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H I G H L I G H T S

∙ We developed a Machine Learning approach to predict the term structure of electricity futures prices.

∙ The framework is tested for univariate and multivariate forecasting using real-world power data, showing cutting-edge results.

∙ The role of various exogenous factors is assessed.

∙ Forecasts are made on both stable and extremely volatile test sets to thoroughly evaluate the models’ predictive power.

∙ A comparative study with popular statistical and ML methods was carried out.
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A B S T R A C T

In recent years international power markets have witnessed high uncertainty and extraordinary volatility which, 

given the inherent complexity of the market, has made the Electricity Price Forecasting (EPF) process increas-

ingly difficult. Therefore the development of a proper forecasting framework suitable for both stable and volatile 

periods has assumed an increasing importance for market players and policymakers in both strategic planning 

and risk management. At present, the majority of the studies on electricity price forecasting focused on the anal-

ysis of spot markets, neglecting the importance of derivative price modeling to mitigate the risks induced by 

market downturns and turmoil. Our study nests within this research stream and analyzes the potential of a set 

of state-of-the-art Machine Learning (ML) models for the prediction of the term structure of electricity futures 

prices. The objective is to define an ML-based framework capable of ensuring high predictive performance of the 

term structure during both stable and extremely turbulent conditions. In this regard we examined the predictive 

capabilities of a variety of Dynamic Recurrent Neural Networks (DRNNs) including: Nonlinear Autoregressive 

Neural Networks (NAR-NNs), NAR with Exogenous Inputs (NARX-NNs), Long Short-Term Memory (LSTM-NNs), 

Stacked Long Short-Term Memory (ST-LSTM-NNs), Bidirectional Long Short-Term Memory (BI-LSTM-NNs) and 

Encoder–Decoder Long Short-Term Memory Neural Networks (ED-LSTM-NNs). The models were applied to both 

low fluctuating and volatile sets of daily futures prices of the European Energy Exchange (EEX) for univariate 

as well as multivariate forecasting. Additionally, we compared this set of networks to baseline models com-

monly used in the EPF literature, including classical statistical and ML methods. Empirical results highlighted 

that DRNN models predictions are consistent with futures prices trends observed under different market regimes 

and outperform the competitors’ performance. Overall, main outcomes of the study may be summarized as fol-

lows: LSTM-based models seem to have the highest predictive power, with robust performance under various 

conditions. In detail the Multivariate BI-LSTM-NN performs better under quiet market conditions ensuring an ac-

curacy level of 98.11 %, while the Univariate ED-LSTM-NN ensures superior predictive performance in presence 

of turmoil, achieving a 95.33 % accuracy.
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Nomenclature

ADAM Adaptive Moment Estimation

AR Autoregressive

ARX Autoregressive with Exogenous Regressors

BI-LSTM-NN Bidirectional Long Short-Term Memory Neural

Network

BM Baseline Models

BP-NN Back-Propagation Neural Network

CO2 Carbon Emission Certificates

DRNN Dynamic Recurrent Neural Network

ED-LSTM-NN Encoder–Decoder Long Short-Term Memory Neural

Network

EEX European Energy Exchange 

EPF Electricity Price Forecasting

EU-ETS European Emissions Trading System 

EU European Union 

FF-NN Feed-Forward Neural Network 

HLN Harvey-Leybourne-Newbold 

IW-NN Improved Wavelet Neural Network 

JB Jarque–Bera 

LMBP Levenberg–Marquardt Backpropagation 

LSTM-NN Long Short-Term Memory Neural Network 

M-BI-LSTM-NN Multivariate Bidirectional Long Short-Term Memory

Neural Network 

M-ED-LSTM-NN Multivariate Encoder–Decoder Long Short-Term

Memory Neural Network 

M-LSTM-NN Multivariate Long Short-Term Memory Neural Network 

M-MLP Multivariate Multilayer Perceptron 

M-ST-LSTM-NN Multivariate Stacked Long Short-Term Memory

Neural Network

M-SVR Multivariate Support Vector Regression

MAPE Mean Absolute Percentage Error

MEFPP Multivariate Electricity Futures Price Prediction Process

ML Machine Learning

MLP Multilayer Perceptron

NAR-NN Nonlinear Autoregressive Neural Network

NARX-NN Nonlinear Autoregressive Neural Network with

Exogenous Inputs

NG Natural Gas

PCA Principal Component Analysis

RBF-NN Radial Basis Function Neural Network 

RNN Recurrent Neural Network

RMSFE Root Mean Squared Forecasting Error

SARIMA Seasonal Autoregressive Integrated Moving Average

SARIMAX Seasonal Autoregressive Integrated Moving Average with

Exogenous Regressors 

ST-LSTM-NN Stacked Long Short-Term Memory Neural Network

SVR Support Vector Regression 

TTF Title Transfer Facility

U-BI-LSTM-NN Univariate Bidirectional Long Short-Term Memory

Neural Network 

U-ED-LSTM-NN Univariate Encoder–Decoder Long Short-Term

Memory Neural Network 

U-LSTM-NN Univariate Long Short-Term Memory Neural Network 

U-MLP Univariate Multilayer Perceptron 

U-ST-LSTM-NN Univariate Stacked Long Short-Term Memory Neural

Network

U-SVR Univariate Support Vector Regression

UEFPP Univariate Electricity Futures Price Prediction Process

1. Introduction

Electricity is an essential source of energy in modern societies, 

playing a pivotal role in powering various segments of the economy 

such as the residential, commercial, industrial, and transport sectors. 

In this respect, changes in either the prices or the availability of this 

commodity can exert deep, beneficial as well as potentially devastat-

ing, knock-on effects on the social and economic fabric, affecting the 

development prospects of countries.

Exogenous events, such as the climate change, green economy poli-

cies, deregulation, as well as the geopolitical crises in more recent times, 

can have a significant impact on international electricity markets, in-

creasing uncertainty and price volatility, with sudden spikes and drops 

in price levels [45,120]. An evidence in this sense is provided by con-

sidering the period from mid-2021 to the end of 2022, when price 

dynamics have experienced rapid growth and unprecedented highs in 

terms of both price levels and volatility [129]. The primary reason for 

this sensitivity to exogenous events lies in the specific features that make 

electricity a unicum with respect to other energy commodities, namely, 

non-storability, i.e. the impossibility of storing electricity in sufficient 

quantities at a reasonable price and the presence of inelastic demand, 

that is the absence of significant and quick demand adjustments to 

price/supply changes. These features are a source of complexity in man-

aging the impact on prices of abrupt shifts in supply and demand. This, 

in turn, exposes market participants to significant risks in power prices.

In light of this, risk management plays a key role in mitigating the 

effects of an excessive exposure to market price volatility and futures 

contracts are probably the most widespread financial instruments used 

to hedge positions.

Electricity futures contracts traded on financial markets can have dif-

ferent delivery periods, ranging from a few days to weeks, a season, or

a whole year. Additionally, they are characterized by various maturities 

which span from short-term, in the case of day, weekend and week 

futures, to mid-long term as in the case of monthly, quarterly and yearly 

contracts. It is a common practice to analyze them as a whole, exam-

ining how the price evolves along the maturity spectrum, thus forming 

the so-called term structure of futures prices.

The term structure describes the relationship between the settlement 

prices of futures contracts and different expiration dates, with the fu-

tures curve being its graphical representation. Studying its evolution 

over time, on the one hand, gives an idea of the market supply and de-

mand dynamics, as it is known that the curve incorporates practitioners’ 

expectations about the market behavior [38], while on the other hand, it 

allows for the definition of properly structured investment and hedging 

strategies.

Setting aside speculative purposes, electricity futures contracts are 

used by the counterparties with the main goal of reducing their risk 

exposure: power producers, in particular, will take short positions on 

futures contracts to lock in a guaranteed price, thereby hedging against 

any downward movements in the spot price and decreasing the volatil-

ity of their revenues; consumers and power retailers, for their part, will 

take long positions and leverage the different delivery periods in con-

tracts to buy/sell the good at a fixed price, thereby reducing the risk of 

encountering sudden price spikes. All this leads to greater stability in 

price and supply, with direct benefits to both the social fabric and the 

economy in terms of development and competitiveness. In this respect 

obtaining reliable forecasts of the futures curve dynamics and trends 

becomes of paramount importance in many scenarios and for different 

market players.

To date, the overwhelming majority of research studies have fo-

cused on power spot price modeling and forecasting. Extensive reviews 

of the state-of-the-art can be found in [23,32,39,101,143]. According
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to [37] the most widely used models are those belonging to the class 

of fundamental methods [27,35,46,61,62,83,102,113,128] that model 

electricity price dynamics assuming the influence of fundamental drivers 

(e.g. demand, loads, weather conditions), and reduced-form methods 

[7,18,30,31,51,89,100,105,139] which explain price dynamics by inves-

tigating main features like seasonal volatility, spikes, time-varying mean 

reversion and correlations between commodity prices. Furthermore, a 

plenty of works focused on statistical/econometric methods [24,72,91, 

112,116,125,131,149,153] to develop modeling frameworks based on 

endogenous historical price values and/or exogenous variable values, as 

well as on probabilistic techniques [58,70,98,110,152] that model spot 

prices by quantifying prediction uncertainty, and hybrid approaches 

[12,25,63,73,93,145,147,148] which combine techniques from two or 

more of the groups listed above.

Moreover, in light of the features characterizing electricity price 

dynamics, in the last decades Machine Learning (ML) models have 

gained increasing attention: a significant portion of publications in 

the EPF field make use of these methods as they have shown excel-

lent modeling performances due to their capability to handle unstable 

nonlinear data dynamics [53]. Unlike the other approaches, ML tech-

niques, on the one hand, don’t make assumptions about the functional 

form or statistical properties of the data set under examination, while 

on the other hand, they rely on nonlinear optimization techniques. 

These features make them overall more effective, accurate and hence 

popular for predictive purposes. In this regard, various techniques com-

bining learning, evolution and fuzziness have been developed [135]. 

The result is a plethora of approaches capable of adapting to com-

plex dynamic systems and achieving accurate power price predictions 

[57,84,104,107,121,127,142,151]. Readers can refer to the surveys in 

[74,99,135] for a comprehensive study of the aforementioned classes of 

models.

