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Accurate short and medium-term forecasting is important for mitigating uncertainty and enabling efficient en-
ergy grid management. While traditional machine learning and deep learning models offer improved accuracy,
they often lack interpretability. To address these limitations, this study proposes a hybrid forecasting frame-
work, called FNO-BiLSTM-NAM, that combines a Fourier Neural Operator (FNO) to extract spectral-temporal
features, a Bidirectional Long Short-Term Memory (BiLSTM) network to model sequential dependencies, and
a Neural Additive Model (NAM) to quantify feature-wise contributions. The model incorporates multi-scenario
forecasting to support energy operators under different uncertainty levels. Experiments conducted on a dataset
from a 5 MW PhotoVoltaic (PV) plant demonstrate the superiority of the model. For a 6-hour forecast horizon,
the proposed FNO-BIiLSTM-NAM model achieved a mean absolute error of 0.0712 and mean squared error of
0.0092, outperforming benchmark models across short- to medium-term horizons. Furthermore, the spectral
analysis of the FNO revealed low-pass filtering behavior, highlighting the ability of the model to suppress
high-frequency noise. Comparative experiments with five machine and deep learning baseline models confirm
the robustness and generalization capacity of the framework. These results underscore the potential of the
proposed model for enhancing PV energy forecasting accuracy while maintaining transparency across dynamic
operating conditions.

1. Introduction Physical models rely on deterministic frameworks, using Numerical

Weather Prediction (NWP) data and geospatial parameters to simulate

PhotoVoltaic (PV) and wind energy are the leading sources of
renewable electricity generation. However, their inherent variability
and intermittency pose significant challenges to power system stability,
making accurate forecasting essential for efficient grid integration [1].
Forecasting methods for wind and PV energy can be broadly classified
into four categories: physical models, statistical approaches, Artificial

wind speed or solar irradiance before converting these into energy
forecasts. However, due to the limited temporal resolution of NWP
updates, these methods are best suited for medium- to long-term fore-
casting. In contrast, statistical and Al-based techniques employ data-
driven approaches, learning nonlinear relationships between historical
power output, operational data, and meteorological variables to gener-

Intelligence (AI)-based approaches including Machine Learning (ML)
and Deep Learning (DL), and hybrid models [2].

ate predictions [3]. These methods excel in very short- to short-term
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forecasting. Hybrid models combine multiple methodologies, leverag-
ing their complementary strengths to improve both robustness and
accuracy [4].

Among various hybrid methods, Kushwaha and Pindoriya [5] pro-
posed a model that combines Seasonal AutoRegressive Integrated Mov-
ing Average (SARIMA) with a Random Vector Functional Link (RVFL)
neural network approach, enhanced by maximum overlap discrete
wavelet transform for time-adaptive decomposition of time series of
solar PV power using data from rooftop solar plants, showing improve-
ments in forecast accuracy and adaptability compared to individual
models. Tavares et al. [6] evaluated the accuracy of multilayer feed-
forward Artificial Neural Networks (ANNs) and Deep Neural Networks
(DNNs) to forecast PV generation of a residential building. The predic-
tion was made 7 days ahead, and the ANN gives the most acceptable
forecast errors.

An ensemble learning model was proposed by Khan et al. [7] uti-
lizing two DL algorithms, ANN and Long Short-Term Memory (LSTM)
as base models integrated with an eXtreme Gradient Boosting (XG-
Boost) algorithm for solar energy forecast. Ma et al. [8] proposed a
DL model for PV power prediction based on Gated Recurrent Unit
(GRU) network, improved sine cosine optimization algorithm, and full-
set empirical mode decomposition which was applied to PV power data
with good prediction results. Five different ML models were applied
by Pombo et al. [9] to the short-term PV forecast. Solar irradiance,
another important variable, was predicted 10 min ahead using LSTM
and Convolutional Neural Network (CNN) [10]. Due to its immense
potential, a wavelet-based time-frequency analysis of data used with
a DL model to predict solar irradiance in the next 10 min to calculate
solar PV generation was proposed by Rodriguez et al. [11].

Wang et al. [12] presented a study considering the accuracy rate,
utility, and stability of the forecast, reaching the Pareto optimal so-
lution. Four Belgian databases from one year were used. A model
based on an Improved Stacking ensemble LSTM-Informer algorithm
(ISt-LSTM-Informer) was applied by Cao et al. [13] to accurately short-
and medium-term PV power forecasts using a dataset from a PV system
located in Australia, with superior results. Jacques Molu et al. [14] pro-
posed an approach for short-term solar power forecasting, integrating
Bayesian optimized Bidirectional LSTM (BiLSTM) with Additive At-
tention and Dilated Convolution (BiLSTM-AADC) with Savitzky—Golay
filtering. The methodology was applied to analyze data collected from
a solar power probe located in Douala, Cameroon, including predicting
horizons of 1 to 15 days. Solar power generation for 10 min to 180 min
ahead was predicted by Rahman et al. [15] based on univariate and
multivariate models using historical weather data, using the LSTM tech-
nique. The LSTM with Temporal Convolutional Network (TCN) model
(LSTM-TCN) for forecasting PV energy was proposed by Limouni et al.
[16], incorporating different seasons, cloudy, clear, and intermittent
days.

Recently, Gupta et al. [17] presented a review of existing literature
on ML techniques for PV forecasting, exploring various categories, in-
cluding DL, hybrid, and mathematical models. Cao et al. [18] proposed
a PV power prediction model based on the Stacking Ensemble Algo-
rithm (StEA) coupled with correlation-guided fast Fourier transform to
decompose the high- and low-frequency components. The model was
tested on 12 PV data sets, and the results demonstrated good prediction
accuracy. The amount of energy generated by solar cells employing ML
techniques such as Random Forest (RF), k-Nearest Neighbors (k-NN),
Extra Tree (ET), and XGBoost was evaluated using various statistical
parameters in [19].

In the last decade, Sun et al. [20] used a CNN on the SUNSET
dataset to forecast solar PV power 15 min ahead. This shows that
cloud movement introduces significant uncertainty in short-term solar
power forecasting. Another CNN model called SolarNet was proposed
by Korkmaz [21] for short-term PV output power prediction under
different weather conditions and seasons, compared with different DL
models. Using LSTM networks, the influence of weather conditions was
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introduced for forecasting PV time series [22]. An additional study has
also employed LSTM, Jung et al. [23] evaluated space-time data, using
data from 63 months and 164 locations, using LSTM to propose new
locations for the implementation of PV systems.

Table 1 provides a summary of some studies of solar PV forecasting
techniques using Al-based, ensemble, and hybrid models. It is worth
noting that this review does not encompass all studies in the area, as it
is not a review paper. Most existing models focus on improving short-
term prediction accuracy but often overlook interpretability, making
it challenging for operators to understand the impact of individual
meteorological and operational variables on the forecasts. Addition-
ally, while hybrid models combining different techniques have shown
potential, their integration strategies are still limited, lacking efficient
mechanisms to exploit complementary strengths fully. Another gap lies
in the treatment of uncertainty: many forecasting studies provide point
estimates without incorporating multi-scenario frameworks capable of
supporting operational decision-making under varying conditions. To
address this gap, this study focuses on key research questions in this
domain.

» How can forecasting models be designed to enhance interpretabil-
ity and provide clear insights into the impact of individual mete-
orological and operational variables on PV energy predictions?
What integration strategies can be developed for hybrid models to
efficiently exploit the complementary strengths of different fore-
casting techniques and improve overall prediction performance?
How can multi-scenario forecasting frameworks be incorporated
into PV energy prediction models to better address uncertainty
and support operational decision-making under varying condi-
tions?

To address these questions, this study proposes a novel hybrid
forecasting framework for multi-hour-ahead solar PV generation predic-
tion. The hybrid model FNO-BiLSTM-NAM incorporates three domain-
specific neural components: A Fourier Neural Operator (FNO), BiLSTM,
and a Neural Additive Model (NAM). The study employs preprocessing
steps, including anomaly detection, imputation, and feature engineer-
ing. The framework dynamically selects input variables, such as global
radiation, air and PV panel temperature, wind speed, meteorological,
and temporal. These components enable accurate, interpretable, and
robust forecasting, as validated through independent experiments on a
PV dataset for prediction horizons ranging from 1 to 96 h ahead.

The contributions of this study are:

+ The paper proposes a hybrid forecasting framework that enhances
interpretability by integrating an NAM model, allowing explicit
quantification of the contribution of individual meteorological
and operational variables to PV energy predictions.

It introduces an optimized integration strategy that combines FNO
for spectral-temporal feature extraction, BiLSTM networks for
sequential dependency modeling, and NAM for feature-wise in-
terpretability, effectively exploiting the complementary strengths
of different forecasting techniques.

The study implements a multi-scenario forecasting framework
based on low, average, and high uncertainty levels, enabling op-
erators to make more informed operational decisions and improve
risk management in PV power generation.

