R𝑇enc×𝐹𝑒

are the historical node and edge feature sequences, 𝑇enc is the

look-back window length (24 hours in this work), 𝐹𝑣 and 𝐹𝑒 are the number of input features per time

step for nodes and edges respectively, and henc

𝑣 , henc

𝑒 ∈ R𝐻 are the resulting context vectors of hidden

dimension 𝐻.

The graph contains two levels of granularity: Italian bidding zones and neighboring country nodes.

Because these two entity types can have different feature sets and operate at different spatial scales,
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separate LSTM encoders are used for each. This specialization allows each encoder to focus on the

dynamics most relevant to its resolution:

LSTMnode(·) =
{

LSTMcountry if country node

LSTMzone otherwise

(4.4)

Edge features such as net flow are inherently directional: a positive flow from zone 𝐴 to zone 𝐵
is physically a negative flow from 𝐵 to 𝐴. To obtain a fully undirected graph representation while

preserving this directionality information, both directions of each edge are encoded. The reverse

direction is represented by simply negating the input features, so that the encoder sees a physically

consistent antisymmetric signal:

hfwd

𝑒 = LSTMedge(X𝑒), hbwd

𝑒 = LSTMedge(−X𝑒). (4.5)

This produces a full undirected edge attribute tensor A = [hfwd ∥hbwd] ∈ R2𝐸×𝐻
that is passed to the

graph message-passing module, with 𝐻 the hidden dimension and 𝐸 the number of edges.

4.2.2. Graph Neural Network
After encoding, each node holds a summary of its own recent history, but nodes are not yet aware of

what is happening at neighboring zones. The graph message-passing module presented in Eq. 2.2

addresses this by allowing each node to attend to its neighbors and update its representation across 𝐿
successive layers.

Specifically, 𝐿 layers of Transformer-based graph convolution are applied, where edge embeddings

modulate the attention weights between connected nodes. The mechanism implemented is an extension

of the original additive attention described in 2.3.2, but instead using dot-product attention.

The following three paragraphs go into the details of the GNN implementation.

Pre-LayerNorm Residual Updates
A critical design choice concerns how the GNN update is combined with the LSTM-encoded representa-

tion. The standard approach applies layer normalization after adding the update to the current state.

We denote by h(𝑙)
the node representation at layer 𝑙, with h(0) = henc

initialized from the encoder output.

Standard post-LayerNorm residual connections take the form:

h(𝑙+1) = LN

(
h(𝑙) + Update(h(𝑙))

)
(4.6)

However, because normalization is applied outside the addition, it rescales the entire representation

after every layer. During development, we monitored the update significance ratio at each layer, defined

as:

𝜌(𝑙) =
∥h(𝑙+1) − h(𝑙)∥2

∥h(𝑙)∥2

(4.7)

In practice, this ratio, which is the ratio of the update magnitude to the current state magnitude, reached

values around 500% in early layers under this scheme, meaning the GNN was effectively discarding the

LSTM-encoded history entirely and rewriting it from scratch. This is undesirable: the LSTM context is

the primary source of temporal information and should not be overwritten.

To preserve the representational fidelity of the encoder, Pre-LayerNorm is adopted instead. Here, the

normalization is applied to the input before computing the update, and the result is added back to the

original, unmodified state. Formally, the node update at layer 𝑙 is:

h(𝑙+1) = h(𝑙) + 𝑔𝑛 · Update

(
LN(h(𝑙))

)
, (4.8)

where LN denotes layer normalization. The raw LSTM state flows unchanged through the residual

path, so the GNN receives only a normalized view of h(𝑙)
when computing messages, but its output is

added back to the unmodified state.
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Learnable Residual Gates
Even with Pre-LayerNorm, it is important to control how strongly the GNN is allowed to modify the

encoded representations, particularly in early training when the graph convolution weights are not yet

meaningful. To achieve this, two scalar learnable gates are introduced, one for nodes and one for edges,

that scale the GNN update before it is added to the residual. Each gate is the sigmoid of a learned scalar

parameter, so it is bounded between zero and one:

𝑔𝑛 = 𝜎(𝛾𝑛), 𝑔𝑒 = 𝜎(𝛾𝑒), 𝛾𝑛 , 𝛾𝑒 ∈ R. (4.9)

Both parameters are initialized to small negative values (𝛾 = −0.5, corresponding to 𝜎 ≈ 0.38), ensuring

that early in training the GNN updates are small perturbations of the LSTM representations. As training

progresses, the gates can open up to allow stronger spatial mixing. The update significance ratio 𝜌(𝑙)

(Eq. 4.7) was monitored throughout training to verify that the gates converged to stable values rather

than saturating towards zero or one.

Edge Updates
Standard message-passing layers treat edge attributes as static conditioning variables that influence node

updates but are never themselves updated. Since the prediction target lies on edges, it is beneficial to

also update edge representations after each node update step, so that edge embeddings can incorporate

information about the current state of both endpoints.

Concretely, after each convolution layer, the edge embedding for the directed pair (𝑖 → 𝑗) is updated by

concatenating the updated source and destination node embeddings with a normalized version of the

current edge embedding, and passing the result through a linear layer. The residual connection and

gate ensure that the update is a controlled perturbation rather than a complete rewrite:

e(𝑙+1)
𝑖 𝑗

= e(𝑙)
𝑖 𝑗

+ 𝑔𝑒 · Linear

( [
h(𝑙+1)
𝑖




h(𝑙+1)
𝑗




LN

(
e(𝑙)
𝑖 𝑗

)] )
, (4.10)

where [ · ∥ · ] denotes concatenation. Because the undirected edge index contains both 𝑢 → 𝑣 and 𝑣 → 𝑢,

concatenating source, destination, and edge embeddings preserves directionality: the model can learn

that the congestion ratio approaching saturation when flow runs from zone 𝐴 to zone 𝐵 may differ from

the ratio when flow runs from 𝐵 to 𝐴, since Terna publishes distinct capacity limits for each direction.

4.2.3. Decoder
After message passing, each node and edge holds a GNN-updated context that fuses both its own

temporal history and the spatial context from neighboring zones. The decoder’s role is to incorporate

future exogenous information, weather forecasts and day-ahead prices, into this context before making

a prediction.

The decoder LSTMs are initialized with GNN-updated representations, so that each decoder step

benefits from the full graph context gathered during message passing. As in the encoder, separate

decoder LSTMs are used for country and Italian zone entities.

For edges, the forward and backward GNN-updated embeddings need to be combined into a single

initialization vector. Max pooling is used rather than averaging, as it better preserves strong activations

from either direction and is more robust to asymmetric congestion signals:

einit

𝑖 𝑗 = max

(
e(fwd)
𝑖 𝑗

, e(bwd)
𝑖 𝑗

)
∈ R𝐻 . (4.11)

The decoder then unrolls over the forecast horizon 𝑇dec, processing the future exogenous features at

each step:

D𝑒 = LSTMdec

(
Xfut

𝑒 , einit

𝑖 𝑗

)
∈ R𝑇dec

×𝐻 , (4.12)

where Xfut

𝑒 contains future exogenous edge features (weather forecasts and interzonal price differences

from the day-ahead market). An analogous initialization is used for node decoders using the GNN-

updated node embedding hgnn

𝑣 as the initial hidden state, with a zero cell state.

If no future features are available (𝑇dec = 0), the model bypasses the decoder and the GNN-updated

context is passed directly to the output head, collapsing the architecture to a direct multi-step output

MLP.
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4.2.4. Output Head
The output head produces a scalar flow forecast for each edge and each decoder time step. To do so, it

fuses three sources of information: the encoder embeddings for the source node, the destination node,

and the edge itself. These are combined with the corresponding decoder outputs, which carry the

future exogenous signal. Bringing together both the historical spatial context and the future exogenous

signal at the very last stage ensures that neither source is discarded.

Formally, for edge (𝑖 , 𝑗) at decoder step 𝑡, the input representation concatenates the encoder context for

both endpoints and the edge, together with the decoder outputs for the same entities:

r𝑡𝑖 𝑗 =
[
henc

𝑖




henc

𝑗




 eenc

𝑖 𝑗




d𝑡𝑖



d𝑡𝑗




D𝑡
𝑖 𝑗

]
∈ R6𝐻 . (4.13)

This six-component vector is passed through a two-layer MLP to produce the scalar forecast:

𝑓 𝑡+ℎ𝑖𝑗 = MLP(r𝑡𝑖 𝑗). (4.14)

4.2.5. Training
The model is trained to minimize the difference between predicted and observed flows. Mean Absolute

Error (MAE) is used rather than Mean Squared Error because it provides more robust gradients for the

spike-like congestion events that are of most practical interest, without disproportionately penalizing

large errors.

Because flows are scaled globally (a single scaling factor shared across all edges), the relative magnitudes

between edges are preserved. This is physically meaningful : a high-capacity interconnection naturally

produces larger absolute errors than a low-capacity one. But it also means the loss is dominated by the

busiest edges. To compensate, each edge is assigned an inverse-frequency weight that down-weights

high-flow edges and gives more attention to lower-flow interconnections. Specifically, the weight for

edge (𝑖 , 𝑗) is inversely proportional to the square root of its mean absolute flow 𝑓𝑖 𝑗 over the training

period:

𝑤𝑖 𝑗 =
1√
𝑓𝑖 𝑗 + 𝜀

, (4.15)

where 𝜀 is a small constant for numerical stability. The weights are normalized to have unit mean across

all edges to avoid changing the overall loss scale. The weighted training objective is then:

ℒ =
1

|ℰ|𝑇dec

∑
(𝑖 , 𝑗)∈ℰ

𝑇
dec∑
𝑡=1

𝑤𝑖 𝑗 ·
��� 𝑓 𝑡𝑖 𝑗 − 𝑓 𝑡𝑖 𝑗

��� . (4.16)

with ℰ being the edge set.

Training uses the Adam optimizer with a cosine annealing learning rate schedule. A best-snapshot

early stopping strategy is employed: model weights are saved whenever training loss improves by more

than 𝛿min, and the best snapshot is restored at the end of training. This provides implicit regularization

without requiring a dedicated validation set.

4.2.6. Model Scalability
While the current framework is evaluated on the Italian grid, the long-term objective is to scale the

approach to a European setting. We discuss scalability along two dimensions: training and inference.

Training scalability. The computational cost of the Transformer graph convolution scales as 𝒪(|ℰ| ·𝐻2)
per layer per time step, where |ℰ| is the number of edges and 𝐻 is the hidden dimension. The Italian

grid contains a moderate number of interzonal interconnections so scaling to Europe would increase

|ℰ| by roughly one order of magnitude. Because each graph snapshot is processed independently (no

cross-time graph dependency), the architecture is trivially parallelizable across time windows and

naturally supports mini-batch training via PyTorch Geometric’s DataLoader.

The dual-LSTM design (separate encoders for countries and zone level entities) also scales gracefully:

adding new countries requires only that their nodes be assigned to the appropriate granularity level,

with no architectural change.
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Inference scalability. For real-time intraday use, inference on a single graph snapshot involves one

forward pass through the encoder LSTMs, 𝐿 GNN layers, and the decoder LSTMs. The overall inference

latency scales linearly with the number of nodes and edges, and is dominated by the LSTM encoding

steps rather than the graph convolution. In practice, this makes the model suitable for deployment at

the intraday gate closure horizon (typically 15–60 minutes before delivery), provided that input features

(weather forecasts, day-ahead prices) are available at that horizon.

Graph construction for Europe. Extending the graph to Europe requires defining provinces for each

country and interzonal edges corresponding to cross-border interconnections as published by ENTSO-E.

The hierarchical super-node mechanism already present in the architecture would accommodate

multi-country zone aggregation with no modification to the message-passing logic.

4.2.7. Model Limitations
Absence of a validation set. Due to the limited size of the available dataset, no dedicated validation

set was held out. Indeed, data spans from November 2021 to December 2025 (the Calabria zone was

only introduced in 2021). Around 3 years are used for training and 1 year for testing. We considered

that using one year for validation would really hinder the model performance, as keeping only 2

years of training data would be really low. The best-snapshot early stopping strategy provides implicit

regularization, but it cannot detect overfitting to the training distribution. Expanding the dataset to

cover multiple years would allow proper train/validation/test splits.



5
Experiments

This chapter evaluates the proposed architecture. Section 5.1 describes the shared experimental setup.

Experiments 5.2–5.3 validate that the model does what it claims. Experiment 5.5 investigate where

the model struggles. Experiment 5.4 describes the interesting effect of adding future features on

congestion detection. Additional experiments and analysis are in Appendix A : how performance

degrades with horizon in section A.1, which components in the architecture matter in section A.2 and

A.3, and discussion on practical applicability in section A.4.

5.1. Experimental Setup
5.1.1. Dataset
The dataset covers the Italian transmission network from November 2021 to December 2025, yielding

approximately four years of hourly observations. Data from 2021–2024 are used for training and 2025

for testing, giving a clean temporal split with no look-ahead leakage.

Four data sources are combined:

• Terna: physical and scheduled hourly interzonal flows for Italy’s seven bidding zones (NORD,

CNOR, CSUD, SUD, CALA, SICI, SARD).

• ENTSO-E Transparency Platform: hourly day-ahead prices, day-ahead interzonal capacities,

and cross-border flows for neighboring countries (France, Switzerland, Austria, Slovenia, Greece,

Montenegro, Malta).

• GME: hourly prices for the intraday auction market (MI), and the continuous trading session

(MI-XBID) in Italy.

• Era5: hourly weather reanalysis (temperature, solar irradiance, wind speed, surface pressure,

precipitation, cloud cover) at the province level, aggregated to the bidding-zone level (see

Section 5.1.2).

