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Abstract

Accurate and long-horizon forecasting is essential for reliable planning of solar and wind
power generation. Most existing models rely on high-resolution meteorological data,
which are often unavailable in practical microgrid environments. This study proposes
SNORE, a solar-wind neural ordinary differential equation model that uses only basic
meteorological variables such as solar radiation, cloud cover, and wind speed together
with lagged generation values. However, reliance on lagged generation inherently lim-
its the effective forecasting horizon of conventional models. To address this limitation,
SNOREF extends the forecasting horizon while maintaining accuracy and stability through a
rolling forecasting framework with a bounded input-dependent drift function and repeated
Euler integration that promotes smooth hidden-state dynamics. SNORF supports both
deterministic point forecasting and probabilistic forecasting through quantile-based loss
functions. Experiments on solar and wind power datasets show that SNORF consistently
outperforms representative time-series forecasting models. For solar forecasting, SNORF
reduces RMSE and MAE by 15.35% and 16.93% on average compared with baseline models.
For wind forecasting, the improvements reach 44.77% in RMSE and 52.85% in MAE on
average. Furthermore, when evaluated under the official protocol of the 2024 IEEE Hybrid
Energy Forecasting and Trading Competition, SNORF achieves a top 4% ranking using
only the officially provided basic weather dataset, demonstrating its practical applicability
to renewable energy forecasting in microgrids and virtual power plants.

Keywords: neural ordinary differential equation; renewable energy generation; rolling
forecasting

MSC: 37M10; 37C75

1. Introduction

Microgrids coordinate distributed energy resources such as photovoltaic systems
and wind turbines [1,2]. Because renewable generation is highly sensitive to weather
conditions and seasonal variability [3,4], accurate long-horizon forecasting is essential
for reliable microgrid operation [5]. To overcome this challenge, it is essential not only
to ensure accurate predictions but also to extend the forecasting horizon [6]. Traditional
statistical and machine learning approaches, including artificial neural networks (ANNSs),
support vector machines (SVMs), and random forests (RFs), have been applied to power
generation forecasting but show limited ability to capture temporal dependencies and
nonlinear dynamics [7,8].
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More recently, deep learning architectures such as long short-term memory (LSTM)
networks, gated recurrent units (GRUs), and Transformer models have achieved high
short-term accuracy by leveraging high-resolution meteorological data and exogenous
variables [9,10]. Related machine learning approaches have also been explored for mod-
eling nonlinear physical systems and renewable energy processes [11,12]. However,
such data are often unavailable in microgrid-scale environments, and these models still
struggle with long-horizon prediction due to error accumulation and limited temporal
generalization [13,14].

Therefore, we aim to move beyond this conventional paradigm by leveraging the
intrinsic time-series nature of power generation data. In practice, lagged generation values,
which represent previously observed power outputs reflecting the most recent state of
the system, provide essential temporal context and are readily available in microgrid
environments. Feature importance analysis based on the random forest model (Section 3.4)
confirms that these lagged values are the most influential predictors for forecasting future
solar and wind generation. Incorporating such historical information enables the model to
capture short-term dependencies and recurring diurnal patterns [15,16], thereby improving
short-horizon accuracy.

However, reliance on past generation inevitably limits the forecast horizon, since
models that use lagged generation values can only predict effectively within the temporal
range defined by those lags. To overcome this limitation, we adopt a rolling-forecast
framework [17], in which the model’s prior predictions are recursively used as inputs for
subsequent steps [18]. This recursive strategy enables continuous long-horizon forecasting
by combining lagged generation values, which are most correlated with future outputs,
and basic meteorological variables (e.g., solar radiation, cloud cover, wind speed, and wind
direction), without relying on additional high-resolution numerical weather prediction
(NWP) data or mesoscale ensemble prediction systems (MEPS). Through this approach, the
model can extend forecasting beyond the observed window while maintaining consistency
under data-constrained conditions.

A major drawback of this framework, however, is error accumulation: small prediction
errors at each step can compound over time, leading to diverging outputs that become
unstable or oscillatory [19,20]. Such instability not only degrades forecasting accuracy
but also impairs operational decisions related to power dispatch and energy trading in
microgrids, where sudden fluctuations in solar irradiance and wind speed are common [21].
Several studies have proposed post hoc smoothing or filtering techniques to mitigate
this issue [16,22,23], but these methods only adjust the outputs rather than addressing
the architectural source of instability. A key research question therefore arises: How can
we design a forecasting model that intrinsically maintains temporal stability within a
rolling forecast framework to achieve accurate long-term forecasting without relying on
high-resolution meteorological data?

To address this challenge, we propose SNOREF, a solar-wind neural ordinary differ-
ential equation (ODE) architecture designed to stabilize recursive time-series forecasting.
While rolling forecasting enables long-horizon prediction, it inherently introduces error
accumulation due to recursive feedback. SNORF addresses this challenge through architec-
tural mechanisms that constrain hidden-state dynamics during recursive prediction. Unlike
conventional neural ODE models that primarily focus on continuous-time representation
learning and often rely on adaptive high-order solvers, SNORF introduces two structural
modifications tailored for forecasting stability: an input-dependent bounded drift function
and repeated Euler integration. These mechanisms constrain hidden-state transitions and
induce smooth, low-pass-filter-like state evolution, which mitigates error amplification and
suppresses oscillatory predictions under sparse and volatile conditions.
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We evaluate SNORF against representative time-series forecasting models using a
rolling prediction framework, focusing on both prediction accuracy and temporal stability.
Despite relying only on the officially provided dataset, without additional meteorological
inputs or external data sources, SNORF ranks within the top 4% on the 2024 IEEE Hybrid
Energy Forecasting and Trading competition (HEFTcom24) benchmark, demonstrating its
robustness and practical utility for renewable energy forecasting in microgrids and virtual
power plants.

The key contributions of this study are summarized as follows:

1. This study presents SNOREF, a neural ODE-inspired forecasting architecture designed
to stabilize recursive time-series prediction.

2. Aninput-dependent bounded drift function that constrains hidden-state dynamics
and mitigates instability during recursive forecasting.

3. A repeated fixed-step Euler integration scheme that induces smooth hidden-state
evolution and suppresses oscillatory predictions.

4. Empirical evidence demonstrating that the proposed architectural mechanisms signif-
icantly reduce error accumulation in rolling forecasting scenarios.

The remainder of this paper is organized as follows: Section 2 outlines the problem
formulation; Section 3 describes the methodology; Section 4 details the experimental setup;
Section 5 presents the results; Section 6 discusses the findings; and Section 7 concludes with
key insights and future directions.