The remainder of this paper is organized as follows: Section 1
reviews related work on time series prediction models, with a focus
on PV energy forecasting using ML and deep learning techniques.
Section 2 introduces the new dataset, providing an overview of its main
characteristics, including exploratory data analysis, anomaly detection
procedures, and an assessment of feature importance. Section 3 de-
scribes the overall architecture of the proposed hybrid model, detailing
its core components and integration strategy. Section 4 presents the
experimental evaluation, including performance comparisons against
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Table 1

Review of forecasting models explored for PV power forecasting.
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Reference Models Sampling time Period Forecasting horizon
[12] ANNs 1h 1 year 1,2,3h

[11] ANNs 10 min 3 years 10 min

[8] GRU 5 min 4 months -

[20] CNN 10 s, 2 min 3,000 h 15 min

[21] CNN 1h 2 years 1,2,3h

[22] LSTM 15 min 1 year 1h

[23] LSTM 1h 63 months 1-12 months

[15] LSTM 5 min 1 year 10-180 min

[71 Ensemble 15 min years 15 min, 1 h, 1 day
[9] Ensemble 1h 15 months 24, 48, 72 h

[18] Ensemble 15 min 1 year 1-24 h

[19] Ensemble 5 min 1 year -

[6] ANN and DNN 15 min 1 year 7 days

[10] LSTM and CNN 10 min 3 years 10 min

[16] LSTM and TCN 5 min 3 years 15-30 min

[5] SARIMA and RVFL 20 min 4 months 20, 40, 60 min
[14] BiLSTM and AADC 30 min 1 year 1, 5, 7, 15 days
[13] ISt, LSTM, and Informer 1h 4 years 1-336 h

benchmark models and an analysis of forecasting accuracy under dif-
ferent scenarios. Finally, Section 5 summarizes the key findings and
outlines potential directions for future research.

2. Materials

This section presents an overview of the main characteristics of
the dataset, the exploratory data analysis, and the anomaly detection
procedure. Together, these components establish a systematic, data-
driven foundation for developing reliable and effective time series
forecasting models.

2.1. Dataset description

To evaluate the superiority and reliability of the hybrid FNO-
BiLSTM-NAM model, a short-term forecasting study was conducted
with an original time-series dataset of solar power generation. The
dataset was collected from PLIN Energy, a company located in Loanda,
in southern Brazil. The plant is located at —22.90835 latitude and
—53.112785 longitude, with an altitude of 495 m above sea level. The
plant consists of five independent lots, each with a capacity of 1 MW.
PLIN Energy operates in the Brazilian distributed generation market,
offering discounts on the electricity bill to low-voltage consumers of
the utility.

The plant has a capacity installed of 5 MW of inverter power
(6.65 MWp) and is composed of 16,400 solar panels of 400 W each.
The climate of Loanda has a hot season that lasts approximately six
months, from October to April, with temperatures frequently above
31 °C, peaking in February (maximum of 32 °C and minimum of
22 °C). The cold season lasts about three months, from May to July,
with temperatures below 26 °C, with June being the coldest month
(maximum of 25 °C and minimum of 15 °C). Fig. 1 presents the PV
plant layout. In this PV farm, there are 5 distinct modules, B, C, D, E,
and F, composed of various PV cells. The module B data will be used
in this study.

The dataset provided by this PV system includes the PV energy
(kWh) output and the corresponding climate data, input, being
recorded: global radiation (W/m?), air temperature (°C), panel tem-
perature (°C), and wind speed (km/h). Table 2 presents the descriptive
statistics of the Minimum (Min), Maximum (Max), mean, Standard
deviation (Std), kurtosis, and skewness of the dataset. The same table
descriptive statistics for the PV solar from the year 2022, sampled
hourly from 5 am to 7 pm, reveal significant variability in key environ-
mental and operational parameters. This study considers energy units
in kWh since our dataset provides measurements aggregated over fixed
time intervals.

Global radiation exhibits a wide range with a high standard devi-
ation, indicating fluctuating solar input. Air and panel temperatures
reach extreme values, with high kurtosis and positive skewness, sug-
gesting occasional extreme heating, potentially due to sensor anomalies
or localized conditions. Wind speeds remain consistently low with
minimal variation, while PV power generation varies across modules
and has moderate skewness. Negative kurtosis in global radiation and
PV energy suggests flatter distributions. These findings highlight the
dynamic nature of solar power systems and the potential impact of
environmental fluctuations on performance.

The Open-Meteo was used to obtain two variables, used with input,
cloud cover, and precipitation data. It is an open-source weather API
(Application Programming Interface) and offers free access for use,
available at https://open-meteo.com/. Raw meteorological data were
used to generate new exogenous features by incorporating temporal
features extracted directly from the timestamp index. The forecasting
also focused on three key temporal indicators: hour (€ {0, 1,2, ...,23}),
day of the week (€ {0,1,...,6}), and month (€ {1,2,...,12}). These
categorical temporal features were derived from the date-time index
of the time series data and provided to the model as separate input
channels. This approach enables the model to learn distinct patterns
associated with different hours of the day, days of the week, and
months of the year without requiring explicit cyclic encoding.

2.2. Dataset preprocessing

The preprocessing step ensures that the collected data is suitable as
input for the selected models. Initially, filtering removes time periods
when no sunlight data is available, and the period used was 5 am
to 7 pm. The preprocessing stage prepares the data for encoding by
performing feature scaling, applying data transformations, partitioning
datasets, and addressing missing values and negative data.

2.2.1. Dataset cleaning

The overall methodology to clean anomalies is detailed in Algorithm
1. Negative values were presented in certain timestamps within the raw
dataset, indicating potential outliers. Although such values may occur
in the data collection process, they lack practical significance in solar
energy production. To improve the quality of the dataset, outliers were
identified and removed, while missing values were estimated.

The quartiles are used to describe the distribution of a dataset by
dividing it into four equal parts. The low scenario, represented by the
first quartile (q25), indicates that 25% of the data values fall below this
threshold, capturing lower-end variations or conservative outcomes.
The average scenario, represented by the second quartile or median
(q50), reflects the midpoint of the data, where half of the values are
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Fig. 1. PV plant layout with five modules, located at Loanda, Parana, Brazil.

Table 2

Descriptive statistics of the dataset summarized with hourly sampling from 5 am to 7 pm.
Variable Min Max Mean Std Kurtosis Skewness
Global radiation (W/m?) 0.05 1189.65 362.43 315.29 -1.21 0.39
Air temperature (°C) 7.93 38.78 25.02 5.69 -0.54 -0.17
Panel temperature (°C) 3.00 69.78 33.36 13.64 -0.89 0.32
Wind speed (km/h) 0.02 6.03 2.55 117 -0.48 0.32
PV energy (kWh) 6.8 x 10° 4.9 x 10° 1.91 x 10° 1.28 x 10° -1.11 0.28

below and half are above, serving as a central tendency indicator.
The high scenario, represented by the third quartile (q75), signifies
that 75% of the data values fall below this point, capturing upper-end
variations or optimistic outcomes.

Fig. 2 illustrates a comparison of the PV energy (kWh) data before
and after the preprocessing procedure. In this figure, high-frequency
peaks are disregarded, as these fluctuations are not representative of
energy generation. After this filtering, the data is selected according to
its results for the model, as explained in the next sub-section.

2.2.2. Dataset normalization

The dataset used in this study spans from December 21, 2021, to
December 20, 2022, with data points collected during daylight hours
(5 to 19). We applied Z-score normalization [24] to transform the
output data so that they are on a common scale, without distorting
the differences in the range of values. For model development and
evaluation, the chronologically ordered data was divided into three
distinct sets, training set (70% of data), validation set (10% of data),
and test set (20% of data), i.e., the specific time periods for each set
are, training, December 21, 2021 to September 26, 2022, validation,
September 27, 2022 to October 30, 2022, testing, October 31, 2022 to
December 20, 2022.

For each dataset, a sliding window approach was implemented to
create input—output pairs. For each position in the dataset, a window
of length seq_len was used as input, and the subsequent pred_len
time steps were used as the prediction target. Fig. 3 illustrates the
sliding window methodology employed in this study, with splitting data
into training, validation, and test sets.

3. Methodology

In this section, the proposed FNO-BiLSTM-NAM that generates prob-
abilistic predictions is described. This approach addresses the chal-
lenges of PV energy forecasting: non-linear patterns, multi-scale tempo-
ral dependencies, and uncertainty quantification. To comprehensively

evaluate its performance, it will be compared with state-of-the-art
models described in this section.

3.1. Summary of the proposed framework

Fig. 4 illustrates the comprehensive workflow of the proposed
methodology that consists of four sequential steps: (i) data input, (ii)
data preprocessing, (iii) application of the optimized FNO-BiLSTM-
NAM (see Section 3.2 for model architecture and Section 3.3 for
optimization strategy), and (iv) comparison of the results (compared
Al-based forecasting models as presented in Section 3.4).

In the first step, data from the Loanda PV Farm (Brazil), weather
data (cloud cover and precipitation), and temporal indicators (hour,
day of the week, and month of the year) are used. In the second step,
the preprocessing stage involves data cleaning with anomaly detection,
handling missing values, and data normalization. After data splitting,
feature engineering using SHapley Additive exPlanations (SHAP) and
applying autocorrelation, AutoCorrelation Function (ACF), and Partial
AutoCorrelation Function (PACF) functions are considered.

