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Accurate short-term solar forecasting is critical for power plant operations, grid balancing, real-time dispatch-
ing, automatic generation control, and energy trading. In Norway, where solar radiation is limited in winter and
highly variable in summer, accurate predictions are essential. This study focuses on ultra-short-term forecasting
of solar radiation and power output from a 37.8 kWp solar photovoltaic (PV) power plant at the University
of Agder (UiA), Grimstad (58.335322° N, 8.577718° E), in southern Norway. We propose a novel forecasting
model that integrates Spatial Attention, Temporal Attention, Self-Attention, CNN, and BiLSTM architectures to
enhance prediction accuracy. Using a custom dataset collected from the UiA PV plant, the model’s effectiveness
was validated through comprehensive ablation studies and comparative analysis with state-of-the-art methods.
The proposed model achieved a low RMSE of 0.162 kW using seven days of data, demonstrating its superiority
in predicting short-term PV power outputs and associated uncertainties, outperforming conventional forecasting

techniques.

1. Introduction

The global energy landscape is undergoing a rapid transformation
as a result of the significant shift towards sustainable and renewable
energy sources. The necessity of utilising green energy has become
increasingly apparent because of the limited fossil resource reserves
and the adverse environmental impacts of fossil fuels. Photovoltaic (PV)
power has experienced rapid development as a result of the abundant
source of solar energy, which has provided a variety of applications.
As a result of its broad distribution and low power generation costs,
the production of renewable energy has become increasingly appeal-
ing. Norway has installed a total of 299 MW of solar electricity [1].
However, the installation of solar power presents both significant op-
portunities and obstacles. The intermittent and unpredictable volatility
of PV power output have resulted in significant issues that could poten-
tially impact the power grid’s ability to operate safely and consistently.
In regions like Norway, where solar radiation is highly variable due
to seasonal and weather-related factors, this intermittency may lead
to sudden drops or spikes in power generation. Such fluctuations can
cause issues including voltage instability, frequency deviations, difficul-
ties in load balancing, and increased dependency on backup generation.
Consequently, it is imperative to conduct comprehensive research,
evaluate, and forecast the generation of solar power with accuracy [2].

There are two established approaches to solar power estimation. The
first is direct measurement, which involves monitoring the actual out-
put power of the solar system in real time. While this provides accurate,
immediate data on system performance, it does not involve predictive
modelling and thus is not considered a forecasting approach. The
second is indirect prediction, which involves analysing solar radiation
data to estimate future photovoltaic (PV) output power. This method
falls within the domain of forecasting, as it relies on environmental
variables to anticipate future energy production [3].

Photovoltaic (PV) generation is inherently intermittent and uncer-
tain due to its dependence on variable solar irradiance. These fluctua-
tions can occur across multiple time scales — from weeks and days to
minutes and seconds — introducing significant challenges for system
stability and reliability. This variability, especially in grid-connected PV
systems, highlights the critical need for accurate forecasting to support
grid management and planning [4].

Forecasting plays a crucial role in addressing these challenges.
Medium- and long-term forecasting forms the basis for ensuring reliable
grid operation and maintaining long-term stability, supporting strate-
gic planning and large-scale decision-making processes [5]. In con-
trast, short-term forecasting helps in the daily management of power
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grid systems, assisting in operational planning and informed decision-
making [6]. Ultra-short-term forecasting is particularly vital for imme-
diate control, enhancing system efficiency, and preventing imbalances
between production and demand caused by sudden fluctuations [7].

There are several modelling techniques available for forecasting PV
(photovoltaic) power. The first approach can be classified as physi-
cal models which relies on atmospheric and meteorological data to
predict solar irradiance. Two primary approaches in this category are
Numerical Weather Prediction (NWP) models and radiative transfer
models [8,9]. Although these models are based on the physical princi-
ples they often suffer from limitations such as low spatial and temporal
resolution, leading to reduced accuracy, particularly for localised PV
systems and short-term forecasts. Moreover, these models may not
accurately capture the abrupt weather fluctuations, which are essential
for precise photovoltaic power predictions. Statistical and machine
learning approaches, including artificial neural networks (ANNs), have
been utilised to tackle several of these obstacles. In [10], the authors
compared different deterministic models for forecasting PV output
power, where the forecasts were based on weather data provided by
the forecasting service. The comparison was conducted using three- and
five-parameter electric equivalent circuits and statistical models based
on artificial neural networks (ANN). The study found that ANN, when
combined with clear sky solar radiation, provided superior forecast-
ing performance. However, these models can be prone to overfitting,
particularly when trained on limited datasets, and may exhibit poor
generalisation to unseen conditions. These limitations highlight the
necessity for robust and adaptive forecasting methodologies, especially
those that can effectively model intricate non-linear relationships and
incorporate uncertainty across varying weather scenarios.