Missing data. Hours with missing interzonal flow values were dropped. Montenegro and Malta are

missing several years of price data, therefore results on the corresponding border connections should be

interpreted with caution, as the model received a price signal for only a fraction of the training period.

Known data quality issue. A non-trivial discrepancy was discovered in the 2025 Terna dataset: flows

are reported at 15-minute resolution and labeled as power (MW), but the values are in fact energy (MWh

per quarter-hour). Treating them as power values therefore yields flows that are a factor of four too

low. The issue was identified by comparing the magnitude of the 2025 test set against the 2021-2024

training set. The correction applied was to sum the four quarter-hourly energy values within each hour

to obtain the hourly energy in MWh, then divide by one hour to recover the mean power in MW, rather

than averaging as one would do for true power readings. This correction was critical for producing

consistent training and test distributions.

28
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Figure 5.1: Italian provinces (in reddish, proportionate to the irradiance around noon) used to aggregate the weather data per

zone, and the corresponding grid coordinates from Era5 (in blue).

Data availability. The Calabria (CALA) bidding zone was only introduced as a separate zone in 2021,

meaning it has limited historical coverage relative to the other zones. Experiments are therefore based

on a training period starting in 2021, even though data for previous years is available for other zones.

Scaling. All features are scaled using RobustScaler, which removes the median and divides by the

interquartile range rather than the mean and standard deviation used by StandardScaler. This choice

is motivated by the presence of outliers in both flow and price series (for instance, price spikes during

the 2022 energy crisis), which would disproportionately inflate the standard deviation and compress

the bulk of the distribution into a narrow range.

Flows are scaled globally across all edges using a single scale factor, rather than independently per edge.

This is a deliberate design choice: preserving relative magnitudes between edges allows the model to

learn that a 50 MW error on the NORD–France connection is physically very different from a 50 MW

error on the Sicily–Malta cable. For context, flows between NORD and France routinely reach several

thousand MW, whereas the Sicily–Malta interconnector operates in the range of tens of MW. Scaling per

edge would map both to the unit interval and erase this physically meaningful contrast.

5.1.2. Weather Data
Weather observations were collected from ERA5 [91] as GRIB files covering the full study period. ERA5

provides a regular spatial grid of reanalysis data. From this grid, the points closest to each Italian

province were extracted (see Fig 5.1). The provinces were chosen as spatial representatives because

Terna regularly publishes electricity capacity and production statistics at the province level [92], making

them a natural unit for associating weather conditions with local generation. A similar extraction was

applied for the neighboring countries, using grid points near major cities as proxies.

The weather variables selected are those most commonly used in the energy forecasting literature [78]:

temperature, wind speed, surface pressure, solar irradiance, cloud cover, and precipitation. Some

ERA5 variables are provided as accumulated quantities (like solar irradiance in J.m
−2

), and these were

converted to instantaneous power fluxes (W.m
−2

) by differencing consecutive accumulation values and

dividing by the timestep.

Province-level observations were then averaged across all provinces belonging to a given Italian bidding

zone to obtain a single value per zone, hour, and weather feature. Other spatial aggregation schemes

were considered (like capacity-weighted averages), but as noted in [93], no single transformation

consistently outperforms the others across forecasting tasks. Given this lack of consensus, simple

averaging was adopted as the simplest baseline.
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Important caveat. The model uses ERA5 reanalysis (past observations) rather than numerical weather

predictions (NWP). In a live deployment, weather forecasts for the delivery period would need to be

fetched from an NWP API. The results reported here therefore represent an upper bound on what is

achievable with real forecast inputs, since reanalysis values are free of the forecast errors that a deployed

system would face.

5.1.3. Model Configuration
The model was optimized running Optuna for 50 trials using the hyperparameters listed in Table 5.1.

Hyperparameter Value
Encoder look-back window 24 h

Forecast horizon 6 h

Hidden dimension [32, 512]

Number of GNN layers [1, 6]

Attention heads {2, 4, 8, 10}

Dropout [0.0, 0.5]

Learning rate [10
−5 , 10

−3] (log scale)

Batch size {64, 128, 256}

Epochs 150

LR schedule Cosine annealing

Table 5.1: Default model hyperparameters ranges used in all experiments unless stated otherwise.

5.1.4. Evaluation Metrics
Three complementary metrics are reported throughout this chapter.

Mean Absolute Error (MAE). The average absolute deviation between predicted and observed flows.

Normalized MAE (NMAE) is introduced, expressed as a ratio of the edge MAE and the edge average

flow over the training set, so that errors are observable compared to the edge usual flow. NMAE is the

primary optimization target and the most directly interpretable metric for market participant.

Directional Accuracy (DA). The fraction of time steps where the predicted sign of the flow matches the

observed sign: DA = 100 · E[1(sign( 𝑓 ) = sign( 𝑓 ))]. A wrong sign prediction is a qualitatively different

error for congestion monitoring: it implies that the model believes flow is running in the opposite

direction, which would invert the congestion ratio.

Congestion F1 (CF1). Binary F1 score for the task of detecting congestion events, defined as

𝑟𝑡
𝑖 𝑗
=

𝑓 𝑡
𝑖 𝑗

𝐶t

𝑖 𝑗

> 0.9. This metric directly measures performance on the downstream task of interest and is

reported alongside precision and recall to expose any precision–recall trade-off.

5.1.5. Baseline models
Several baselines of diverse sophistication are evaluated, ranging from naive statistical predictors to ML

models and a domain-specific model. Together they provide a solid benchmark against which each

marginal complexity increase in the proposed model can be assessed.

Short persistence. The forecast at horizon ℎ is the value observed exactly 24 hours earlier: 𝑓 𝑡+ℎ =

𝑓 𝑡+ℎ−24
. This exploits the strong diurnal periodicity of electricity flows and is the cheapest possible

model which sets a lower bound on useful performance.

Long persistence. For each edge, hour-of-day, day-of-week, and month-of-year combination, the

forecast is the mean computed over the training set. This baseline captures the average seasonal and

weekly pattern but has no ability to respond to day-to-day variability driven by weather or market

conditions.
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Scheduled flow (Terna). Every day, Terna publishes the quarter-hourly interzonal trade program

resulting from the implicit and explicit capacity allocation process, covering all time horizons (yearly,

monthly, day-ahead, intraday) and incorporating Trans-European Replacement Reserves Exchange

(TERRE) values. This schedule
1

represents the market’s best collective forecast of interzonal flows at

the day-ahead stage and is a strong domain-specific baseline: any learned model that cannot beat the

schedule is unlikely to add value in practice.

ARIMA. AutoRegressive Integrated Moving Average model fitted per edge. ARIMA captures linear

temporal dependencies without requiring feature engineering, serving as a classical multivariate

time-series reference.

Linear regression. A simple linear model trained per edge, using the same lagged flow, weather, and

price features as the proposed model. This tests whether the temporal and spatial patterns in the data

are well described by a simple linear relationship, before resorting to non-linear models.

XGBoost∗. A gradient-boosted tree ensemble trained per edge on the same lagged flow, weather, and

price features as the proposed model. XGBoost is a strong non-linear baseline that routinely outperforms

deep learning on tabular data : it serves as the primary benchmark for the non-graph deep learning

components.

Electricity Maps. Electricity Maps
2

is a company providing open carbon intensity and power flow

estimates derived from a fundamental flow-tracing model. Although interzonal flow prediction is not

the primary objective of Electricity Maps, its outputs are publicly available and represent high-quality

flow estimation for a worldwide production environment. Including it contextualizes the proposed

model against a real-world deployed system, although one with a different design goal.

LSTM (flat)∗. A standard LSTM regressor trained independently per edge, using the same input

features (historical flows, weather, prices) as the proposed model but with no graph structure. Any gap

between this baseline and the proposed model is attributable to the GNN’s ability to propagate spatial

context across the network.

GNN∗. A GNN without the encoder-decoder structure presented in Figure 4.2 is trained in order to

assess the importance of the LSTMs temporal processing.

∗
Optimized using Optuna for 50 trials on a NVIDIA GeForce RTX 4090.

5.2. Experiment 1: Does the model produce meaningful flow fore-
casts?

Can the proposed architecture outperform simple baselines on the interzonal flow forecasting task?

Before investigating architectural choices, a basic sanity check is needed: can the model beat the simplest

possible predictors? A model that fails to outperform persistence or Terna’s scheduled flows provides

no practical value, regardless of its complexity.

5.2.1. Results
Table 5.2 reports the three primary metrics averaged across all 16 directional edges and 6 forecast

horizons on the 2025 test set. Detailed standard deviations are reported in Appendix B.1, and discussed

here only when relevant.

5.2.2. Analysis
The proposed model achieves the lowest NMAE (52.1%) and the highest DA (89.8%) and CF1 (60.2%)

among all models, confirming that the architecture produces meaningful forecasts that go beyond what

1https://dati.terna.it/en/transmission#scheduled-internal-exchange
2https://app.electricitymaps.com/map/live/fifteen_minutes?signal=electricity-price

https://dati.terna.it/en/transmission#scheduled-internal-exchange
https://app.electricitymaps.com/map/live/fifteen_minutes?signal=electricity-price
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Model NMAE ↓ DA ↑ CF1 ↑

Short persistence 69.8% 86.1% 56.9%

Long persistence 135.0% 76.5% 16.2%

Scheduled flow
∗

204.6% 86.4 % 37.6 %

ARIMA 61.2% 88.3% 59.5%

LSTM 77.5% 88.3% 51.1%

XGBoost 81.4% 89.1% 51.4%

Linear regression 77.4% 87.6% 46.9%

GNN 76.9% 83.8% 40.0%

Proposed model 52.1% 89.8% 60.2%

Table 5.2: Comparison with baselines on the test set (2025). NMAE is expressed per edge as a percentage of the edge training

mean flow, then averaged across all edges. DA and CF1 are expressed as percentages. Bold: best, underline: second-best.

∗
Scheduled flow NMAE is high because the day-ahead schedule is not designed to minimize MAE but to ensure feasibility so it is

included as an operational reference.

simple heuristics can capture. All models exhibit substantial variability in performance, with standard

deviations often comparable to the mean. Importantly, this variability is consistent across baselines and

does not alter the relative ranking of models: the proposed architecture remains dominant across metrics.

It’s variability is comparable to that of the strongest baselines and does not indicate instability. The

superior average performance therefore reflects consistent gains rather than improvements driven by a

small subset of favorable cases. Detailed mean ± standard deviation results are reported in Appendix B.1

for completeness. The proposed model was trained using 5 different seeds and the variance for these

runs on the NMAE turned out to be insignificant, around 0.4%.

Among the baselines, short persistence is the strongest single competitor on NMAE (69.8%) and CF1

(59.5%, tied with ARIMA), which is expected: electricity flows exhibit strong diurnal regularity, so

copying the value from 24 hours prior is already a non-trivial predictor. Long persistence is substantially

worse across all metrics, indicating that the average seasonal pattern alone, without any response to

day-to-day variability, is insufficient.

The scheduled flow baseline deserves separate interpretation. Its NMAE (295.8%) is high because the

day-ahead schedule is not optimized to minimize absolute flow error, it is a feasibility-constrained

allocation that systematically approaches physical limits. Despite this, it achieves the second-highest DA

(89.1%), confirming that the schedule correctly captures the direction of flow most of the time. Its low

CF1 (12.0%) reflects very low precision: the schedule is deliberately conservative and flags congestion

far more often than it actually occurs (see Experiment 5.3 for a detailed discussion).

Among the supervised baselines, ARIMA achieves the second-lowest NMAE (61.2%) and second-highest

CF1 (59.5%), performing surprisingly well given that it uses only the target series with no exogenous

features. This suggests that the flow time series itself carries a strong autoregressive structure that

simpler models like LSTM and XGBoost, which receive many additional features, fail to exploit as

efficiently on this dataset. The LSTM (77.5%) and bare GNN (76.9%) both underperform short persistence

on NMAE (69.8%), but for opposite reasons: the LSTM processes each edge independently with no

spatial context, while the bare GNN has graph structure but no temporal encoding. Only the proposed

model combines both, and the gap confirms that neither component alone is sufficient.

The proposed model improves upon the best supervised baseline (ARIMA) by approximately 9 pp

in NMAE while also leading on DA and CF1, suggesting that both the richer feature set and the

graph-based spatial propagation contribute beyond pure autoregressive modeling. Per-horizon and

per-edge breakdowns, as well as ablation of individual components, are provided in Experiments A.1

and 5.5.

5.3. Experiment 2: Does the predicted congestion ratio align with
observed congestion events?

Does a low flow-forecasting error translate into correct identification of congestion events?
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Even with a low MAE, a model could systematically under-predict peak flows and thereby miss

congestion events. This experiment evaluates the downstream congestion detection task directly,

treating the predicted congestion ratio 𝑟𝑡
𝑖 𝑗
= 𝑓 𝑡

𝑖 𝑗
/𝐶t

𝑖 𝑗
as a soft score and applying a threshold of 0.9.

5.3.1. Results
Table 5.3 reports Precision, Recall, CF1, and AUROC averaged across all 16 directional edges and 6

forecast horizons. Bold marks the best value per column and underline marks the second best.

Model Precision ↑ Recall ↑ CF1 ↑ AUROC ↑
Short persistence 56.3 57.6 56.9 79.4

Long persistence 42.5 15.4 16.2 65.4

Scheduled flow 30.3 85.4 37.6 75.7

ARIMA 57.7 62.5 59.5 81.3

LSTM 71.1 44.0 51.1 86.9

XGBoost 74.1 43.9 51.4 88.2

Linear regression 59.8 41.3 46.9 82.0

GNN 58.1 36.0 40.0 76.4

Proposed model 73.5 53.7 60.2 89.8

Table 5.3: Congestion detection performance at threshold 𝑟 = 0.9. All scores are expressed as percentages. Bold: best per column,

underline: second best.