In the third step, the PV dataset was sampled at an hourly reso-
lution. The predictive performance of multiple models was evaluated
with hyperparameters optimized by the Bayesian technique, ML (RF,
XGBoost, Light Gradient-Boosting Machine (LGBM), and Natural Gra-
dient Boosting (NGBoost)) and DL (Tabular Prior-Data Fitted Network
(TabPFN)), across various forecasting horizons, 1 h, 2 h, 6 h, 12 h,
24 h, 48 h, 72 h, and 96 h, and lag window sizes, 6, 12, and 20. The
model performance and stopping criterion were measured using Mean
Squared Error (MSE). In the last step, the main results are obtained and
compared. The FNO-BiLSTM-NAM model is evaluated through multiple
performance metrics and multi-scenario forecasting to provide robust
predictions for operational use.
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Fig. 2. PV energy (kWh) data profiles for the year 2022 with hourly sampling from 5 am to 7 pm for module B (a) before and (b) after the cleaning (procedure

described in Algorithm 1).
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3.2. FNO-BILSTM-NAM architecture

The hybrid model combines three distinct neural network modules:
FNO that processes input sequences in the frequency domain to capture
long-range temporal patterns, a BILSTM that models forward and back-
ward temporal dependencies, and a NAM that provides feature-wise
contributions for interpretability.

Fig. 5 presents the architecture of the proposed FNO-BiLSTM-NAM.
Initially, the input features are processed through a feature attention
mechanism, enabling the model to focus on the most relevant infor-
mation. These refined features are then passed to a one-dimensional
FNO (FNO1D) that extracts features (global temporal patterns) of the
time series as explained in Section 3.2.1. The FNO1D is followed by
a time embedding layer that encodes sequential dependencies. The

encoded representations are fed into stacked BiLSTM layers equipped
with attention mechanisms to capture both forward and backward
temporal dynamics. The BiLSTM has teacher forcing to guide the model
as explained in 3.2.2. On the other pathway, the NAM is used to
enhance the prediction based on the data features as presented in
Section 3.2.3. The NAM block improves interpretability and captures
non-linear dependencies.

During the decoding phase, teacher forcing is applied to stabilize the
learning process by integrating actual observations into the prediction
pipeline. The final outputs are generated through a fully connected
output layer, and a weighted combination strategy is used to aggregate
multiple predicted outputs effectively. By combining additive model-
ing, operator learning, temporal embeddings, attention, and recurrent
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Fig. 4. Workflow of the structure of the proposed framework and its use in PV energy forecasting analysis.

sequence modeling, the proposed framework aims to achieve superior
accuracy and robustness in temporal forecasting tasks.

The proposed FNO-BiLSTM-NAM model is trained considering a
combination of loss functions (quantile loss, derivative loss, and peak
penalty) as explained in Section 3.2.4. Finally, the exogenous variables
used in the FNO-BiLSTM-NAM model are explained in Section 3.2.5.

Let X € RBXT*F represent the input tensor, where B is the batch
size, T is the temporal sequence length, and F is the number of input

features. The model processes this input through a pipeline incorpo-
rating multiple techniques to extract and model relevant patterns. The
model begins with a feature-wise attention mechanism A € R5%f that
adaptively weights each input feature:

A = o(W, - GELU(W, - X)) €})

where X € REXF is the temporal average of input features, W, € RF*H
and W, € RYXF are learnable parameters, H is the hidden dimension
size, o represents the sigmoid activation, and the Gaussian Error Linear
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Unit (GELU) function is applied [25]. The attended features Xeighted €
RBXTXF are computed through element-wise multiplication:

Xweighted =X0A. ()
This mechanism allows the model to focus on the most relevant features

for prediction.

3.2.1. Fourier Neural Operator
The weighted features then flow through an FNO pathway that

exploits the spectral properties of time series. This component operates
in the frequency domain to capture multi-scale temporal patterns and
long-range dependencies [26]. The FNO processing begins with a linear
projection:
Xproj = I/Vinxweighted + by 3
where W, € RF is the input projection weight matrix, b;, € RC is the
bias vector, and C is the channel dimension of the projected features.
The projected features X,,; € RE*™C undergo a Fourier transform

along the temporal dimension:

X = FXproj) (4)
where F denotes the real Fast Fourier Transform (FFT) Yu et al. [27]
and X; € CBXCXM s the frequency domain representation with M
frequency modes. In the frequency domain, a spectral convolution

is performed using complex-valued learnable weights W € CO*X*M

through a tensor contraction:
c
X3 (b, 0,m) = ) X(B,C, M)W(O,C, M) )
c=1
where O is the output channel dimension, C represents the input
channel index, and M is the frequency mode index.
An inverse Fourier transform returns the data to the temporal
domain [28], followed by another linear transformation and activation:

Xno = GELUW oy P~ (X2™) + boyye) 6)

where W, € RF*C and b,,, € RF are the output projection parame-
ters, and Xg,, € REXTXF js the output of the FNO module.

Temporal embedding E,. € R™F is incorporated for solar energy
forecasting due to its diurnal and seasonal patterns through dedicated

embeddings:

Etime = Ehour(h) + Eday(d) + Emonth(m) + Epos (7)

where Epy, € R*¥F, By, € R™F, and Epon, € R'2*F are learnable
embedding matrices, h € {0,1,...,23} represents the hour of day,
d € {0,1,...,6} represents the day of week, m € {0, 1,...,11} represents
the month of year, and E,; € RT*F is a learned positional embedding
that encodes sequence order. This temporal embedding is combined
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Algorithm 1: Data anomaly detection and cleaning applied to PV
energy dataset.

Data: Time series X = {x,X,,...,X,}

Result: Cleaned time series X

Function CleanSolarData(X):

X1  RemoveExtremeOutliers(X);
X® < DetectContextualAnomalies(XD);
X « ApplyFinalSmoothing(x®);
return X;

Function RemoveExtremeQutliers(X):
0, < Quantile(X, 0.25);

05 < Quantile(X, 0.75);

I0OR < 05 - 0y;

L<Q,-2-I0R;

U« Q;+2-I0R;

A< i€{l,..,n}) i x, <LVx,>U}; // Anomaly indices
for i € A, do
| x; < NaN; // Replace anomalies with NaN
end
X' < TimeInterpolate(X) ; // Interpolate NaN values
return X’;
Function DetectContextualAnomalies(X):
forie{1,...,n} do
e ﬁ ;:1723 x5 // Rolling mean with window=24
AR ﬁ Zj=,‘_23(x/ — U // Rolling std
d; < % ; // Deviation
end
A, < {i€(l,...,n} :d,>25}; // Contextual anomaly
indices
forie A, do
| x, < NaN; // Replace anomalies with NaN
end
X' < TimeInterpolate(X) ; // Interpolate NaN values
return X';
Function ApplyFinalSmoothing(X):
forie{2,...,n—1} do
| %« 20 +x x5 // Centered rolling mean
end
return X;

Function TimeInterpolate(X):
Xinerp < LinearInterpolation(X) ;
interpolation

// Fill NaNs with linear

X compiere < ForwardFill(X,,.,,,) ; // Fill remaining NaNs at
edges

X compiere < BackwardFill(X,,,,,;...) 5 // Fill any remaining NaNs

return X,

complete>

with the FNO output Xg,,:

Xcombined = Xfno + Etime- (8)

3.2.2. Bidirectional long short-term memory

The overall architecture follows a sequence-to-sequence (Seq2Seq)
paradigm, which is particularly effective for time series forecasting
tasks. In this framework, an encoder maps the input sequence X;.; to
a latent representation He,., and a decoder subsequently generates the
output prediction sequence Y. conditioned on this representation.

The Seq2Seq design is advantageous in capturing temporal depen-
dencies of varying lengths, as it allows the encoder to summarize the
historical context into a compact state while the decoder progressively
unfolds future predictions. This paradigm is widely adopted in both
natural language processing and time series domains, owing to its abil-
ity to handle variable-length inputs and outputs and to accommodate
autoregressive decoding strategies.
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The sequence modeling component employs a BiLSTM [29] encoder
that processes the temporally-enriched FNO output:

Hepe, (hy,, €,) = LSTMene(Xeombined) ©)

where H,,. € REXTX2D js the encoder hidden state sequence, h, €
RBX2D is the final hidden state, ¢, € RB*?D is the final cell state, and
D is the LSTM hidden dimension.

For the encoder, forward hfo"ard e RBXD and backward hbackward ¢
RZXD states are combined h®®™mPned & REXD through a linear projection:

hﬁombined - Linearproj([hiorward; h:ackward]) (10)

where [-; -] denotes concatenation along the feature dimension.