Statistical models have gained significant attention due to their
strong theoretical foundation and strict statistical assumptions [11-13].
These models are typically effective for short- and medium-term fore-
casting [14,15]. Commonly used statistical prediction methods include
regression analysis and time series analysis [16,17]. However, the
high volatility, non-linear relationships, and complex temporal patterns
inherent in PV systems often fail to meet the strong assumptions of
statistical models, which can ultimately result in abnormal prediction
errors [18]

The significant advancements in Machine Learning (ML), Deep
Learning (DL), and Artificial Intelligence (AI) have created immense
opportunities in the fields of forecasting and prediction, particularly
for handling high-dimensional, unstructured, or noisy datasets effec-
tively. In the field of machine learning, algorithms such as classifiers,
regressors, support vector machines, and random forests are commonly
employed for modelling and forecasting. These methods often require
extensive manual feature engineering and access to large datasets [19].
The authors in [20] discuss various machine learning methods, includ-
ing Random Forests, Support Vector Machines (SVMs), and Gradient
Boosting, for solar forecasting. Shallow machine learning techniques
often suffer from limitations such as inadequate robustness and a
tendency towards local optimisation [21]. Other machine learning
and deep learning models are also presented for the PV forecasting
i.e., XGBoost [22,23], vanilla LSTM [24], Seq2Seq with attention [25],
adaptive neuro fuzzy logic! [26] and temporal convolutional net-
work [27] . There are also some recent advancements in photovoltaic
(PV) power forecasting that have demonstrated the effectiveness of
integrating multi-task learning frameworks with nonlinear weather
correction modules [28,29].

Recurrent Neural Networks (RNNs) and Convolutional Neural Net-
works (CNNs), address these issues by effectively capturing spatial and
temporal relationships in datasets [30]. Advanced architectures like
Long Short-Term Memory (LSTM) networks further enhance tempo-
ral prediction capabilities, providing a robust solution to these chal-
lenges [31-33]. Deep learning approaches, particularly neural net-
works, are increasingly utilised for historical data modelling and pre-
diction. Due to its robust generalisation skills and superior non-linear
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mapping proficiency, Artificial Neural Networks (ANNs) are being in-
creasingly employed for solar energy forecasting [34]. Diverse models
utilising the ANN framework, including the Generalised Regression
Neural Network (GRNN), Extreme Learning Machine Neural Network
(ELMNN), Support Vector Machine (SVM), and additional methodolo-
gies with distinct attributes and particular benefits, have been estab-
lished [35-37]. The authors provide a complete classification of solar
PV output power forecasting approaches, focussing on model selection
methodologies and performance metrics [38]. The difficulties con-
nected with data collection, model creation, accuracy evaluation, and
the integration of context change detection and incremental learning to
improve prediction precision is discussed in [39].

Integrating scientific principles with deep learning has helped in the
development of hybrid models that considerably increase the accuracy
of solar energy predictions. Convolutional Neural Networks (CNNs)
play an important role in these models by extracting non-linear charac-
teristics and recognising invariant patterns in historical power data that
are frequently observed over multiple time periods [40]. The capacity
to record complicated linkages and temporal interactions improves
PV systems’ predictive performance. The attention mechanism is first
introduced by Bahdanau et al. in [41], is a neural network compo-
nent that enables models to dynamically focus on the most relevant
parts of the input data when doing predictions. It has emerged as
a valuable tool, allowing models to focus on certain deviations in
the data, improving generalisation and prediction accuracy across a
variety of applications [42]. The authors proposed an architecture that
integrates dynamic inner partial least squares (DiPLS) and bidirectional
long short-term memory (BiLSTM) networks, as well as attention mech-
anisms, to improve the interpretability and accuracy of solar power
projections [43]. In the authors present a hybrid model that uses
Temporal Convolutional Networks (TCN) and Gated Recurrent Units
(GRU) with an attention mechanism to enhance global horizontal ir-
radiance prediction significantly [44]. In [45]the authors have further
highlighted the role of attention-based models, particularly Temporal
Fusion Transformers (TFT), in energy forecasting tasks. Spectral clus-
tering was utilised to extract interpretable temporal patterns which,
when fed into a TFT model, provided high-accuracy forecasts along
with feature attribution capabilities. Similarly in [46] a TFT-based
model enhanced by interpretable feature selection (TIME) has been
explored, enabling the identification of key variables influencing PV
output which reinforce the importance of self attention in not only
improving forecasting but also improving the model interpretability
(see Table 1).

1.1. Contributions and paper organisation

The integration of photovoltaic (PV) systems into power grids
presents significant technical challenges primarily due to the inher-
ent variability and intermittency of solar energy production. This
unpredictability, caused by constantly changing weather conditions,
cloud movements, and diurnal cycles, can lead to voltage fluctuations,
frequency deviations, and overall grid instability when PV penetration
reaches high levels. Consequently, accurate ultra-short-term PV power
forecasting — particularly at the one-minute interval resolution — has
emerged as a critical requirement for effective grid operation, energy
dispatch planning, and real-time balancing of supply and demand.
Despite considerable research advances in PV forecasting, many current
methodologies demonstrate substantial limitations in their ability to
simultaneously capture both the complex spatial dependencies (such as
cloud movement patterns across multiple array installations) and tem-
poral dependencies (rapid changes in irradiance) that characterise solar
power generation. Furthermore, while substantial research efforts have
been directed towards short-term (hours ahead), medium-term (days
ahead), and long-term (weeks to months ahead) PV power prediction,
the ultra-short-term forecasting domain (seconds to minutes ahead)
remains comparatively underexplored despite its critical importance
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Table 1