Threshold-fixed metrics (Precision, Recall, CF1). The proposed model achieves the highest CF1

(60.2%), combining competitive precision (73.5%, second only to XGBoost at 74.1%) with the best recall

among the high-precision models (53.7%). ARIMA is the strongest baseline on CF1 (59.5%), benefiting

from a more balanced precision–recall trade-off (57.7 / 62.5), while LSTM and XGBoost favor precision

at the expense of recall, resulting in lower CF1 despite higher precision.

The scheduled-flow baseline is a special case: it achieves by far the highest recall (87.3%) but collapses

to very low precision (6.4%) and CF1 (12.0%). This is consistent with the operational logic of the Terna

day-ahead schedule, which is deliberately conservative : capacity is pre-reserved to anticipate potential

congestion, so the scheduled flow systematically approaches or exceeds the threshold even when no

congestion materializes. From a grid-operator perspective this behavior reflects a deliberate design

choice: a false alarm (spurious congestion flag) is far less costly than a missed event that would require

real-time re-dispatch.

Long persistence performs poorly across all metrics (CF1 16.2%, recall 15.4%), while short persistence

shows surprisingly high CF1 (56.9%), confirming that copying the flow from 24 hours prior is a simple

yet effective way to capture the sharp peaks that characterize congestion events.

Threshold-independent discrimination (AUROC). AUROC measures the model’s ability to rank

truly congested hours above non-congested ones, regardless of where the previous 0.9 threshold is

placed. The proposed model achieves the best AUROC (89.8%), followed by XGBoost (88.2%) and

LSTM (86.9%). The gap between AUROC and CF1 rankings is informative: ARIMA ranks second on

CF1 but only fifth on AUROC (81.3%), suggesting that its strong threshold-fixed performance stems

from well-calibrated predictions near 𝑟 = 0.9 rather than globally superior discrimination. Conversely,

XGBoost ranks second on AUROC but only fifth on CF1, indicating that while it separates the two

classes well in ranking terms, its hard predictions at the 0.9 threshold are skewed.

5.3.2. Analysis
Precision–recall trade-off. For a transmission system operator, the asymmetry between error types

is critical: a missed congestion event requires costly real-time re-dispatch or, in the worst case, a

network constraint violation, whereas a false alarm leads only to unnecessary precautionary actions.

This asymmetry motivates preferring higher recall over higher precision. Among the models with

meaningful precision (> 50%), the proposed model achieves the best recall (53.7%), making it the
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most operationally suitable choice at the default threshold of 0.9. If a softer threshold were adopted

(𝑟 = 0.85), the AUROC advantage of the proposed model suggests its recall would increase further while

maintaining competitive precision.

Flow regression vs. direct classification. A natural question is whether the flow-regression approach

is fundamentally limited for congestion detection, and whether training a direct binary classifier (one

that outputs a congestion probability rather than a flow value) would perform better. The argument in

favor of a classifier is intuitive: if the ultimate goal is a binary label (congested / not congested), why

not optimize for that label directly using a cross-entropy loss, rather than hoping that a regression loss

on raw flows incidentally produces good threshold behavior?

There are two reasons why this argument does not hold here.

First, the regression output already provides a well-ordered soft score, and thus captures essentially all

the separability available in the inputs. The proposed model’s AUROC of 89.8% means that, in 89.8%

of all congested/non-congested pairs of hours, the model assigns a higher predicted congestion ratio

𝑟𝑡
𝑖 𝑗

to the truly congested hour. This is precisely the objective of any classifier at the ranking level. A

direct binary classifier could only improve upon this if it were able to re-rank these pairs, that is, learn

a representation that separates the two classes better than the predicted flow does. Given that the

flow predictor is itself a complex non-linear function of the same inputs, such gains are expected to be

marginal.

Importantly, converting this soft score into a binary decision necessarily introduces a threshold, and

thus does not eliminate uncertainty. For instance, if the congestion threshold is set at 𝑟 = 0.9, then a

congested hour with 𝑟 = 0.92 and a non-congested hour with 𝑟 = 0.88 are physically near-identical:

small, unpredictable fluctuations in renewable generation or cross-border scheduling determine which

side of the boundary is crossed. A classifier, lacking access to these fluctuations at gate closure, would

assign similar predicted probabilities to both cases. The uncertainty is therefore intrinsic to the problem

and cannot be removed by changing the modeling approach: it merely appears either as imperfect

ranking (reflected in the AUROC gap for the regression model) or as ambiguity around the classification

threshold.

Second, and perhaps most importantly for operational use, the flow value itself is more transparent and

actionable than a binary flag. A grid operator who receives a predicted flow of 1,850 MW on a line with

a 2,000 MW capacity can immediately gauge how close the system is to the limit, assess the margin for

error, and decide whether precautionary re-dispatch is warranted. A classifier that outputs “congestion

probability: 0.73” conveys less physical intuition and requires the operator to trust a black-box threshold

internally. The regression framing thus aligns better with the mental model of market participants and

provides a richer signal for decision-making.

In summary, the flow-regression framing is not a limitation: it provides a physically interpretable

output (the predicted flow itself, not just a binary flag), it naturally produces a well-calibrated soft score

for congestion ranking, and it does not sacrifice discrimination performance relative to what a direct

classifier could achieve on the same inputs.

Consistency with Experiment 1. The ranking of models on CF1 is broadly consistent with their NMAE

ranking from Experiment 1, confirming that lower flow error does translate into better congestion

detection. However, the correspondence is not perfect: ARIMA achieves a CF1 close to the proposed

model despite a substantially higher NMAE, while long persistence has both the worst NMAE and the

worst CF1. This suggests that congestion detection depends not only on overall error magnitude but

also on how errors are distributed near the capacity boundary.

5.4. Experiment 3: Does future information improve performance?
How much does access to day-ahead prices and weather forecasts improve the forecast?

At intraday gate closure, a market operator has access to day-ahead prices and numerical weather

forecasts for the delivery period. The decoder is designed to ingest these future exogenous features.
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This experiment quantifies the information gain from each source by ablating them individually, which

also helps identify which features are most worth investing in (like higher-resolution weather data).

5.4.1. Results
Table 5.4 reports the three primary metrics averaged across all 16 directional edges and 6 forecast

horizons.

Variant NMAE ↓ DA ↑ CF1 ↑

No future features 51.36 89.53 56.44

Weather forecasts only 51.74 89.42 56.87

Price forecasts only 52.72 89.50 59.01

Weather + prices forecasts 52.08 89.83 60.16

Table 5.4: Mean metrics across 16 edges and 6 horizons for each ablation variant. NMAE is normalized by the per-edge mean

absolute training flow, DA is directional accuracy, CF1 is the F1-score for congestion events (|flow|/capacity > 0.9).

Flow magnitude and direction. NMAE remains within a narrow band of 51–53% regardless of which

future features are provided, and directional accuracy (DA) hovers around 89.4–89.8% across all variants.

Paired Wilcoxon signed-rank tests against the No future features baseline (96 edge×horizon pairs) confirm

that neither difference is statistically significant (𝑝 > 0.05 in all cases). This suggests that the encoder,

which sees the full history of flows, prices, and weather up to gate closure, already captures most of the

information needed to predict flow magnitude and direction, the additional look-ahead provided by the

decoder features yields no measurable gain on these metrics.

Congestion detection. The picture changes substantially for CF1. All three variants that include at

least one future feature outperform the no-future baseline (56.44), with day-ahead prices alone (+2.57

pp) already surpassing weather forecasts alone (+0.43 pp), and the combined variant achieving the

highest score (60.16, +3.72 pp). Wilcoxon tests on the 90 edge×horizon pairs that contain at least

one congestion event confirm that every improvement is highly significant (𝑝 < 0.001, 𝑛 = 90). The

asymmetry between prices and weather is noteworthy: day-ahead prices are set the evening before

delivery and implicitly encode the market’s expectation for the following day, effectively including a

large part of the weather signal for congestion purposes. Weather forecasts, by contrast, provide only a

marginal independent contribution (+0.43 pp alone, but +1.15 pp on top of prices), suggesting their

value might be concentrated on a subset of connections where meteorological conditions directly drive

congestion.

5.4.2. Analysis
Why do future features help congestion but not flow magnitude? Congestion is a threshold

phenomenon: a small improvement in predicting the timing and direction of near-limit flows can

disproportionately lift the F1-score, even if the overall MAE barely moves. The encoder already produces

accurate mean-flow estimates, the decoder features appear to sharpen the model’s confidence near the

capacity boundary, reducing both false negatives (missed congestion) and false positives (spurious

alarms).

Dominant signal: prices over weather. Day-ahead prices contributed more than weather forecasts

in every comparison (+2.57 pp vs. +0.43 pp for CF1). This is consistent with the Italian power system,

where cross-border scheduling, which is price-driven, are primary congestion drivers on the major

north–south and island edges. Weather forecasts may matter most on wind-dominated edges (like

Calabria–Sicilia or Southern-Italy–GR) where stochastic renewable injection directly loads the line, a

finer-grained ablation at the per-edge level would be needed to confirm this.

Practical implication. Since day-ahead prices are always available at intraday gate closure and their

inclusion is both cheap (a single scalar per node per hour) and statistically significant, they should be

retained in any production deployment of the model. Higher-resolution numerical weather forecasts

may be worth investing in for wind-heavy edges.



5.5. Experiment 4: Which edges are hardest to forecast? 36

5.5. Experiment 4: Which edges are hardest to forecast?
Where does the model struggle most, and can the pattern be explained by physical or market characteristics?

Not all interzonal connections are equally predictable. Some are dominated by renewable variability

(Sicily with high solar and wind penetration), while others are more load-driven and stable. Under-

standing per-edge performance identifies where the model is least reliable and may motivate future

feature engineering or targeted data collection.

5.5.1. Results

Edge Short pers. Long pers. Sched. ARIMA LSTM XGBoost Lin. reg. GNN Proposed
∗
CALA → SICI 70.3 94.3 432.0 65.0 49.2 46.7 45.1 76.8 42.8
∗
CALA → SUD 61.9 84.0 221.4 52.0 43.9 40.5 39.1 58.7 38.4
∗
CSUD → ME 40.1 74.6 41.0 59.8 42.8 33.2 34.6 58.9 37.3

∗
CSUD → SARD 58.0 68.7 283.1 60.8 44.6 39.5 40.0 70.1 39.1
∗
CSUD → SUD 36.1 45.7 175.8 29.4 22.4 21.3 20.3 36.1 20.7

∗
CNOR → CSUD 70.4 88.2 286.9 71.3 47.9 44.6 43.9 81.4 43.8
∗
CNOR → NORD 68.2 90.4 375.2 79.3 50.8 46.2 45.1 86.6 44.8

CNOR → SACODC 135.5 267.1 – 62.5 139.1 152.9 260.2 115.4 83.9

∗
NORD → AT 25.2 54.3 158.5 14.5 15.6 14.5 14.9 21.7 16.9

∗
NORD → CH 36.7 44.7 46.9 29.0 25.3 23.7 23.6 31.2 23.9

∗
NORD → FR 29.1 63.6 100.2 23.7 22.7 22.7 19.4 27.6 21.1

∗
NORD → SI 35.3 36.7 123.9 36.5 27.8 26.1 26.7 35.7 25.6

SACOAC → SARD 103.3 280.3 – 136.1 211.5 226.3 91.2 151.1 103.3

SACODC → SARD 160.0 374.0 – 72.2 192.6 229.4 369.8 138.4 95.0

∗
SICI → MT 154.7 410.6 385.7 150.2 258.0 304.3 126.7 200.8 149.3

∗
SUD → GR 31.7 82.2 29.1 36.7 45.5 30.6 37.7 40.2 20.6

Table 5.5: Per-edge NMAE (%, ↓) averaged over horizons h=1–6.
∗

edges for which Scheduled flow is also available. Bold
indicates best, underline second-best.

Edge Short pers. Long pers. Sched. ARIMA LSTM XGBoost Lin. reg. GNN Proposed
∗
CALA → SICI 83.0 77.9 91.3 86.4 89.1 90.2 90.2 85.3 91.1

∗
CALA → SUD 73.8 62.3 86.4 78.8 81.3 82.9 83.3 75.0 83.7

∗
CSUD → ME 81.9 64.4 89.3 71.9 78.7 84.3 83.2 72.1 80.8

∗
CSUD → SARD 79.4 70.3 83.1 81.3 83.9 86.4 86.2 72.9 87.4
∗
CSUD → SUD 88.4 89.6 93.4 90.8 92.3 92.4 93.7 89.7 93.4

∗
CNOR → CSUD 76.1 64.3 89.1 76.5 84.1 85.6 85.6 68.0 85.8

∗
CNOR → NORD 82.8 74.1 91.1 80.6 87.1 89.0 89.0 77.3 88.9

CNOR → SACODC 80.2 52.1 – 93.4 78.6 79.3 64.3 84.5 88.6

∗
NORD → AT 97.1 98.2 68.1 98.2 98.5 98.7 98.6 98.5 98.5

∗
NORD → CH 90.9 92.4 93.9 92.6 94.4 94.6 94.5 92.3 94.6
∗
NORD → FR 96.6 97.9 99.1 98.3 99.5 99.6 99.4 99.2 99.4

∗
NORD → SI 90.1 92.5 59.1 91.1 93.3 93.6 93.1 93.8 94.2

SACOAC → SARD 94.6 93.2 – 95.3 97.4 97.1 96.9 97.5 96.8

SACODC → SARD 81.7 67.7 – 95.0 85.9 85.3 72.1 80.2 88.0

∗
SICI → MT 95.1 96.9 84.5 97.5 97.2 97.2 97.2 97.0 97.2

∗
SUD → GR 85.2 30.3 94.9 85.8 71.6 70.2 74.5 57.2 68.9

Table 5.6: Per-edge DA (%, ↑) averaged over horizons h=1–6.
∗

edges for which Scheduled flow is also available. Bold indicates

best, underline second-best.