This processing incorporates both past and future within the in-
put sequence [30]. The decoder employs an adaptive teacher forcing
mechanism during training, with probability = € [0, 1], the model uses
ground truth values as input rather than its predictions:

{LSTMdec(y}r“e, h,,¢,), with probability =
Yir1 =

LSTMgec(y" %, h,¢,), with probability 1 —

1)

where y'™€ is the ground truth at time 7, yfred is the model’s prediction

at time ¢, and h, € RB*P and ¢, € RP*P are the hidden and cell states
at time ¢, respectively. The teacher-forcing ratio decays over time as
7, = 10 - y' where 7, € [0, 1] is the initial teacher-forcing probability,
y € [0, 1] is the decay rate, and ¢ is the training epoch.

This approach helps bridge the gap between training and infer-
ence modes. The BiLSTM decoder outputs are projected to the desired
quantiles through a Fully Connected (FC) feed-forward network:

Xistv = FCout(Hgec) 12)

where Hy,. € RBXPXD jg the decoder’s output sequence for P prediction
horizons, and X;gpy € RE*PXC is the LSTM pathway’s output for Q
quantiles.

3.2.3. Neural Additive Model
Parallel to the sequence modeling path, NAM was employed, which
independently processes each input feature:

hp(Xp)=W; ,GELUW, X, + b, ) +bso 13)

where X, € REXT is the fth feature from the input tensor, W, ;, W;,,
bs,, and b, , are feature-specific learnable parameters, and h(X,) €
RBXPXQ jg the contribution of feature f to the forecasts.

Each feature-specific network generates contributions across all pre-
diction horizons and quantiles, which are then weighted and summed,
such as:

F

Xnam = Y. o(w) - hy(X;) (14)

f=1
where w, € R are learnable feature weights. This additive structure en-
ables the analysis of each feature’s contribution to the final prediction
and combines modeling approaches using learned weights:
Y = Xpgrm + 8- Xnam (15)
where [a, f] = softmax([w;stm. Wnam]) €nsures proper weighting with
wistm € R and wyay € R being learnable parameters. This integration
leverages the temporal modeling capabilities of the LSTM and the
feature-specific modeling of the NAM. The output Y € RB*PXC provides
probabilistic forecasts with P prediction horizons and Q quantiles
(typically Q = 3 for the 25th, 50th, and 75th percentiles).

3.2.4. Loss function and training

The model is trained using a total loss function with three key ob-
jectives: quantile loss for calibrated probabilistic forecasts [31], deriva-
tive loss to preserve temporal dynamics, and peak penalty to prevent
underestimation of production peaks,

Liotal = Equantile + 41+ Lierivative T 42 - £peak (16)
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Equantile = wg - E[max((g —1)-e,q-e)] a7)
4€{0.25,0.5,0.75}

L derivative = Elw; - (Brg1 = $1) = Wt — ¥V’ (18)

L pear = E[max(0, y — $5)*] 19)

where e = y — J, is the prediction error for quantile g, y € R5*?
represents the ground truth values, §, € R5*” is the prediction for
quantile ¢, w, € R* are the weights for each quantile, and w, € R*
are time-decaying weights that emphasize near-future consistency. The
hyperparameters 4,,4, € R* control the relative importance of each
loss component. The Algorithm 2 presents the training procedure of
the proposed model.

Algorithm 2: Training-validation procedure of the FNO-BiLSTM-

NAM.

Input: Time series data X € RBX"™*F Ground truth targets y € RE*P,
Time features (hour A, day d, month m), Hyperparameters: FNO
modes M, hidden dims H, Teacher forcing initial ratio z,, decay
rate y

Output: Trained model, Probabilistic forecasts ¥ € RExPxC

// Model Training Procedure
Initialize model parameters
Define optimizer (Adam)
T T // Initial teacher forcing ratio
for epoch < 1 to max_epochs do
Set the model to training mode for batch (X©, y, h®, d®, m®) in
training loader do
Zero gradients

Y® « ForwardX®, h®, d® m®, yO 7 // Forward with TF

L quantile < Dge(02505075) W - Elmax((q = D - e, q - €)]

['derivative - E[wr . (()A)r+l - f)r) - (yr+1 - yr))zl

Lpea < E[max(0, y — §55)*]

Liotal < Cquantile + 41+ Laerivative T 42 * £peak 5 // Composite loss

Compute gradients of L,

Apply gradient clipping: ||V|| <7y, ; // Prevent exploding
gradients

Update parameters with optimizer

end
Set model to evaluation mode; L, < 0; // Validation phase
for batch (XV, y¥), hY), dV, mY) in validation loader do
YY) « ForwardX", h¥, d¥), m¥ ; // No teacher forcing
Calculate £ij ) as before
olal(v)
Eval -« Eval + £t()tal
end
Update learning rate based on L, (ReduceLROnPlateau)

if £, improved then
| Save the best model; Reset the patience counter

end
else
Increment patience counter if patience counter > max_patience
then
Break ; // Early stopping triggered
end
end
T 1 - yoPOCh // Decay teacher forcing ratio
end

Load best model weights
return Trained model

3.2.5. Exogenous variables

In time series forecasting, there are the target variable and ex-
ogenous variables that provide additional information for the target
variable [32]. In the proposed model, during inference, multi-step
forecasts are generated, and exogenous variables that may or may
not be known in advance are incorporated. The target time series is

vy = {y1, Y2, ..., yr} and the exogenous variables is V = {V},V,, ..., Vr},
where each V, = {v,;,v,5,...,0, ¢} represents K exogenous features at
time .

Renewable Energy 257 (2026) 124738

For an AutoRegressive (AR) model [33] with a prediction horizon
of h steps and a look-back window of L, the forecasting objective can
be expressed as:

Yertioen = FOrepirie Vieratio Vit ien) (20)

where ¢ is the time, J,,,.,,, represents the predicted values for the next
h time steps.

For exogenous variables, a scenario was used that represents a
statistical pattern derived from historical data,

VS = (V1000 (21)

where Vr(j,) is the projected exogenous variable at time ¢ + i under sce-
nario s, and ¢, is a scenario-specific projection function parameterized
by 6;, which may include time-of-day effects or other temporal factors.
Three primary scenarios were defined, low scenario, 6, = gq,s; (25th
percentile for time i), average scenario: §; = y; (mean value for time i),
and high scenario, 6; = gy s, (75th percentile for time i).

The AR mechanism iteratively constructs the forecast:

N N (s)
Vi = W10 Vet ivmiot> Vi Lo Vi ;,+,v) (22)

where j,,; is the prediction for time 7+, and g is the model’s prediction
function.

In the proposed model, the NAM maintains a sliding window C; that
is updated at each prediction step:

Co=Wi—r+1:00Vicr1:4] 23

C = [Crmy: 1 Drgict- VO (24)

where C; ,., are the elements 2 to L of the window C;, a sliding window
that maintains the sequence length required for the neural components.

The NAM architecture combines specialized components for differ-
ent aspects of the forecasting task. The forecast at each time step is
formulated as:

Vwi=a frerm(C)+ A —a) - fyan(C) (25)

where f; ¢r) is the output from a sequence-to-sequence LSTM net-
work, fyap 1S the contribution from a NAM that captures feature-
specific patterns, and « is a learned weighting parameter.

The NAM processes each feature individually:

K+1
Ivam(C) = z Wi fi(Ciz i) (26)
k=1

where f; is a feature-specific network, C; . ; is the sequence for feature
k in window C;, and w,, is a learned feature weight. This formulation
allows the model to adapt to different exogenous variable scenarios
while maintaining coherent autoregressive predictions across multiple
time steps.

Algorithm 3 presents the auxiliary functions that are used in the
FNO-BiLSTM-NAM model. The core of the proposed model is the neural
network architecture, which integrates three specialized components: a
FNO for spectral analysis, a BILSTM for sequence modeling, and a NAM
for feature-specific contributions. These components work to capture
the complex temporal dynamics of solar power generation.

3.3. Hyperparameter tuning method

To determine the hyperparameter-optimized configuration for the
teacher-forcing prediction model, Bayesian optimization via Ray Tune
with the Asynchronous Successive Halving Algorithm (ASHA) sched-
uler [34] was used. The ASHA allocates computational resources by ter-
minating poorly performing configurations early. It operates with vali-
dation loss (L), minimization, maximum epochs per trial equals 5, 2
epochs of learning, and reduction factor equals 2. The hyperparameter
tuning process follows:

0" = aregenglin[’val(fﬁ(Dtrain)’ Dya) 27
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Algorithm 3: Auxiliary functions to FNO-BiLSTM-NAM.