Comparison of different PV forecasting techniques for PV power.
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Ref

Year

Techniques used

Summary

Results

[28]

2025

Two-stage deep learning: Multi-Task Learning
(MTL) + neural network weather correction
(attention-based)

Presents a novel PV forecasting architecture that
explicitly accounts for meteorological impacts. Stage
1: a custom MTL framework predicts PV power
alongside multiple weather variables simultaneously.
Stage 2: uses a neural network to perform a nonlinear
Weather Correction, adjusting the initial PV forecast
using the Stage 1 predicted weather details

RMSE: 1.1199, MAE: 0.4173

[47]

2025

Adaptive Masked Network (ASMNet) combining
masking mechanism + Transformer for PV
forecasting

Proposed ASMNet selectively covers less significant
historical PV time steps to decrease redundancy and
enhance ultra-short-term PV forecast precision. It
learns adaptively which time steps are more crucial
and concentrates attention on them.

RMSE: 0.2824, MAE: 0.0786

[48]

2024

EEMD-DARNN (Ensemble Empirical Mode
Decomposition + Dual-stage Attention-based
Recurrent Neural Network)

A hybrid model was developed that employs EEMD to
decompose the univariate agricultural load sequence
and utilises a Dual Attention-based RNN (DARNN) to
enhance the accuracy of multi-step ultra-short-term
forecasting. The decomposition effectively captures
intricate features, while the attention mechanisms
dynamically select essential temporal and spatial
information.

RMSE: 12.298, MAE: 7.335,
(15 min horizon)

[22]

2022

XGBoost-based probabilistic forecasting

Created a probabilistic model for estimating solar
irradiance utilising XGBoost. The model sought to
elucidate non-linear correlations between
meteorological variables and solar irradiation,
enhancing precision compared to traditional models. It
additionally integrated uncertainty quantification to
produce predicted intervals.

[27]

2023

Hybrid forecasting framework combining TCN
(Temporal Convolutional Networks) + feature
engineering

Proposed a hybrid architecture based on TCN for
projecting utility-scale photovoltaic output hours in
advance. It amalgamates meteorological forecast data
and historical photovoltaic data by feature selection
and engineering to enhance multi-hour-ahead
predictions. TCN adeptly captures sequential
dependencies with extensive receptive fields and
superior training speed compared to RNNs.

RMSE 83.84 W/m?, MAE
54.38 W/m?, (for 1-hour
ahead)

[46]

2024

TIME-TFT model: Temporal Importance Model
Explanation for feature selection + Temporal
Fusion Transformer (deep learning)

Introduces a PV forecasting framework that is
interpretable and consists of two stages. Initially, the
most impactful input features are selected using the
Temporal Importance (TIME) method, which results in
interpretability-driven feature rankings. Subsequently,
a Temporal Fusion Transformer (TFT) model is
implemented to forecast PV power, with built-in
attention and limiting to identify the features that are
actually utilised.

for instantaneous grid stability, especially in microgrids and islanded
systems where rapid power fluctuations have more pronounced effects
on system reliability.

To address these limitations, there is a pressing need for advanced
models that leverage state-of-the-art deep learning techniques, includ-
ing attention mechanisms and hybrid architectures, to improve fore-
casting accuracy and robustness in dynamic and complex scenarios.
The contributions of this work are illustrated in graphical abstract and
described as:

+» Developed a novel forecasting model integrating Spatial Atten-
tion, Temporal Attention, Self-Attention, CNN, and BiLSTM archi-
tectures to improve PV power prediction accuracy.

» Conducted a comprehensive comparative analysis of the pro-
posed model against state-of-the-art approaches, demonstrating
its effectiveness in forecasting performance.

» Highlighted the role of attention mechanisms and hybrid deep
learning architectures in enhancing the accuracy and robustness
of PV power forecasting models.

2. Dataset description

The dataset utilised in this study comprises comprehensive mete-
orological and PV power generation data, collected over an extended

period with 10,080 observations. The temporal resolution of the data
is 1 min. The input features encompass eight crucial environmental
parameters: Global Horizontal Irradiance (GHI) and Direct Normal
Irradiance (DNI) measured in W/m?, which represent the total solar
radiation received on a horizontal surface and the direct solar radiation
perpendicular to the sun’s rays, respectively. Additional parameters
include Wind Speed (WS) measured in m/s, Wind Direction (WDIR) in
degrees from true north, Precipitation (Preci) in mm, Ambient Temper-
ature (Temp) in °C, Atmospheric Pressure (Press) in hPa, and Relative
Humidity (Hum) as a percentage. These parameters were systematically
measured and averaged to capture dynamic environmental conditions
that influence PV power generation. The target variable in the dataset
is the actual power output from the PV system, measured in kilowatts
(kW), representing the dependent variable for the forecasting model.
This extensive dataset provides a robust foundation for developing and
validating predictive models, as it captures the complex interactions
between various meteorological parameters and their collective impact
on PV power generation. The temporal resolution of the data collection
ensures capture of both diurnal and seasonal variations in environ-
mental conditions. The Global Horizontal Irradiance (GHI) and Direct
Normal Irradiance (DNI) serve as primary indicators of solar resource
availability, while the other meteorological parameters account for
atmospheric attenuation and module efficiency factors. For instance,
ambient temperature directly affects the PV module efficiency through
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Fig. 1. Description of experimental setup and hardware used to collect data.

temperature coefficients, while wind speed influences the module op-
erating temperature through convective cooling [49,50]. The inclusion
of atmospheric pressure and relative humidity enables the modelling of
aerosol and water vapour effects on solar radiation transmission.