However, research about predicting futures prices dynamics is rel-

atively more limited and less diversified. Most of the literature, in 

fact, focuses mainly on modeling price dynamics or on deriving fu-

tures prices from spot prices with various pricing techniques based 

on stochastic processes, rather than on direct futures curve prediction. 

To make some examples, likewise in the spot market, most commonly 

used methods in the research literature include reduced-form meth-

ods as well as structural methods. Reduced-form methods, in turn, 

include a wide spectrum of modeling approaches ranging from fac-

tor/term structure methods based on stochastic processes [13,15,22, 

39,40,44,69,138], to regime-switching frameworks [86], stochastic par-

tial differential equation models [11,14,87], volatility models [55] and 

jump/diffusion models [21,49,95]; while structural methods include

equilibrium-based models [3,60], econometric approaches [65,108] as 

well as merit-order frameworks [43]. With respect to ML techniques, 

their predictive abilities within the electricity futures market haven’t 

been extensively analyzed as done for spot markets. To the best of the 

authors’ knowledge, in fact, there are no published papers exploring 

the potential of computational intelligence methods to directly forecast 

electricity futures prices and/or the whole term structure, with some 

notable exceptions including: [144] who discussed a framework based 

on Principal Component Analysis (PCA) and Improved Wavelet Neural 

Networks (IW-NN) with multiple input variables (power futures and 

average spot price, consumption, production, demand, weekly reser-

voir generation) for daily predictions in the Nord Pool market; [146] 

who suggested a Radial Basis Function Neural Network (RBF-NN) for 

the pointwise forecasting within the Nordic electricity market compar-

ing it to a simple Back-Propagation Neural Network (BP-NN), and [96] 

who developed a simple Feed-Forward Neural Network (FF-NN) con-

taining several external variables (consumption, generation, prices and 

weather data) for monthly price forecasting in the Iberian electricity 

market.

Although the above mentioned NN models are endowed with greater 

robustness and nonlinear mapping capabilities compared to traditional 

methods, their main drawback lies in the lower ability to examine the

relationship between data and time and hence to capture temporal 

correlations in sequential/time series data due to the lack of dynamic 

memory [54,133]. Therefore, it is the authors’ opinion that there is 

enough room to explore more sophisticated NN architectures capable 

of managing not only nonlinearity, but also capturing and leveraging 

internal time dependencies of historical datasets, thus representing an 

invaluable tool to achieve accurate forecasts.

An additional “limitation” of the cited literature is the focus on 

price dynamics predictions of single futures contracts, thereby neglect-

ing the modeling of the whole term structure. This gap needs to be 

addressed in state-of-the-art research papers, given the paramount im-

portance of the term structure for production, operation, investment and 

risk management strategies outlined in the previous lines.

Based on the above premises as well as on the belief that the capabili-

ties of ML models haven’t yet been fully unraveled in this field, this study 

develops a framework based on Dynamic Recurrent Neural Networks 

(DRNNs) to tackle the issue of predicting the electricity futures prices 

term structure dynamics. These models have achieved cutting-edge re-

sults in various fields such as economics [5,10,17,78,80,97,106,111, 

118,126], physics [41,82,123,130,141], medicine [2,33,88,109,136] 

and finance [6,34,71,81,90,115,140], gaining significant success also 

within energy commodities markets [1,9,29,119,132,134,150] due to 

their ability to manage complex nonlinear problems involving temporal 

dependencies within sequential and time series data, as well as noisy 

and chaotic datasets.

DRNNs can represent a more robust, flexible and data-driven alter-

native to conventional methods, which often struggle to adapt to mar-

ket changes requiring frequent parameter recalibration or new model 

specifications, due to their reliance on (i) predefined economic/finan-

cial/stochastic assumptions about price formation and market behavior, 

and (ii) the Markovian properties or simplified structures that limit 

memory depth. By leveraging flexible function approximation, temporal 

feature extraction, adaptive learning, and deep recurrent architectures, 

DRNNs learn temporal dependencies and nonlinear relationships di-

rectly from data, and can thus detect and dynamically adapt to structural 

shifts, regime changes, and extreme price fluctuations without rely-

ing on predefined functional forms or imposing rigid assumptions on 

underlying processes and distributions. As a result, DRNNs seem partic-

ularly well-suited for modeling intricate dynamics, extreme fluctuations, 

and uncovering hidden structural patterns that traditional models often 

overlook.

Overall, these properties turn out to be of crucial importance in the 

electricity futures market since electricity price data are characterized 

by high volatility, non-linearity and non-stationarity.

We therefore examined a set of DRNNs including: the Nonlinear 

Autoregressive Neural Network (NAR-NN), Nonlinear Autoregressive 

Neural Network with Exogenous Inputs (NARX-NN), Long Short-Term 

Memory Neural Network (LSTM-NN), Stacked Long Short-Term Memory 

Neural Network (ST-LSTM-NN), Bidirectional Long Short-Term Memory 

Neural Network (BI-LSTM-NN) and Encoder–Decoder Long Short-Term 

Memory Neural Network (ED-LSTM-NN) for day-ahead predictions of 

the electricity futures curve. We explored the models ability in both 

univariate and multivariate forecasting. At first, we assessed the poten-

tial of the models to obtain robust electricity futures curves predictions 

considering only endogenous past values, i.e. using the autoregressive 

dynamics of the target series that form the futures curve. In a second 

moment, we tested whether embedding exogenous factors can lead to 

improvements in the models’ forecasting power. To such aim, we in-

corporated into the neural models the more closely related covariates 

such as Natural Gas (NG) and Coal futures prices as well as Carbon 

Emission Certificates (CO 2 

) spot prices since they represent important 

electricity generation costs [8] that significantly influence the dynamics 

of electricity futures prices.

Additionally, the overall adequacy of the forecasting framework was 

assessed under both steady and critical market conditions. To this end, 

we collected data spanning March 2017 to September 2023, ensuring the
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inclusion of periods of relevant uncertainty and volatility (e.g. the Covid-

19 pandemic and the 2021–2023 global energy crises), and examined the 

framework across two contrasting time spans: one more stable with low 

variations in the price levels, and another marked by an extreme variety 

of behaviors, and generally, by very high volatility.

Finally, to fully evaluate the robustness and effectiveness of the net-

works’ predictive performances, we compared the proposed framework 

against a set of well-established baseline models commonly used in the 

EPF literature, that is classical statistical (i.e. ARIMA-based models) and 

ML (i.e. Multilayer Perceptron, Support Vector Regression) methods. In 

order to ensure homogeneity and comparability of the results, all the 

baseline models were used in the univariate and multivariate settings as 

well.

Overall, this work contributes to the existing literature towards 

many directions that are summarized as follows: (i) we focused on the 

power futures market, stressing the importance of derivatives for risk 

hedging purposes; (ii) we run day-ahead forecasts of electricity futures 

prices term structure with state-of-the-art Dynamic Recurrent Neural 

Networks; (iii) we addressed some issues raised in [74] by comparing 

different complex Deep Learning (DL) architectures to show their per-

formance with respect to each other, and by using relatively long test 

sets to ensure meaningful conclusions; (iv) we performed both univari-

ate and multivariate predictions and stress-tested the framework under 

various market regimes; (v) we extended the idea behind fundamental 

models to DRNNs and incorporated different time-dependent exogenous 

input variables to enhance neural networks’ predictive abilities; (vi) we 

tested the ML-based framework using real market data from the lead-

ing and most liquid energy exchange worldwide, i.e. The European 

Energy Exchange (EEX); and finally (vii) by also considering periods 

characterized by significant uncertainty we contributed to evaluating 

the predictability of energy commodities futures prices under extreme 

market conditions.

The remainder of the paper is organized as follows. Section 2 dis-

cusses the DRNN models in use; Section 3 analyzes the data set; Section 4 

presents the empirical findings and discusses the main results; Section 5 

concludes.

2. Recurrent Neural Networks-based models

Recurrent Neural Networks (RNNs) are a class of deep neural net-

works designed for modeling either sequential data or time series for 

predictions where past information plays a pivotal role. Key features 

of RNNs include feedback loop-based architecture and memory mecha-

nisms which enable the network to learn features as well as short-term 

and/or long-term dependencies of the data, storing the relevant infor-

mation and employing this knowledge to generate future outputs of the 

data sequence.

In this section we present and discuss six types of RNNs that 

have gained wide success for univariate and multivariate forecast-

ing of time-series, namely the Nonlinear Autoregressive (NAR-NNs), 

Nonlinear Autoregressive with Exogenous Inputs (NARX-NNs), Long 

Short-Term Memory (LSTM-NNs), Stacked Long Short-Term Memory 

(ST-LSTM-NNs), Bidirectional Long Short-Term Memory (BI-LSTM-NNs) 

as well as Encoder–Decoder Long Short-Term Memory Neural Networks 

(ED-LSTM-NNs).

2.1. Nonlinear Autoregressive Neural Networks

The Nonlinear Autoregressive Neural Network (NAR-NN) and the 

Nonlinear Autoregressive Neural Network with Exogenous variables 

(NARX-NN) are conceived as a nonlinear generalization of the clas-

sical linear Autoregressive (AR) model, aimed at managing nonlinear 

processes [4].

Given the univariate time series {𝑥 𝑡 

}, the NAR-NN predicts the future 

value at time 𝑡 based on the 𝑑 past endogenous values (feedback delays)

used as regressors: 

𝑥 𝑡 

= 𝑓 (𝑥 𝑡−1 

, 𝑥 𝑡−2 

,… , 𝑥 𝑡−𝑑 

), (1)

where 𝑓 (⋅) is a nonlinear transfer function as it will be discussed later 

in this section, while 𝑥 𝑡−𝑗 

(𝑗 = 1, … , 𝑑) are the endogenous lagged input 

signals.