Function FeatureAttention(X):

X « Mean(X, dim=1) ;

A < o(W, - GELUW, - X)) ;

Xweighted <X0A;

return X, ionea A

Function FNO1D (X,igheq)

Xproj “ I/Vianeigh'[ed + bin 5

Xg < FXprp) 5

X9 « TensorContract(Xg, W) ;

Xpno < GELU(WoutP’](X‘f’t‘“) + bout) 5

return Xg,,

Function TimeEmbedding (X, h, d, m):

Ejour < Embedding(h); Eq,y < Embedding(d); Epone, <
Embedding(m)

Etime - Ehour + Eday + Emonth + Epos

// Temporal average

// Compute attention weights
// Apply attention

// Input projection

// Fourier transform

// Spectral convolution
// Inverse transform

Xcombined “ ano + Etime
return X, pined

Function NAMBLock (X,,eigheq) :
for each feature f in F do
X, — Xyeightedl 5 1> f15 // Extract feature
h(X;) < W, ,GELUW, X, +b, )+ b5 hy(X,) «
Reshape(h,(X,), [B, P, O)
end
Xnaw < Zy_ 0wp) - hp(Xp) 5
return Xy,
Function Forward (X, A, d, m, y™¢=None, t=None):

// Weighted feature sum

Xyeighted> A < FeatureAttention(X) ; // Feature
attention
ano < FNO1D (Xweighted) 5 // FNO path

X combined — TimeEmbedding (Xp,, 4, d, m)
H., (h,, ¢,) < BidirectionalLSTMEncoder (X ,mpined) 3
// BiLSTM Encoder
if bidirectional then
hcombined — Linearproj([hforward. hbackward]).
Zcombined - Linearproj([gforward. (’;backward])
h ”<_ hcombined. c o« ccombi’:led "
end
Yo < ZeroTensor(B, 1, Q); Hyee < [1;
forr<~0to P—-1do
if training and y"™¢ is not None and Random() < r then
| Yinpur < ¥™e[:.11if 1> 0elsey,;  // Teacher forcing
else
| Yinput < Yprea if #> 0 else y;
end
hy, ¢, Ypred < LSTMDecoder (y;y h,, ¢,)
Append Ypred to Hdec
end
XLSTM e Fcout(Hdec)
Xyam < NAMBlock (X,eignea) 5
[a, f] « softmax((wigrms Wnam]) 5
Y < a-Xigrm + - Xyam 5
return Y

// Decoder init

// Own prediction

// NAM path
// Component weights
// Final integration

where 6 represents the hyperparameter configuration from the search
space O, covering both architectural and training-specific parameters,
[, is teacher-forcing neural network model trained with configuration
0 on the training dataset D;,;,, and L, is the validation loss evaluated
on the validation dataset D,,;.

The optimized hyperparameter to FNO-BiLSTM-NAM and its func-
tional roles are described as follows:

» initial_tf_ratio: The initial probability of applying teacher
forcing during sequence-to-sequence model training. The teacher
forcing guides the model by feeding ground-truth previous tokens
as input during training rather than predicted outputs.

10

Renewable Energy 257 (2026) 124738

tf_decay: A decay factor that exponentially reduces
initial_tf_ratio over training steps or epochs, gradually shifting the
model from teacher-forced to autoregressive predictions.
fno_dim: The number of Fourier modes retained in the fre-
quency domain for spectral-based neural operators, controlling
the resolution of frequency-space representations.
num_layers: The depth of the neural network determines its
capacity to learn hierarchical representations. While deeper net-
works (higher num_layers) can capture more complex features,
they also increase the risk of overfitting and computational over-
head.

hidden_dim: The dimensionality of the hidden state directly
influences model expressivity. Larger values enhance represen-
tational power but escalate memory and computational require-
ments.

dropout: A regularization technique that randomly deactivates
neurons during training with a determined probability, prevent-
ing overfitting by promoting robust feature learning.

3.4. Comparison setup

This study employs RF [35], XGBoost [36], LGBM [37], NGBoost,
and TabPFN as the base models for comparison. The application of
these ensemble-based and neural models is justified for time series
forecasting due to their ability to capture complex, nonlinear depen-
dencies within temporal data [38]. RF, XGBoost, and LGBM leverage
decision-tree-based ensembles to effectively model intricate relation-
ships and handle high-dimensional features while mitigating overfit-
ting. NGBoost [39] extends these capabilities by incorporating proba-
bilistic predictions, enabling the quantification of uncertainty, which is
particularly relevant in time-dependent contexts.

TabPFN [40], on the other hand, exploits prior-data fitting and
transformer-based architectures to generalize well even on small
datasets, offering competitive accuracy without extensive hyperpa-
rameter tuning. Together, these models provide robust, flexible, and
scalable solutions for forecasting tasks, making them suitable for di-
verse temporal patterns and varying data availability. The stability
and performance of these models have been validated in previous
studies [41]. Upon follow-up, a detailed description of these base
models is provided.

The forecasting models are assessed using MSE, Root MSE (RMSE),
Mean Absolute Error (MAE), and Mean Absolute Percentage Error
(MAPE). MSE, given by Eq. (28), computes the average squared dif-
ference between actual and predicted values [42]. RMSE, calculated
by Eq. (29), is the square root of MSE, giving more weight to larger
errors. MAE, given by Eq. (30), calculates the average absolute de-
viation, regardless of error direction. MAPE, calculated by Eq. (31),
expresses errors as percentages, making results scale-independent and
comparable across datasets [43].

n
1 N
MSE = — > (i = 5)° (28)
i=1
l n
RMSE = 4| = 3 (v, = 9, 29)
i=1
1 n
MAE = 3" |y; - il (30)
i=1
100 <o | Yi =
MAPE = ~2 u‘ (31)
n Yi

i=1
where y; represents the actual values, y; is the predicted values by the
models, n the number of observations.
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Fig. 6. SHAP summary (global interpretation) plot of the prediction XGBoost model along with its features.

4. Results and discussion

This section presents results and discussions regarding the appli-
cation of the proposed model. Initially, the configurations used for
comparison are presented, followed by the evaluation metrics used
in this analysis. After these definitions, the hypertuning results are
presented, and additional analyses are discussed in detail.

4.1. Experimental setup

All experiments were conducted on a high-performance worksta-
tion running Gentoo Linux. The computational environment includes
an Intel(R) Core(TM) i9-14900K, and an NVIDIA GeForce RTX 4090
Graphics Processing Unit (GPU). The system is equipped with 31.03 GiB
of Random Access Memory (RAM) and multiple high-capacity storage
volumes, ensuring efficient data handling and model training.

4.2. Feature engineering

4.2.1. SHAP analysis

This section employs SHAP [44] to quantify and rank the contri-
bution of individual features to predictions generated by the XGBoost
model. Subsequently, evaluate temporal dependencies in the dataset
using the autocorrelation and partial autocorrelation functions. These
analyses identify redundant or overly correlated features in time-series
data, enabling the removal of non-informative predictors while pre-
serving relevant temporal patterns. For [ML, DL]-based models, SHAP
provides efficient, exact explanations using TreeExplainer. An XG-
Boost regressor was trained using the standardized hourly dataset,
limited to the 5 to 19 h range from December 21, 2021, to December
20, 2022. Fig. 6 presents the SHAP plot obtained by applying Tree-
Explainer to the test set. Each dot represents a SHAP value for an
observation; color encodes the original feature value, red: high, and
blue: low.

The SHAP results indicate that PV energy exerts the highest con-
tribution to model predictions. Meteorological variables such as air
temperature and module temperature also demonstrate non-negligible
contributions, with warmer temperatures often positively correlated
with predicted energy values. The feature representing global solar
radiation shows a moderately symmetric distribution of SHAP values,
indicating both positive and negative impacts depending on other
features. The distribution of SHAP values across individual features
highlights not only the relative magnitude of their influence but also
the variability of their impact across different samples [45].

Features such as wind speed and Total energy exhibit a narrow
range of SHAP values, suggesting a limited overall influence on the
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model output within the scope of the dataset. The interpretability pro-
vided by SHAP supports both model transparency and feature selection
efforts [46]. These results confirm that, for the selected period and data
window, generation-related telemetry and temperature readings play a
central role in explaining variations in hourly PV power output from
solar module B. Similar results were obtained for the other modules.

4.2.2. Autocorrelation analysis

The ACF [47] applied here quantifies the linear relationship be-
tween a time series and its lagged values, providing critical insights
into temporal dependencies for forecasting models. By analyzing ACF
plots, specialists can detect seasonality (peaks at fixed intervals), trends
(slowly decaying correlations), and optimal lag structures for AR pro-
cesses. In ARIMA modeling, the ACF helps identify the order of moving
average terms via cutoff points and validates model adequacy by ensur-
ing residuals exhibit no significant autocorrelation (white noise). Addi-
tionally, ACF aids in diagnosing non-stationarity, guiding differencing
requirements to stabilize variance. Its integration with the PACF further
refines parameter selection, ensuring robust time series forecasting.

Fig. 7 presents the ACF and PACF profiles for PV energy, restricted
to the 5 am to 7 pm interval from December 21, 2021, to December
20, 2022. The profiles are computed over 42 lags, corresponding to
approximately three days of hourly observations, given the 14-hour
daily sampling window.

The ACF plot displays a gradual decay, with significant positive
correlations observed at lags 1 through 6. This indicates the presence
of short-term autocorrelation, suggesting that hourly values are in-
fluenced by their immediate predecessors. Additional moderate peaks
beyond lag equals 10 may reflect residual seasonal or intra-day effects.
The PACF plot exhibits a strong coefficient at lag equals 1, followed
by coefficients at higher lags that mostly fall within the 95% confi-
dence interval. This pattern is indicative of a first-order autoregressive
structure, where the current value is predominantly explained by its im-
mediately preceding value. The lack of pronounced partial correlations
at higher lags suggests that further past observations contribute limited
additional predictive energy when conditioned on recent values. Every-
thing considered, the autocorrelation structure of PV energy supports
the adoption of low-order autoregressive components in subsequent
time series modeling efforts.