5.5.2. Analysis
Three qualitatively different groups of edges emerge from the results, distinguished by their dominant

flow mechanism.

Group 1: Well-behaved internal edges (NORD→AT/CH/FR/SI, CSUD→SUD). The northern cross-

border connections and the CSUD→SUD edge are the easiest to forecast across all models, with NMAE
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Edge (Congestion freq.) Short pers. Long pers. Sched. ARIMA LSTM XGBoost Lin. reg. GNN Proposed
∗
CALA → SICI (4.5) 32.6 10.1 11.0 32.9 35.9 36.4 39.0 7.1 51.2
∗
CALA → SUD (3.1) 29.5 17.5 9.6 35.8 22.2 24.7 31.1 17.7 26.9

∗
CSUD → ME (23.3) 55.0 23.3 73.8 47.6 33.4 38.4 42.9 8.6 45.4

∗
CSUD → SARD (6.7) 29.2 8.1 18.4 33.7 26.8 28.2 37.5 3.2 34.4

∗
CSUD → SUD (2.9) 38.9 27.0 8.1 43.8 48.1 52.1 54.6 11.4 38.9

∗
CNOR → CSUD (4.5) 32.2 6.5 11.9 32.1 24.1 26.2 38.1 9.2 26.3

∗
CNOR → NORD (5.2) 30.4 2.9 12.8 28.2 19.3 19.6 32.1 1.0 35.1

CNOR → SACODC (62.2) 89.4 0.1 – 94.7 90.7 88.3 0.0 88.4 94.0

∗
NORD → AT (12.1) 63.9 25.0 21.8 78.4 73.5 75.2 74.6 64.8 71.5

∗
NORD → CH (25.7) 50.5 24.3 56.3 58.7 54.6 55.2 57.0 42.7 65.2
∗
NORD → FR (49.2) 73.3 12.7 69.0 78.7 71.6 70.6 78.9 68.8 74.9

∗
NORD → SI (70.2) 80.8 80.0 68.8 80.3 85.6 86.6 86.0 80.5 87.5

SACOAC → SARD (64.3) 86.2 3.6 – 83.1 66.9 43.8 88.8 82.1 86.3

SACODC → SARD (86.1) 90.1 1.0 – 94.5 89.0 90.3 0.0 87.0 93.2

∗
SICI → MT (-) – – – – – – – – –

∗
SUD → GR (66.2) 71.9 0.8 89.9 70.4 25.0 35.9 43.2 28.3 71.4

Table 5.7: Per-edge CF1 (%, ↑) averaged over horizons h=1–6.
∗

edges for which Scheduled flow is also available. Congestion freq. is

the fraction of test hours with 𝑟 > 0.9, included as context for interpreting CF1. SICI→MT is omitted (no capacity data available).

Bold indicates best, underline indicates second-best.

values of 14–37%. These edges are driven primarily by relatively predictable market dynamics: Alpine

hydro dispatch responding to day-ahead prices, and load-driven north-to-south transfers that follow a

stable diurnal pattern. The proposed model is competitive on these edges but does not dominate: linear

regression wins on NORD→FR and NORD→CH, and ARIMA wins on NORD→AT, suggesting that the

flow dynamics on these edges are well-captured by linear autoregressive or feature-weighted models

without requiring spatial context propagation. DA values above 94% on the NORD cross-border edges

indicate that the direction of flow is almost always correctly predicted by all models, so the residual

difficulty is purely in magnitude.

Group 2: Renewable-driven internal edges (CALA→SICI, CALA→SUD, CNOR→CSUD,
CNOR→NORD). These edges connect zones with high wind and solar penetration (Calabria, Sicily) to

the rest of the Italian grid. NMAE values of 43–71% are substantially higher than Group 1, and persistence

is surprisingly competitive here, suggesting high temporal autocorrelation driven by persistent weather

regimes (for example, several consecutive days of wind events). The proposed model achieves the best

NMAE on all four of these edges, with margins of 2–7 pp over the nearest competitor, consistent with

the hypothesis that spatial context from neighboring zones (knowing that wind in SUD is high helps

predict the CALA→SUD flow) is beneficial precisely where renewable variability couples adjacent

zones together.

The CF1 results on this group are mixed. The proposed model achieves its largest CF1 advantage on

CALA→SICI (+12 pp over linear regression), which is the edge most affected by Sicilian wind and solar

variability and where congestion events are likely clustered around specific weather-driven episodes.

However, on CALA→SUD and CNOR→CSUD, linear regression outperforms all other models on CF1

despite having higher NMAE, indicating that precise magnitude estimation and congestion threshold

detection are partially decoupled objectives on these edges.

Group 3: Structurally difficult edges (SACODC→SARD, SACOAC→SARD, SICI→MT,
CNOR→SACODC). These four connections share a common characteristic: they are submarine cables

with no physical redundancy, connecting island systems (Sardinia, Malta, Corsica). NMAE values of

83–160% exceed persistence for most models, indicating that the flow dynamics are fundamentally

different from continental interconnectors.

The SACODC and SACOAC connections to Sardinia are the clearest examples of scheduling-dominated

flows. ARIMA achieves NMAE of 72.2% on SACODC→SARD (best among all models), while LSTM

(192.6%) and XGBoost (229.4%) collapse entirely, and linear regression degrades to 369.8%. This pattern

strongly suggests that the flow on this cable is determined by an administrative or scheduling rule that

ARIMA can partially recover through its autoregressive structure, but which the feature-rich models
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cannot identify because the relevant signal (the TSO’s dispatch decision) is not present in any of the

available input features. The proposed model (95.0%) partially recovers the ARIMA result by leveraging

graph context from adjacent edges, but cannot close the gap fully. Notably, linear regression assigns

near-zero weight to all features on CNOR→SACODC (CF1 = 0.0), suggesting that it predicts a constant

and the relevant signal is entirely absent from the feature set.

The SICI→MT cable presents a separate challenge: missing price data for Malta across most of the

training period means the model receives no market signal for this edge, and the flow volumes are

low and irregular. NMAE of 126.7–304.3% across all models reflects this data scarcity rather than a

fundamental unpredictability of the physical flows. CF1 cannot be computed because the capacity of

the line is not published on ENTSO-E.

SUD→GR is an outlier in a positive sense: the proposed model achieves NMAE of 20.6% (best by a

large margin), while LSTM (45.5%) and XGBoost (30.6%) struggle. The GR connection is influenced

by conditions across southern Italy, Montenegro, and the broader Balkan grid, and the graph-based

spatial aggregation appears to successfully capture these multi-hop dependencies. On CF1, both

short persistence (71.9%) and ARIMA (70.4%) match or exceed the proposed model (71.4%), which is

explained by the high baseline predictability of the congestion state on this edge: the edge is frequently

at or near capacity, so a model that simply predicts persistent congestion will achieve high recall at the

cost of precision.

Summary. The proposed model provides the most consistent advantage on renewable-driven internal

lines and edges with multi-hop spatial dependencies (CALA group, CNOR group, SUD→GR). It offers

little advantage over simpler baselines on well-behaved load-driven edges (NORD cross-border), and no

model provides reliable forecasts on submarine cable connections to island systems where the flow is

probably administratively scheduled and the relevant dispatch signal is absent from the public data.

5.6. Case study : flow reversal propagation
A key claim of this work is that the graph structure enables the model to anticipate how flow changes

propagate across the Italian grid. To illustrate this, we examine two episodes from the 2025 test set

where a full reversal of the main Italian corridor (NORD → CNOR → CSUD → SUD → CALA) occurs

and assess whether the model captures the timing and direction of each transition.

The reader is encouraged to explore these episodes interactively via the demo visualizer (link: https:
//congestion-forecasting.portal.csem.ch/), where the sequence of events is easier to follow than

in static snapshots.

Episode 1: 17–18 February 2025
Figure 5.2 shows predicted and true flows for the four edges over the 03:00–19:00 window on 17 February.

Morning reversal (southward to northward, ≈04:00–10:00). The reversal propagates from south to

north: CALA→SUD crosses zero at 04:00, followed by CSUD→CNOR at 08:00 and CNOR→NORD at

09:00. The model captures the two southern transitions in time. The northern edges (CSUD→CNOR)

and (CNOR→NORD) are predicted one hour late.

Afternoon reversal (northward to southward, ≈15:00–18:00). Flows along the northern corridors peak

around 13:00–14:00 and then decay. CNOR→NORD reverses at 15:00, the model captures this correctly.

CSUD→CNOR follows at 18:00; the model flags the reversal one hour early, though the true flow was

already near zero at 17:00, suggesting that the apparent error partly reflects the one-hour granularity

of the data rather than a genuine forecasting mistake. This ambiguity would likely be resolved with

15-minute resolution data.

The pattern repeats on 18 February with broadly similar timing. All southward-to-northward reversals

are captured: CNOR→CSUD is again one hour late around 09:00, but is predicted in time at 16:00 when

the flow reverses back. One notable difference is a brief back-and-forth on CNOR→NORD around 10:00,

where the true flow momentarily reverses direction before continuing northward. The model, already

stabilized on a northward prediction at that point, does not capture this transient.

https://congestion-forecasting.portal.csem.ch/
https://congestion-forecasting.portal.csem.ch/
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Figure 5.2: Predicted and true interzonal flows along the main Italian corridor on 17 February 2025. Dashed vertical lines mark

the zero-crossing times for the true flow (dark) and the proposed model (blue), yellow shading indicates the prediction lag at each

reversal.

Figure 5.3: Grid state at 05:00 on 17 February 2025: the two southern corridor edges (CALA→SUD, SUD→CSUD) have

northward flows while CNOR→NORD and CSUD→CNOR flows are still toward south.
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Episode 2: 17 March 2025

Figure 5.4: Predicted and true interzonal flows along the main Italian corridor on 17 March 2025. Dashed vertical lines mark the

zero-crossing times for the true flow (dark) and the proposed model (blue); yellow shading indicates the prediction lag at each

reversal.

Figure 5.4 shows the edges on 17 March, a day with a richer sequence of reversals than the February

episode.

Early morning (northward to southward, ≈04:00–05:00). At 03:00 the flows are already directed

south-to-north. CNOR→NORD reverses southward at 04:00 and CSUD→CNOR follows at 05:00. The

model is one hour late on both transitions, consistent with the lag observed on the northern edges on

February 17.

Mid-morning reversal (southward to northward, ≈08:00). At 08:00, three edges reverse nearly

simultaneously: CALA→SUD, CSUD→CNOR, and CNOR→NORD. The model captures CALA→SUD

and CSUD→CNOR in time, but is again one hour late on CNOR→NORD : the furthest edge from the

signal originating in the south.

Figure 5.5: Grid state at 03:00 UTC on 17 March 2025, before the morning reversal sequence.

Afternoon reversal (northward to southward, ≈15:00–17:00). The corridor remains in south-to-north

configuration until 14:00–15:00, when flows decay and reverse. CNOR→NORD crosses zero at 15:00

and is well captured by the model. CSUD→CNOR follows at 17:00, as in the February case the model
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flags this reversal one hour early, at a point when the true flow was already near zero : again likely a

granularity artifact of the hourly resolution rather than a structural forecasting error.

Comparison with XGBoost. Figure 5.6 shows XGBoost predictions on the same day. Overall accuracy

is competitive, consistent with the quantitative results in Section 5.2, yet a qualitative difference is

visible across all four edges: XGBoost exhibits a near-constant one-hour lag throughout the entire

window, not only at zero-crossings. The proposed model, by contrast, tracks the true flow in phase for

most of the day and incurs a lag only at the specific moments of directional transition on the northern

edges. This distinction matters operationally: a systematic time shift means XGBoost would consistently

signal a congestion event one hour after it has already occurred, whereas the GNN’s lag is confined

to the propagation delay across the corridor rather than a global forecasting latency. The difference is

attributable to the graph structure: XGBoost is trained independently per edge and has no mechanism

to integrate contemporaneous information from neighboring zones, forcing it to rely on lagged features

alone.

Figure 5.6: XGBoost predictions on 17 March 2025 for the same corridor edges as Figure 5.4. Unlike the proposed model, XGBoost

exhibits a near-constant one-hour lag across the full window on all edges, rather than a lag confined to directional transitions on

the northern edges.

Conclusion
Across both episodes, two patterns emerge consistently. First, reversals originating in the southern zones

(CALA, SUD) are captured in time: they could be driven by local renewable ramps that are directly

observable in the node features. Second, the propagation of these reversals to the northern edges

(CSUD→CNOR, CNOR→NORD) is often one hour late. The one early prediction on CSUD→CNOR

at the afternoon reversal is the only exception, and is plausibly explained by hourly data granularity.

These results support the core claim that a spatially aware architecture captures the causal structure of

flow propagation along the corridor, a behavior that a flat per-edge model, lacking any graph context,

cannot reproduce.
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Discussion

6.1. Summary of findings
This thesis investigated whether interzonal power flows in Italy’s seven-zone electricity market can

be forecast from publicly available market and weather data, using a spatio-temporal graph neural

network operating directly on edges. The proposed encoder–decoder architecture combines LSTM

temporal encoding, Transformer-based graph message passing with updatable edge representations,

and a future-aware decoder that ingests day-ahead prices and weather forecasts.