2. Problem Formulation

We formulate the problem of renewable power generation forecasting within a rolling
forecast framework. At each forecasting instant ¢, the objective is to predict the future
generation value v, € R for horizons h =1, ..., H, using only information available up
to time t. Formally, the information set available at time ¢ is defined as

It = {(yt,i,xt,i) | 1= 0,1,. e, W= 1}, (1)

where y;_; denotes historical generation observations and x; ; € R? represents commonly
available meteorological variables such as solar irradiance, temperature, wind speed, and
cloud cover, which are used as basic input features for forecasting solar and wind power
generation, as summarized in Appendix B. Accordingly, the input matrix X; € R¥*“ thus
contains all feature vectors within the look-back window of length w. The goal of the
forecasting model fy(x) parameterized by 6 is to generate an estimate 1, , conditioned on
the observed information set Z;:

Jion = fo(Zy), h=1,... H. ?)

To address the absence of ground-truth values beyond the current time during infer-
ence, we employ a rolling forecast strategy, as illustrated in Figure 1. In this framework, the
model recursively uses its own prior predictions as inputs to forecast subsequent steps.
The recursive prediction at each horizon  is defined as:

Geen = fo@rpn—1,Jren—2,- - Jevh—to Xegn), h=1,...,H, 3)

where k denotes the number of lagged output terms used, and x;j, represents the available
exogenous features at time f 4 k. If future exogenous features are unavailable (as in many
practical microgrid settings), the model relies solely on its own past predictions.
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Figure 1. Rolling forecast framework defined in this paper.

While rolling forecasts are widely used for online, data-constrained prediction, they
are inherently prone to error accumulation. Let e¢; = §; — y; denote the prediction error at
time ¢. Assuming that the forecasting function f is Lipschitz continuous with respect to its
inputs, the error propagation across steps can be approximately bounded as:

lerr1| < L x e, (4)

where L is the Lipschitz constant of the model. Many neural network architectures sat-
isfy this assumption under common activation functions such as ReLU or fanh, whose
derivatives are bounded. For feedforward neural networks, the overall Lipschitz con-
stant is determined by the product of the spectral norms of the weight matrices across
layers, making the Lipschitz assumption reasonable for analyzing error propagation in
recursive prediction.

Equation (4) provides an intuitive interpretation of error amplification in rolling
forecasting. If the model slightly overestimates the generation at one time step, that
prediction becomes part of the input for the next step. Consequently, the error may
propagate and accumulate across recursive predictions. When L > 1, the magnitude of the
error can increase multiplicatively at each step, leading to exponential error growth and
potentially unstable or oscillatory forecasts. In contrast, if L < 1, the recursive prediction
process becomes contractive, and the forecasting error gradually decays over time.

In practice, however, strictly constraining L < 1 in nonlinear forecasting models is
often infeasible, as it may reduce expressive capacity and optimization flexibility [24].

From this perspective, the forecasting model is trained by minimizing the prediction
loss over the forecasting horizon:

rngin Lorecast (Ft:t4+Hs Yrt+H), ()

where Lirecast denotes the prediction loss (e.g., mean squared error).

Instead of explicitly enforcing a hard Lipschitz constraint during training, we use the
Lipschitz condition as a theoretical perspective for understanding error amplification in
recursive forecasting. The model architecture is designed to implicitly encourage bounded
hidden-state dynamics. In particular, SNORF employs a bounded nonlinear drift function
and repeated small-step Euler updates, which help limit abrupt hidden-state transitions
and mitigate error amplification under recursive rolling prediction. This architectural
design provides a practical mechanism for improving long-horizon forecasting robustness.

3. Methodology

This section outlines the structure of SNORE, as well as the dataset, preprocessing and
postprocessing steps, and feature engineering techniques.
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3.1. Structure of SNORF

SNOREF is a modified neural ODE model specifically designed for time-series fore-
casting. Its architecture, illustrated in Figure 2, introduces several innovations aimed at
improving stability in recursive prediction tasks.

Euler Integration for N times

v

Euler Integration for N times

v
Euler Integration for N times
Euler Integration for N times ’—>

v
N
h(t + At) = h(t) + z At - fi.(h,x)
k=1

Figure 2. Structure of the proposed SNORF model.

The model features four key architectural components:

1.  Input-dependent, non-autonomous drift function: Dynamically adapts to varying
inputs, capturing time-varying dynamics.

2. Euler-based solver: Provides numerically simple and stable integration without rely-
ing on high-order ODE solvers.

3. Flexible input configuration: Supports both sequential and pointwise inputs for
rolling forecasts.

4.  Embedded structural inductive bias: Encourages smooth transitions and helps sup-
press oscillations in predictions.

In classical neural ODE formulations, higher-order solvers such as Runge-Kutta meth-
ods are commonly used to accurately approximate continuous-time dynamics. However, in
recursive forecasting settings, solver accuracy is often less critical than numerical stability
and computational efficiency. Higher-order solvers introduce additional function evalu-
ations per step, which can significantly increase computational cost without necessarily
improving predictive stability in long-horizon recursive prediction. In contrast, the fixed-
step Euler integration used in SNORF provides a simple and stable update rule. When
combined with bounded nonlinear activations, the Euler update behaves similarly to a
low-pass filter on hidden-state dynamics, suppressing high-frequency oscillations that can
otherwise amplify during recursive forecasting. This property makes Euler integration
particularly suitable for stabilizing long-horizon predictions.

By addressing the practical requirements of adaptability and forecast stability, SNORF
extends conventional neural ODEs for more effective use in recursive time-series forecast-
ing. From a computational perspective, SNORF has complexity comparable to recurrent
models such as LSTM. Each Euler update involves matrix multiplications between hidden
states and weight matrices, resulting in approximately O(TUH?) complexity for a sequence
of length T with U unfolding steps and hidden dimension H. Unlike Transformer models,
which require O(T?H) operations due to self-attention, SNORF scales linearly with the
sequence length and avoids the quadratic complexity introduced by self-attention mecha-
nisms in Transformer models, making it well suited for real-time prediction and practical
deployment in microgrid environments.

While the architectural design of SNORF focuses on the model structure, it is also
necessary to clarify the overall training and inference procedure. To provide a clearer
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understanding of the overall procedure of the proposed method, Figure 3 illustrates the
complete training and testing workflow of SNOREF. The flowchart summarizes the recur-
sive rolling forecasting mechanism, in which previously predicted values are fed back as
lagged inputs, as well as the Euler-based hidden-state update governed by a bounded
drift function. During training, the model parameters are optimized through loss computa-
tion and backpropagation, while during testing, the trained model generates predictions
in an autoregressive manner with operational constraints applied to ensure physically
feasible outputs.