4.3. Lags and forecast horizons analysis

Table 3 shows the optimal model performance for all ML and DL
models applied with forecast horizons and three lags, 6, 12, and 20. For
1, 2, and 6 h ahead forecasts, the TabPFN achieves optimal performance
across all lag window configurations. For 12 and 24 h, two-based
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Table 3

Optimal models’ performance by forecast horizon and lag window size based

on MSE.

Renewable Energy 257 (2026) 124738

hh.-._

N

te.

--no,T?.-_.

.-0’???TT7?-

10

20

Lags

30

40

. oY 0 0 o0 400

Fig. 7. ACF and PACF plots of the PV energy generation data time series (hourly data, 5 am to 7 pm).
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Horizon (h)

6 lags

12 lags

20 lags

1

TabPFN (0.066)

TabPFN (0.057)

TabPFN (0.060)

2 TabPFN (0.149) TabPFN (0.139) TabPFN (0.136)
6 TabPFN (0.384) TabPFN (0.417) TabPFN (0.395)
12 NGBoost (0.678) RF (0.675) NGBoost (0.682)
24 NGBoost (0.989) NGBoost (0.962) NGBoost (0.995)
48 TabPFN (1.056) TabPFN (1.148) NGBoost (1.161)
72 NGBoost (1.151) NGBoost (1.143) NGBoost (1.141)
96 TabPFN (1.210) NGBoost (1.166) NGBoost (1.169)

ensemble models dominate, RF (0.675) and NGBoost (0.962), respec-
tively. However, for 48, 72, and 96 h, the optimal models are TabPFN,
NGBoost, and NGBoost, respectively, with approximately 6, 20, and 12
lags.

The MSE values (see Table 3) increase with the forecast horizon,
indicating the expected deterioration in predictive accuracy as the tem-
poral distance increases. However, the optimal lag window size varies
across horizons, with no universally optimal setting. Thus, results using
the MSE metric indicate that neural network-based models (TabPFN)
excel for smaller short-term forecasts and DL-based ensemble learning
methods (mainly NGBoost) provide superior performance for larger
short-term horizons, and lag 20 will be considered adequate for all
forecast horizons.

We also experimented with two representative deep learning
sequence-to-sequence architectures under the larger lag configuration
(20 lags): a recurrent baseline (LSTM) and a vanilla Transformer
encoder—decoder. Table 4 reports their performance across multiple
forecast horizons (1-96 h ahead) using MSE, RMSE, and MAE metrics.
These results highlight the degradation in accuracy as the prediction
horizon increases, with both models showing competitive short-term
performance but diverging more substantially at longer horizons.

4.4. Hyperparameter tuning results

To ensure robust and reliable performance evaluation, a time series
cross-validation approach with an expanding window strategy was
used. Unlike standard k-fold methods that risk data leakage by shuffling
observations, this approach preserves the chronological order of the
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Table 4
Performance of LSTM and Transformer models across forecast horizons (20
lags).
Horizon (h) Model MSE RMSE MAE
1 LSTM 0.0359 0.1895 0.1895
Transformer 0.0225 0.1500 0.1500
9 LSTM 0.0461 0.2147 0.2133
Transformer 0.0309 0.1757 0.1741
6 LSTM 0.0432 0.2079 0.1951
Transformer 0.0334 0.1827 0.1695
12 LSTM 0.0541 0.2325 0.2185
Transformer 0.0583 0.2414 0.2233
2 LSTM 0.0553 0.2351 0.2134
Transformer 0.0575 0.2397 0.2121
48 LSTM 0.0859 0.2930 0.2770
Transformer 0.0980 0.3131 0.2919
79 LSTM 0.0754 0.2746 0.2509
Transformer 0.0849 0.2914 0.2634
% LSTM 0.0831 0.2882 0.2588
Transformer 0.0892 0.2987 0.2683

data. For each of the 5 folds, the model was trained on all data up to
fold k — 1, validated on fold k, and tested on fold k + 1. As the process
advanced, the training window expanded while validation and test win-
dows moved forward in time. Fold sizes were dynamically adjusted to
align with the sequence of model and prediction length requirements.
We conducted a hyperparameter search to identify adequate settings
for the proposed FNO-BiLSTM-NAM approach.

Table 5 quantifies the relative importance of each hyperparameter
through correlation analysis with validation loss. The FNO dimension
has the highest importance score of 0.541, suggesting that the spectral
representation capacity affects model performance. The hidden dimen-
sion ranks second with a score of 0.308, followed by teacher forcing
decay (0.151), dropout (0.148), number of layers (0.069), and initial
teacher forcing ratio (0.020).

The analysis reveals that the FNO dimension has a positive corre-
lation with validation loss, indicating that higher dimensions tend to
increase error, potentially due to overfitting. Conversely, the hidden
dimension shows a negative correlation, where larger values generally
improve performance by enhancing the representational capacity of the
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Table 5
Relative importance of hyperparameters based on correlation with validation
loss.

Hyperparameter Correlation Importance
type (|correlation|)
rnn_dim Negative 0.541
dropout Negative 0.148
num_layers Negative 0.069
hidden_dim Positive 0.308
tf decay Positive 0.151
initial_tf ratio Positive 0.020

Negative correlation higher is better, and Positive correlation lower is better.

Table 6
Hyperparameters search space and optimized values to FNO-BiLSTM-NAM.

Hyperparameter Domain Optimized value
initial_tf ratio v°(0.3,0.9)* 0.394

tf decay 1/(0.95,0.99)* 0.952

fno_dim (32,64, 128} 128

num_layers {2,3,4} 4

hidden_dim {64,128,256} 64

dropout °(0.1,0.5)* 0.497

3 Where U'(a, b) denotes a uniform distribution over the interval [a, b].

model. The low importance of the number of layers and initial teacher
forcing ratio suggests that the model architecture is less sensitive to
these parameters within the ranges explored. Based on this analysis,
the search space for the hyperparameters and the configuration that
minimizes validation loss for the final proposed model was selected, as
shown in Table 6.

4.5. Fourier neural operator analysis

The spectral characteristics of the FNO component reveal several
patterns in how the model processes solar energy forecasting data.
Fig. 8 presents the overall spectral transformation performed by the
FNO. The top row shows a time-domain representation of input features
and FNO output channels. The middle row displays FFT magnitude
heatmaps for inputs (left) and outputs (right). The bottom row shows
FFT magnitude comparison (left) and normalized energy spectrum
comparison (right), with complex weight magnitudes and phase

The time-domain comparison (Fig. 8, top row) demonstrates that
the FNO transforms high-frequency fluctuations in the input features
into smoother output signals. The Total Energy and Global Radiation
features exhibit the most pronounced fluctuations, which are attenu-
ated in the output channels. This filtering effect is quantified in the FFT
magnitude heatmaps, where high-frequency components present in the
input features (middle row, left) are reduced in the output channels
(middle row, right).

The normalized energy spectrum (Fig. 8, bottom row, right) con-
firms this low-pass filtering behavior, with the output power concen-
trated in the lowest frequency modes (0-2). The model allocates 60%
of the spectral power to the DC component (mode 0) and approxi-
mately 15% to the first harmonic (mode 1). This distribution indicates
that the FNO primarily models long-term trends while filtering out
high-frequency fluctuations, which may represent noise or short-term
variations irrelevant to the prediction task.

The complex weight magnitudes (Fig. 8, middle row, left) show
stronger weights for low-frequency modes across most input—output
channel pairs. The polar phase visualization (Fig. 8, middle row, right)
reveals phase alignment patterns in the learned spectral filters, with
several input-mode pairs exhibiting similar phase angles, suggesting
coherent transformation of certain frequency components.

Figs. 9 and 10 detail the feature-specific Fourier characteristics. The
feature-specific analysis reveals different spectral profiles across input
variables. The Global Radiation feature shows the highest magnitude
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in frequency mode 0, indicating a strong DC component reflective of
daily solar patterns.

Other meteorological features, such as air temperature and module
temperature, exhibit more distributed frequency content, but still pre-
dominantly in the lower modes. The feature attention weights (Figs. 9
and 10, leftmost column) indicate that the model assigns comparable
attention values to all features, with slightly higher attention to Global
Radiation, which aligns with its physical relevance to solar power
generation.

The weighted frequency response (rightmost column) shows consis-
tent patterns across features, with higher activation in approximately
10 to 15% of the output channels at low-frequency modes. The fre-
quency domain analysis (Figs. 9 and 10, third column) demonstrates
that most features exhibit a rapid decay in magnitude after the first
few modes. Weather-related features (global radiation, air temperature,
wind speed) show more energy in higher-frequency components com-
pared to energy measurement features, reflecting their higher temporal
variability.