The NARX-NN model is a modified version of the above NAR-NN 

and it takes advantage of the information incorporated into exogenous 

inputs. The NARX-NN, in fact, predicts the future value of the univariate 

series {𝑥 𝑡 

} at time 𝑡 using both the 𝑑 past endogenous values of the series 

and the ℎ lagged values of the exogenous series {𝑦 𝑡 

𝑥 𝑡 

= 𝑔(𝑥 𝑡−1 

, 𝑥 𝑡−2 

,… , 𝑥 𝑡−𝑑 

, 𝑦 𝑡−1 

, 𝑦 𝑡−2 

,… , 𝑦 𝑡−ℎ 

), (2)

}:

where 𝑥 𝑡−𝑗 (𝑗 = 1, … , 𝑑) is the same as in 1, 𝑔(⋅) is a nonlinear trans-

fer function, while 𝑦 𝑡−𝑘 

(𝑘 = 1, … , ℎ) are the exogenous lagged input

observations.

The NAR-NN and NARX-NN models are characterized by a fully con-

nected Multilayer Feed-Forward Network [56] architecture in which 

interconnected information processing elements (neurons) are grouped 

into multiple sequential layers, namely:

(a) the Input layer which propagates the input features to the adjacent

Hidden layer;

(b) one or more Hidden layer(s) between the Input and Output layers

where the network tries to learn and recognize complex patterns 

in the data by means of nonlinear transformations of the inputs;

(c) the final Output layer which leads to the predicted value 𝑥 𝑡 

.

These networks also contain a re-feeding mechanism which allows 

the use of predicted values as inputs for future forecasts. The structure 

of the NAR-NN and NARX-NN models is given in Fig. 1.

The optimal topology, i.e. the optimal number of hidden layers, neu-

rons, feedback delays and activation functions, depends on the problem 

domain. Usually it is identified following a trial and error approach by 

comparing different network configurations, and considering also the 

bias/variance tradeoff, i.e. the trade-off between the network’s com-

plexity and its ability to capture regularities in training data as well 

as generalize well to unseen data.

Once stated the topology, the network undergoes the training and 

learning processes in an Open Loop aimed at identifying the proper 

transfer function to form a correct mapping between lagged input se-

ries and target values making use only of observed historical data. In 

this phase, network parameters are calibrated by means of the back-

propagation algorithm, such that the overall network error is minimized. 

Different learning algorithms can be used to optimize the loss function, 

the choice depends on factors like computational time, error goals, or the 

amount of training data, weights and biases. The Levenberg–Marquardt 

Backpropagation Algorithm (LMBP) [77,85] is one of the most widely 

used learning rules in NAR-NNs and NARX-NNs as it inherits the ad-

vantages of the steepest descent method (in terms of stability) and the 

Gauss–Newton algorithm (in terms of speed), hence ensuring robustness, 

fast convergence rate and quicker training speed [137]. In the end, the 

configuration that provides the best performance is chosen.

In this context, the transfer function 𝑓 (⋅) for the NAR-NN given in (1) 

can be represented as follows:

𝑥 𝑡 

= 𝜔 0 

+
𝑛
∑ 

𝑖=1
𝜔 𝑖 

Λ 

( 

𝛼 𝑖,0 

+
𝑑
∑ 

𝑗=1
𝛼 𝑖,𝑗𝑥 𝑡−𝑗 

) 

, (3)

while (2) for the NARX-NN turns into: 

𝑥 𝑡 

= 𝜔 0 

+
𝑛
∑ 

𝑖=1
𝜔 𝑖 

Λ 

( 

𝛼 𝑖,0 

+
𝑑
∑ 

𝑗=1
𝛼 𝑖,𝑗 

𝑥 𝑡−𝑗 

+
ℎ
∑

𝑘=1
𝛾 𝑖,𝑘 

𝑦 𝑡−𝑘

) 

. (4)

Here, 𝑑 and ℎ are, respectively, the number of lagged endogenous

(𝑥 𝑡−𝑗 , 𝑗 = 1, … , 𝑑) and exogenous (𝑦 𝑡−𝑘 

, 𝑘 = 1, … , ℎ) input units fed to

Applied Energy 394 (2025) 126082 

4 



O. Castello and M. Resta

Fig. 1. Topology of the NAR-NN (a) and NARX-NN (b) models. 𝑍 

−1 is the unit 

delay operator, blue circles are the neurons in the Input Layer, yellow circles 

represent nodes in the Hidden Layer(s), while the green node is the Output Layer.

each hidden neuron 𝑖; Λ(⋅) is the activation function [124] (usually the 

sigmoid) that transforms the weighted sum of inputs and biases, man-

aging either the activation or the deactivation of the networks neurons;

𝛼 𝑖,𝑗 and 𝛾 𝑖,𝑘 

represent the neuron weight of the connection between the 

input units 𝑗, 𝑘 and the hidden unit 𝑖; 𝜔 𝑖 

is the weight of the connection 

between the hidden unit 𝑖 and the output unit; finally 𝛼 𝑖,0 

and 𝜔 0 

are the 

bias used to optimize the working point of the neurons in the hidden 

and output units respectively.

After the training, the optimal network is turned into a Closed Loop 

network and, leveraging internal feedback loops, it is used to execute 

one/multistep-ahead predictions (see Fig. 1) following an iterative ap-

proach: at each forecasting step the new predicted value is fed back 

towards the input layer through the re-feeding mechanism and is used to 

update the previous set of input lagged values to make new predictions 

in the next steps.

2.2. Long Short-Term Memory Network

The Long Short-Term Memory Neural Network (LSTM-NN) [52] is 

an RNN that can learn both short and long-term nonlinear dependencies 

in sequential data and retain relevant information over a long-term pe-

riod. These features make it possible to overcome the RNNs’ problem of 

vanishing/exploding gradients which hampers their ability to learn long 

data sequences.

Fig. 2. Schematic representation of the LSTM memory unit. Here, 𝑐 𝑡−1 

represents 

the cell state at time 𝑡 − 1, and it is associated to the long-term memory; ℎ 𝑡−1 

is 

the hidden state at time 𝑡 − 1, and it is associated to the short-term memory; 

𝑥 𝑡 

represents the current input vector; 𝑓𝑔 𝑡 

, 𝑖 𝑡 and 𝑜 𝑡 are the outputs associated

to the Forget gate, Input gate and Output gate, respectively; Φ and 𝑡𝑎𝑛ℎ iden-

tify, respectively, the logistic and the hyperbolic tangent activation functions;

𝑾 𝑓𝑔 , 𝑾 𝑖 and 𝑾 𝑜 are the weight matrices used in the Forget, Input and Output 

gates, respectively; 𝑐 𝑡 

and ℎ 𝑡 

represent the cell state and hidden state at current

timestep 𝑡.

The LSTM-NN is characterized by a chain-like architecture with a 

linked sequence of repeating modules known as cells (or memory units), 

as illustrated in Fig. 2.

The key elements characterizing any LSTM cell are the cell state and 

the gating mechanisms that allow the creation of long temporal relation-

ships. In particular, the cell state transports relevant stored information 

from earlier time steps through the entire sequence chain, acting like a 

conveyor system, and it is therefore interpreted as the long-term memory 

component. On the other hand, the gating mechanisms are responsible 

for deciding which information should be remembered and added to the 

cell state and which must be discarded, thus regulating the information 

flow within the LSTM unit.

In detail, each cell contains three types of gates, namely the Forget 

gate, the Input gate and the Output gate. The Forget gate determines

whether the information from the previous time step has to be remem-

bered and used in the cell state update process, or if it can be ignored: 

the gate receives the hidden state ℎ 𝑡−1 

and the current input value 𝑥 𝑡 

as 

inputs and process them via the logistic function which returns values 

between 0 and 1. If the result is 0 then the information is completely 

discarded, otherwise it is retained. In a formal way the task performed 

by the gate can be expressed as follows:

𝑓𝑔 𝑡 = Φ
(

𝑾𝑓𝑔 

ℎ 𝑡−1 

+ 𝑾 𝑓𝑔 

𝑥 𝑡 

+ 𝑏 𝑓𝑔 

)

= 

1
1 + 𝑒−(𝑾𝑓𝑔 

ℎ 𝑡−1 

+𝑾 𝑓𝑔 

𝑥 𝑡+𝑏 𝑓𝑔 

) 

, (5)

where Φ(⋅) is the logistic activation function, while 𝑾 𝑓𝑔 

and 𝑏 𝑓𝑔 

repre-

sent the weight matrix and connection bias, respectively.

At this point, the Input gate determines which part of new information 

must be kept and used to update the current cell state 𝑐 𝑡 

. In detail, the 

hidden state ℎ 𝑡−1 

and the current value 𝑥 𝑡 are processed via both the hy-

perbolic tangent activation function 𝑡𝑎𝑛ℎ(𝜂) = (𝑒 

𝜂 −𝑒 

−𝜂 )(𝑒 

𝜂 + 𝑒 

−𝜂 ) 

−1 , with

𝜂 = 𝑾 𝑐  

ℎ 𝑡−1 

+ 𝑾 𝑐𝑥 𝑡 

+ 𝑏 𝑐  

, and the logistic activation function Φ(⋅) above 

described. The 𝑡𝑎𝑛ℎ(⋅) function generates a vector of new candidate 

values 𝑐  𝑡:

𝑐  𝑡 = 𝑡𝑎𝑛ℎ
(

𝑾 𝑐  

ℎ 𝑡−1 

+ 𝑾 𝑐𝑥 𝑡 

+ 𝑏 𝑐  

) 

, (6)

that can be used to update the cell state, while the sigmoid function cre-

ates a selector vector 𝑖 𝑡 

that decides which information from the 𝑡𝑎𝑛ℎ(⋅)
output will be retained and used in the update process, according to the:

𝑖 𝑡 

= Φ 

( 

𝑾 𝑖 

ℎ 𝑡−1 

+ 𝑾 𝑖 

𝑥 𝑡 + 𝑏 𝑖 

) 

, (7) 

where 𝑾 𝑖, 𝑏 𝑖 

, 𝑾 𝑐 and 𝑏 𝑐  

are as before.
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Fig. 3. Stacked LSTM Architecture. 𝑥 𝑙 

(𝑙 = 1, … , 𝑛) represents the input data 

sequence; the yellow and pink cells are the LSTM memory units contained in 

the first and 𝑛-th mapping layers, respectively; 𝑦̂ 𝑝 

(𝑝 = 1, … , 𝑘) is the networks 

output vector.