For each epoch Load trained SNORF
and saved scalers
For each time step ¢
Input data at t with ground / Load test data /
truth lagged generation ¢
value and weather feature 3
¢ For each rolling forecast step
‘ Min-max scaling I Input data at t with

predicted lagged generation
value and weather feature

v

‘ Min-max scaling I

Compute
f = tanh(W,x, + Wph + b)

|

Euler step update }—
| Pup Compute

f = tanh(W,x; + Wyph + b)
I

‘ Euler step update }—

‘ Generate prediction }—P{ Operational constraints I

‘ Compute loss » Backpropagation I ‘ Generate prediction }—D{ Operational constraintsl
‘ Update model parameter I ‘ Update lagged generation input I
‘ Save trained SNORF I ‘ Save prediction results I

Figure 3. Flowchart of the training and testing procedures of SNORF.

The overall computational procedure described above is formally summarized in
Algorithm 1. In addition to architectural flexibility, SNORF supports both deterministic
point forecasting and probabilistic forecasting depending on the requirements of the ap-
plication. For point forecasting tasks, the model produces a single prediction and can be
trained using a standard regression loss. For probabilistic forecasting, the model predicts
multiple quantiles using quantile-specific output heads. In recursive rolling prediction, the
median forecast is used as the feedback input for the next step. This design allows SNORF
to flexibly adapt to different operational scenarios and user requirements, supporting both
deterministic prediction tasks and uncertainty-aware forecasting applications.

https:/ /doi.org/10.3390/math14071173


https://doi.org/10.3390/math14071173

Mathematics 2026, 14, 1173

7 of 23

Algorithm 1 Main algorithm of SNORF

Inputs: Feature sequence X € RT*?, number of ODE unfolding steps U
Outputs: Predicted target value § € R (point forecast) or predicted quantile vector § € RM

(probabilistic forecast)

Definitions: Number of time steps T, feature dimension d, number of quantiles N,

Initialize hidden state i < 0
Set time resolution step At <— 1/U
for each timestept = 1to T do
Xt < X[t]
foru=1toUdo
f — tanh(Wxxt + Wyh + b)
hh+Atxf
end for
end for
z <— ReLU(Linear; (h))
z < Dropout(z)
if point forecasting then
1§ < Linear(z)
return j
else
Initialize Q « []
fori=1to N; do
§; + LinearQuantile;(z)
Append §; to Q
end for
g + Concatenate(Q)
return q
end if

// Extract input at time t

// Drift function
// Euler step update

To fully leverage this input flexibility while maintaining model efficiency, we em-

ployed hyperparameter optimization using the Optuna framework [25]. The search space

included learning rate, batch size, hidden size, dropout rate, the p value of the sharpness-

aware minimization (SAM) optimizer [26], input sequence length, and the number of ODE

unfolding steps. After the hyperparameter search, the final models were trained for up

to 500 epochs with early stopping based on validation loss (patience = 10). The resulting

optimized hyperparameters used for solar and wind forecasting are summarized in Table 1

and Table 2, respectively.

Table 1. Optimal hyperparameters of SNORF solar model.

Parameter Value Range Method
Input type Sequence [Sequence, Pointwise] Categorical
Timestep 3 [1,10] Discrete (step = 1)
Hidden size 20 [16, 64] Uniform
Linear hidden size 401 [128, 512] Uniform
ODE unfold 3 [1, 5] Discrete (step = 1)
SAM p 0.0284 [0.01, 0.1] Uniform
Dropout 0.1124 [0.0,0.3] Uniform
Learning rate 0.0030 [1074,1072] Log-uniform
Batch size 256 [64, 128, 256] Categorical
Table 2. Optimal hyperparameters of SNORF wind model.
Parameter Value Range Method
Input type Pointwise [Sequence, Pointwise] Categorical
Hidden size 17 [16, 64] Uniform
Linear hidden size 287 [128, 512] Uniform
ODE unfold 8 [1,10] Discrete (step = 1)
SAM p 0.0105 [0.01, 0.1] Uniform
Dropout 0.1333 [0.0, 0.3] Uniform
Learning rate 0.0004 [107%,1072] Log-uniform
Batch size 128 [64, 128, 256] Categorical
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3.2. Dataset

The HEFTcom24, organized by the IEEE Power & Energy Society and sponsored
by Jrsted (Fredericia, Denmark) and rebase.energy (Stockholm, Sweden), serves as a
benchmark for state-of-the-art forecasting methods [27]. Held in real-time from February
to May 2024, the competition focused on probabilistic forecasting of aggregated power
output from the Hornsea 1 offshore wind farm and solar power facilities in eastern Eng-
land, using quantile regression evaluated via Pinball Score. Participants were also tasked
with formulating energy trading strategies based on these forecasts. We utilize the offi-
cial HEFTcom?24 dataset, which includes numerical weather forecasts from the Deutscher
Wetterdienst (DWD) ICON-EU (Icosahedral Nonhydrostatic-European) model and corre-
sponding power generation records.

In this study, only the basic meteorological variables provided by the DWD forecasts
together with the corresponding generation data were used for model training and evalua-
tion. Table 3 summarizes the basic statistics of the meteorological and generation variables
used in this study, including their mean values, standard deviations, and missing data
rates. The training set spans from 20 September 2020 to 19 February 2024, and was used to
develop and optimize the model. The test set, covering 20 February to 19 May 2024, was
held out for final evaluation. Additional details regarding the dataset and input features
are provided in Appendix B.

Table 3. Basic statistics of the dataset variables.

Feature Mean Std. Missing Rate (%)
Wind speed at 10 m (WindSpeed) 7.56 15.06 0.01
Wind speed at 100 m (WindSpeed_100) 9.43 23.05 0.01
Wind power generation (Wind_MW) 573.89 192,201.14 0.18
Solar radiation (Radiation) 100.02  23,755.89 0.01
Solar plant temperature (Temperature) 10.70 36.63 0.01
Cloud cover (CloudCouver) 0.72 0.08 0.01
Solar power generation (Solar_MW) 229.62 142,139.99 0.12

3.3. Pre-Processing and Post-Processing

Figure 4 shows the irregular and non-stationary patterns of solar and wind power
output, which generally correlate with solar irradiance and wind speed, respectively.
These irregularities may result from curtailment, control constraints, or sudden changes
in weather conditions. Although imputation techniques are commonly applied to handle
missing values and outliers, they can distort the underlying data distribution or introduce
unnecessary computational overhead. Moreover, artificially filling missing values can
obscure potentially informative patterns inherent in the missingness itself.

Before model training, continuous input variables were normalized using Min-Max
scaling to improve numerical stability and training convergence. Specifically, each feature
x was transformed as

X = X — Xmin , (6)
Xmax — X¥min
where xpnin and xmax denote the minimum and maximum values estimated from the
training data. The same scaling parameters were subsequently applied to the validation
and test sets to avoid data leakage. The target variable was also scaled using the same
Min-Max transformation during training and later rescaled to the original physical units
for evaluation.