2.1. Data acquisition

The system comprises three subsystems with different module tech-
nologies, all mounted at a 10° tilt in an East/West orientation. The
first subsystem consists of 40 polycrystalline silicon PV modules, each
with a capacity of 270 Wp. The second subsystem uses monocrystalline
modules, each rated at 315 Wp, while the third subsystem also features
monocrystalline modules with a capacity of 360 Wp each. Hence a total
of 37.8 kWp for the entire system. The modules are connected in series
within strings and linked to a total of 11 DC/AC inverters from Solax.
Additionally, Tigo optimisers are installed on the backside of each
module, enabling individual performance monitoring. An illustration
of the complete system is provided in Fig. 1. Here we can elaborate on
the experimental setup, description of the PV systems, The Hardware
connected with the PV system to collect data.

2.2. Dataset analysis

Based on a comprehensive analysis of the PV power generation
dataset, several significant patterns and relationships have emerged.
The data reveals that GHI demonstrates the strongest positive corre-
lation (0.748) with power output, reinforcing its fundamental role in
PV generation. Direct Normal Irradiance and ambient temperature also
show notable positive correlations of 0.455 and 0.383, respectively,
indicating the positive impact on power generation efficiency. Interest-
ingly, the relative humidity exhibits a negative correlation (—0.344),
suggesting that increased atmospheric moisture might adversely affect
power output. Wind direction and precipitation display weak negative
correlations, while atmospheric pressure shows negligible correlation
with power generation. The statistical analysis of power output char-
acteristics reveals considerable variability in the system’s performance.
The power generation ranges from 0 to 5125 kW, with a mean output
of 2211.63 kW and a substantial standard deviation of 2273.18 kW,
indicating significant fluctuations in power production. The Global
Horizontal Irradiance measurements span from —2.39 to 736.04 W/m?,
with an average of 109.85 W/m? and a standard deviation of 164.02
W/m?. These statistics underscore the dynamic nature of solar power
generation and its strong dependence on environmental conditions. The
relatively high standard deviations in both power output and GHI mea-
surements reflect the inherent variability in solar resource availability
and the subsequent PV system response. This analysis not only confirms
the paramount importance of solar radiation components in PV power
generation but also highlights the complex interplay between various
meteorological parameters affecting system performance.

3. Proposed technique

The proposed model architecture, as shown in Fig. 2, is designed
to efficiently process time series data with multiple features such
as past PV power, solar irradiance, temperature, and other meteoro-
logical data. The architecture incorporates attention mechanisms at
multiple stages to capture spatial, temporal, and inter-temporal rela-
tionships in the data, followed by a Bi-LSTM layer to capture sequential
dependencies.

3.1. Spatial attention mechanism

The spatial attention mechanism is responsible for learning which
features are most important at each time step. In the context of PV
power forecasting, different input features (such as solar irradiance,
temperature, wind speed, etc.) contribute differently to the prediction.
The spatial attention mechanism assigns a weight to each feature
dynamically, based on its relevance to the current time step. Mathe-
matically, let the input data X € RT*F represent the time series data,
where T is the number of time steps and F is the number of features.
The spatial attention mechanism computes the attention scores A; €
RT*Fwhich reflect the importance of each feature at each time step.
The attention scores are computed using a dense layer followed by a
softmax activation function, which ensures that the attention scores are
normalised across the feature dimension. The equation for calculating
the attention weights is:

A, = softmax(W X + b,) 1)

where, W, € RF*F is a learnable weight matrix, and b, is a bias term.
The softmax function normalises the attention weights such that:
exp(W,X; +by)

A:,i = F (2)
Zj:l CXp(WSXj + bs)

The input data is then weighted by the attention scores, yielding the
spatially attended input:

X, =X0A, 3

Here, © denotes element-wise multiplication, ensuring that the most
important features are emphasised, while less relevant features are
suppressed. This step helps the model focus on the most critical factors
influencing PV power output, allowing it to learn the patterns in the
data more effectively.