The cell state update is carried out by combining the results of (6) 

and (7) with the information retained from the previous cell state (𝑐 𝑡−1 

)

given in (5):

𝑐 𝑡 

= 𝑓𝑔 𝑡 

⊙ 𝑐 𝑡−1 

+ 𝑖 ⊙ 𝑐  𝑡 

, (8) 

where ⊙ is the Hadamard product.

Finally, the Output gate determines the value of the new hidden state

ℎ 𝑡 

, i.e. the cell output, by filtering the updated cell state. This process 

consists of three main parts. At first, the 𝑡𝑎𝑛ℎ function is used on the 

newly updated cell state to obtain a candidate vector of outputs. Then, 

the output gate generates a selector vector by processing ℎ 𝑡−1 

and 𝑥 𝑡 

through the function Φ(⋅):

𝑜 𝑡 

= Φ
(

𝑾 𝑜 

ℎ 𝑡−1 

+ 𝑾 𝑜𝑥 𝑡 

+ 𝑏 𝑜 

) 

, (9)

where 𝑜 𝑡 

is the output value of the gate at time 𝑡, while 𝑾 𝑜 

and 𝑏 𝑜 

are as 

before. Finally, the selector vector is combined with the candidate vector 

to determine which part of the information encoded in the updated cell 

state will be used as output of the memory cell:

ℎ 𝑡 

= 𝑜 𝑡 ⊙ 𝑡𝑎𝑛ℎ(𝑐 𝑡 

), (10)

where ℎ 𝑡 

is the LSTM cell output signal at time 𝑡. 

2.3. Stacked LSTM model

Conventional LSTM neural networks are efficient at capturing cor-

relation features or patterns in the data making use of a single hidden 

layer architecture only. However, [28,75] have shown that deep neural 

network architectures, i.e. those with multiple nonlinear mapping lay-

ers, are endowed with greater dependency learning capabilities, and as a 

consequence can achieve superior predictive performance. For this rea-

son [47] developed deep LSTM-NNs, also known as Stacked LSTM-NNs 

(ST-LSTM-NN).

The ST-LSTM-NNs belong to the class of deep recurrent neural net-

works. As represented in Fig. 3, they contain several LSTM hidden layers 

stacked on top of each other to form a fully connected architecture.

Each layer is made up of multiple processing units, i.e. LSTM cells, 

and the output of each unit is not only propagated forward through 

time along the entire sequence chain, but it also works as an input to 

the cell in the successive hidden layer. Such an increased architectural 

complexity enables the network to build up higher level representations 

of the dataset, generalize better and, as a result, enhance the model’s 

effectiveness in sequence prediction problems.

2.4. Bidirectional LSTM model

The Bidirectional LSTM neural network (BI-LSTM-NN) [48] repre-

sents an extension of the conventional LSTM-NN and it is designed to

Fig. 4. Topology of the Bidirectional LSTM network. 𝑥 𝑙 

(𝑙 = 1, … , 𝑛) represents 

the input data; the pink and violet cells are the LSTM units contained in the for-

ward and backward hidden layers, respectively; 𝑜̂ 𝑚 

(𝑚 = 1, … , 𝑘) is the networks 

output sequence.

incorporate the bidirectional concept [117] into LSTM-NN [68] in or-

der to capture the short and long-term dependencies in bidirectional 

mode (backward and forward), thus contributing to boosting the overall 

accuracy of the original LSTM-NN for sequence learning tasks.

The core idea underlying the BI-LSTM-NNs is that the predicted 

output at every time step is not only the outcome of previous data infor-

mation, but it also depends on the correlation with future information. 

Therefore, unlike unidirectional LSTM-NNs which make use only of pre-

vious contexts of the input to capture nonlinear patterns in the data, 

BI-LSTM networks process the data in both directions, that is forward 

(from past to future) and backward (from future to past), and include 

the preceding and succeeding input data sequences (i.e. both the preced-

ing and succeeding correlations in the data) in the learning and training 

process to better identify the features/relationships in the data and thus 

enhance the network’s predictive power.

To do this, the network relies on an architecture made up of two 

types of unidirectional hidden layers containing LSTM processing units, 

namely the Forward LSTM layer and the Backward LSTM layer as 

illustrated in Fig. 4.

The layers are chained together and connected to the same output 

layer. Each layer performs the operations on the input sequence as de-

scribed in Section 2.2, but using a different flow direction. In particular, 

the Forward LSTM layer performs the operations following the forward 

direction of the data sequence thus exploiting the past context, while 

the Backward LSTM layer applies its operations on the reverse data 

sequence, hence exploiting the future context. This structure provides 

bidirectional short/long term memory to the network which allows it 

to involve the whole temporal horizon and implement not only the 

previous features but also use the upcoming information. The outputs 

produced by the network’s forward (backward) layer(s) are not used 

as inputs to backward (forward) layer(s), but are combined by means 

of appropriate merging methods to generate the network’s final output 

sequence.

2.5. Encoder-Decoder LSTM model

The Encoder–Decoder LSTM neural network [122] represents a com-

binatorial architecture based on the principles of Encoder–Decoder and 

LSTM networks used for solving the problem of mapping sequences to 

sequences characterized by variable dimensionality [20].

The network consists of three main components: the encoder and the 

decoder subnetworks and an intermediate fixed-length context vector. 

The encoder and decoder, in turn, are made up of one or multiple layers 

of LSTM cells representing their structural blocks as shown in Fig. 5.

The encoder’s operating principle is based on the LSTM learning ap-

proach described in Section 2.2. Given a variable-length vector 𝑥 = 

(𝑥 1 

,… , 𝑥 𝑛 

) as the input sequence to the model, each LSTM unit in the 

encoder sequentially processes the incoming data, retains relevant fea-

tures, and propagates the information forward through the sequence

Applied Energy 394 (2025) 126082 

6 



O. Castello and M. Resta

Fig. 5. Encoder-Decoder LSTM Architecture. The grey and green cells are the LSTM units constituting, respectively, the Encoder and Decoder networks; 𝑥 𝑙 (𝑙 = 1,… , 𝑛) 

represents the input vector to the Encoder, while 𝑧̂ 𝑞 (𝑞 = 1, … , 𝑘) is the Decoders output sequence; finally, the intermediate level represents the Context vector.

chain. In the final step, the encoder squeezes and encodes the infor-

mation into a fixed-length context vector, that is, the final cell (𝒄) and 

hidden state (𝒉) vectors, which in turn become the input to the decoder. 

At this stage, the decoder is initialised with the (𝒄) and (𝒉) vectors jointly 

with the last input value and starts the recursive generation of the out-

put sequence 𝑧̂ = (𝑧̂ 1 

,… , 𝑧̂ 𝑘 

) one time step at a time, using the obtained 

output as input for successive updates.

3. Data

Our dataset consists of daily closing prices of financially settled 

baseload monthly futures contracts from the Italian power market. The 

contracts are based on the daily Single National Price (“Prezzo Unico 

Nazionale” or “PUN”) calculated as an equally weighted average of all 

24 hourly spot prices for that particular day. The contracts are quoted 

in €/MWh and traded on the European Energy Exchange (EEX), which 

represents Europe’s leading marketplace for energy and commodity 

products.

We considered contracts for seven different maturities: from 1 (la-

beled as Ec1) to 6 months (labeled as Ec6), representing the short to 

medium term contracts; 1 year to expiration (labeled as Ec12) was also 

included to represent the long-term contract. The total number of obser-

vations is 1655, covering the period from March 3, 2017 up to September 

15, 2023. The time-span ensures a considerable amount of data con-

taining different steady and spiky periods with futures curves exhibiting 

frequent temporary reversals. In this way we were able to verify and 

validate the effectiveness and robustness of the DRNNs under different 

market conditions.

Fig. 6 illustrates the dynamics of the price time series of the seven 

futures contracts together with the behavior of the corresponding log-

returns.

All prices show a relatively stable trend until the beginning of 2021. 

However, between January 2021 and December 2022, it is possible to 

observe an unprecedented increase in the price level across all the given 

maturities mainly driven by the recent global COVID-19 pandemic and 

the new Russia-West confrontation [64] that caused acute global supply 

chain and energy shortage issues.

The latter becomes more evident when analyzing the dynamics of 

the log-returns series illustrated in Fig. 6. In fact, increasing volatility 

in futures returns across all maturities emerges throughout the mid-

2021–end-2022 period, marked by significant positive and negative 

changes within a short time.

In general, the time series of daily futures log-returns exhibit sig-

nificant changes in their volatility dynamics across the whole time 

span, as confirmed by the behavior of the moving variance determined 

for the log-returns series at each maturity and plotted in Fig. A.14 in 

Appendix A, thus suggesting the presence of heteroscedasticity; more-

over, positive and negative spikes are also observed for all maturities as 

well as a decreasing volatility pattern for longer maturities.

Table 1 provides the descriptive statistics of the electricity futures 

prices dataset and their log-returns, including Mean, Standard Deviation 

(SD), Median, Minimum (Min), Maximum (Max), Skewness, Kurtosis and 

the results of the Jarque–Bera Test for normality, to give an insight into 

the nature of the underlying distribution.

The data confirm high volatility in each price series; moreover huge 

positive spikes can be observed for all maturities in the period of greater 

market turmoil, with record high peaks going over 700 €/MWh on aver-

age. By comparing the latter outcome with the average values calculated 

using the Min and Median columns of the price series in Table 1, it turns 

out that it is 23 times larger than the lowest price level and 12 times 

larger than the average median value.

Moving to the log-returns series and analyzing their distribution, 

the results show significant departures from Normality. The Ec1, Ec2, 

Ec3 series are characterized by positive skewness; on the contrary, Ec4, 

Ec5, Ec6, Ec12 exhibit a leptokurtic left-skewed distribution with greater

probability of negative outlying returns.

In addition to the daily power futures prices, we collected the data 

on various assets with the aim of testing whether considering exogenous 

factors can lead to improvements in the model’s prediction performance. 