To preserve data integrity and allow the model to learn from natural variability, we
chose not to apply any artificial imputation. In the post-processing stage, source-specific
physical constraints were enforced. For solar power, predictions outside the feasible
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daylight window were set to zero. For wind power, predictions were capped at the installed
capacity. In both cases, negative outputs were clipped to zero to reflect physical constraints.
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Figure 4. Scatter plots of solar and wind power generation.

3.4. Feature Engineering

To improve forecasting accuracy, we engineered features from the competition-
provided meteorological dataset. Temporal features such as month and hour were encoded
using trigonometric functions to better capture their inherent cyclicality [28]. Additionally,
to represent time-series characteristics more effectively, we generated lag and difference
features for each weather variable, including 30 min and 1 h lags, same-time values from
the previous day, and daily averages. Prior research has shown that incorporating selected
past values can significantly enhance both forecast stability and reliability [29].

To quantify the contribution of each feature, we performed a feature importance
analysis using a Random Forest model, chosen for its robustness and interpretability [30].
Table 4 presents the top five features ranked by importance for both solar and wind
power forecasting. As shown in Table 4, the most influential feature for both solar and
wind forecasting was the power generation value from 30 min prior (Solar_ MW_30m and
Wind_MW_30m, respectively), highlighting the strong predictive value of recent historical
data. The consistent importance of lagged features across domains suggests that temporal
dependencies are more critical than complex additional variables in rolling forecasts. The
selection of 30 min and 1 h lags was guided by domain knowledge, which reflects typical
timescales of variation in solar irradiance and wind speed, and this choice was empirically
supported by the feature importance analysis.

These findings confirm that lag features are not merely a workaround for missing
data, but essential structural components of effective forecasting models. Moreover, elimi-
nating redundant variables and focusing on informative features reduces model complex-
ity and enhances forecasting stability. This underscores the effectiveness of the feature
selection strategy employed in this study, particularly for sequential forecasting under
data constraints.

Table 4. Feature importance ranking for solar and wind power forecasting.

Solar Wind
Rank Feature Importance Feature Importance
1 Solar_MW_30m 0.9588 Wind_MW_30m 0.9817
2 Radiation_diff 0.0156  Wind_MW_60m 0.0043
3 Radiation 0.0134  WindSpeed_100_diff 0.0021
4 Temperature_diff 0.0022  Wind_MW_90m 0.0012
5 time_sin 0.0017  WindSpeed_diff 0.0009
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4. Experimental Setup

This section describes the baseline models and the HEFTcom24 benchmark used to
validate the proposed SNORF model.

4.1. Baseline Models and Evaluation Metrics

We compared SNORF with representative time-series forecasting models, which are
listed in Table 5. For a fair comparison, all models were trained under identical experimental
conditions. All models were evaluated using the same rolling forecast framework, where
multi-step predictions were generated recursively by feeding each predicted output back
as input for the subsequent forecasting step. Hyperparameters for all baseline models
were tuned using a unified search strategy, and the final configurations are detailed in
Appendix C. All deep learning models were trained on a system equipped with an NVIDIA
GeForce RTX 3090 Ti GPU, Intel Core i9-12900K CPU, and Python 3.8, using PyCharm
2025.3.4 development environment.

Table 5. Benchmark time-series models and rationale.

Category Model Rationale for Selection
Basic Recurrent Model RNN (Recurrent The simplest neural architecture for processing time-series data; used as a
Neural Network) baseline to evaluate the performance gap with the proposed model.

Extended

An extension of RNNs with strengths in handling long-term dependencies;

Recurrent Model LST™M a representative benchmark model for rolling forecasting.
Hybrid Model CNN (Convolutional A hybrid architecture combining CNN’s local feature extraction
y Neural Network)-LSTM capabilities with LSTM’s sequence learning ability.
Attention-based Model Transformer An attention-based architecture with strong Performance in modeling
long-term dependencies.
Conventional Neural Neural ODE A representative continuous-time modeling framework; used as a baseline

ODE Model

to assess the effectiveness of the proposed modified Neural ODE structure.

Since the HEFTcom?24 benchmark requires probabilistic forecasting, a different set of
hyperparameters was used compared with those adopted for the pointwise forecasting
model described in Section 3.1. The resulting configurations are summarized in Table 6.
Similar to the procedure used in Section 3.1, the hyperparameters were optimized using
the Optuna framework [25] within the same search ranges.

Table 6. Hyperparameter configurations for HEFTcom?24.

. ODE Learning Batch Hidden Linear
Model Input Type Timestep Unfolds Rate Size Size Hidden Size Dropout  SAM p
Solar Sequence 4 3 0.0012 128 26 156 0.2914 0.0268
Wind Sequence 10 3 0.0089 64 33 187 0.0408 0.0246

4.2. Overview of the HEFTcom24 Benchmark

The HEFTcom24 competition is an international event that provides a standardized
benchmark for evaluating joint forecasting and trading strategies in hybrid renewable
energy systems, balancing real-world relevance with academic rigor. The competition
aims to identify robust forecasting methods under realistic operational constraints, making
it particularly relevant for industrial applications. Participants are required to produce
day-ahead quantile forecasts of wind and solar power generation and to develop corre-
sponding market strategies. In total, more than 170 teams registered, with 66 teams actively
submitting forecasts [31].
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The competition comprises two tracks:

e Track 1: Hybrid Energy Forecasting—focusing on aggregated wind and solar
power predictions.
e Track 2: Energy Trading—involving strategy design based on forecast outputs.

This study focuses on Track 1—hybrid energy forecasting. The primary evaluation
metric is the Pinball Score, a standard loss function used for quantile regression.
The quantile loss function is defined as:

x(y —q4a), ify >4
La(Y,Ga) = W qaz . Y TX @)
(1= a)(du—y), ity <da
where y is the true value and §, is the predicted quantile at level a.
The final Pinball Score (PS) is computed as:
1 N
PS = N Z La(yi, 7i) 8)

i=1

where N is the total number of forecast instances, and L, (y;, ;) is the quantile loss for
instance i.

The final score is averaged across nine quantiles (from the 10th to 90th percentiles), in
accordance with the official HEFTcom24 protocol. This evaluation framework enables com-
prehensive assessment by capturing both point accuracy and the distributional reliability
of forecasts. The HEFTcom24 benchmark evaluates probabilistic forecasts using the Pinball
Score. Accordingly, our implementation directly produces probabilistic forecasts by jointly
predicting multiple quantiles within a single model, where each quantile is generated by a
quantile-specific output head.

5. Experimental Results
5.1. Performance Comparison of Time-Series Models

To evaluate forecasting performance, we use two categories of metrics: (1) accuracy
metrics for pointwise prediction errors; (2) a structural metric for temporal consistency.

Accuracy metrics. Root Mean Square Error (RMSE) and Mean Absolute Error (MAE)
quantify the pointwise discrepancy between predicted and actual power generation, re-
flecting the magnitude of forecasting errors.