3.2. Temporal attention mechanism
While the spatial attention mechanism focuses on selecting the most

important features, the temporal attention mechanism is designed to
highlight the most relevant time steps in the sequence. In time series
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Fig. 2. Detailed architecture of proposed model.

data, not all time steps contribute equally to the forecasting task. Some
time steps may have more predictive power based on factors such as
diurnal patterns, cloud coverage variations, or sudden weather changes.
Given the spatially attended data X; € R7*F the temporal attention
mechanism computes attention scores across the time dimension. This
allows the model to assign higher weights to time steps that are more
relevant for predicting future PV power generation.
The temporal attention weights are computed as:

A, = softmax(W,X; +b,) (€3]

where, W, € RF*! is a learnable weight matrix, and b, is a bias term.
The attention scores are applied across the time dimension, producing
a weighted version of the input data that emphasises the most critical
time steps:

X, =X, 04, ()

By allowing the model to focus on important time intervals, the
temporal attention mechanism ensures that transient patterns, such as
sudden cloud cover or temperature changes, are given more signifi-
cance in the prediction process. This is particularly important in PV
forecasting, where short-term weather changes can significantly impact
power output.

3.3. Self-attention mechanism

Self-attention, also known as scaled dot-product attention, is crucial
for capturing the relationships between different time steps and features
in the input sequence. This mechanism allows the model to weigh the
importance of each time step in relation to others, capturing long-
range dependencies and interactions between time steps that might not

be captured by traditional recurrent architectures. The self-attention
mechanism operates by generating three vectors for each input: the
query vector Q, the key vector K, and the value vector V. These vectors
are computed using linear transformations of the input data:

Q=XW,, K=XW,, V=XW, ©

where, W,, W, W, € RF* are learnable weight matrices, and d, is
the dimensionality of the query, key, and value vectors. The attention
scores are computed as the scaled dot-product of the query and key
vectors, normalised by the square root of the dimensionality d:

. QKT
Attention(Q, K, V) = softmax < \/d_ ) \% 7)
k

This produces an attention-weighted representation of the input
sequence, which captures the relationships between time steps and
allows the model to focus on the most relevant parts of the sequence
for making predictions. The output of the self-attention mechanism is
given by:

X,, = Attention(Q, K, V) ®

By incorporating self-attention, the model can capture complex
temporal dependencies in the PV power data, such as recurring patterns
or correlations between different time intervals, which are essential for
accurate forecasting.

3.4. Convolutional layers
The convolutional layers in this work are integral for extracting

localised temporal features from the input time series data, enabling
the model to identify patterns such as variations in solar irradiance
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Table 2
Hyperparameters used for the CNN-Bi-LSTM with spatial, temporal, and self-attention
model.

Hyperparameter Value
Filters 16
Kernel size 5
Activation function (Conv1D) ReLU
Padding (Conv1D) Same
Pooling size (MaxPooling1D) 1
LSTM units 75
Dense units 20
Learning rate 0.01
Loss function Mean squared error
Optimiser Adam
Epochs 150
Batch size 32

Validation split 20% (Chronological)

or temperature over short time intervals. These layers apply multiple
convolutional filters to the input data, capturing critical dependencies
between adjacent time steps and features. Mathematically, the output
of the jth filter at time step ¢ is expressed as:

k
H,; :‘7(2 Wii- Xiyict +bj> C)
i=1

where, W;; is the weight vector for the ith element of the jth filter, b;
is the bias term, and o(-) denotes the activation function, such as ReLU
(max(0, x)). The convolution operation slides these filters over the input
data, producing feature maps that highlight relevant patterns.

Following the convolutional layers, max pooling is applied to reduce
the temporal dimension and emphasise the most prominent features.
The pooling operation for a window size p is defined as:

P, max Hyyirj (10)

A

where, P, ; represents the pooled output at time step ¢ for the jth filter.
This step reduces computational complexity and ensures robustness to
temporal variations in the data. In the context of PV forecasting, the
convolutional layers capture meaningful short-term patterns, such as
sudden changes in weather conditions or periodic variations, providing
a rich representation for subsequent attention and recurrent layers. This
localised feature extraction enhances the model’s ability to learn and
predict PV power generation effectively.

3.5. Bi-LSTM layer

The self-attention output X, is then passed into a Bidirectional Long
Short-Term Memory (Bi-LSTM) layer. The Bi-LSTM network is well-
suited for time series prediction tasks as it captures both forward and
backward dependencies in the data. This is particularly important for
ultra-short-term PV forecasting, where both recent and past time steps
influence future power generation. The Bi-LSTM processes the sequence
in two directions: the forward LSTM captures dependencies from the
past to the present, while the backward LSTM captures dependencies
from the future to the past. The hidden states for the forward and
backward passes at each time step ¢ are given by:

h” = LSTM(X,,), h~ =LSTM(X,,) 11

13

The final hidden representation at each time step is the concatena-
tion of the forward and backward hidden states:

h, = [h;h;] (12)

The Bi-LSTM enables the model to learn complex temporal patterns
and capture long-range dependencies in both directions, providing a
rich representation of the input sequence for forecasting.

Energy Conversion and Management: X 27 (2025) 101072

Table 3
Hyperparameter combinations and their corresponding best validation losses.