In this regard, prices for fossil fuels (natural gas and coal) and carbon 

emissions were taken into consideration after reviewing studies in the 

literature [16,76]. We included the historical gas and coal prices as they 

represent the main sources of fuel for fossil-fueled power plants in the 

European Union (EU) which, in turn, contribute to over the 39 % of elec-

tricity generation in the EU [59]. With regard to emission allowances, 

energy companies regulated by the European Emissions Trading System 

(EU-ETS) must acquire the certificates for every tonne of CO 2 

they emit 

within one calendar year, hence fluctuations in CO 2 

prices can lead to 

changes in the supply side structure and, consequently, in the price of the 

power market. Therefore, these variables represent important electric-

ity generation costs which relevantly influence electricity futures prices 

dynamics.

In particular, we used the Dutch Title Transfer Facility (TTF) fu-

tures prices for Natural Gas, the API2 Rotterdam futures prices for Coal, 

as well as the EEX spot price series for Carbon Emission Certificates 

(CO 2 

) under the European Emissions Trading System. These variables 

were managed as time-dependent exogenous features and used together 

with the electricity futures prices as inputs to neural networks to get 

multivariate forecasts. The datasets of the exogenous variables were ex-

tracted from Thomson Reuters Datastream. In Appendix A, Fig. A.15 

shows the temporal evolution of electricity prices at each maturity along 

with the related exogenous variables. To ensure uniformity with the data 

structure of electricity futures, for all the examined exogenous series 

we took daily values covering the same time horizon, from March 3, 

2017 up to September 15, 2023. Moreover, for the NG and Coal fu-

tures contracts we selected the same maturities which we labeled by 

NGc1, NGc2, NGc3, NGc4, NGc5, NGc6, NGc12 and as Cc1, Cc2, Cc3, 

Cc4, Cc5, Cc6, Cc12 respectively; the CO 2 

spot contract was indicated 

by COc1.
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Fig. 6. Time series of daily closing prices (red) and log-returns (grey) on the Ec1 (a), Ec2 (b), Ec3 (c), Ec4 (d), Ec5 (e), Ec6 (f) and Ec12 (g) futures contracts. Time is 

represented on the x-axis, futures prices expressed in Euros are on the y-axis, while price log-returns are represented on the secondary y-axis (right hand side of the 

plot).

Since these variables represent important drivers of power prices, 

they are also expected to exhibit a significant degree of correlation with 

electricity futures prices, thereby embedding a relevant amount of useful

information about the movements of futures prices. To measure the 

strength of the relationship occurring between the considered datasets, 

we calculated the Spearman correlation coefficient (𝜌) between each
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Table 1 

Descriptive statistics of futures prices (upper panel) and log-returns (lower panel) for each maturity. For the prices, we reported the Mean, the Standard Deviation 

(SD), the Median, the Minimum (Min), and the Maximum (Max) values, while for the log-returns we examined the Mean, the Standard Deviation, the Median, the 

Minimum, the Maximum, the Skewness, the Kurtosis and the results of the Jarque–Bera Test for normality (JB Test). The symbol * is used to denote the rejection of 

the null hypothesis 𝐻 0 (data are normally distributed) at the 1 % significance level.

Maturity Ec1 Ec2 Ec3 Ec4 Ec5 Ec6 Ec12

Prices Mean 111.41 116.24 119.04 119.68 118.41 116.73 104.93

SD 106.06 114.17 117.74 118.26 114.20 109.44 89.66

Median 60.75 62.95 63.09 63.75 63.58 63.75 60.94

Min 21.39 25.25 27.72 32.06 35.35 35.69 41.25

Max 581.90 738.65 793.75 804.47 801.14 732.41 624.58

Log-returns Mean 5.5 × 10 

−4 6.3 × 10 

−4 7.1 × 10 

−4 7.4 × 10 

−4 6.9 × 10 

−4 7.1 × 10 

−4 7.3 × 10 

−4

SD 3.6 × 10  

 

−2 3.9 × 10 

−2 3.9 × 10 

−2 4.1 × 10 

−2 4.1 × 10 

−2 3.7 × 10 

−2 2.9 × 10 

−2 

Median 3.8 × 10 

−4 5.9 × 10 

−4 6.9 × 10 

−4 7.1 × 10 

−4 5.7 × 10 

−4 6.4 × 10 

−4 1.4 × 10 

−4 

Min −0.37 −0.30 −0.32 −0.32 −0.47 −0.33 −0.59 

Max 0.43 0.33 0.36 0.33 0.33 0.28 0.19 

Skewness 1.39 0.35 4.4 × 10 

−2 −0.13 −0.99 −0.09 −5.76 

Kurtosis 38.91 14.20 16.29 17.01 24.48 13.68 114.43 

JB test 8.9 × 10 

4 * 8.7 × 10 

3 * 1.2 × 10 

4 * 1.3 × 10 

4 * 3.2 × 10 

4 * 7.8 × 10 

3 * 8.6 × 10 

5 *

Table 2 

Correlation between each electricity futures price series and the related price se-

ries of Natural Gas (second column), Coal (third column) and CO 2 

(last column) 

contracts.

Maturity 𝜌 𝐸𝑙𝑒𝑐𝑁𝐺 𝜌 𝐸𝑙𝑒𝑐𝐶𝑜𝑎𝑙 𝜌 𝐸𝑙𝑒𝑐𝐶𝑂 2

Ec1 0.41 0.31 0.13

Ec2 0.72 0.47 0.30

Ec3 0.73 0.47 0.33

Ec4 0.68 0.43 0.34

Ec5 0.69 0.44 0.30

Ec6 0.67 0.42 0.32

Ec12 0.74 0.47 0.42

electricity futures price series with the related counterparty in the NG, 

Coal and CO 2 

datasets, and the results are provided in Table 2.

It can be seen that electricity futures are significantly affected by 

all the influencing factors; the strongest positive correlation is shared 

with the NG data, averaging just over 0.66. Conversely, the weakest 

positive correlation is shared with the CO 2 

dataset: the lowest values 

are associated with shorter maturities, while they increase for longer 

ones, showing an average value of 0.31. Overall, the obtained results 

endorsed the use of the above described exogenous factors.

Notwithstanding the low 𝜌 𝐸𝑙𝑒𝑐𝐶𝑂 2 

values at shorter maturities, all the 

three datasets were selected as input features in the forecasting models 

since these assets are known [42,92] to relevantly affect electricity 

futures price dynamics.

4. Empirical evaluation

4.1. Experiment setup

We explored the capabilities of the DRNN models introduced in 

Section 2 to make stable and robust predictions of electricity futures 

curves. The forecasting process was carried out following two alter-

native settings as described in Fig. 7 that shows the flowchart of the 

experimental design.

At first, we used the univariate electricity futures price predic-

tion process (UEFPP). For this task the NAR-NN, the Univariate 

LSTM-NN (U-LSTM-NN), the Univariate Stacked LSTM-NN (U-ST-LSTM-

NN), the Univariate Bidirectional LSTM-NN (U-BI-LSTM-NN) and the 

Univariate Encoder–Decoder LSTM-NN (U-ED-LSTM-NN) models were 

implemented to predict prices at each maturity based only on its past 

data readings, that is using only the information content of its own past 

values:

𝐸𝑐 𝑖,𝑡 

= 𝜃(𝐸𝑐 𝑖,𝑡−1 

, 𝐸𝑐 𝑖,𝑡−2 

, … , 𝐸𝑐 𝑖,𝑡−𝑘 

), 𝑖 = 1, 2, 3, 4, 5, 6, 12 (11)

where 𝐸𝑐 𝑖,𝑡 

is the predicted price value at time 𝑡, while 𝐸𝑐 𝑖,𝑡−𝑝 (𝑝 = 

1, … , 𝑘) are the 𝑘 past price values of the 𝑖-th maturity representing the 

networks input vector.

On the other hand, in the multivariate prediction process 

(MEFPP) we used the NARX-NN, Multivariate LSTM-NN (M-

LSTM-NN), Multivariate Stacked LSTM-NN (M-ST-LSTM-NN), 

Multivariate Bidirectional LSTM-NN (M-BI-LSTM-NN) and Multivariate 

Encoder–Decoder LSTM-NN (M-ED-LSTM-NN) methods to predict 

prices of each maturity individually, based on historical data including 

the exogenous covariates described in Section 3:

𝐸𝑐 𝑖,𝑡 

= 𝜓(𝐸𝑐 𝑖,𝑡−𝑝 

, 𝑁𝐺𝑐 𝑖,𝑡−𝑞 

, 𝐶𝑐 𝑖,𝑡−𝑙 

, 𝐶𝑂𝑐 1,𝑡−𝑚 

), 𝑖 = 1, 2, 3, 4, 5, 6, 12 (12)

where 𝐸𝑐 𝑖,𝑡 

is as above, while 𝐸𝑐 𝑖,𝑡−𝑝 

, 𝑁𝐺𝑐 𝑖,𝑡−𝑞 

, 𝐶𝑐 𝑖,𝑡−𝑙 

and 𝐶𝑂𝑐 1,𝑡−𝑚 

(with 

𝑝, 𝑞, 𝑙, 𝑚 = 1, … , 𝑘) represent the 𝑘 past values of the Electricity, Natural

Gas and Coal futures prices time series at maturity 𝑖 and CO 2 

spot price 

series, respectively.

Moreover, given the unprecedented turmoil in energy markets ob-

served during recent years, we divided the whole dataset into two 

subperiods and conducted both the UEFPP and MEFPP in two distinct 

time frames to validate the models’ predictive power. The first subpe-

riod was chosen as the more stable and less volatile one, while the second 

subperiod was characterized by price spikes and overall higher variance. 

The dataset in each subperiod was split into Training and Validation 

batches to set up the models on historical and unseen data, and into a 

Testing batch in order to assess their performance on future data.

In particular, the first subperiod ranges from March 3, 2017 to July 

8, 2020 and is made up of 839 daily futures prices. Here observa-

tions from March 3, 2017 to March 25, 2019 were used as the training 

batch for model training and estimation. The period from March 26, 

2019–September 13, 2019 corresponds to the validation set and was 

used to assess the model configuration on unseen data, while the inter-

val ranging from September 16, 2019 to July 8, 2020 (labeled as Test Set 

1) was employed for out-of-sample forecasting. The training, validation 

and test samples are made up of 515, 120 and 204 daily futures prices, 

respectively.