The central finding is that the proposed model outperforms all baselines across every metric on the

2025 test set: NMAE of 52.1% (vs. 61.2% for the best baseline, ARIMA), DA of 89.8%, and CF1 of 60.2%.

Crucially, this performance advantage is consistent across all six forecast horizons (h=1 to h=6).

Three secondary findings deserve emphasis. First, graph depth matters: removing the GNN entirely

is statistically comparable to the weakest graph configurations, and the best results are achieved at

3–6 message-passing layers, consistent with the north–south diameter of Italy’s grid topology. Second,

future features help congestion detection but not flow magnitude: day-ahead prices alone add +2.57 pp

to CF1 (significant at 𝑝 < 0.001), while NMAE is unaffected. This asymmetry reveals that the encoder

already captures most of the information relevant to mean flow magnitude, and the decoder’s role

is to sharpen the model’s confidence near capacity boundaries. Third, the model’s AUROC of 89.8%

confirms that the flow-regression framing naturally produces a well-calibrated congestion score, making

a dedicated binary classifier unnecessary for this task.

6.2. Were the research questions answered?
Can physical interzonal flows be forecast from public market and weather data? Yes. The proposed

model achieves an NMAE of 52.1% on a test year, outperforming all baselines including Terna’s own

day-ahead schedule on magnitude metrics. This confirms that market prices and ERA5 weather

observations carry sufficient information to produce operationally useful flow forecasts without access

to network topology, injection data, or proprietary TSO models.

Does a graph-based architecture add value over per-edge models? Yes, but modestly and non-

monotonically. The gain over the No-GNN baseline is statistically significant at 3, 4, and 6 layers

(𝑝 < 0.05, Wilcoxon), but a single message-passing layer is actually significantly worse than no graph.

This finding is practically important: naively adding graph structure does not help, the receptive field

must be wide enough to cover the full grid diameter before spatial context becomes beneficial.

Does the model translate into actionable congestion signals? Yes, with caveats. The CF1 of 60.2% and

AUROC of 89.8% demonstrate meaningful congestion discrimination, and the precision–recall analysis

shows that the model achieves the best recall among high-precision models (73.5% precision, 53.7%

recall), making it the most operationally suitable choice for a grid operator who prioritizes precision

42
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while avoiding missed events.

The intraday trading simulation (Experiment A.4) provides a more direct and quantitative answer. At

ℎ = 2, the proposed model achieves a hit rate of 74% and a Sharpe ratio of 4.11, competitive with the

best baselines. More tellingly, at ℎ = 6 its average PnL rises to +0.84
=C/MWh and its Sharpe ratio

increases to 5.52, making it the strongest model at this horizon while most baselines deteriorate or

stagnate. This improvement with lead time is the key operational result: the model captures structural

physical information that is not yet reflected in intraday prices 6 h before delivery, whereas simpler

baselines provide no additional predictive value beyond what the market already knows. The simulation

represents a theoretical upper bound rather than a deployable strategy, but the directional finding is

robust and motivates extending the model to longer horizons.

6.3. Limitations
ERA5 reanalysis instead of NWP forecasts. The most significant limitation is that all weather inputs

come from ERA5 reanalysis, which uses observed data rather than forecasts. In a real deployment,

weather forecasts for the delivery period would be available at gate closure, but these introduce forecast

errors that the current evaluation does not account for. The reported metrics therefore represent an

upper bound on deployed performance.

Absence of a validation set. With data spanning only from November 2021 (when the Calabria zone

was introduced), a three-year training window leaves little room for a dedicated validation set. The

best-snapshot early stopping strategy provides implicit regularization, but cannot detect overfitting to

the training distribution. This is a structural data limitation rather than a modeling choice, and it will

resolve naturally as more years of data become available.

Missing price data for Malta and Montenegro. Both connections are included in the graph, but the

corresponding nodes lack price observations for a large fraction of the training period. The model

compensates by relying more heavily on weather and flow signals for these edges, but the resulting

predictions should be interpreted with caution. The SICI→MT edge in particular shows anomalously

high NMAE (≈149%), likely attributable to this data scarcity combined with the low and irregular flow

volumes on this cable.

Static graph topology. The graph structure is fixed over the entire study period. In practice, the

Italian and European grids undergo planned outages, capacity revisions, and new interconnector

commissioning that alter effective transmission limits. Incorporating dynamic topology (time-varying

edge attributes or adjacency) would require significant architectural extension and is left for future

work.

Zone-level weather aggregation. Averaging ERA5 observations across all provinces within a bidding

zone discards intrazonal spatial heterogeneity. This is particularly consequential for large zones such as

NORD, which spans both Alpine terrain (with distinct wind patterns) and the Po Valley (dominated

by industrial load and PV). A hierarchical aggregation that first groups provinces by generation type

before computing zone-level features could improve the weather signal for these connections.

Per-edge variability in performance. The proposed model does not uniformly outperform baselines

on every edge. Linear regression is best on NORD→FR and CSUD→SUD, ARIMA is best on the

SACODC edge, and XGBoost leads on NORD→AT. The SACODC and SACOAC submarine cable

connections remain structurally difficult, with NMAE values of 95% and 103% respectively. These are

edges where the model’s learned representations are not expressive enough to recover the underlying

pattern.

6.4. Societal and Temporal Context
Position within the broader DSAIT field
This work sits at the intersection of two active research fronts. Within spatio-temporal learning, the

dominant trend applies increasingly expressive GNNs to node-level tasks such as traffic or renewable
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generation forecasting, while edge-level regression has received comparatively little attention. This

thesis contributes a concrete design principle with explicit edge representations updated during message

passing, and sufficient graph depth for the network to make spatial context beneficial.

More broadly, the forecasting field is mainly about physics-informed hybrid architectures. This work

takes a complementary position: rather than embedding physical equations, it uses network topology

and market prices as implicit encoders of the physical state, operating without a calibrated power-

flow model. The asymmetric finding that future features improve congestion detection but not flow

magnitude reflects a general principle worth noting: threshold-crossing events respond to forecast

sharpness near the decision boundary, not to average magnitude accuracy.

Stakeholder perspectives and real-world implications
The practical value of this work differs across stakeholders.

Transmission system operators (TSOs) gain not raw accuracy, as they already have proprietary grid

models, but an independent, market congestion signal that can flag discrepancies between the market’s

implicit expectations and the physical system state, prompting earlier preventive re-dispatch.

Energy traders benefit most from the 6-hour horizon, where the model captures structural physical

information not yet priced into intraday markets, though this represents an upper bound given the

simple simulation and reliance on ERA5 reanalysis rather than NWP forecasts.

Regulators may note that inferring congestion from public data alone reduces information asymmetries

between large and small market participants, but also raises the concern that widespread adoption of

the same signal could induce correlated bidding and new intraday instabilities.

Consumers benefit indirectly: better congestion forecasting reduces costly emergency re-dispatch, the

cost of which is ultimately socialized. Europe’s estimated
=C4.2 billion congestion cost in 2023 [11]

provides an order of magnitude on the value at stake.

Risks and responsible use
Three risks merit acknowledgment. First, point forecasts without uncertainty quantification encourage

overconfident use near the capacity boundary, the quantile output extension proposed in future work

is a prerequisite for responsible operational deployment. Second, the training data includes the 2022

energy crisis, an extreme regime poorly represented elsewhere, the model may behave unpredictably

under future structural shifts outside its training distribution. Third, the 2025 Iberian blackout is a

reminder that cascading failures can develop within seconds: a forecasting tool that reduces a TSO

operator’s vigilance without meeting a certified reliability standard could, in a worst case, contribute to

delayed intervention during a fast-developing event. This work is intended as a decision-support signal,

not as an autonomous control input.

Temporal outlook
As NWP forecast quality improves and intraday markets deepen across Europe, the gap between the

ERA5 upper bound reported here and a deployed system is expected to narrow. The ENTSO-E bidding

zone review and the expansion of smart metering infrastructure will progressively alter both the spatial

structure of congestion and the observability of its drivers.

6.5. Future work
NWP forecast inputs. The most impactful near-term extension is replacing ERA5 reanalysis with

operational NWP forecasts at the appropriate lead times. This would convert the current upper-bound

evaluation into a realistic deployment assessment and reveal which lines are most sensitive to weather

forecast uncertainty.

Intra-zonal heterogeneity. A two-level hierarchical graph, where province-level nodes are aggregated

into bidding zones through a learned pooling mechanism, would allow the model to exploit spatial

variation within zones, particularly for large zones like NORD where Alpine and Po Valley generation

profiles are substantially different. This is directly motivated by the performance gap on the NORD→FR

and NORD→CH corridors, where the current zone-averaged weather signal may be too coarse to

resolve Alpine wind dynamics.
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Additional features. Integrating explicit physical state variables from ENTSO-E, specifically zonal

load and actual generation per energy source, could significantly refine the model’s accuracy. While the

current model uses weather as a proxy for renewable production, explicit generation data could better

account for the non-linear relationship between meteorological conditions and actual grid injections.

Similarly, incorporating load profiles would allow the model to directly observe the net-demand

imbalances that drive interzonal flows, rather than relying solely on price as a latent signal for these

physical requirements.

Extension to the European graph. Scaling from Italy’s 7-zone graph to the ENTSO-E bidding zone

graph (∼30 nodes, ∼100 cross-border edges) is computationally straightforward given the architecture’s

linear scaling in the number of edges. The main open question is data harmonization: cross-border

flow data from ENTSO-E has varying completeness across countries and time periods, and a unified

preprocessing pipeline would be needed.

Probabilistic outputs. The current model produces point forecasts. For congestion monitoring, a

probabilistic output, and specifically, a predicted distribution over the congestion ratio, would allow

operators to set risk-adjusted thresholds, which is more actionable than a hard binary flag. A natural

and lightweight extension is to replace the scalar MLP output head with a multi-quantile head trained

with the pinball loss. Rather than predicting a single value 𝑓 𝑡+ℎ
𝑖𝑗

, the model would simultaneously

predict a set of quantiles 𝑞̂𝜏 ∈ {𝑞0.1 , 𝑞0.5 , 𝑞0.9 , . . .}, each penalized by its own asymmetric pinball loss.

The total loss is summed across all target quantiles. This approach requires minimal architectural

change as only the output head is modified, and preserves the full encoder-decoder-GNN structure.
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A
Additional experiments

A.1. Experiment A: How does forecast accuracy degrade with hori-
zon?

At which forecast horizons does the model provide the most value, and how quickly does accuracy degrade?

A market participant would use this model at a specific gate closure horizon. Understanding how

accuracy changes with lead time informs the practical deployment window and the design of the

training objective.

A.1.1. Results
Tables A.1–A.3 report NMAE, DA, and CF1 for all models across horizons h=1 to h=6. Detailed standard

deviations are reported in Appendix B.2, and discussed here only when relevant.

Model h=1 h=2 h=3 h=4 h=5 h=6
Short persistence 69.8 69.8 69.8 69.8 69.8 69.8

Long persistence 134.9 134.9 135.0 135.0 135.0 135.0

Scheduled flow
∗

204.6 204.6 204.6 204.6 204.6 204.6

ARIMA 28.1 46.4 59.5 69.7 78.2 85.2

LSTM 60.5 70.8 77.8 82.2 85.9 87.6

XGBoost 65.3 75.5 81.7 85.9 88.8 91.1

Linear regression 62.3 72.5 78.2 81.7 84.0 85.6

GNN 73.7 75.3 76.5 77.7 78.6 79.6

Proposed model 32.5 45.1 52.7 57.6 61.0 63.6

Table A.1: NMAE ↓ (%) per horizon on the 2025 test set. Bold indicates best, underline second-best.

A.1.2. Analysis
Overall degradation pattern. All models degrade with horizon, but at very different rates and with

different asymptotic behaviours. The proposed model degrades smoothly and sub-linearly: NMAE

grows from 32.5% at h=1 to 63.6% at h=6, a factor of roughly 2×, while ARIMA grows from 28.1% to

85.2%, a factor of 3×. This means ARIMA leads at h=1 but is overtaken by the proposed model already at

h=2, and the gap widens consistently with horizon. While the proposed model does not systematically

beat the baselines for all horizons on DA and CF1 metrics (as these were not the primary optimization

targets), it is always ranking either first or second. The per-horizon results are thus consistent with the

superior position of the proposed model overall, as noticed in experiment 5.2.

The h=1 anomaly. At h=1, ARIMA achieves its best result (NMAE 28.1%, DA 94.9%, CF1 76.3%),

outperforming the proposed model on all three metrics. This is expected: at a one-step-ahead horizon,
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Model h=1 h=2 h=3 h=4 h=5 h=6
Short persistence 86.1 86.1 86.1 86.1 86.1 86.1

Long persistence 76.5 76.5 76.5 76.5 76.5 76.5

Scheduled flow
∗

86.4 86.4 86.4 86.4 86.4 86.4

ARIMA 94.9 91.7 89.0 86.7 84.7 83.0

LSTM 91.4 89.5 88.3 87.3 86.9 86.4

XGBoost 92.1 90.1 89.1 88.4 87.8 87.4

Linear regression 90.5 88.7 87.5 86.8 86.3 85.9

GNN 84.2 84.0 83.9 83.7 83.5 83.4

Proposed model 93.3 91.1 89.7 88.8 88.3 87.8

Table A.2: DA ↑ (%) per horizon on the 2025 test set. Bold indicates best, underline second-best.