Filters LSTM Units

Dense Units Learning Rate Best validation loss

32 100 30 0.001 0.005718
64 150 50 0.0005 0.004426
16 50 20 0.005 0.001727
32 75 25 0.001 0.002843
64 100 30 0.0001 0.004888
32 150 40 0.001 0.001903
16 75 20 0.01 0.001354
64 50 25 0.0005 0.003903
32 200 50 0.0005 0.002898
16 125 30 0.005 0.001934

3.6. Output layer

The final hidden representation from the Bi-LSTM layer is passed
through a dense output layer with a single neuron to predict the next
time step’s PV power generation. The dense layer is defined as:

$=W,h, +b, (13)

where, W, is a weight matrix, and b, is the bias term. The output y
represents the predicted PV power at the next time step.

3.7. Loss function and optimisation

The model is trained using the Mean Squared Error (MSE) loss
function, which is suitable for regression tasks such as PV power
forecasting. The MSE loss is given by:

N
LG9 =+ X0 - P (14)
i=1

where, j; is the predicted PV power, y; is the true value, and N is the
number of samples. The model is optimised using the Adam optimiser,
which is an adaptive learning rate optimisation algorithm that has
proven effective for training deep neural networks. The details of the
network and their values are shown in Table 2.

4. Results and discussion
4.1. Hyperparameters evaluation

Hyperparameters play a crucial role in the performance of deep
learning models. Common hyperparameters such as filters,
learning rate, LSTM units, and epochs are typically tuned to
optimise model performance, as discussed in previous studies [51,52].
In this study, we explored the impact of various hyperparameters on
the performance of our model, focusing on filters, LSTM units,
dense units, and learning rate.

The hyperparameter tuning results for the proposed model, as
shown in Table 3, demonstrate that hyperparameter combinations
significantly influence model performance, particularly with respect to
validation loss. The optimal configuration, filters: 16,
lstm_units: 75, dense_units: 20, learning_rate: 0.01,
achieved the lowest validation loss of 0.001354, suggesting that fewer
filters, moderate LSTM units, and a higher learning rate work best for
this forecasting task.

Configurations with filters: 16, 1lstm_units: 50,
dense_units: 20, learning_rate: 0.005 and filters:
32, 1stm_units: 150, dense_units: 40, learning_rate:
0.001 also performed well. However, setups with more filters or lower
learning rates resulted in poorer outcomes. This finding highlights that
increased complexity does not always guarantee improved performance
and emphasises the importance of hyperparameter optimisation in
ultra-short-term PV power forecasting. The optimised hyperparameters
are summarised in Table 2.



O. Das et al.

Algorithm 1 Hierarchical Attention Fusion for PV Power Prediction

1: function MopELARCHITECTURE(X ) > X: Input data with shape

[samples, time_steps, features]

2 F,,,, < ConvlD(X) > Extract features using 1D convolution
3 F < MaxPooling1D(F,,,,,) > Apply max pooling
4: Fipaiq < SpatialAttention(F,,,) > Apply spatial attention
5: Fremporar < TemporalAttention(Fy,;,) > Apply temporal
attention

6: Fyo ;< SelfAttention(F,pora) > Apply self-attention
7: Fiym < BidirectionalLSTM(F,,; /) > Process with Bi-LSTM
8: Vprea <+ Dense(Fyy,) > Final prediction layer
9: return y,,..,

10: end function

11: function SpATIALATTENTION(F)

12: A <« Permute(F, (2, 1))
dimension

13: A < Dense(A, activation=softmax)
weights for features

14: A < Permute(A4, (2,1))

15: Famznded <FOA
multiplication

16: return F . 04

17: end function

> F: Input feature maps
> Transpose to operate on feature

> Generate attention

> Transpose back to original shape
> Apply attention via element-wise

18: function TempORALATTENTION(F) 1> F: Spatially attended features

19: A < Dense(F, activation=softmax) > Generate attention
weights for time steps

20: A « Mean(A4, axis=-1) > Average weights across features

21: A < RepeatVector(A, features) > Repeat for each feature

22: A < Permute(A, (2, 1)) > Reshape to match input

23: Fiondea — FO A > Apply attention via element-wise
multiplication

24: return F ., .4

25: end function

26: function SELFATTENTION(F)

27: Q < Dense(F)

28: K « Dense(F)

29: V « Dense(F)

30: A« BatchDot(Q, K, axes=[2,2])/+/d,
attention

31: A « Softmax(A)

32: Fiondea < BatchDot(A, V', axes=[2,1])
values

33: return F .. .q

34: end function

> F: Temporally attended features
> Query transformation
> Key transformation
> Value transformation
> Scaled dot-product

> Attention weights
> Apply attention to

4.2. Evaluation matrices

To comprehensively assess the performance of the proposed ultra-
short-term PV power prediction model, five different evaluation metrics
were employed: Root Mean Square Error (RMSE), Normalised Root
Mean Square Error (NRMSE), Mean Absolute Error (MAE), coefficient
of determination (R2), and Performance Parameter (PP). These met-
rics provide complementary insights into the model’s accuracy and
reliability [53].

4.2.1. Root Mean Square Error (RMSE)
RMSE is a widely used metric that measures the standard deviation
of prediction errors, giving higher weights to larger errors due to its
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quadratic nature [54]. It is calculated as:

n
1 N
= Z(Yi -9
i

where n is the number of samples, y; represents the actual PV power
output, and y; denotes the predicted value.