The second subperiod goes from March 3, 2017 to September 9, 2022 

and contains 1395 daily futures prices; the data from March 3, 2017 to 

June 3, 2021 were set as the training sample, the data between June 4, 

2021 and November 19, 2021 were used for validation, while the period 

ranging from November 22, 2021 to September 9, 2022 (labeled as Test 

Set 2) was employed for out-of-sample forecasting. Here the training, 

validation and test sets contain 1071, 120 and 204 days, respectively.

With regard to Test Set 1 and Test Set 2, Panel A and Panel B of 

Table 3 provide descriptive statistics of the two test batches, respec-

tively, while Fig. 8 depicts the notched boxplot of electricity futures
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Fig. 7. Workflow of our forecasting framework. Prefixes U and M are abbreviations for Univariate and Multivariate, respectively.

prices at different maturities for the two test sets giving an insight into 

the distribution as well as the variability of the data over the various 

years of the time series.

By comparing the two sets it can be seen that price series differ sig-

nificantly in terms of level, range, standard deviation and distribution. 

In fact, the level of prices and the standard deviation across the spec-

trum of maturities in Test Set 2 are at least 6 and 10 times higher 

compared to Test Set 1, respectively. Moreover, by visually analyz-

ing Fig. 8 it can be noted that the length of the whiskers within Test 

Set 2 is significantly larger than in Test Set 1, thus suggesting that 

price series at each maturity exhibit higher dispersion of the data ly-

ing below the first quartile and above the third quartile. Furthermore, 

an analysis of both the price distribution and range of prices be-

tween the second and third quartiles within Test Set 2 suggests the 

presence of frequent and heavy price peaks. Additionally, Test Set 2 

contains larger outliers exceeding only the upper whisker limit. Such 

extreme values are more than 1.5 times the interquartile range. This im-

plies that the considered models are engaged in predicting price series 

with very spiky price behavior, thus representing the ideal background 

to stress test the neural networks, hence making the analysis more 

robust.

For either test set in both the UEFPP and MEFPP settings, each matu-

rity’s price prediction was run on a daily basis using the sliding window 

method, for an overall number of 408 predicted days.

As pointed out in [66] there isn’t any rule of thumb for network topol-

ogy and hyperparameter optimization. We therefore carried out a trial 

and error approach and examined various model settings considering 

different combinations of feedback delays, activation functions, number 

of nodes, cells, hidden layers and learning algorithms. Relatively to the 

NAR-NN and NARX-NN methods a good compromise was found by se-

lecting one hidden layer, 5 delays, and 10 hidden neurons for NAR-NN 

and 15 for NARX-NN; additionally, for both models the sigmoid (lin-

ear) activation function was used for the hidden (output) neurons while 

the Levenberg–Marquardt Backpropagation learning rule was chosen for 

network training and learning. With regard to the LSTM-based neural 

networks in both the univariate and multivariate settings, the best solu-

tion turned out to consist of 1 layer with 200 units for the LSTM-NN and 

BI-LSTM-NN, 3 layers with 200 units for the ST-LSTM-NN, and 1 layer 

with 100 units in both the encoder and decoder; all models were trained 

in a supervised learning fashion for 1000 epochs using the Adaptive 

Moment Estimation (ADAM) optimization algorithm [67]. The code for 

the implementation of the proposed methodology and models was de-

veloped in MATLAB R2024a for the NAR-NN and NARX-NN methods, 

and in Python (3.11.7) using the open-source Keras (2.13.1) library [26] 

with TensorFlow (2.13.1) as backend for the LSTM-based neural network 

models.

Additionally, given the stochastic nature of ANN models, we run 

thirty repeated forecast cycles using averaged forecasted results as the
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Table 3 

Descriptive statistics of electricity futures prices for Test Set 1 (Panel A) and Test Set 2 (Panel B).

Maturity Ec1 Ec2 Ec3 Ec4 Ec5 Ec6 Ec12

Panel A. Test Set 1 Mean 38.98 41.93 44.49 46.51 47.54 47.92 51.81

SD 10.85 10.92 10.83 10.46 8.59 5.92 4.99

Min 21.39 25.25 27.72 32.06 35.35 35.69 42.96

Max 56.75 61.00 63.53 66.35 68.55 65.82 62.12

Panel B. Test Set 2 Mean 317.78 329.09 330.20 326.84 317.66 312.33 243.68

SD 109.94 126.26 132.64 142.28 143.76 134.68 106.15

Min 201.49 189.07 182.00 162.37 128.94 121.92 122.20

Max 581.90 738.65 793.75 804.47 801.14 732.41 624.58

Fig. 8. Notched boxplot of electricity futures prices at different maturities for Test Set 1 (a) and Test Set 2 (b). The orange line inside the boxes indicates the median 

value; the “notch” denotes the 95 % Confidence Interval of the median; the box represents the Interquantile Range (IQR) containing the 50 % of the observations, 

while the lower and upper whiskers represent the 25 % of the data each, excluding the outliers; finally, the red points identify the outliers.

final model’s outcome. This is to ensure robust results and to reduce the 

randomness of the forecasts.

4.2. Baseline models

The forecasting framework discussed in the previous section was 

benchmarked against a set of established baseline methods with the aim

of facilitating a comprehensive assessment of the DRNN models’ efficacy 

and ensuring a robust evaluation framework.

The models were chosen to cover a range of both classical statistical 

methods and Machine Learning approaches commonly used in the EPF 

literature. All models were implemented in both univariate and multi-

variate settings. The main principles of each baseline model are briefly
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outlined below. Readers can refer to the original papers for detailed 

descriptions and full documentation.

In particular, within the class of conventional statistical approaches 

we selected:

1. the Seasonal Autoregressive Integrated Moving Average (SARIMA)

model [19], a forecaster that integrates autoregression, differenc-

ing, moving average components, along with seasonal compo-

nents;

2. the Seasonal Autoregressive Integrated Moving Average with

Exogenous Regressors (SARIMAX) model [94], a SARIMA model 

that incorporates exogenous predictors;

3. the Autoregressive model with Exogenous Regressors (ARX) [79],

a simple linear autoregressive model, relates the current value of 

a target variable to its past values and the current and past values 

of exogenous variables.

The class of Machine Learning methods includes:

1. the Multilayer Perceptron (MLP) neural network [114], a stan-

dard NN that uses stacked layers of interconnected processing 

units to perform nonlinear mapping between input and output 

data, enables the network to capture and represent complex data 

features;

2. the Support Vector Regression (SVR) model [36], a forecaster that

maps the input data into high dimensional feature space where 

linear functions are used to formulate nonlinear relationships 

between input and output.

Since we used advanced NN architectures capable of learning com-

plex features and capturing temporal correlations in sequential/time 

series data, we chose the above benchmark models in order to repli-

cate/achieve similar tasks. Specifically, on the one hand, we selected 

ARIMA-based models for their effectiveness in capturing time series 

dependencies, seasonal patterns as well as relationships with external 

factors, while on the other MLP and SVR serve as simpler machine 

learning baselines providing effective non-linear mapping capabilities.

Additionally, these models demonstrated relevant degrees of pre-

diction accuracy within the EPF literature [16,127], while also being 

relatively simple to implement, interpretable, and computationally effi-

cient.

To build the statistical models the Econometric Modeler App was 

used in conjunction with ad-hoc developed code within the MATLAB 

R2024a environment. For what it is concerning the Machine Learning 

models, the framework was developed in Python (3.11.7) making use of 

the Scikit-learn (1.5.1) [103] and Keras (2.13.1) libraries.

4.3. Results discussion

For a comprehensive evaluation of the predictive accuracy of the 

proposed models, this paper employs two widely used performance 

indicators, namely the Root Mean Squared Forecasting Error (RMSFE):

RMSFE =

√
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√

√
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which returns the mean of the absolute percentage errors of predictions. 

In both 13 and 14, 𝑥 

𝑜𝑏𝑠
𝑡+ℎ and 𝑥 𝑡+ℎ 

represent the observed and predicted 

values respectively, 𝑛 denotes the sample size while ℎ is the forecast 

horizon.

The out-of-sample forecasting results are firstly presented in Table 4, 

highlighting in bold the best performing method outcome. For each test 

set and model we summarized the Mean, the Standard Deviation (SD), 

the Minimum (Min) and the Maximum (Max) of the RMSFE and MAPE 

accuracy metrics.

An analysis of the DRNNs results indicates that all the implemented 

techniques exhibit a highly satisfactory performance, ensuring an aver-

age MAPE score greater than 97 % within Test Set 1 and greater than 

91 % within Test Set 2, thereby acting as good predictive techniques.

Considering Test Set 1, it is possible to conclude that the M-BI-

LSTM-NN and M-ST-LSTM-NN models significantly outperform the other 

competing methods reporting the best RMSFE and MAPE scores (almost 

at par), followed by the NAR-NN and M-LSTM-NN models, which exhibit 

quite close results. More specifically, considering, for instance, the MAPE 

metric the M-BI-LSTM-NN, M-ST-LSTM-NN, NAR-NN, and M-LSTM-NN 

models achieved 98.11 %, 98.10 %, 98.04 %, and 98.01 % predictive 

accuracies, respectively. All the other methods reported lower scores, 

around 97.5 % on average; here the U-ST-LSTM-NN, M-ED-LSTM-NN 

and the NARX-NN models reported the lowest accuracy measures of 

97.86 %, 97.86 % and 97.62 %, respectively.

It can be noted that incorporating exogenous factors provides a rel-

evant boost only to three models out of five, i.e. to the LSTM-NN, 

ST-LSTM-NN and BI-LSTM-NN performance. In fact, the M-LSTM-NN, 

the M-ST-LSTM-NN and the M-BI-LSTM-NN reduced the MAPE (RMSFE) 

score by 6.13 % (7 %), 11.22 % (8 %) and 5.97 % (2 %), respectively.