As a structural metric, the Pearson Correlation Coefficient (PCC) measures the direc-
tional alignment between predicted and actual sequences, capturing the similarity of their
temporal patterns. It is defined as:

R v BYCT 117
VI (i - 22/

where x; and y; denote the predicted and actual values at time step i, and X and 7 are their

i (yi —9)?

respective means. The PCC ranges from —1 to 1, with higher values indicating stronger
temporal correlation and thus greater structural consistency in the forecasted trajectory.
Tables 7 and 8 present the forecasting performance of SNORF and the baseline models
for solar and wind power generation. To ensure a fair comparison, each experiment was
repeated 10 times for every model, and the reported values are presented as the mean and
standard error (SE). SNORF achieves the lowest RMSE and MAE in both domains, indicat-
ing superior pointwise accuracy. It also records the highest PCC scores, reflecting strong
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alignment with the temporal patterns of actual generation. In addition, SNORF requires
the shortest training time among all models, demonstrating its computational efficiency.

Table 7. Performance comparison of solar power forecasting models. Values are presented as
mean =+ SE. An asterisk (*) indicates SE values rounded to 0.00 due to their small magnitude.

Model RMSE (%) + SE  MAE (kWh) + SE PCC+ SE  Training Time (s) = SE
RNN 6.27 £ 0.11 63.85 £ 1.12 0.96 £ 0.00 * 160.57 + 18.45
LSTM 7.48 £ 0.55 75.38 +5.44 0.95 + 0.01 242.00 £ 27.32
CNN-LSTM 6.87 £ 0.10 69.97 £1.10 0.96 £ 0.00 * 27493 £+ 3541
Transformer 6.45 + 0.08 66.30 £ 1.00 0.96 £ 0.00 * 467.50 £ 55.08
Neural ODE 9.09 £+ 0.68 97.62 £+ 8.24 0.96 £+ 0.00 * 3144.43 4+ 323.33
SNORF 6.12 + 0.07 61.99 + 0.69 0.97 £0.00 * 77.55 + 6.38

Table 8. Performance comparison of wind power forecasting models. Values are presented as

mean £ SE.

Model RMSE (%) = SE  MAE (kWh) = SE  PCC &+ SE Training Time (s) &= SE
RNN 51.17 £ 3.00 330.18 £ 21.52 0.17 £ 0.06 819.23 £ 41.08
LSTM 49.60 £ 1.64 312.72 £12.63 0.15 £ 0.05 360.80 £ 49.75
CNN-LSTM 32.45 £ 4.07 197.25 £ 28.13 0.56 £ 0.10 1173.96 £ 194.34
Transformer 33.65 £ 1.84 204.37 £ 11.09 0.67 £ 0.03 286.90 £ 24.98
Neural ODE 23.98 £1.98 145.59 + 14.43 0.86 £ 0.01 893.99 £ 108.85
SNORF 21.08 £0.76 112.59 + 4.99 0.87 £ 0.01 159.60 + 14.16

For solar forecasting, SNORF reduces RMSE by 2.39% and MAE by 2.91% compared
with the best-performing baseline model, RNN. Compared with other deep learning
baselines such as CNN-LSTM and Transformer, the improvements reach 10.92% and
5.12% in RMSE, and 11.40% and 6.50% in MAE, respectively. Relative to Neural ODE, the
reductions are 32.67% in RMSE and 36.50% in MAE.

For wind forecasting, the performance gain is more pronounced. SNORF reduces
RMSE by 12.09% and MAE by 22.67% relative to the strongest baseline, Neural ODE.
Compared with CNN-LSTM and Transformer, the improvements reach 35.04% and 37.36%
in RMSE, and 42.92% and 44.91% in MAE, respectively. Compared with RNN and LSTM,
the improvements reach 58.80% and 57.50% in RMSE, and 65.90% and 64.00% in MAE,
respectively. These results demonstrate SNORF’s ability to produce accurate, efficient, and
temporally consistent forecasts under rolling conditions. Representative visual comparisons
are shown in Figures 5 and 6.
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Figure 5. SNORF and baseline models in solar generation forecasting.
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Figure 6. SNORF and baseline models in wind generation forecasting.

5.2. Long-Term Forecasting Performance

To examine how forecasting errors evolve over extended horizons, we present the

relative cumulative MAE trajectories for each model. Rather than plotting absolute cumula-

tive errors, the cumulative MAE of each model is normalized by that of SNORF at each

time step, yielding a relative cumulative MAE curve with SNORF serving as the baseline

(value = 1). This representation highlights how forecasting errors accumulate over time

relative to the SNORF model.

For solar forecasting, since power generation drops to near zero during nighttime,

the temporal continuity between consecutive days is weaker than that of wind power.

Accordingly, we compute the MAE every 30 min within each day, construct the within-day

cumulative error series, and then aggregate the cumulative values corresponding to each

clock time across all test dates to obtain the average cumulative MAE profile. In addition, to

ensure robustness, the cumulative MAE values are computed using the averaged generation

outputs across multiple independent runs.

In contrast, wind generation exhibits more continuous temporal dependencies through-

out the day, so we compute daily MAE values and accumulate them sequentially to capture

long-term error growth across the evaluation period. Similarly, the cumulative error curves

are based on the averaged results over multiple runs. The resulting curves therefore repre-

sent relative cumulative errors, enabling direct comparison of how rapidly each model’s

forecasting errors accumulate relative to the SNOREF baseline.

As shown in Figures 7 and 8, SNOREF serves as the reference baseline, while most

competing models exhibit relative cumulative MAE values above 1 for substantial portions

of the evaluation horizon, indicating faster cumulative error growth than SNORF. In some

intervals, certain baseline models temporarily fall below the SNORF baseline, reflecting

lower cumulative errors over those partial periods. However, across the full evaluation

horizon, SNORF maintains the most favorable long-term error accumulation behavior.
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Figure 8. Relative cumulative MAE over the evaluation period for wind forecasts.

This improved behavior can be attributed to the architectural design of SNORE. Specif-
ically, the bounded drift function constrains the magnitude of hidden-state updates, pre-
venting abrupt transitions that may amplify prediction errors. In addition, the repeated
Euler-based integration enforces gradual and smooth hidden-state evolution, which acts
as a low-pass filter on high-frequency variations. Together, these mechanisms limit the
propagation and accumulation of errors during recursive forecasting, resulting in more
stable long-horizon predictions. Overall, these results indicate that SNORF provides more
robust long-horizon forecasting performance under recursive rolling prediction compared
with conventional deep learning models for time-series forecasting.