RMSE = (15)

4.2.2. Normalised Root Mean Square Error (NRMSE)
NRMSE normalises the RMSE by the range of observed values,
enabling comparison across different datasets and scales:

NRMSE = —RMSE 100 (16)

Ymax = Ymin
where y,,.. and y,;, are the maximum and minimum observed values
in the dataset, respectively.

4.2.3. Mean Absolute Error (MAE)

MAE provides the average magnitude of errors without considering
their direction, making it less sensitive to outliers compared to RMSE
[55]:

1o | %= 5
1 1
MAE (%) = — ==

i=1

‘ % 100 a7

i

4.2.4. Coefficient of determination (R?)
R? indicates the proportion of variance in the dependent variable
that is predictable from the independent variable(s):
n )2
Rl Z,-n:,(y, y_,) (18)
i = p?
where j is the mean of observed values. R? ranges from 0 to 1, with 1
indicating perfect prediction.

4.2.5. Performance Parameter (PP)
PP is a specialised metric that considers the dataset’s inherent
variability through its standard deviation:
RMSE
a

PP=1- (19)

where « is the standard deviation of the dataset. PP approaches 1 for
high-quality predictions and can be negative for poor predictions. This
metric is particularly useful for PV power prediction as it accounts
for the natural variability in solar power generation. These metrics
collectively provide a comprehensive evaluation framework, with:

+ RMSE and MAE quantifying prediction errors in the original units
+ NRMSE enabling cross-dataset comparison

+ R? assessing the model’s explanatory power

» PP accounting for dataset-specific variability

4.3. Ablation study

To systematically evaluate the contribution of each component in
our proposed architecture, we conducted a comprehensive ablation
study with the time stamp prediction of 1 min. The study progressively
removes key components from our full model (STSA-CNN-BiLSTM) to
quantify their individual impacts on prediction performance. Table 4
presents the comparative results across five different model configura-
tions. Also, we run the proposed model for 30 times and the training
and validation losses are shown in Fig. 3.

4.3.1. Model configurations

The ablation study examined five distinct configurations in decreas-
ing order of complexity. The complete proposed architecture (STSA-
CNN-BiLSTM) incorporates Spatial Attention, Temporal Attention, and
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Fig. 3. Training and validation losses over the epochs with 30 runs.

Self-Attention mechanisms with CNN-BiLSTM. The second configura-
tion (STA-CNN-BIiLSTM) removes Self-Attention while retaining Spa-
tial and Temporal Attention. The third variant (TA-CNN-BiLSTM) fur-
ther removes Spatial Attention, keeping only Temporal Attention. The
fourth configuration (CNN-BiLSTM) represents the base architecture
without any attention mechanisms, while the final variant (CNN-LSTM)
replaces BiLSTM with unidirectional LSTM to evaluate the impact of
bidirectional processing.

4.3.2. Impact of self-attention

The integration of Self-Attention demonstrates significant perfor-
mance improvements, as evidenced by comparing STSA-CNN-BiLSTM
against STA-CNN-BIiLSTM. The addition of Self-Attention reduces RMSE
by 21.4% from 0.206 kW to 0.162 kW, while MAE improves by 12.3%
from 3.32% to 2.91%. The NRMSE shows a substantial decrease of
51.3% from 0.0668 to 0.0325, accompanied by an R?> enhancement
from 0.9848 to 0.9923 and a PP increase from 0.8404 to 0.8893. These
improvements highlight the crucial role of Self-Attention in capturing
complex dependencies within the input data.

4.3.3. Contribution of spatial attention

The removal of Spatial Attention, observed by comparing STA-CNN-
BiLSTM with TA-CNN-BiLSTM, reveals substantial performance degra-
dation across all metrics. The RMSE increases significantly by 88.8%
from 0.206 kW to 0.389 kW, while MAE rises by 50.3% from 3.32%
to 4.99%. The NRMSE shows a considerable deterioration of 81.1%
from 0.0668 to 0.1210, with R? decreasing from 0.9848 to 0.9675
and PP dropping from 0.8404 to 0.8102. These results underscore
the importance of Spatial Attention in capturing spatial dependencies
within the PV power prediction task.

4.3.4. Effect of temporal attention

The impact of Temporal Attention becomes apparent when compar-
ing TA-CNN-BiLSTM with CNN-BiLSTM. While the improvements are
more modest compared to other components, they remain significant.
The inclusion of Temporal Attention yields a 3.9% improvement in
RMSE from 0.404 kW to 0.389 kW and a 4.2% reduction in MAE from
5.21% to 4.99%. Notable improvements are also observed in NRMSE
with a 25.9% enhancement from 0.1633 to 0.1210, along with R?
improvement from 0.9502 to 0.9675 and PP increase from 0.7913 to
0.8102. These results demonstrate the value of Temporal Attention in
capturing time-dependent patterns in the data.

4.3.5. Bidirectional vs. Unidirectional LSTM

The comparison between CNN-BiLSTM and CNN-LSTM reveals the
substantial advantages of bidirectional processing in the LSTM layer.
The bidirectional approach achieves 29.0% lower RMSE (0.404 kW vs.
0.5692 kW) and a 34.8% reduction in MAE (5.21% vs. 7.99%). The

Table 4
Performance comparison on test data for ablation study of the proposed model.