With regard to Test Set 2, the U-ED-LSTM-NN model ensured the best 

performance in the day-ahead predictions, with 95.33 % precision; fur-

thermore, the model showed an almost halved RMSFE score with respect 

to the NAR-NN and NARX-NN models. Such result is due to the U-ED-

LSTM-NN model’s enhanced memory abilities which allow it to capture 

and store nonlinear patterns embedded in past futures price data. The 

second place is taken by the U-ST-LSTM-NN model with 95.21 % accu-

racy; in the third place, we find the U-BI-LSTM-NN model with 95.16 % 

accuracy, followed by the U-LSTM-NN model with 95.10 % accuracy. 

The multivariate LSTM based models achieved accuracy scores ranging 

between 94.32 % and 94.81 %. Relatively to the M-BI-LSTM-NN model, 

which was the best in Test Set 1, it generated a poorer performance: 

the predictive precision decreased from 98.11 % (Test Set 1) to 94.81 % 

(Test Set 2), while the RMSFE increased by 22 times compared to the 

score achieved in Test Set 1. A similar deterioration of the metrics is 

also observed for the other LSTM-based models, and even worse in the 

case of the NAR-NN and NARX-NN models whose RMSFE (MAPE) scores 

increased by at least 33 (4) times.

With respect to Test Set 2, it is noteworthy that adding exogenous 

features does not bring improvements to the model families, rather it 

appears to weaken their accuracy. However, this fact is in contrast with 

the results observed in Test Set 1. In our opinion, such a difference is 

mainly related to the trends of the examined series. In fact, all series 

within Test Set 1 show very close and similar dynamics (without jumps 

or drops), therefore exogenous features carry useful information capable 

of increasing the models’ predictive accuracy. On the contrary, Test Set 

2 is characterized by both a spiky behavior of electricity futures price 

series and at the same time less volatile price dynamics of exogenous 

features which, as a consequence, do not hold any useful latent infor-

mation content and thus do not bring any positive contribution to the 

models’ predictive power.

The performance comparison of the univariate and multivariate 

DRNN models is also shown in Figs. 9–12 where we illustrate for each 

maturity in the test sets, the models day-ahead forecasting results, and 

in Fig. 13 where we display for each test set the average actual and 

predicted futures curves. Based on the visual analysis of the graphs, 

the following conclusions can be drawn: (i) all the models forecast 

trends are close enough to the observed trends and do not exhibit 

unreasonable spikes or drops; (ii) considering the price time series, 

NAR-NN and NARX-NN models tend to exhibit a more erratic behav-

ior with respect to other methods; (iii) when peak values occur, the
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univariate and multivariate LSTM based models show a smoother overall 

behavior.

Finally, it is noteworthy to highlight that the LSTM-based models 

maintain good performance even in extreme conditions, such as those 

characterizing Test Set 2, without being particularly affected by turmoil. 

In fact, in the face of a significant increase in the price level across the 

whole maturity spectrum by at least 6 times with respect to Test Set 

1, the reduction in predictive accuracy is maintained in the range of 

2.67 % – 3.85 %, which remains above 91 %. However, the Multivariate 

Bidirectional LSTM-NN model that performed better in the first test set 

was unable to maintain its higher predictive power during the most 

unstable period.

By comparing the forecasting results of the neural network and base-

line models summarized in Table 4, it turns out that almost all the 

univariate DRNN models, along with the overwhelming majority of the 

multivariate ones, outperform their respective univariate/multivariate 

competitors.

Considering Test Set 1, the DRNNs achieved 98 % predictive accuracy 

on average, while the baseline competitors showed lower scores, around 

96 % on average. Within Test Set 2, the neural networks ensured, on av-

erage, 94 % precision, while their competitors reported a lower accuracy 

measure, that is 93 % on average.

For what it concerns the best performing methods, the SARIMA 

performs relatively well among the baseline models, achieving the 

best results within that group. Nevertheless, the M-BI-LSTM-NN and 

the U-ED-LSTM-NN stand out by showing the lowest MAPE metric. 

Overall this demonstrates greater DRNNs’ flexibility and adaptability

to a wide variety of dynamics and trends characterizing the electricity 

futures term structure, resulting in higher accuracy, lower variability 

and very small magnitudes of the error metrics, hence underscoring 

the superior efficacy of the ML approach. Such success can be at-

tributed to the networks’ ability to perform nonlinear mapping, as 

well as their use of backward and forward temporal links and dy-

namic memory. The predictive performance clearly demonstrated the 

consistency of the implemented forecasting strategy. In this way, our 

results highlight that the ML-based approach is the preferable strategy 

for day-ahead electricity futures curve forecasting providing the lowest 

errors.

To statistically validate the superior predictive power of the M-BI-

LSTM-NN within Test Set 1 and of the U-ED-LSTM-NN within Test Set 

2 over all other competing models, we moved one step further and 

performed the one-sided Harvey–Leybourne–Newbold (HLN) Test [50]. 

This test verifies the statistical significance of outperformance of a se-

lected method compared to other methods. In our case study we set 

the models with the lowest MAPE, i.e. the M-BI-LSTM-NN and the U-

ED-LSTM-NN, as the benchmark in their respective test sets and then 

compared each of the other sets of forecasts to the benchmark forecast 

to determine whether the benchmark models provide significantly more 

accurate predictions. In particular, the HLN Test statistic tests the null 

hypothesis 𝐻 0 

that predictions of the benchmark model (Method 1) are 

more accurate than those of the competing model (Method 2), against 

the alternative 𝐻 1 

that predictions of the benchmark model (Method 1) 

are less accurate than those of the competing one (Method 2), at 95 % 

significance level.

Table 4 

Average MSFE and MAPE (%) metrics obtained with different competing methods. In every Test Set, the DRNN and BM panels relate to the Dynamic Recurrent Neural 

Network and Baseline Models, respectively. Models with the best performance are highlighted in bold.

RMSFE MAPE (%)

Method Mean SD Min Max Mean SD Min Max

Test Set 1 DRNN NAR-NN 1.24 0.23 0.74 1.41 1.96 0.47 1.08 2.55

U-LSTM-NN 1.31 0.27 0.89 1.81 2.12 0.84 1.44 3.98

U-ST-LSTM-NN 1.30 0.29 0.75 1.71 2.14 0.70 1.20 3.47

U-BI-LSTM-NN 1.24 0.28 0.71 1.67 2.01 0.75 1.13 3.53

U-ED-LSTM-NN 1.27 0.31 0.68 1.69 2.05 0.64 1.03 3.10

NARX-NN 1.43 0.31 0.74 1.67 2.38 0.62 1.16 3.00

M-LSTM-NN 1.22 0.23 0.70 1.37 1.99 0.49 1.06 2.49

M-ST-LSTM-NN 1.20 0.19 0.79 1.35 1.90 0.39 1.20 2.48

M-BI-LSTM-NN 1.22 0.22 0.73 1.39 1.89 0.35 1.12 2.10

M-ED-LSTM-NN 1.29 0.19 0.87 1.50 2.14 0.40 1.30 2.58

BM SARIMA 1.20 0.26 0.66 1.40 1.93 0.53 1.01 2.65

U-MLP 1.38 0.21 0.99 1.70 2.29 0.44 1.58 2.81

U-SVR 1.33 0.37 0.69 1.86 2.40 1.13 1.07 4.40

ARX 1.46 0.40 0.72 1.82 2.30 0.70 1.12 3.38

SARIMAX 2.73 1.04 1.57 4.06 4.53 1.92 2.32 6.63

M-MLP 1.92 0.78 1.24 3.54 3.58 1.75 1.94 6.99

M-SVR 2.18 0.59 1.55 3.17 4.60 1.87 2.63 7.49

Test Set 2 DRNN NAR-NN 48.12 16.20 20.12 66.74 8.01 2.19 3.50 10.09

U-LSTM-NN 23.79 4.63 17.19 28.09 4.90 0.87 3.59 5.65

U-ST-LSTM-NN 23.66 4.91 16.49 29.44 4.79 1.10 2.80 5.82

U-BI-LSTM-NN 23.52 4.27 17.76 27.96 4.84 0.90 3.39 5.69

U-ED-LSTM-NN 23.46 5.43 16.50 30.03 4.67 1.04 2.74 5.94

NARX-NN 46.70 10.60 30.35 57.75 8.85 1.53 5.60 10.35

M-LSTM-NN 26.95 6.11 17.85 37.07 5.40 1.17 3.30 6.84

M-ST-LSTM-NN 27.29 6.48 19.70 37.06 5.68 1.58 3.41 8.40

M-BI-LSTM-NN 26.23 4.23 19.98 30.68 5.19 0.96 3.58 6.37

M-ED-LSTM-NN 25.66 3.70 19.99 30.34 5.48 1.28 3.39 7.52

BM SARIMA 23.19 5.67 15.99 28.95 4.92 1.14 2.78 6.13

U-MLP 25.07 5.15 17.50 30.91 5.35 1.07 3.41 6.37

U-SVR 39.53 5.84 30.12 45.07 7.68 1.30 4.93 8.83

ARX 26.41 4.04 19.97 31.70 5.22 0.74 4.00 6.19

SARIMAX 38.78 15.02 24.02 60.67 7.83 3.27 4.03 13.23

M-MLP 29.44 9.87 18.81 44.06 5.99 2.31 3.81 10.53

M-SVR 49.34 5.29 39.49 54.17 9.02 0.86 7.27 10.02
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Fig. 9. Models point forecasts of the price series of the Ec1 (a), Ec2 (b), Ec3 (c), Ec4 (d) futures contracts within Test Set 1.
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Fig. 10. Models point forecasts of the price series of the Ec5 (a), Ec6 (b) and Ec12 (c) futures contracts within Test Set 1.
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Fig. 11. Models point forecasts of the price series of the Ec1 (a), Ec2 (b), Ec3 (c), Ec4 (d) futures contracts within Test Set 2.
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Fig. 12. Models point forecasts of the price series of the Ec5 (a), Ec6 (b) and Ec12 (c) futures contracts within Test Set 2.