5.3. Benchmarking Against HEFTcom24 Winners

To align with the official HEFTcom?24 evaluation protocol, we assessed SNORF using
nine quantile levels. Figure 9 presents quantile predictions over the entire test period, while
Figure 10 illustrates representative quantile predictions on selected test days. Based on
the competition’s official evaluation, SNORF achieved a final Pinball Score of 23.85 MWHh,
ranking third overall and placing within the top 4% of all participating teams.

14001 — Actual Generation

q10 q40 q70
1200 G20 q50 — 80
q30 q60 — 90

el
T L |

\/

—
o
S
S}

©
o
S}

o
=3
IS)

Generation [MWh]

'S
o
S}

o {14 | AR N w p

24/02/20 24/03/05 24/03/19 24/04/02 24/04/16 24/04/30 24/05/14
Date/Time

Figure 9. Quantile predictions over the entire HEFTcom24 test period.

https://doi.org/10.3390 /math14071173


https://doi.org/10.3390/math14071173

Mathematics 2026, 14, 1173

15 of 23

—— Actual Generation
1000 q19 960
q20 q70
q30 q80
< 800 q40 q90
s q50
§ 600
=
o
2 400
[
O]
200
24/05/13 24/05/13 24/05/13 24/05/14 24/05/14
07:00 15:00 23:00 07:00 15:00
Date/Time

Figure 10. Representative quantile predictions on the HEFTcom?24 test set.

SNOREF was evaluated under the official HEFTcom?24 protocol and dataset for compar-
ison purposes, although it was not an official competition submission. Table 9 summarizes
the scores and methodologies of the top-performing participants in the HEFTcom?24 compe-
tition [31]. Several high-ranking teams relied heavily on high-resolution meteorological
data and sophisticated ensemble techniques to improve their forecasts. For instance, SVK
leveraged CatBoost models with MEPS data, UIx BUD employed LightGBM ensembles
with manual correction strategies, and Rnt used proprietary weather data in conjunction
with Transformer-based architectures. In contrast, SNORF achieved top-tier forecasting
performance without any additional datasets or post-processing techniques, using only
the officially provided DWD dataset. This strong performance stems from two core fac-
tors. First, the rolling forecasting framework enabled effective future prediction even in
data-limited environments by feeding the model’s own outputs back as inputs. Second,
and more critically, SNORF’s architectural design, featuring an input-dependent bounded
drift function and repeated Euler-based integration, successfully suppressed oscillatory
behavior and stabilized predictions, addressing the inherent instability of rolling forecasts.

Table 9. Comparison of top-performing teams in HEFTcom24. N/ A indicates that the method was
not an official competition submission.

Rank Team PS Used Method

1 SVK 22.18 CatBoost stacking, MEPS

2 UI-BUD 23.18 LightGBM per quantile, manual tuning
N/A SNORF 23.85 Rolling forecast using SNORF

3 Rnt 24.64 Transformer, Reint AI weather model
4 GEB 25.16 LightGBM, numerical convolution

5.4. Ablation Study

To better understand the contribution of the key architectural components of SNOREF,
we conducted an ablation study isolating the effects of the bounded drift function and
repeated Euler integration. Specifically, four model variants were evaluated: (1) the full
SNORF model with both components enabled, (2) a model without bounded drift, (3) a
model without repeated Euler integration, and (4) a model without both components. For
fairness and to ensure robustness of the results, each experiment was repeated 10 times
with different random initializations, and the mean and standard error were reported. The
results for solar and wind forecasting are summarized in Tables 10 and 11, respectively.

https:/ /doi.org/10.3390/math14071173


https://doi.org/10.3390/math14071173

Mathematics 2026, 14, 1173

16 of 23

Table 10. Ablation study of the proposed solar SNORF model components. Values are presented
as mean + SE. An asterisk (*) indicates SE values rounded to 0.00 due to their small magnitude. A
checkmark (v') indicates that the corresponding component is included in the model.

Bounded Drift Repeated Euler = RMSE (%) + SE MAE (kWh) + SE PCC + SE

v v 6.12 £ 0.07 61.99 £+ 0.69 0.97 £0.00 *
v 7.87 £0.35 80.48 £3.75 0.96 + 0.00 *

v 7.69 £ 0.55 79.89 £5.78 0.96 £ 0.00 *
11.65+ 0.60 11091+ 5.71 0.92 £0.01

Table 11. Ablation study of the proposed wind SNORF model components. Values are presented as
mean + SE. A checkmark (v') indicates that the corresponding component is included in the model.

Bounded Drift Repeated Euler = RMSE (%) £ SE MAE (kWh) =+ SE PCC + SE

v v 21.08 £0.76 112.59 + 4.99 0.87 £ 0.01
v 22.83 £ 1.53 136.36 £ 12.20 0.87 £0.01

v 2445+ 1.79 144.95 £ 11.31 0.83 £0.02
32.29 £4.65 203.23 £ 33.44 0.73 £ 0.06

For solar forecasting, the full SNORF model achieves the best performance across
all metrics. Removing either the bounded drift or the repeated Euler integration leads
to a noticeable degradation in accuracy, with both variants showing similar performance
drops. When both components are removed, the performance deteriorates substantially,
indicating that these two mechanisms jointly play a critical role in stabilizing hidden-
state dynamics and mitigating error accumulation during recursive forecasting. Overall,
the results suggest that both bounded drift and repeated Euler integration contribute
meaningfully and synergistically in the solar setting.

For wind forecasting, the same overall pattern is observed, with the full SNORF model
achieving the best performance and the model without both components showing the
largest degradation. However, compared to the solar case, the relative contributions of
the two components differ. Removing the bounded drift function results in a performance
degradation, although the extent of the degradation remains relatively limited. In contrast,
removing the repeated Euler integration causes a more consistent degradation across all
evaluation metrics. This suggests that, for wind forecasting, repeated Euler integration
plays a more prominent role in improving predictive performance, whereas the contribution
of bounded drift is comparatively smaller, although still beneficial overall.

The relatively smaller gains in the wind forecasting task can be attributed to both
the intrinsic characteristics of wind power generation and the experimental configuration.
Wind power exhibits higher variability and weaker temporal continuity compared to
solar power, making it less dependent on smooth temporal evolution of hidden states. In
addition, the wind model was trained with a timestep of 1, which reduces the extent of
recursive dependency across time. As a result, the stabilizing mechanisms designed to
control recursive error propagation have a diminished effect. Nevertheless, when both
components are removed, the performance drops significantly, suggesting that they still
play a complementary role in maintaining overall model robustness.