Model h=1 h=2 h=3 h=4 h=5 h=6
Short persistence 56.9 56.9 56.9 56.9 56.9 56.9
Long persistence 16.2 16.2 16.2 16.2 16.2 16.2

Scheduled flow
∗

37.6 37.6 37.6 37.6 37.6 37.6

ARIMA 76.3 66.5 59.6 54.9 51.3 48.6

LSTM 63.9 55.6 50.4 47.2 45.1 44.4

XGBoost 70.8 57.9 50.5 45.5 42.7 41.4

Linear regression 62.6 52.2 46.1 42.6 39.8 38.2

GNN 40.9 40.5 40.1 39.8 39.5 39.4

Proposed model 73.4 64.2 58.6 56.3 55.1 53.4

Table A.3: CF1 ↑ (%) per horizon on the 2025 test set. Bold indicates best, underline second-best.

the autoregressive structure of the flow series alone is a very strong predictor, and ARIMA is specifically

designed to exploit it. The proposed model (NMAE 32.5%) is already competitive but pays a small

cost for the additional complexity of its encoder. Beyond h=1, the autoregressive advantage of ARIMA

erodes as prediction errors compound, while the proposed model’s predictions remain more stable.

Practical deployment window. Italy’s intraday (MI) markets have gate closures ranging from roughly

2 hours (MI-A2) to 8 hours (MI-A1) before delivery. The proposed model is most relevant for MI-A2,

corresponding approximately to h=3 to h=6, where it holds a significant NMAE advantage over other

models. At h=6, the model still provides a CF1 of 53.4% compared to 48.6% for ARIMA and 44.4% for

LSTM, retaining practical value for early intraday positioning. The model is less critical at h=1 given

ARIMA’s strong performance there, but ARIMA requires per-edge and per-horizon fitting, making it

indeed a considerable opponent.

Congestion detection is more resilient than magnitude accuracy. CF1 degrades more slowly than

NMAE for the proposed model: from 73.4% at h=1 to 53.4% at h=6 (a drop of 20 pp), whereas NMAE

roughly doubles. This asymmetry is operationally valuable: even at longer horizons where the precise

flow magnitude becomes uncertain, the model retains meaningful ability to flag congested versus

uncongested states. Notably, from h=4 onward, the proposed model’s CF1 (56.3–53.4%) exceeds ARIMA

(54.9–48.6%) by a small margin while also beating all other models except for short persistence.

A.1.3. Comparison with industry benchmarks and long-term stability
To assess performance at horizons beyond the primary evaluation window (ℎ > 6) and to benchmark

against an industry reference, the model was extended to predict up to 24 hours ahead and compared

against forecasts provided by Electricity Maps for a common subset of 10 major Italian interconnections.

These edges cover the primary transmission lines of the Italian grid: the five main domestic edges (Cal-

abria→ Sicilia; Central-southern→ Sardegna; Central-southern→ Southern-Italy; Central-northern→Central-

southern; Central-northern→North) and the five main international borders (North→ {AT, CH, FR, SI};

Southern-Italy→GR).
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Training at extended horizons: the role of curriculum learning. Extending the model to ℎ = 24

required a non-trivial adjustment to the training procedure. An initial attempt with a standard uniform

loss over all 24 horizon steps produced a model that performed worse than the short-persistence baseline

even at short horizons (ℎ ≤ 6).

The cause is a gradient competition effect: with uniform weighting, the model sacrifices near-horizon

accuracy to marginally reduce error at distant steps, where any model has limited predictive power.

To address this, a staged curriculum learning approach was adopted. Training is divided into 𝑁
discrete stages, each lasting a fixed number of epochs. At stage 0, the per-horizon loss weights decay

exponentially with step index, concentrating the gradient signal on the first few horizons.

Across successive stages the weight profile is gradually flattened until it is uniform at the final stage.

Between stages the early-stopping patience counter is reset, so the model can re-adapt to the new loss

landscape without being terminated prematurely. This curriculum allowed the model to first learn the

strong short-range temporal structure and then progressively extend its predictive horizon, recovering

competitive accuracy at ℎ ≤ 6 while achieving meaningful performance out to ℎ = 24.

Performance on major edges. On the common subset of 10 edges (Table A.4), the proposed model

achieves the best NMAE at all three reported horizons: 38.9% at ℎ = 6, 42.0% at ℎ = 12, and 41.4% at

ℎ = 24. Two aspects of this result deserve attention.

First, the model’s degradation from ℎ = 6 to ℎ = 24 is remarkably small: only +2.5 pp. This near-flat

profile is shared by Electricity Maps (45.3 → 48.0, +2.7 pp) and Linear Regression (40.5 → 44.6, +4.1 pp),

and contrasts sharply with ARIMA, which degrades from 64.6% at ℎ = 6 to 79.6% at ℎ = 12 before

partially recovering to 52.0% at ℎ = 24 as its 24-step seasonal lag becomes useful. The flat profile of the

GNN and the industry benchmark suggests that, for the major edges, the dominant drivers of flow are

largely predictable from features available well in advance of delivery.

Second, the standard deviation of the proposed model across edges is consistently tight (±13–15 pp),

comparable to Electricity Maps and well below ARIMA (±35–48 pp). This indicates that the GNN’s

advantage is not driven by a few easy edges but is distributed across the edge subset.

Linear Regression is a noteworthy second-best on this subset, finishing only 1.6 pp behind the GNN

at ℎ = 6 and 3.2 pp at ℎ = 24, suggesting that the major edges are relatively well-explained by linear

feature combinations and that the GNN’s additional expressivity provides a consistent but modest gain

over a strong linear baseline.

Model h=6 h=12 h=24
Proposed model 38.9 ± 14.2% 42.0 ± 15.2% 41.4 ± 13.6%
Short persistence 46.1 ± 18.4% 46.1 ± 18.4% 46.1 ± 18.4%

Linear Regression 40.5 ± 16.3% 43.4 ± 16.6% 44.6 ± 15.7%

ARIMA 64.6 ± 35.7% 79.6 ± 47.8% 52.0 ± 23.1%

LSTM 42.6 ± 16.2% 45.5 ± 17.0% 45.6 ± 16.2%

Electricity Maps 45.3 ± 14.2% 45.7 ± 14.4% 48.0 ± 14.1%

Table A.4: NMAE ↓ (%) per horizon on the 2025 test set, only for subset of edges. Bold indicates best, underline second-best.

Degradation on the full edge set. The picture changes substantially when results are computed

over all edges (Table A.5). The proposed model’s NMAE at ℎ = 6 rises from 38.9% on the major

corridors to 64.5% on the full set, a gap of +25.6 pp driven entirely by the harder edges not covered by

Electricity Maps. More critically, at ℎ = 12 and ℎ = 24 the model (72.1%, 73.0%) is overtaken by the

short-persistence baseline (69.8%, horizon-invariant by construction), with the crossover occurring at

around ℎ ≈ 10.

The explosion in standard deviation from ±14 pp on the common subset to ±45–55 pp on the full set,

reveals that the additional edges are highly heterogeneous: some remain well-forecast, but others are

dominated by stochastic or locally-driven dynamics that currently used features cannot capture. In

contrast, Linear Regression (86%) and LSTM (89%) fare considerably worse on the full set, suggesting
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these models overfit or extrapolate poorly on volatile edges, the GNN’s graph inductive bias makes it

more robust, even if ultimately insufficient for this subset. Electricity Maps achieves 45.3–48.0% on the

full set, but since it only covers its own 10 edges, this figure is not directly comparable.

These results suggest that the proposed model is best understood as a specialist for structurally

predictable, high-volume corridors. A practical deployment could route predictions for minor or

high-variance edges to a simpler fallback (like short persistence), reserving the GNN for the edges

where its structural inductive bias provides a genuine advantage.

Model h=6 h=12 h=24
Proposed model 64.5 ± 45.8% 72.1 ± 52.5% 73.0 ± 54.8%

Short persistence 69.8 ± 45.0% 69.8 ± 45.0% 69.8 ± 45.1%

Linear Regression 86.2 ± 96.9% 89.5 ± 96.6% 91.1 ± 96.6%

ARIMA 84.9 ± 49.6% 103.1 ± 58.5% 76.5 ± 47.2%

LSTM 89.1 ± 84.4% 93.6 ± 86.5% 92.6 ± 84.2%

Electricity Maps
∗ 45.3 ± 14.2% 45.7 ± 14.4% 48.0 ± 14.1%

Table A.5: NMAE ↓ (%) per horizon, on all edges. Bold indicates best, underline second-best.
∗

indicates the model’s results are

only on a subset of edges.

A.2. Experiment B: Does the graph structure help?
Is spatial context from neighboring zones informative for flow forecasting, and does performance improve with
graph depth?

The GNN is the central architectural novelty. If removing graph structure does not degrade performance,

the model could be simplified to a per-edge LSTM at a fraction of the computational cost. This

experiment isolates the contribution of the graph by varying the number of message-passing layers,

including the degenerate case of zero layers (GNN disabled). Hyperparameters were fixed across all

configurations to isolate the effect of message-passing depth.

A.2.1. Results
Table A.6 reports the three primary metrics averaged across all 16 directional edges and 6 forecast

horizons.

Variant NMAE ↓ DA ↑ CF1 ↑

No GNN (0 layers) 53.5 89.6 58.2

1 GNN layer 54.1 89.4 58.1

2 GNN layers 53.4 89.5 58.8

3 GNN layers 52.2 89.8 58.5

4 GNN layers 52.9 89.8 58.6

5 GNN layers 53.6 90.0 58.8

6 GNN layers 52.1 89.8 60.2

Table A.6: Effect of graph depth on test performance. Bold marks the best value per column.

Overall trend. Adding message-passing layers progressively reduces NMAE, with the best single-

metric score reached at 6 layers (52.1%) and a local minimum at 3 layers (52.2%). Directional accuracy

(DA) and congestion F1 (CF1) follow a similar pattern, with 6 layers achieving the highest CF1 (60.2) and

5 layers the highest DA (90.0%). The gain from 0 to 6 layers is moderate but consistent: approximately

−1.4 pp in NMAE and +2.0 pp in CF1.

Statistical significance. Paired Wilcoxon signed-rank tests against the No GNN baseline

(96 edge×horizon pairs) reveal a non-monotonic pattern (Table A.7).
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Variant ΔNMAE W 𝑝 sig
1 GNN layer +0.56 1762.0 0.039 *

2 GNN layers −0.15 2078.0 0.361 ns

3 GNN layers −1.30 1673.0 0.017 *

4 GNN layers −0.61 1692.0 0.020 *

5 GNN layers +0.12 2072.0 0.350 ns

6 GNN layers −1.41 1642.0 0.012 *

Table A.7: Paired Wilcoxon signed-rank tests for NMAE vs. No GNN baseline (𝑛 = 96 edge×horizon pairs). ΔNMAE = variant −
No GNN, negative values indicate improvement. * 𝑝<0.05.

Three key observations emerge. First, a single message-passing layer is significantly worse than no

graph at all (ΔNMAE = +0.56 pp, 𝑝 = 0.039): with only one hop, each node aggregates its immediate

neighbours but lacks the receptive field to resolve conflicting local signals, introducing noise rather

than useful context. Second, improvements become statistically significant once the network reaches

sufficient depth: 3, 4, and 6 layers all outperform the No-GNN baseline (𝑝 < 0.05), whereas 2 and 5 layers

do not differ significantly. Third, the best overall model (6 layers, ΔNMAE = −1.41 pp) corresponds to

the fully tuned configuration from Experiment 1, suggesting that the hyperparameter search naturally

favored deeper graphs.

A.2.2. Analysis
Why does depth matter? The Italian transmission network has a chain-like north–south topology with

several island interconnections. A single message-passing step reaches only direct neighbours, which for

interior nodes (like Central-southern Italy) means only two or three zones. At 3–4 layers, the receptive

field spans the full peninsula, allowing the model to propagate signals from the northern industrial load

centers to the southern renewable-rich edges. The non-monotonic dip at 5 layers (ΔNMAE = +0.12 pp,

ns) might reflect mild over-smoothing: beyond a certain depth, repeated aggregation homogenizes

node representations and dilutes edge-specific information.

Practical implication. The graph structure is a meaningful component of the model: removing

it entirely is statistically comparable to using 2 or 5 layers, but significantly worse than the best

configurations (3, 4, or 6 layers). Given that the marginal computational cost of additional layers is small

relative to the LSTM encoder, operating at 3–6 layers is recommended. A depth of 3 layers offers the

best trade-off between receptive field coverage and over-smoothing risk, while 6 layers yields the largest

absolute improvement when combined with full hyperparameter tuning.

A.3. Experiment C: Which architectural design choices matter?
Do the non-standard architectural choices individually contribute to performance, or are some redundant?

Several design choices needs to be motivated : Pre-LayerNorm residuals, learnable residual gates,

antisymmetric edge encoding, edge updates, and max pooling for decoder initialization. A sixth ablation

removes the dedicated country-level encoder/decoder LSTMs, replacing them with the same graph-level

LSTM used for internal nodes. Each was motivated theoretically in Chapter 4. This experiment ablates

each choice in isolation to verify that the motivation translates into empirical gains.