Together, these results indicate that the FNO component conducts
spectrally aware feature transformation, with a preferential emphasis
on low-frequency components. This behavior suggests that the model
has learned to distinguish between predictive temporal patterns and
high-frequency noise, focusing on the most informative spectral modes
for solar power forecasting.

4.6. Neural additive model analysis

As previously stated, the model architecture incorporates an NAM
block running in parallel with the FNO-BILSTM components. In the
final model configuration, the FNO-BILSTM component was assigned
a relative weight of 0.60, while the NAM block contributed the re-
maining 0.40 to the overall prediction. This weighting reflects the
complementary nature of these components, where the FNO-BiLSTM
captures complex temporal dependencies while the NAM block models
individual feature contributions. In the FNO-BiLSTM framework, the
BiLSTM is used to process sequential data in both forward and back-
ward directions, enabling it to capture contextual dependencies from
past and future states simultaneously.

Fig. 11 shows the feature importance analysis within the NAM
block. Global radiation exhibits the highest importance at 0.184, fol-
lowed by the target variable’s historical values, PV energy at 0.167.
These two features collectively account for 35.1% of the NAM block’s
predictive power. Air temperature ranks third with an importance
of 0.096, followed by energy data from alternative sensors at 0.085.
Weather-related variables demonstrate moderate importance: cloud
cover, 0.073, precipitation, 0.064, and wind speed, 0.059. Module
temperature and total energy from secondary loggers show lower
importance values at 0.058 and 0.034, respectively.

This importance distribution aligns with physical energy genera-
tion principles, where solar radiation and historical production pat-
terns serve as primary predictors, followed by temperature effects and
meteorological conditions. The NAM block effectively captures these
individual feature contributions, complementing the temporal pattern
modeling provided by the FNO-BiLSTM component. The parallel ar-
chitecture with a weighted combination provides two advantages. It
leverages both temporal dependencies and feature-specific effects, and
offers interpretability through the proposed framework’s explicit fea-
ture importance values while maintaining the predictive power of deep
learning components.

4.7. Ablation study

Table 7 presents the results of our ablation study, where each
model component was systematically removed to assess its individ-
ual contribution to forecasting performance. The study evaluated six
key architectural components across three performance metrics: MAE,
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Time Domain: Original Features vs FNO Output
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Fig. 8. Spectral transformation analysis of the FNO component.

RMSE, and MAPE. The FNO demonstrates the largest impact on model
performance. Removing this component results in a 67% increase in
MAE (from 0.0865 to 0.1448) and a 49% increase in RMSE (from
0.1320 to 0.1971), indicating its critical role in capturing the spectral
characteristics of solar energy generation patterns. The FNQ’s effective-
ness stems from its ability to learn solution operators in the frequency
domain, which aligns with the periodic nature of solar irradiance and
energy production cycles.

Feature attention mechanisms show consistent impact across all
metrics, with removal increasing MAE by 11% and RMSE by 8.6%,
while MAPE remains stable. This suggests that feature attention im-
proves the model’s ability to focus on relevant input variables, partic-
ularly during periods of high variability in meteorological conditions.
Similarly, NAM components exhibit distinct effects on percentage-based
errors. While the absolute metrics show moderate degradation (15%
and 12% increases in MAE and RMSE, respectively), MAPE increases
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from 90.44% to 114.92%, indicating that NAM components are effec-
tive at maintaining relative accuracy across different scales of energy
generation.

In contrast, teacher forcing removal produces limited performance
degradation, with MAE increasing by only 5.4% and RMSE by 3.1%.
The modest impact suggests that the model has developed internal
representations to maintain accuracy without explicit ground-truth
guidance during training sequences. Component weighting mechanisms
show variable impact across metrics, with moderate increases in MAE
and RMSE (8.6% and 6.1% respectively) but a substantial increase
in MAPE to 128.46%, indicating that adaptive component weight-
ing maintains consistent relative accuracy across different operational
conditions.

The comparison between bidirectional and unidirectional process-
ing reveals a performance trade-off. The unidirectional configuration
achieves better MAPE performance (79.86% vs 90.44%), representing
a 12% improvement in relative accuracy, but at the cost of degraded ab-
solute error metrics, with MAE increasing by 2.8% and RMSE by 5.0%.
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Fig. 9. Feature-specific Fourier analysis A.

This trade-off suggests that bidirectional processing may introduce
regularization effects that improve absolute error metrics but reduce
relative accuracy, while the unidirectional approach appears more
effective at preserving proportional relationships in energy generation
predictions.

The full model configuration achieves optimal performance in abso-
lute error metrics (MAE and RMSE), demonstrating positive synergistic
effects between components. However, the fact that the unidirectional
configuration outperforms the full model in MAPE suggests that compo-
nent interactions can be complex and metric-dependent. The results in-
dicate that while individual components contribute positively to model
performance, their interactions may introduce trade-offs between dif-
ferent types of accuracy, highlighting the importance of considering
multiple evaluation metrics when designing neural architectures for
solar forecasting applications.

These findings provide guidance for solar forecasting model ar-
chitecture decisions. The FNO component emerges as indispensable,
likely due to its alignment with the periodic nature of solar energy
systems. Feature attention and NAM components provide consistent
improvements and should be retained in production systems, while
the choice between bidirectional and unidirectional processing should
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be guided by specific application requirements, with unidirectional
processing preferred when relative accuracy is paramount.

4.8. Analysis of FNO-BiLSTM-NAM performance

This section presents a quantitative evaluation of the proposed
FNO-BiLSTM-NAM against established [ML,DL]-based forecasting mod-
els, analyzing performance across multiple temporal horizons using
standard error metrics.

Table 8 presents the performance results of the FNO-BiLSTM-NAM
model for different forecast horizons (1 to 96 h), with error metrics
MSE, RMSE, and MAE indicating that the model performs best for
short-term forecasts, especially at 6 h, where the errors reach their
lowest values, MSE = 0.0092 and MAE = 0.0712. From 12 h onwards,
the errors increase progressively until 72 h, reflecting the greater
uncertainty inherent in long-term forecasting. However, between 72 h
and 96 h, a slight stabilization in errors is observed, suggesting that the
model maintains relatively consistent performance even over extended
horizons. These results indicate that the model is effective in the short
and medium terms and is robust to longer forecasts, although with a
loss of accuracy.
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Table 7

Ablation study results: Impact of model components on solar forecasting performance.
Feature FNO NAM Teacher Component Bidirectional MAE| RMSE| MAPE|
attention forcing weighting (%)
v v v v v v 0.0865 0.1320 90.44
X v v v v v 0.0960 0.1433 90.39
v X v v v v 0.1448 0.1971 109.10
v v X v v v 0.0997 0.1474 114.92
v v v X v v 0.0912 0.1361 93.77
v v v v X v 0.0939 0.1401 128.46
v v v v v X 0.0889 0.1386 79.86

Best performance in each metric highlighted in bold.

Table 8 Table 9

Comparison of performance metrics (mean + Std) and forecast horizons for

the test set of solar PV forecasting obtained by FNO-BiLSTM-NAM.

Horizon (h)

MSE

RMSE

MAE

1

0.0129 + 0.0170

0.0856 + 0.0742

0.0856 + 0.0742

2 0.0139 + 0.0191 0.0911 + 0.0750 0.0898 + 0.0760
6 0.0092 + 0.0124 0.0770 + 0.0568 0.0712 + 0.0547
12 0.0375 + 0.0022 0.1935 + 0.0057 0.1461 + 0.0138
24 0.0436 + 0.0122 0.2068 + 0.0292 0.1649 + 0.0180
48 0.0511 + 0.0062 0.2257 + 0.0141 0.1822 + 0.0108
72 0.0685 + 0.0059 0.2616 + 0.0115 0.1973 + 0.0101
96 0.0665 + 0.0054 0.2576 + 0.0106 0.1969 + 0.0093

The RMSE and MAE metrics increase with the forecast horizon
until 72 h, followed by a slight decrease at 96 h. This pattern aligns
with expected uncertainty growth in medium-term forecasting while
suggesting potential cyclical or seasonal effects that facilitate improved
long-term predictions. The standard deviations of these metrics gener-
ally decrease as the forecast horizon extends, indicating more consistent
performance for longer-term predictions over different time periods.

Table 9 provides a comprehensive comparison of the FNO-BiLSTM-
NAM to other models across different prediction horizons ranging from
1 to 96 h. The analysis focuses primarily on comparing error reduction
ratio, p, e.g., improvement, achieved by the proposed FNO-BiLSTM-
NAM compared to the best [ML,DL]-based model at horizon h, which
can be expressed as:

_ MSEneural(h)
MSEyy,pry(h)

The results demonstrate that the proposed FNO-BiLSTM-NAM model
consistently outperforms both LSTM and Transformer baselines across
all forecast horizons. The relative improvement (p) ranges from 9.1% at
72 h to 72.5% at 6 h, with the largest gains observed in the short-term
horizons (1-6 h). At these intervals, the model achieves MSE values of
0.0129, 0.0139, and 0.0092 for 1, 2, and 6 h ahead, corresponding to
improvements of 42.7%, 55.0%, and 72.5% over the best competing
transformer models.