These observations are broadly consistent with the theoretical stability perspective
discussed earlier. The bounded drift formulation constrains the magnitude of hidden-state
updates, while repeated Euler integration encourages gradual temporal evolution. Al-
though their individual contributions may vary depending on the dataset and temporal
structure, their combination helps limit abrupt hidden-state transitions and suppress cumu-
lative error growth during recursive forecasting. The empirical results in Tables 10 and 11
support this interpretation, showing that SNORF achieves stable long-horizon predictions
by structurally regularizing hidden-state dynamics.
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6. Discussion

SNOREF achieves stable and accurate rolling forecasts by structurally mitigating error
amplification without relying on post hoc smoothing. This stability is primarily attributed
to two key mechanisms: bounded hidden-state updates and gradual temporal evolution.

1.  Euler-based incremental updates: Hidden states evolve through small incremental
steps, effectively acting as a low-pass filter on hidden dynamics. With bounded tanh
activation and time step At, the update magnitude is constrained:

|hip1 —he| < At x C. (10)

This suppresses high-frequency oscillations during recursive prediction.

2. Bounded drift function: The drift function f (ht, x¢) is bounded, limiting hidden-
state variation and reducing error amplification. Under the Lipschitz assumption,
prediction error satisfies

|€t+1| <L x |€t|. (11)

Although L < 1 is not explicitly enforced, bounded activations and small At help
prevent uncontrolled error growth (see Appendix A).

Together, these mechanisms enforce smooth hidden-state dynamics across recursive
steps, making stability an intrinsic architectural property. The number of Euler unfolding
steps provides a practical trade-off between smoothness and model flexibility. Empirically,
SNOREF consistently improves both predictive accuracy and temporal coherence across
datasets, while maintaining strong performance under limited meteorological inputs. How-
ever, real-world renewable energy systems involve additional operational constraints (e.g.,
curtailment and grid limits) that are only partially considered in this study, suggesting an
avenue for future work.

SNOREF also has several limitations. Performance depends on the choice of At, which
controls hidden-state update magnitude. Repeated Euler updates introduce modest com-
putational overhead, although overall complexity remains comparable to recurrent models.
Because the computational complexity scales linearly with the sequence length, the pro-
posed framework is well-suited for higher-resolution datasets with finer temporal gran-
ularity. Future work will extend SNORF to more complex nonlinear energy systems and
incorporate richer operational constraints.

7. Conclusions

This study proposed SNOREF, a neural ODE-based forecasting architecture designed to
improve stability and accuracy in rolling time-series prediction. By structurally constrain-
ing hidden-state dynamics, SNORF mitigates the error amplification commonly observed
in recursive forecasting. Unlike many existing approaches that rely on high-resolution me-
teorological inputs or post-processing techniques, the proposed model achieves stable long-
horizon forecasting using only basic meteorological variables and lagged generation data.

The main findings of this study can be summarized as follows:

¢ SNOREF introduces a structurally stable rolling forecasting architecture by combining
an input-dependent bounded drift function with repeated Euler-based integration.

*  The proposed architecture suppresses oscillatory behavior and limits error accumula-
tion during recursive prediction.

¢ Experimental results on solar and wind generation datasets demonstrate that SNORF
consistently outperforms representative time-series forecasting models in terms of
RMSE, MAE, and temporal consistency.
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*  When evaluated under the official HEFTcom24 protocol, SNORF achieves a top 4%
ranking using only the basic weather dataset, highlighting its robustness in data-
constrained forecasting environments.

Despite these promising results, several limitations remain. The forecasting perfor-
mance is moderately influenced by the choice of the Euler time step At, which controls
the magnitude of incremental hidden-state updates. In addition, although repeated Euler
updates improve stability, they introduce a modest computational overhead compared
with a single recurrent update. Furthermore, operational constraints such as curtailment
policies or detailed turbine operating conditions were not explicitly modeled in this study.

Because SNOREF uses fixed-step updates rather than adaptive ODE solvers, the com-
putational complexity scales linearly with sequence length, making the framework suitable
for higher-resolution datasets. Future work will further evaluate the model using higher-
frequency renewable generation data. In addition, future research will investigate the
applicability of SNOREF to a broader range of nonlinear energy systems.
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Appendix A. Mathematical Analysis of Stability in SNORF

In recursive forecasting, prediction errors propagate over time due to the use of
previously predicted values as inputs. To analyze this behavior, we distinguish between
two related quantities: (i) function-level discrepancies and (ii) hidden-state errors.

The function-level discrepancy is defined as:

et := f(Gt) — f(y), (A1)

which captures the deviation in the drift function caused by using predicted inputs instead
of ground-truth values. This discrepancy reflects how prediction errors affect the system
dynamics through the input.

The hidden state in SNORF evolves according to Euler integration:

ht+1 = ht + At X f(xt, ht), (AZ)

where
f(xt, l’lt> = tanh(Wxxt + Whht + b) (A3)

Let hi; denote the hidden state driven by ground-truth inputs, and 4} the hidden state
driven by recursively predicted inputs. We define the hidden-state error as:

S (A4)
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Then, the error evolves as:
h
o) = By — Iy, (A3)
= (ht+At xf(xt,ht)) — (hi‘—i-At Xf(xi,h;)) (A6)
= e") + At (F(xr o) — F(xh, 1)), (A7)

We decompose the drift difference:

fxe, he) — f(xp, ) = [f (e, he) — f(xe, 1) |+ [f (e, ) — f(xg, hy)]. (A8)

The first term corresponds to hidden-state perturbations, while the second term
reflects input-induced discrepancies. Notably, the second term is directly related to the
function-level discrepancy ey, as it arises from replacing y; with f; in the input.

Since tanh(x ) is 1-Lipschitz, the drift function satisfies:

1f(x, 1) = f(x, ha) || < [[Wall x ([ — ha|, (A9)
and
1f(x1, 1) = fxo, )| < [[Will x [[x1 — 22| (A10)

Therefore, the hidden-state error satisfies

h h
e 1< (1 + at[Wy )l | + At Wel |12 — )] (A11)

This shows that the sensitivity of hidden-state transitions is modulated by the factor
1+ At||Wy]|. Hence, a smaller Euler step size reduces the contribution of recurrent-state
amplification and helps improve stability in recursive forecasting.

Appendix B. Information on the Datasets

Further details regarding the dataset and input features for both solar and wind power
generation are provided in the following subsections.

Appendix B.1. Information on the Solar Dataset

Table A1l. Summary of the solar power forecasting dataset used in this study.

Parameters Details

Provided by Hybrid Energy Forecasting and Trading Competition
Organization Deutscher Wetterdienst

Time Resolution 30 min

Location England

Available Features Solar radiation, relative humidity, cloud cover, Installed solar capacity

Time, generation (30, 60, 90 min prior), Installed solar capacity, temperature diff,
cloud cover, radiation
Dataset Splits Training: 20 September 2020-19 February 2024; Test: 20 February 2024-19 May 2024

Used Features

Appendix B.2. Information on the Wind Dataset

Table A2. Summary of the wind power forecasting dataset used in this study.