Model RMSE (kW) MAE NRMSE R-squared PP

STSA-CNN-BiLSTM 0.162 2.91% 0.0325 0.9923 0.8893
STA-CNN-Bi-LSTM 0.206 3.32% 0.0668 0.9848 0.8592
TA-CNN-Bi-LSTM 0.389 4.99% 0.1210 0.9675 0.7341
CNN-Bi-LSTM 0.404 5.21% 0.1633 0.9502 0.7239
CNN-LSTM 0.5692 7.99% 0.2198 0.9358 0.6109

NRMSE shows a 25.7% improvement (0.1633 vs. 0.2198), accompanied
by superior R? (0.9502 vs. 0.9358) and PP (0.7913 vs. 0.7633) values.
These results demonstrate that bidirectional processing significantly
enhances the model’s ability to capture temporal dependencies in both
forward and backward directions.

The comprehensive ablation study demonstrates that each com-
ponent of our proposed architecture contributes meaningfully to the
overall performance. The Self-Attention mechanism provides the most
substantial individual improvement in prediction accuracy, followed
by the Spatial Attention mechanism. The Temporal Attention compo-
nent, while showing more modest gains, still contributes meaningfully
to the model’s performance. The combination of all three attention
mechanisms yields the best performance across all metrics, validating
our architectural design choices. Furthermore, the bidirectional nature
of the LSTM layer proves crucial, offering significant advantages over
its unidirectional counterpart. These findings collectively support the
design decisions in our proposed STSA-CNN-BiLSTM architecture and
demonstrate its effectiveness for ultra-short-term PV power prediction.

4.4. Comparative analysis

The results in Table 5 highlight the superior performance of the
proposed Spatial Attention Temporal Attention Self-Attention-based
CNN BiLSTM model for ultra-short-term photovoltaic (PV) power fore-
casting. The model achieves the lowest RMSE (0.162 kW) and MAE
(2.91%), indicating higher accuracy in forecasting compared to other
models,as shown in Fig. 5. Furthermore, its NRMSE (0.0325%) is
substantially lower than the alternatives, showcasing its robustness in
minimising relative errors. The high R-squared value (0.9923) further
affirms the model’s ability to explain the variability in PV power output
with excellent reliability. Notably, the proposed model’s Performance
Parameter (PP) value of 0.8893 significantly outperforms other models,
underlining its superior forecasting quality and alignment with actual
PV power trends.

In comparison, traditional models like XGBoost and Vanilla LSTM
show weaker performance, with RMSE values of 0.292 kW and 0.301
kW, respectively, and higher MAE and NRMSE values, reflecting their
limited ability to capture the complexities of PV power forecasting.
Seq2Seq with Attention and TCN models, despite utilising advanced
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Table 5
Performance metrics for different models.

Model RMSE (kW) MAE NRMSE (%) R-squared PP
Proposed model 0.162 2.91% 0.0325 0.9923 0.8893
XGBoost 0.292 3.85% 0.0705 0.9842 0.8004
Vanilla LSTM 0.301 4.67% 0.0885 0.9832 0.7942
Seq2Seq with attention  0.590 6.92% 0.2115 0.9358 0.5967
TCN 0.447 5.63% 0.1733 0.9631 0.6944

architectures, demonstrate even higher errors and lower PP values
(0.5967 and 0.6944, respectively). These results emphasise the impact
of incorporating attention mechanisms and hybrid architectures like
CNN BiLSTM in the proposed model, which effectively leverage spatial
and temporal dependencies in the data. The attention mechanisms
enhance the model’s capacity to focus on critical patterns and reduce
noise, making it highly suitable for ultra-short-term PV forecasting tasks
(see Fig. 4).

5. Conclusions

This paper tackles the challenge of predicting ultra-short-term solar
power generation with minimal data, a common issue in Norway,

where sunlight can change rapidly over short time frames. Forecasting
the next minute’s power output under such conditions is particularly
difficult for traditional models. Ultra-short-term predictions in solar
power provide precise, localised insights into rapid power output fluc-
tuations, essential for real-time energy system management. To tackle
this issue, we propose a model that combines Convolutional Neural
Networks (CNN) and Bidirectional Long Short-Term Memory networks
(BiLSTM) with three distinct attention mechanisms. These mechanisms
enhance the model’s ability to capture spatial and temporal char-
acteristics while focusing on the importance of specific time steps.
An ablation study reveals that using all three attention mechanisms
significantly improves predictive performance. The proposed model is
tailored to Norway’s weather conditions and predicts solar radiation
on tilted surfaces with high accuracy. It achieves a root mean square
error (RMSE) of 0.162 kW, outperforming models that use one or
two attention mechanisms. This model is not only effective for so-
lar photovoltaic (PV) power forecasting but also applicable to other
renewable energy technologies, addressing uncertainties arising from
variable weather conditions. Additionally, it can be integrated into en-
ergy systems to mitigate challenges associated with renewable energy
intermittency, allowing for more efficient operation by anticipating
output fluctuations
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