At the 12-hour horizon, the model records an MSE of
0.0375 + 0.0022, achieving a 30.7% improvement compared to the
LSTM. In the medium-term horizons of 24 and 48 h, the FNO-BiLSTM-
NAM continues to reduce errors relative to the best competing models,
achieving MSE values of 0.0436 and 0.0511, which represent improve-
ments of 21.2% and 40.5% compared to the LSTM. For long-term
horizons (72-96 h), the performance gap narrows but remains consis-
tent. The proposed model achieves MSE values of 0.0685 and 0.0665,
which translate into improvements of 9.1% and 20.0% relative to the
LSTM. These results indicate that while forecasting accuracy naturally
decreases with longer horizons, the proposed FNO-BiLSTM-NAM main-
tains a systematic advantage over established sequence models across
all time scales.

To illustrate the practical application of FNO-BiLSTM-NAM in op-
erational settings, was implemented an autoregressive forecasting ap-
proach across one week (2022-W47). The next figure show the results
where each 8-hour prediction window is recursively fed back into the

(32)
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Performance comparison of the proposed FNO-BiLSTM-NAM model against the
best competing model (LSTM or Transformer) for the test set of solar PV energy
forecasting. Values correspond to MSE (mean =+ Std). The p column reports the
relative improvement of FNO-BiLSTM-NAM with respect to the best competing
model at each horizon.

Horizon (h) FNO-BiLSTM-NAM Best competing model p (%)
1 0.0129 + 0.0170 0.0225 (Transformer) 42.7
2 0.0139 + 0.0191 0.0309 (Transformer) 55.0
6 0.0092 + 0.0124 0.0334 (Transformer) 72.5
12 0.0375 + 0.0022 0.0541 (LSTM) 30.7
24 0.0436 + 0.0122 0.0553 (LSTM) 21.2
48 0.0511 + 0.0062 0.0859 (LSTM) 40.5
72 0.0685 + 0.0059 0.0754 (LSTM) 9.1

96 0.0665 + 0.0054 0.0831 (LSTM) 20.0

model to generate subsequent forecasts. The vertical dashed lines in
these figures show the boundaries between consecutive autoregres-
sive cycles, highlighting ability of the model to maintain prediction
stability across multiple recursive steps. Each cycle incorporates the
previous predictions as inputs to the subsequent forecast window,
simulating real-world operational conditions where ground truth data
is unavailable for future periods.

As previously discussed, the forecast utility was enhanced by gen-
erating multiple scenarios based on different exogenous variable as-
sumptions, a low scenario (q25) representing conservative estimates, an
average scenario (q50) reflecting the expected central tendency, and a
high scenario (q75) capturing optimistic projections. Additionally, the
confidence intervals (q25-q75) to quantify forecast uncertainty were
provided. The mean of scenarios (dashed black line) often approxi-
mates the ground truth (solid black line) more accurately than any
individual scenario, demonstrating the value of ensemble approaches
in operational forecasting.

Fig. 12 illustrates the multi-scenario forecast for the PV energy
prediction task during the week of 2022-W47 (from November 21 to
November 27, 2022), comparing the average, high, and low scenar-
ios (q50, q75, and g25) against the ground truth values. The neural
network generates recursive 8-hour predictions (separated by vertical
dashed lines) with three scenarios based on varying exogenous inputs:
average (blue), high (green), and low (red). The shaded blue area
represents the q25-q75 quantiles confidence interval. The black solid
line shows ground truth values, while the black dashed line indicates
the mean of all scenarios.

The shaded confidence interval between the 25th and 75th per-
centiles effectively captures the uncertainty in the forecasts. Through-
out the week, the predicted average scenario closely follows the actual
values, especially during peak hours, demonstrating strong alignment
in trend and magnitude. While some deviations occur — particularly
underestimations and overestimations during valleys and peaks — these
are generally bounded within the confidence interval, highlighting
robustness. Additionally, the mean of scenarios stays within a narrow
band around the ground truth, further validating the consistency and
reliability of the forecasting framework.
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Multi-Scenario Forecast- Week 2022-W47 (2022-11-21 to 2022-11-27)
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Fig. 12. PV energy multi-scenario forecast for week 2022-W47 (2022-11-21 to 2022-11-27).

As evidenced in the figure, the proposed FNO-BiLSTM-NAM model
successfully captures both daily periodicity and inter-day variations in
energy production patterns. The autoregressive implementation main-
tains prediction accuracy even at extended horizons, with no significant
error accumulation or drift observed across the 7-day forecast periods.
This stability contrasts with typical autoregressive models, where error
propagation often degrades long-term forecast quality. The ability of
the model to track sudden changes in production patterns (such as
the sharp peaks observed on 2022-11-24) while maintaining reason-
able confidence intervals demonstrates its robustness to anomalous
conditions.

4.9. Comparison to other research

In comparison to our model, Sabadus et al. [2] achieved an MAPE
of 24.62% and a normalized RMSE of 10.54% for PV power forecasting.
This result highlighted the promising performance of state-of-the-art
models. They had different results depending on the climate (tropical,
arid, and temperate), proving that the performance of the model is
closely related to the data being analyzed. With this in mind, direct
comparison between models using different data is not an adequate
analysis. However, we have proven that it is possible to achieve better
MAPE results using the NAM (24.48%), which is an approach that could
be explored in other studies.

Brester et al. [3] had an MAE of 197.67 for the baseline, 262.27
using the alternative, and 138.94 considering optimistic, proving that
optimization is indeed useful. Our optimized model had an MAE of
0.0856 for one step ahead, confirming the improvement potential of the
optimized model. Considering a hybrid model, Thaker and Holler [4]
had a normalized MAE of 6.65%, proving that the hybrid approach is a
promising solution, as carried out in our model. Through our ablation
study, we prove that the use of several combined techniques surpasses
their individual use, agreeing with what has been proposed by other
authors, such as the work of Kushwaha and Pindoriya [5] or the model
proposed by Jacques Molu et al. [14].

4.10. Limitations

A primary drawback of the proposed FNO-BiLSTM-NAM is the
requirement for access to high-quality historical and meteorological
data. In scenarios where data are incomplete, noisy, or unavailable,
forecasting accuracy can deteriorate, reducing the model’s reliability.
This dependency on extensive data collection infrastructures may pose
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challenges for small-scale solar installations or regions with limited
monitoring resources.

Another concern lies in the risk of overfitting of the proposed model.
The high number of trainable parameters, combined with its multi-
component structure, increases sensitivity to dataset-specific patterns,
which can impair performance when applied to different PV plants or
climatic conditions. While the incorporation of a NAM improves inter-
pretability to some extent, the overall system remains intricate, which
may hinder full transparency and make it difficult for stakeholders to
fully understand the decision-making process.

5. Conclusion

This study proposed a novel hybrid forecasting framework, FNO-
BiLSTM-NAM, to address limitations in current PV energy forecasting
methods by integrating three specialized neural network components:
the Fourier Neural Operator, Bidirectional Long Short-Term Memory,
and Neural Additive Model. The model captures long-range tempo-
ral patterns, local sequential dependencies, and interpretable feature
contributions, enabling accurate and robust multi-horizon probabilistic
forecasting.

Comprehensive experiments were conducted on a real PV dataset
collected from a 5 MW solar power plant in southern Brazil. The
proposed framework achieved superior performance across short and
medium term horizons, with the lowest errors recorded at the 6-hour
horizon (MAE = 0.0712), confirming its high predictive accuracy.
Furthermore, performance was evaluated for extended forecasts up to
96 h, revealing a trade-off between horizon length and accuracy, yet
maintaining stable error behavior. The framework also introduces a
multi-scenario forecasting mechanism (low, average, and high projec-
tions), which supports more informed decision-making in solar energy
operations under uncertainty.

The proposed framework improved interpretability by integrating
an NAM, which quantifies the contribution of individual features such
as radiation, temperature, and wind speed to the forecasts. This feature-
wise attribution, supported by SHAP analysis, allows operators to
clearly understand the influence of meteorological and operational vari-
ables. Greater interpretability directly strengthens predictive accuracy
by guiding the model to emphasize physically meaningful variables and
avoid spurious correlations. The ablation study confirms this, showing
that removing the NAM significantly increases error. By combining
interpretable feature effects with robust temporal modeling, the frame-
work achieves both transparency and state-of-the-art accuracy across
forecasting horizons.
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Benchmarking against state-of-the-art ML and DL models,
e.g., TabPFN and NGBoost, confirmed the competitive advantage of
the proposed architecture. The combination of spectral learning, se-
quence modeling, and additive explainability makes FNO-BiLSTM-NAM
a promising solution for real-time solar forecasting systems. While the
model demonstrates robust performance, future work should assess its
adaptability to other renewable energy domains, e.g., wind or hybrid
systems, explore alternative probabilistic architectures, and evaluate
generalization in geographically and climatologically diverse environ-
ments. For future work, the proposed model can be evaluated over
long periods, focusing on analyzing the influence of seasonality on
measurements throughout the year.
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