Parameters Details

Provided by Hybrid Energy Forecasting and Trading Competition
Organization Deutscher Wetterdienst

Time Resolution 30 min

Location England

Available Features Wind speed (10 m, 100 m), wind direction (10 m, 100 m), relative humidity

Time, temperature, generation (30, 60, 90 min prior), wind speed 100m
(0, 30, 60 min prior), wind direction
Dataset Splits Training: 20 September 2020-19 February 2024; Test: 20 February 2024-19 May 2024

Used Features
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Appendix C. Hyperparameters of Baseline Models

This section provides the detailed hyperparameter configurations for the baseline
models used in the comparative analysis, optimized via the Optuna framework.

Appendix C.1. RNN Parameters for Solar Forecasting

Table A3. Hyperparameter configuration of the RNN model for solar forecasting.

Parameter Value Range Method
Time Step 4 [1,30] Discrete (step = 1)
Hidden size 48 [32, 256] Uniform
Linear hidden size 189 [32, 256] Uniform
SAM p 0.0176 [0.01, 0.1] Uniform
Dropout 0.0764 [0.0,0.5] Uniform
Learning Rate 0.0028 [10%,1072] Log-uniform
Batch Size 128 [64, 128, 256] Categorical

Appendix C.2. RNN Parameters for Wind Forecasting

Table A4. Hyperparameter configuration of the RNN model for wind forecasting.

Parameter Value Range Method
Time Step 27 [1,30] Discrete (step = 1)
Hidden size 89 [32, 256] Uniform
Linear hidden size 241 [32, 256] Uniform
SAM p 0.0263 [0.01,0.1] Uniform
Dropout 0.0668 [0.0, 0.5] Uniform
Learning Rate 0.0015 [107%,1072] Log-uniform
Batch Size 64 [64, 128, 256] Categorical

Appendix C.3. LSTM Parameters for Solar Forecasting

Table A5. Hyperparameter configuration of the LSTM model for solar forecasting.

Parameter Value Range Method
Time Step 21 [1,30] Discrete (step = 1)
Hidden size 210 [32, 256] Uniform
Linear hidden size 206 [32, 256] Uniform
SAM p 0.0178 [0.01, 0.1] Uniform
Dropout 0.1959 [0.0,0.5] Uniform
Learning Rate 0.0060 [10-%,1072] Log-uniform
Batch Size 64 [64, 128, 256] Categorical

Appendix C.4. LSTM Parameters for Wind Forecasting

Table A6. Hyperparameter configuration of the LSTM model for wind forecasting.

Parameter Value Range Method
Time Step 29 [1,30] Discrete (step = 1)
Hidden size 152 [32, 256] Uniform
Linear hidden size 228 [32, 256] Uniform
SAM p 0.0253 [0.01,0.1] Uniform
Dropout 0.1081 [0.0, 0.5] Uniform
Learning Rate 0.0027 [107%,1072] Log-uniform
Batch Size 64 [64, 128, 256] Categorical
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Appendix C.5. CNN-LSTM Parameters for Solar Forecasting

Table A7. Hyperparameter configuration of the CNN-LSTM model for solar forecasting.

Parameter Value Range Method
Time Step 21 [1,30] Discrete (step = 1)
CNN Filters 64 [16, 128] Discrete (step = 16)
CNN Kernel 3 [1, time step] Uniform
Hidden size 210 [32, 256] Uniform
Linear hidden size 206 [32, 256] Uniform
SAM p 0.0178 [0.01,0.1] Uniform
Dropout 0.1959 [0.0,0.5] Uniform
Learning Rate 0.0060 [1074,1072] Log-uniform
Batch Size 64 [64, 128, 256] Categorical

Appendix C.6. CNN-LSTM Parameters for Wind Forecasting

Table A8. Hyperparameter configuration of the CNN-LSTM model for wind forecasting.

Parameter Value Range Method
Time Step 27 [1,30] Discrete (step = 1)
CNN Filters 96 [16, 128] Discrete (step = 16)
CNN Kernel 2 [1, time step] Uniform
Hidden size 185 [32, 256] Uniform
Linear hidden size 158 [32, 256] Uniform
SAM p 0.0178 [0.01, 0.1] Uniform
Dropout 0.1747 [0.0,0.5] Uniform
Learning Rate 0.0009 [107%,1072] Log-uniform
Batch Size 64 [64, 128, 256] Categorical

Appendix C.7. Transformer Parameters for Solar Forecasting

Table A9. Hyperparameter configuration of the Transformer model for solar forecasting.

Parameter Value Range Method

Time Step 3 [1, 30] Discrete (step = 1)
d_model (d_m) 32 [16, 128] Discrete (step = 16)
ff_dim 32 [d_m, 4*d_m] Discrete (step = d_m)
n_heads 2 [1,2,4,38] Categorical
SAM p 0.0204 [0.01, 0.1] Uniform
Dropout 0.4151 [0.0, 0.5] Uniform
Learning Rate 0.0035 [1074,1072] Log-uniform
Batch Size 64 [64, 128, 256] Categorical

Appendix C.8. Transformer Parameters for Wind Forecasting

Table A10. Hyperparameter configuration of the Transformer model for wind forecasting.

Parameter Value Range Method

Time Step 11 [1,30] Discrete (step = 1)
d_model (d_m) 96 [16,128] Discrete (step = 16)
ff dim 192 [d_m, 4*d_m] Discrete (step = d_m)
n_heads 4 [1,2,4,38] Categorical
SAM p 0.0178 [0.01, 0.1] Uniform
Dropout 0.4658 [0.0, 0.5] Uniform
Learning Rate 0.0053 [104,1072] Log-uniform
Batch Size 128 [64, 128, 256] Categorical
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Appendix C.9. Neural ODE Parameters for Solar Forecasting

Table A11. Hyperparameter configuration of the Neural ODE model for solar forecasting.

Parameter Value Range Method
Input type Pointwise - -
Hidden size 249 [32, 256] Uniform
Linear hidden size 267 [32, 256] Uniform
SAM p 0.0398 [0.01,0.1] Uniform
Dropout 0.3689 [0.0, 0.5] Uniform
ODE solver Odeint - -
Learning Rate 0.0040 [10%,1072] Log-uniform
Batch Size 256 [64, 128, 256] Categorical

Appendix C.10. Neural ODE Parameters for Wind Forecasting

Table A12. Hyperparameter configuration of the Neural ODE model for wind forecasting.

Parameter Value Range Method
Input type Pointwise - -
Hidden size 68 [32, 256] Uniform
Linear hidden size 392 [32, 256] Uniform
SAM p 0.0068 [0.01,0.1] Uniform
Dropout 0.3488 [0.0, 0.5] Uniform
ODE solver Odeint - -
Learning Rate 0.0052 [10%,1072] Log-uniform
Batch Size 256 [64, 128, 256] Categorical
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