A.3.1. Results
Table A.8 reports the overall test-set performance (averaged across all 16 edges and all 6 horizons) for

the proposed model and each single-component ablation. All differences were assessed with one-sided

paired Wilcoxon signed-rank tests (unit of observation: one metric value per edge×horizon cell, 𝑁 = 96

for NMAE/DA and 𝑁 = 90 for CF1), with Benjamini–Hochberg FDR correction applied across all 18

tests (6 variants × 3 metrics). Significance levels refer to adjusted 𝑝-values.
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Variant NMAE ↓ DA ↑ CF1 ↑
Proposed model 52.1% 89.8% 60.2%

Post-LayerNorm 54.9% 89.5% 58.8%

No residual gates (𝑔𝑛 = 𝑔𝑒 = 1) 54.3% 89.8% 58.2%

Symmetric edge encoding 57.1% 89.0% 56.7%

No edge updates 55.9% 89.4% 58.1%

Mean pooling (decoder init) 57.1% 89.4% 59.3%

No special LSTMs for countries 53.9% 89.9% 59.0%

No encoder-decoder LSTMs (GNN only) 76.9% 83.8% 40.0%

Table A.8: Ablation of architectural design choices averaged over all 16 edges and all 6 forecast horizons. Each row removes or

replaces exactly one component of the proposed model. See Table A.9 for full statistics.

Variant Metric 𝑁 Median Δ 𝑊 𝑝raw 𝑝adj

Post-LayerNorm NMAE 96 +1.35 3894.0 <0.001 <0.001 ***

DA 96 −0.09 1461.0 0.0018 0.0025 **

CF1 90 −0.68 1341.0 0.0022 0.0029 **

No residual gates NMAE 96 +0.59 3688.0 <0.001 <0.001 ***

DA 96 −0.04 1988.5 0.2252 0.2384

CF1 90 −1.00 1117.0 <0.001 <0.001 ***

Symmetric edge encoding NMAE 96 +1.21 4343.0 <0.001 <0.001 ***

DA 96 −0.23 774.0 <0.001 <0.001 ***

CF1 90 −2.22 799.0 <0.001 <0.001 ***

No edge updates NMAE 96 +1.30 3849.0 <0.001 <0.001 ***

DA 96 −0.22 1057.0 <0.001 <0.001 ***

CF1 90 −1.54 1056.0 <0.001 <0.001 ***

Mean pooling NMAE 96 +0.71 3981.0 <0.001 <0.001 ***

DA 96 −0.13 1264.0 <0.001 <0.001 ***

CF1 90 −0.77 1402.0 0.0047 0.0056 **

No country LSTMs NMAE 96 +0.58 3613.0 <0.001 <0.001 ***

DA 96 +0.02 2390.5 0.7244 0.7244

CF1 90 −0.72 1553.0 0.0233 0.0262 *

GNN only NMAE 96 +23.237 4656.0 0.0000 0.0000 ***

DA 96 -4.763 212.0 0.0000 0.0000 ***

CF1 90 -15.657 6.0 0.0000 0.0000 ***

Table A.9: Paired Wilcoxon signed-rank tests (one-sided) comparing each ablation variant against the proposed model. Unit of

observation: one metric value per edge×horizon pair (𝑁 = 96 for NMAE/DA, 𝑁 = 90 for CF1, edges without any congestion

events excluded). Δ = variant − baseline (positive Δ for NMAE means degradation, negative Δ for DA/CF1 means degradation).

𝑝
adj

: Benjamini–Hochberg FDR correction across all 18 tests. *** 𝑝 < 0.001, ** 𝑝 < 0.01, * 𝑝 < 0.05.
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A.3.2. Analysis
Every ablated component causes a statistically significant degradation in at least NMAE, confirming that

none of the six non-standard design choices is redundant. The magnitude and pattern of degradation

differs across components, however, and each result is interpretable in light of the theoretical motivation.

Pre-LayerNorm. Switching to Post-LN increases NMAE by a median of +1.35 percentage points

(pp) and degrades both DA (−0.09 pp, 𝑝adj = 0.0025) and CF1 (−0.68 pp, 𝑝adj = 0.0029). The result

is consistent with the theoretical concern raised in Chapter 4: with Post-LN, the residual stream is

normalised after the skip connection, which can cause the LSTM’s hidden state contribution to be

rescaled relative to the residual, effectively overwriting temporal memory accumulated across time

steps. Pre-LN places the normalization before the sublayer, keeping the residual path unnormalized and

preserving the LSTM’s influence over successive layers.

Residual gates. Removing the learnable scalar gates (𝑔𝑛 = 𝑔𝑒 = 1) raises NMAE by +0.59 pp (***) and

drops CF1 by −1.00 pp (***), while DA is not significantly affected (𝑝adj = 0.24). The gate’s primary role

is therefore congestion-sensitive: when a edge is near capacity, the model benefits from being able to

suppress or amplify the residual update selectively. The absence of a significant DA effect suggests that

directional sign prediction is a coarser task that does not require fine-grained control of information

flow between layers.

Antisymmetric edge encoding. This is the most damaging single ablation for CF1: replacing the

antisymmetric encoding with a symmetric one ([𝑒𝑖 𝑗] = [𝑒 𝑗𝑖]) degrades NMAE by +1.21 pp, DA by −0.23

pp, and CF1 by −2.22 pp, all at 𝑝adj < 0.001. As anticipated, DA is more affected here than in any other

ablation: a symmetric encoder assigns identical representations to both flow directions on a given edge,

so the model cannot distinguish whether flow is running from node 𝑖 to node 𝑗 or vice versa from the

edge embedding alone. A per-horizon breakdown showed that the gap widens monotonically with

horizon, reaching +7.8 pp NMAE at ℎ = 6, consistent with the accumulated ambiguity across longer

horizons.

Edge updates. Removing iterative edge embedding updates (hence reducing the GNN to node-only

message passing with static edge conditioning) raises NMAE by +1.30 pp, DA by −0.22 pp, and CF1 by

−1.54 pp, all at 𝑝adj < 0.001. Because the prediction target lies directly on the edges, the ability to refine

edge representations across GNN layers is particularly valuable: each pass allows the edge embedding

to integrate neighborhood context that was not available at the previous layer.

Max pooling for decoder initialization. Replacing max pooling with mean pooling for the aggregation

that seeds the decoder LSTM increases NMAE by +0.71 pp (***), reduces DA by −0.13 pp (***), and

reduces CF1 by −0.77 pp (**). Max pooling is a natural choice when congestion is spatially concentrated:

it selects the most activated node representation in the neighborhood, preserving the signal from the

bottleneck node rather than diluting it in a mean. The congestion metric (CF1) being significantly

affected supports this interpretation.

Country-level LSTMs. Removing the dedicated encoder/decoder LSTMs for country-aggregated

nodes and replacing them with the same graph-level LSTM used for internal nodes degrades NMAE by

+0.58 pp (***) and CF1 by −0.72 pp (*), but leaves DA unaffected (𝑝adj = 0.72). Country nodes aggregate

flows across multiple internal edges, so a dedicated recurrent module allows the model to learn a

separate temporal dynamics for this coarser spatial level. The limited impact on direction accuracy

relative to magnitude and congestion metrics suggests that the country-level context is more important

for quantitative accuracy than for directional classification.

GNN-only architecture (no encoder–decoder LSTMs). Removing all temporal encoder–decoder

LSTMs and relying solely on a per-step GNN constitutes a qualitative change in the model architecture

rather than a marginal ablation. As shown in Tables A.8 and A.9, this variant exhibits by far the largest

degradation across all metrics (e.g. +23.2 pp NMAE, −4.8 pp DA, −15.7 pp CF1; all 𝑝adj < 0.001),

indicating that purely spatial message passing is insufficient for the task. Without recurrent components,
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the model cannot accumulate or maintain temporal context across forecast steps, and each prediction

depends only on instantaneous graph snapshots. The collapse in performance therefore highlights the

central role of LSTM-based temporal processing in the proposed architecture: flow forecasting and

congestion events are fundamentally temporal phenomena that cannot be captured by a static GNN

alone.

Summary. All six core design choices contribute positively and significantly to at least one metric.

Considering the encoder-decoder GNN, the two ablations with the broadest impact across all three

metrics are antisymmetric edge encoding and edge updates, both yielding highly significant degradation

(***) on NMAE, DA, and CF1 simultaneously. Pre-LayerNorm and max pooling show moderate but

consistent improvements across all metrics. Residual gates and country LSTMs provide more targeted

gains, primarily in magnitude accuracy (NMAE) and congestion detection (CF1), with no significant

effect on directional accuracy.

A.4. Experiment D: Can the congestion signal be used as an intra-
day trading signal?

Does the predicted congestion ratio translate into actionable value for an intraday market participant?

The practical relevance of the model extends beyond forecasting accuracy. Formally, let f̂𝑡
𝑖 𝑗
∈ R denote

the net forecast flow on interconnection (𝑖 , 𝑗) at time 𝑡, and let 𝐶𝑡
𝑖 𝑗

be the corresponding day-ahead

published capacity. We define the congestion indicator as:

𝑟𝑡𝑖 𝑗 =
𝑓 𝑡
𝑖 𝑗

𝐶𝑡
𝑖 𝑗

(A.1)

An intraday trader who observes a predicted congestion ratio above a threshold 𝜃 could take a position

on the price spread between the two zones: if congestion is predicted on edge (𝑖 → 𝑗), zone 𝑗 is

expected to trade at a premium relative to zone 𝑖 (the exporting zone becomes the cheaper one once

the line is saturated). This experiment evaluates the model’s output as a trading signal, providing a

domain-specific assessment of its practical value.

How the trade works. European intraday electricity markets allow trading the same delivery hour at

multiple points in time before delivery. In Italy, the MI-A2 intraday auction closes at approximately

22:00 the day before delivery, while the XBID continuous platform remains open until ≈1 h before

delivery. Both markets quote a price per zone for the same delivery product, the difference is purely

temporal. MI-A2 is the earlier, less informed price, and XBID is the later, more informed price that acts

as the closest proxy to physical realization.

Consider a concrete example.

At 12:00, the model predicts congestion on edge (𝐴→ 𝐵) for the 18:00 delivery slot, 6 h ahead. The market

has not yet priced this in: XBID prices for 18:00 are nearly identical across zones (𝑃MI-A2

𝐴
= 100

=C/MWh,

𝑃MI-A2

𝐵
= 102

=C/MWh, spread = +2
=C/MWh).

Acting on the signal, the trader simultaneously:

1. buys 1 MWh in zone 𝐴 for delivery at 18:00 at 100
=C/MWh (the cheap, exporting zone), and

2. sells 1 MWh in zone 𝐵 for delivery at 18:00 at 102
=C/MWh (the expensive, importing zone).

The initial net cost of opening this spread position is 102 − 100 = 2
=C/MWh. The trader then holds the

position.

At 17:30, physical congestion materializes on the line as predicted.

Zone 𝐴 has excess supply and its XBID price falls to 80
=C/MWh, zone 𝐵 is starved of power and its XBID

price spikes to 150
=C/MWh. The spread has widened from 2

=C/MWh to 70
=C/MWh. The trader closes

both legs against the XBID last-traded price: the gross profit is (150 − 80) − (102 − 100) = 70 − 2 = 68
=C

per MW traded.
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In general, the gross Profit and Loss (PnL) of one signal is the change in the zonal spread between the

entry price and the XBID settlement, in the direction predicted by the model:

PnL
𝑡
gross

= sign( 𝑓 𝑡𝑖 𝑗) ·
[ (
𝑃XBID

𝑗 ,𝑡 − 𝑃XBID

𝑖 ,𝑡

)
−
(
𝑃

entry

𝑗 ,𝑡
− 𝑃entry

𝑖 ,𝑡

) ]
. (A.2)

If the spread moves in the predicted direction (PnLgross > 0), the trade is profitable, whereas if the

market had already priced in the congestion at entry time, the spread does not widen further and the

trade breaks even or loses. The XBID last-traded price thus serves as the ground truth for what the market

ultimately believed about physical conditions at delivery. The sign of 𝑓 𝑡
𝑖 𝑗

encodes the predicted flow

direction, which determines the trade direction: the trader buys 1 MWh in the source zone (expected to

be cheap) and sells 1 MWh in the target zone (expected to be expensive).

Entry price proxy. A key modelling assumption concerns the entry price 𝑃entry
. When the signal fires

at 12:00 for an 18:00 delivery slot (6 h ahead), MI-A2 has already closed (it closes around 22:00 the day

before delivery). However, XBID continuous trading is already open at 12:00, and MI-A2 auction prices

are available from the previous day’s session at the same delivery hour. In this simulation, the MI-A2

auction price is used as a proxy for the XBID continuous price at the time of signal firing. This is an

optimistic assumption: it implicitly supposes that the XBID market has not moved significantly from

the MI-A2 reference level at the moment of entry, so that the trader can be filled near the MI-A2 price in

the continuous market. In practice, XBID prices evolve continuously and the actual fill price could differ,

this assumption therefore represents a theoretical upper bound on performance. The bid-ask spread,

not modelled here while non-zero in practice, is not expected to materially affect the conclusions for the

purpose of this analysis.

This setup is a simplified simulation: it assumes a price-taking trader with no position size limit. Only

Italian-zone edges are evaluated as XBID data for cross-border zones (Austria, Switzerland, France,

Slovenia, Greece) are unavailable.

Signal construction. A binary trading signal 𝑠𝑡
𝑖 𝑗
= 1 is issued when the predicted flow magnitude

relative to capacity exceeds the threshold:

𝑠𝑡𝑖 𝑗 = 1

| 𝑓 𝑡
𝑖 𝑗
|

𝐶𝑡
𝑖 𝑗

> 𝜃

 . (A.3)

Metrics. Four metrics are reported for each model and threshold:

• Hit rate (%). Among all hours where the model issued a signal, what fraction actually experienced

physical congestion (i.e. | 𝑓 |/𝐶 > 𝜃)?

A high hit rate means that when the model says the line will be congested, it usually is. However,

a high hit rate alone does not guarantee profit: the market may have already priced in that

congestion at MI-A2.

• Direction accuracy (%). Among all signal hours, what fraction did the spread move in the

direction the model predicted (i.e. PnLgross > 0)?