The HLN test statistic used for the model’s prediction comparison 

follows a Student’s 𝑡-distribution with (𝑛-1) degrees of freedom and is 

described by:

HLN = 𝑚̄
√ 

2𝜋 ̂ 𝑓 𝑚(0)
𝑛

√

𝑛 + 1 − 2 ℎ + ℎ(ℎ − 1)
𝑛

∼ 𝑡 𝑛−1 

(15)

where 𝑚̄ denotes the sample mean of the loss differential between two

forecasts, ̂ 𝑓 𝑚(0) is the consistent estimate of the zero-frequency spectral

density of the loss differential, 𝑛 is the sample size while ℎ represents the 

forecast horizon (ℎ = 1 in our case). Test results are reported in Table 5.

The scores (𝑝-values) of the HLN Statistic reported in column three 

(four) of Table 5 are notably lower (higher) than the critical value at
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Fig. 13. Comparison of the Test Set 1 (a) and Test Set 2 (b) average observed futures curves with the average forecasted ones with different neural network models. 

The inset shows a zoomed-in area to highlight the predictive performance of the competing models.

95 % significance level 𝑡 0.05,𝑛−1 

= 1.645 (0.05). This, in turn, implies 

that in all the examined comparisons, we’ve fallen within the acceptance 

region, thus strongly accepting the null hypothesis, i.e. predictions of the 

model indicated in the Column 1 are more accurate than those of the 

model indicated in Column 2. We can therefore conclude that the HLN 

test results are in line with those of the MAPE in Table 4 thus suggesting 

that the M-BI-LSTM-NN and the U-ED-LSTM-NN are the most accurate 

forecasting models within their test sets.

Overall, we can conclude that the proposed framework can (I) 

achieve satisfactory and consistent predictive results in both calm as 

well as volatile market conditions and (II) outperform well-established 

competitors in terms of both accuracy and forecast bias, thus confirming 

the adequacy and usefulness of the implemented deep learning models 

for predicting electricity futures curves.

5. Conclusion

In this study, we provided a univariate and multivariate deep learn-

ing framework to predict the term structure of electricity futures prices 

using Dynamic Recurrent Neural Networks (DRNNs). Our approach 

used the NAR-NN, NARX-NN, Univariate/Multivariate LSTM-NN, 

Univariate/Multivariate Stacked LSTM-NN, Univariate/Multivariate

Bidirectional LSTM-NN and Univariate/Multivariate Encoder–Decoder 

LSTM-NN models to capture the nonlinear temporal relationship of 

the data as well as complex hidden correlation features with various 

exogenous factors. The feasibility of the approach was investigated 

using two different time spans, that is a stable period (labeled as 

Test Set 1) and a period of global instability characterized by higher 

volatility and price peaks (labeled as Test Set 2) which were used as 

test sets to analyze and compare the models point forecast accuracy. 

Furthermore, a comparative study with popular statistical and ML meth-

ods was carried out to fully assess the robustness and effectiveness of the 

framework.

Experimental results showed that the proposed DRNN methods can 

effectively manage trends and dynamics characterizing electricity fu-

tures curves and thus provide their effective day-ahead predictions with 

an average predictive accuracy of over 94 %. The comparative analysis 

indicates that the NAR-NN and NARX-NN models reported good perfor-

mance when used only in periods of relatively steady price dynamics. 

However, their simpler neural architectures do not provide sufficient 

flexibility to manage and predict price series characterized by huge 

spikes and drops, such as those observed within Test Set 2. On the 

other hand, the univariate and multivariate LSTM-based models exhib-

ited good performance in Test Set 1 and, more importantly, superior
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Table 5 

Results of the Harvey–Leybourne–Newbold Test. The first column is Method 1, which is the benchmark model, 

while column two is Method 2, which is the competing model. In every Test Set, Panel A includes the comparison 

between the benchmark model and the competing DRNNs, while Panel B relates to the comparison between the 

benchmark model and the competing baseline models. The symbol ∗ indicates acceptance of the null hypothesis 

𝐻 0 (forecasts of Method 1 are more accurate than forecasts of Method 2) at 95 % significance level.

Competing models HLN statistic 𝑝-value

Test Set 1 Panel A M-BI-LSTM-NN vs NAR-NN −0.3461 0.6352 

∗

M-BI-LSTM-NN vs U-LSTM-NN −2.1967 0.9854 

∗

M-BI-LSTM-NN vs U-ST-LSTM-NN −0.2184 0.5863 

∗

M-BI-LSTM-NN vs U-BI-LSTM-NN 0.2989 0.3826 

∗

M-BI-LSTM-NN vs U-ED-LSTM-NN 0.0258 0.4897 

∗

M-BI-LSTM-NN vs NARX-NN −1.3832 0.9159 

∗

M-BI-LSTM-NN vs M-LSTM-NN −0.2745 0.6080 

∗

M-BI-LSTM-NN vs M-ST-LSTM-NN 1.1493 0.1259 

∗

M-BI-LSTM-NN vs M-ED-LSTM-NN −0.6730 0.7491 

∗

Panel B M-BI-LSTM-NN vs SARIMA 0.0482 0.4810 

∗

M-BI-LSTM-NN vs U-MLP −4.2200 0.9999 

∗

M-BI-LSTM-NN vs U-SVR −2.0140 0.9780 

∗

M-BI-LSTM-NN vs ARX −3.0780 0.9999 

∗

M-BI-LSTM-NN vs SARIMAX −2.9370 0.9980 

∗

M-BI-LSTM-NN vs M-MLP −4.9180 0.9999 

∗

M-BI-LSTM-NN vs M-SVR −5.8460 0.9999 

∗

Test Set 2 Panel A U-ED-LSTM-NN vs NAR-NN −3.0102 0.9985 

∗

U-ED-LSTM-NN vs U-LSTM-NN −1.4547 0.9263 

∗

U-ED-LSTM-NN vs U-ST-LSTM-NN 0.0172 0.4931 

∗

U-ED-LSTM-NN vs U-BI-LSTM-NN −1.3469 0.9102 

∗

U-ED-LSTM-NN vs NARX-NN −4.1470 0.9999 

∗

U-ED-LSTM-NN vs M-LSTM-NN −1.4415 0.9245 

∗

U-ED-LSTM-NN vs M-ST-LSTM-NN −4.3338 0.9999 

∗

U-ED-LSTM-NN vs M-BI-LSTM-NN −1.2616 0.8957 

∗

U-ED-LSTM-NN vs M-ED-LSTM-NN −0.7497 0.7728 

∗

Panel B U-ED-LSTM-NN vs SARIMA 0.1528 0.4390 

∗

U-ED-LSTM-NN vs U-MLP −1.8770 0.9700 

∗

U-ED-LSTM-NN vs U-SVR −6.8120 0.9999 

∗

U-ED-LSTM-NN vs ARX −2.4230 0.9920 

∗

U-ED-LSTM-NN vs SARIMAX −13.4900 0.9999 

∗

U-ED-LSTM-NN vs M-MLP −12.6600 0.9999 

∗

U-ED-LSTM-NN vs M-SVR −7.3680 0.9999 

∗

and stable results with respect to NAR-NN and NARX-NN within the 

more turbulent Test Set 2. In particular the analysis revealed that the 

M-BI-LSTM-NN model performed best within the calmer period, while 

the U-ED-LSTM-NN turned out to be the most effective approach within 

the most turbulent period.

Furthermore, we point out that although the basic LSTM-NN ar-

chitecture represents an effective choice for electricity futures curve 

predictions, empirical evidence shows that its extensions in terms of im-

proved architectures, that is Stacked-LSTM-NN, Bidirectional-LSTM-NN 

and Encoder–Decoder-LSTM-NN models, provide a significant boost in 

increasing the predictive performance mainly due to the enhanced mem-

ory abilities. Additionally, it’s worth noting that the use of exogenous 

input features does not always represent an added value in the forecast-

ing process and their use is strongly dependent on the economic and 

geopolitical context, as testified by the results obtained within the two 

different time spans.

To conclude, empirical evidence demonstrated that the classical sta-

tistical and ML baseline models were outperformed by the overwhelming 

majority of the DRNN models in both univariate/multivariate settings. 

The LSTM-based neural network models showcased superior results due 

to their architecture and dynamic memory mechanism that enables them 

to manage complex nonlinear problems involving temporal dependen-

cies as well as the chaotic features of power futures prices. Within this 

class the M-BI-LSTM-NN and the U-ED-LSTM-NN showed to achieve a 

predictive accuracy that is statistically significantly better not only com-

pared to other neural network models, but also relative to all other 

baseline methods.

Nevertheless, despite the good results that have been obtained up to 

now, one of the main drawbacks of the modeling framework is the sig-

nificant computational time. In this regard, future studies will explore 

alternative learning, validation and optimization techniques to reduce 

the computational time. We also acknowledge that our forecasting 

framework considered only a one-day-ahead time horizon. Thus, assess-

ing the DRNNs performance for longer time horizons (e.g. three/five 

days, one/two weeks) may provide useful information to market play-

ers and regulators. Overall, there exists room for improvement. Future 

research may include the testing of alternative model configurations 

and combinations (e.g. Convolutional, Generalized Regression or Graph 

Neural Networks) as well as the insertion of attention mechanisms in 

the network’s architecture in order to consider the different contribu-

tions of historical data at different time steps. Additionally, the analysis 

of the effects on the model’s predictive power of different combinations 

of explanatory variables as well as examining the impact of different 

exogenous variables (e.g. big data, fundamental, financial, weather or 

geopolitical factors) can be beneficial. Actually all these topics represent 

a part of our ongoing research.
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Appendix A 

A.1. Behavior of the log-returns moving variance at each maturity

See Appendix A.14.

Fig. A.14. Moving variance (five days window) of the log-returns on the Ec1 (a), Ec2 (b), Ec3 (c), Ec4 (d), Ec5 (e), Ec6 (f) and Ec12 (g) futures contracts.
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A.2. Plot of electricity futures prices at each maturity along with the related exogenous variables

See Appendix A.15.

Fig. A.15. Time series of Electricity (dark blue), Natural Gas (light blue), Coal (black) futures prices and Carbon Certificate Emissions (CO 2 

) spot prices (red). The 

related maturities are indicated in each plots legend.
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