A value above 50% means the model is right more often than a random coin flip. This is the most

direct measure of whether the signal contains information not yet reflected in MI-A2 prices.

• Average PnL (=C/MWh). The mean gross profit per trade, in euros per megawatt-hour, assuming a

1 MW position on every signal.

A positive average PnL means the strategy is profitable on average. Because electricity spreads

can be very large on some hours and near-zero on others, the average also captures the magnitude

of the opportunity, not just its frequency.

• Sharpe ratio. The Sharpe ratio measures whether the average profit is large relative to the

variability of individual trade outcomes.

Intuitively, two strategies might both earn +1
=C/MWh on average: one with very consistent small

gains (high Sharpe), and one that alternates between large wins and large losses (low Sharpe).
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A higher Sharpe ratio indicates a more reliable signal, one that generates steady returns rather

than occasional lucky spikes. Values above 1.0 are generally considered acceptable and values

above 3.0 indicate a very consistent edge over the evaluation period. Here, it is annualized using

365 × 24 hourly periods per year.

Horizon sensitivity. Because each model produces predictions at six different lead times (ℎ ∈
{1, . . . , 6}h), but MI-A2 and XBID prices are defined per delivery hour, only one horizon is selected per

delivery hour to avoid counting the same trade multiple times. Two horizons are reported:

• ℎ = 2 h: the signal fires approximately 2 h before delivery. The market has already partially priced

the congestion, so less residual information is available.

• ℎ = 6 h: the signal fires 6 h before delivery, when the congestion might not have been yet reflected

in intraday prices. More residual information may be available, particularly for models that can

predict physical conditions at longer lead times.

A.4.1. Results
Tables A.10 and A.11 report results for both horizons at 𝜃 = 0.9. Results at 𝜃 = 0.95 are consistent and

are omitted for brevity.

Model Hit rate (%) Dir. acc. (%) Avg. PnL (=C/MWh) Sharpe

Short persistence 41.6 52.5 0.82 3.28

Long persistence 24.6 50.8 -0.35 -2.18

Scheduled flow 6.0 49.7 0.03 0.21

ARIMA 47.0 52.4 0.48 3.02

LSTM 61.3 51.3 -0.40 -2.45

XGBoost 66.5 53.4 0.26 1.56

Linear regression 65.4 54.4 0.66 3.92

Proposed model 74.0 52.6 0.59 4.11

Table A.10: Two-market arbitrage simulation at 𝜃 = 0.9, horizon ℎ = 2 h. A signal is issued when |𝑦̂𝑖 𝑗 |/𝐶𝑖 𝑗 > 𝜃, the position is

opened in MI-A2 (intraday auction, ≈2 h before delivery) and settled against the XBID last-traded price (≈1 h before delivery).

Model Hit rate (%) Dir. acc. (%) Avg. PnL (=C/MWh) Sharpe

Short persistence 41.6 52.6 0.83 3.33

Long persistence 24.6 50.8 -0.36 -2.25

Scheduled flow 6.0 49.7 0.02 0.11

ARIMA 23.6 50.6 0.35 2.62

LSTM 46.5 50.4 -0.03 -0.15

XGBoost 49.4 52.4 0.32 1.91

Linear regression 48.5 52.5 0.27 1.57

Proposed model 59.0 52.6 0.84 5.52

Table A.11: Two-market arbitrage simulation at 𝜃 = 0.9, horizon ℎ = 6 h. A signal is issued when |𝑦̂𝑖 𝑗 |/𝐶𝑖 𝑗 > 𝜃, the position is

opened in MI-A2 (intraday auction, ≈2 h before delivery) and settled against the XBID last-traded price (≈1 h before delivery).

A.4.2. Analysis
Positive PnL. At ℎ = 2 (Table A.10), the proposed model achieves a positive average PnL of

+0.59
=C/MWh and a Sharpe ratio of 4.11, which is competitive with the best baselines (Short persistence:

+0.82, Sharpe 3.28, Linear regression: +0.66, Sharpe 3.92).

The hit rate of 74% is the highest of all models, confirming that the proposed model identifies the most

reliably congested hours.

Improvement at longer horizon. Switching to ℎ = 6 (Table A.11) reveals a clear advantage for the

proposed model: its average PnL rises to +0.84
=C/MWh and its Sharpe ratio increases to 5.52, making it

the best-performing model at this horizon. In contrast, most baselines do not improve : ARIMA drops
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from +0.48 to +0.35 and Linear regression from +0.66 to +0.27.

Short persistence is essentially flat (+0.82 → +0.83), which is expected because it relies on recent flow

observations rather than on multi-hour-ahead physical forecasts.

This pattern is consistent with the interpretation that the proposed model captures structural physical

information that is not yet reflected in intraday prices 6 h before delivery, whereas simpler baselines do

not add predictive value beyond what the market already knows.

Limitations and outlook. This experiment makes several simplifying assumptions: price-taking

behavior, no position limits, a single 1 MWh trade per signal, and entry at MI-A2 prices as a proxy

for the XBID price at signal time. This last assumption is the most consequential: MI-A2 had already

settled at the end of the previous day when the 6 h-ahead signal fires, and the XBID continuous price at

12:00 for an 18:00 delivery slot may differ from the MI-A2 reference. The results therefore represent an

optimistic upper bound, and a more realistic evaluation would require tick-level XBID data at the exact

time of signal generation.

A further simplification is that no limit-order logic is modelled: in practice, a trader would define a

target entry price and wait for the XBID continuous market to reach that level before executing, rather

than assuming immediate fill at the reference price.

Nevertheless, the consistent directional result, the proposed model improves with lead time while

baselines do not, suggests that extending the model to longer forecast horizons (12 h, or even 24 h) could

further increase the exploitable information advantage before the congestion is reflected in intraday

prices.



B
Variability

B.1. Variability of baseline performance
Model NMAE ↓ DA ↑ CF1 ↑

Short persistence 69.8 ± 43.8% 86.1 ± 7.2% 56.9 ± 23.1%

Long persistence 135.0 ± 120.1% 76.5 ± 18.9% 16.2 ± 19.5%

Scheduled flow
∗

204.6 ± 133.8% 86.4 ± 10.8% 37.6 ± 29.9%

ARIMA 61.2 ± 42.8% 88.3 ± 9.8% 59.5 ± 26.2%

LSTM 77.5 ± 75.9% 88.3 ± 8.4% 51.1 ± 26.9%

XGBoost 81.4 ± 90.4% 89.1 ± 8.2% 51.4 ± 26.8%

Linear regression 77.4 ± 96.8% 87.6 ± 10.2% 46.9 ± 28.2%

GNN 76.9 ± 49.8% 83.8 ± 12.3% 40.0 ± 33.6%

Proposed model 52.1 ± 41.7% 89.8 ± 8.0% 60.2 ± 25.2%

Table B.1: Comparison with baselines on the test set (2025). NMAE is expressed per edge as a percentage of the edge training

mean flow, then averaged across all edges. DA and CF1 are expressed as percentages. Bold: best, underline: second-best.

∗
Scheduled flow NMAE is high because the day-ahead schedule is not designed to minimize MAE but to ensure feasibility so it is

included as an operational reference.

B.2. Variability of per-horizon performance
Model h=1 h=2 h=3 h=4 h=5 h=6
Short persistence 69.8 ± 45.0% 69.8 ± 45.0% 69.8 ± 45.0% 69.8 ± 45.0% 69.8 ± 45.0% 69.8 ± 45.0%

Long persistence 134.9 ± 123.3% 134.9 ± 123.3% 135.0 ± 123.4% 135.0 ± 123.4% 135.0 ± 123.4% 135.0 ± 123.4%

Scheduled flow
∗

204.6 ± 138.2% 204.6 ± 138.3% 204.6 ± 138.3% 204.6 ± 138.4% 204.6 ± 138.4% 204.6 ± 138.4%

ARIMA 28.1 ± 18.5% 46.4 ± 30.8% 59.5 ± 38.0% 69.7 ± 42.8% 78.2 ± 46.7% 85.2 ± 49.6%

LSTM 60.5 ± 68.5% 70.8 ± 73.5% 77.8 ± 77.1% 82.2 ± 79.4% 85.9 ± 82.5% 87.6 ± 82.5%

XGBoost 65.3 ± 89.2% 75.5 ± 90.6% 81.7 ± 91.8% 85.9 ± 93.1% 88.8 ± 94.1% 91.1 ± 95.4%

Linear regression 62.3 ± 102.7% 72.5 ± 100.4% 78.2 ± 99.0% 81.7 ± 98.1% 84.0 ± 97.4% 85.6 ± 97.0%

GNN 73.7 ± 48.8% 75.3 ± 50.0% 76.5 ± 50.8% 77.7 ± 51.8% 78.6 ± 52.3% 79.6 ± 53.1%

Proposed model 32.5 ± 27.9% 45.1 ± 35.9% 52.7 ± 40.6% 57.6 ± 44.1% 61.0 ± 47.0% 63.6 ± 49.1%

Table B.2: NMAE ↓ (%) per horizon on the 2025 test set. Bold indicates best, underline second-best.
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Model h=1 h=2 h=3 h=4 h=5 h=6
Short persistence 86.1 ± 7.4% 86.1 ± 7.4% 86.1 ± 7.4% 86.1 ± 7.4% 86.1 ± 7.4% 86.1 ± 7.4%

Long persistence 76.5 ± 19.4% 76.5 ± 19.4% 76.5 ± 19.4% 76.5 ± 19.4% 76.5 ± 19.4% 76.5 ± 19.4%

Scheduled flow
∗

86.4 ± 11.2% 86.4 ± 11.2% 86.4 ± 11.2% 86.4 ± 11.2% 86.4 ± 11.2% 86.4 ± 11.2%

ARIMA 94.9 ± 3.0% 91.7 ± 5.5% 89.0 ± 7.7% 86.7 ± 9.8% 84.7 ± 11.5% 83.0 ± 13.0%

LSTM 91.4 ± 7.0% 89.5 ± 7.8% 88.3 ± 8.2% 87.3 ± 8.9% 86.9 ± 9.0% 86.4 ± 9.3%

XGBoost 92.1 ± 8.5% 90.1 ± 8.4% 89.1 ± 8.0% 88.4 ± 7.9% 87.8 ± 8.1% 87.4 ± 8.5%

Linear regression 90.5 ± 10.6% 88.7 ± 10.4% 87.5 ± 10.3% 86.8 ± 10.2% 86.3 ± 10.3% 85.9 ± 10.4%

GNN 84.2 ± 12.5% 84.0 ± 12.5% 83.9 ± 12.5% 83.7 ± 12.6% 83.5 ± 12.7% 83.4 ± 12.7%

Proposed model 93.3 ± 5.8% 91.1 ± 7.2% 89.7 ± 8.1% 88.8 ± 8.5% 88.3 ± 8.7% 87.8 ± 8.9%

Table B.3: DA ↑ (%) per horizon on the 2025 test set. Bold indicates best, underline second-best.

Model h=1 h=2 h=3 h=4 h=5 h=6
Short persistence 56.9 ± 23.8% 56.9 ± 23.8% 56.9 ± 23.8% 56.9 ± 23.8% 56.9 ± 23.8% 56.9 ± 23.8%

Long persistence 16.2 ± 20.1% 16.2 ± 20.1% 16.2 ± 20.1% 16.2 ± 20.1% 16.2 ± 20.1% 16.2 ± 20.1%

Scheduled flow
∗

37.6 ± 31.1% 37.6 ± 31.1% 37.6 ± 31.1% 37.6 ± 31.1% 37.6 ± 31.1% 37.6 ± 31.1%

ARIMA 76.3 ± 15.4% 66.5 ± 20.6% 59.6 ± 24.5% 54.9 ± 27.2% 51.3 ± 29.1% 48.6 ± 30.8%

LSTM 63.9 ± 22.9% 55.6 ± 26.2% 50.4 ± 27.3% 47.2 ± 28.1% 45.1 ± 28.0% 44.4 ± 27.6%

XGBoost 70.8 ± 17.8% 57.9 ± 23.4% 50.5 ± 26.0% 45.5 ± 27.8% 42.7 ± 28.2% 41.4 ± 28.0%

Linear regression 62.6 ± 28.3% 52.2 ± 27.4% 46.1 ± 27.6% 42.6 ± 27.5% 39.8 ± 27.8% 38.2 ± 27.8%

GNN 40.9 ± 34.9% 40.5 ± 34.8% 40.1 ± 34.7% 39.8 ± 34.6% 39.5 ± 34.4% 39.4 ± 34.3%

Proposed model 73.4 ± 17.1% 64.2 ± 22.6% 58.6 ± 26.2% 56.3 ± 27.0% 55.1 ± 27.2% 53.4 ± 28.0%

Table B.4: CF1 ↑ (%) per horizon on the 2025 test set. Bold indicates best, underline second-best.



C
Use of Generative AI Tools

In accordance with TU Delft’s guidelines on the appropriate use of generative AI tools in end projects,

the following discloses the use of such tools in this thesis.

Tools used. Copilot was used throughout this project.

Writing assistance. Copilot was used to improve the clarity, grammar, and academic style of drafted

text. All ideas, arguments, interpretations, and technical content are the author’s own, AI assistance

was limited to rephrasing and readability improvements on text already written by the author.

Code assistance. Copilot was used for debugging support and improving code readability. All core

architectural decisions, model design, and experimental logic were conceived and implemented by the

author.

Responsibility and verification. The author retains full intellectual responsibility for all content in

this thesis. All AI-generated suggestions were critically reviewed, verified, and edited before inclusion.

No sensitive, confidential, or proprietary data was entered into any generative AI tool.
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