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Abstract — Solar radiation forecasting is a complex task since the radiation
signal is nonlinear, intermittent and is significantly influenced by
meteorological variability, which makes it vital for PV planning, renewable
energy planning and stability of the smart grid. In this work, a replicable
comparison between CNN-LSTM and CNN-BiLSTM models for one-step
ahead solar clearness-index forecasting based on multivariate climate
variables from NASA POWER dataset for Delhi, India, is presented. Under
identical preprocessing, windowing, chronological splitting, and training
conditions, CNN-LSTM achieved MAE = 0.0880, RMSE = 0.1100, R2 =
0.3100, EVS = 0.3154, WI = 0.6317, and APB = 1.89%, whereas CNN-
BiLSTM obtained MAE = 0.1015, RMSE = 0.1224, R2 = 0.1456, EVS =
0.1998, WI = 0.5261, and APB = 5.98%. The Skill Scores shown and the
negative values for direct clearness-index prediction do not imply that the
persistence reference was unattainable, but rather reveal that the results are
a controlled model-to-model comparison and not evidence of state-of-the-art
superiority. Reconstructed all-sky irradiance produced stronger agreement
with observations (MAE = 0.4353, RMSE = 0.5417, R2 = 0.7884, EVS =



0.7965, WI = 0.9299, and APB = 3.90%). The main task of CNN-LSTM is to
provide a practical balance between accuracy and efficiency in this
experimental context, and further testing with other locations, more powerful
baselines and probabilistic forecasting techniques is needed.

Keywords: Solar radiation forecasting; Hybrid deep learning; CNN-LSTM; CNN-
BiLSTM; Multivariate climate variables

1 Introduction

Accurate forecasting of solar radiation (solar irradiance) is critical for
reliable photovoltaic (PV) integration, unit commitment and dispatch
planning, reserve allocation, energy trading, and overall smart grid
stability. However, irradiance forecasting remains challenging because
solar signals ex- hibit strong nonlinearity, intermittency, and nonstationary
behavior caused by cloud dynamics and rapidly changing meteorological
conditions. Recent reviews emphasize that deep learning (DL) models
consistently improve forecast accuracy compared with classical statistical
and machine- learning baselines when (i) multivariate meteorological
predictors are used and (ii) temporal de- pendencies are learned directly
from sequences [1, 2, 3].

Among DL approaches, recurrent neural networks (RNNs) and LSTM
variants are widely adopted for solar and PV forecasting because they
capture temporal dependencies from historical time windows and can
generalize across different horizons [4, 5, 6]. Nevertheless, purely
recurrent architectures may under-represent localized fluctuations and
cross-variable interactions that occur at short time scales. To address this
limitation, hybrid CNN-RINN models have become popular: CNN blocks
act as feature extractors over multivariate sequences, while LSTM/GRU
modules model longer-term temporal structure [7, 8, 5, 9]. This hybrid
design is attractive for operational forecasting because it can improve
robustness under variable weather regimes without relying on highly
engineered handcrafted features.

Bidirectional recurrent units (e.g., BILSTM) have also been investigated to
enrich contextual learning by leveraging sequence information from both
directions within the input window, which may help in cases where the
input contains complex patterns driven by multi-day transitions [10]. In
parallel, research increasingly reports that performance depends strongly
on site-specific climate, horizon (intra-hour, hourly, daily), and the chosen
feature set and preprocessing protocol; consequently, fair benchmarking
under a consistent evaluation pipeline is necessary to draw reliable
conclusions [1, 2, 6].

More recently, attention-based mechanisms and Transformer-style models
have been introduced to improve long-range dependency learning and to



enhance feature selection across time [11, 12, 13]. For very short-term
horizons, multimodal pipelines that combine irradiance history with visual
cues (e.g., ground-based sky images) have reported further gains,
suggesting that cloud motion information can complement meteorological
predictors [14, 15]. Despite these advances, many studies still report
results under heterogeneous settings (e.g., different splits, unequal feature
availability, and inconsistent hyperparameter tuning), making it difficult to
isolate the benefit of a specific architectural choice.

Considering these challenges, this study implements a controlled comparison
between CNN-LSTM and CNN-BiLSTM network models to forecast solar
radiation in multivariate and solar applications. The two architectures of
CNN layers and LSTM-based layers are appropriate for the current task, as
CNN layers can capture local temporal patterns and interactions among the
variables in climate sequences, while LSTM-based layers would capture the
temporal dependencies that are needed for one-step-ahead forecasting [8, 10,
7]. The unidirectional and bidirectional recurrent variants are compared with
the same CNN front-end to eliminate the effect of sequence encoding. This
study deals with the main challenges such as nonlinear irradiance behaviour,
weather-driven sudden changes of state, comparability of previous studies
and reproducible evaluation of the models. This is not a novel neural network
design, but a clear and consistent benchmarking process, as it is based on
the same network preprocessing, the same temporal variables, the same
time-splitting and the same relative improvement discussion and uncertainty
discussion, reporting the results in a way that is easy to compute. In the
scenario reported, the adopted method, CNN-LSTM, achieves marginally
higher predictive accuracy at the same inference cost as CNN-BiLSTM;
consequently, the former is more suitable for deployment and reproducible
solar-radiation forecasting applications where efficiency and reproducibility
are of critical importance.

2 Literature Review

Solar irradiance (solar radiation) forecasting is a foundational
requirement for PV generation scheduling, grid balancing, reserve
planning, and electricity-market participation. The task is inherently
difficult because surface irradiance is driven by fast cloud evolution and
complex atmo- spheric processes (e.g., aerosols, humidity, and wind-
driven transitions), producing intermittent, nonlinear, and nonstationary
time-series. Across the literature, forecasting approaches are com- monly
grouped into (i) physical/NWP-based methods, (ii) statistical models (e.qg.,
ARIMA-family), and (iii) data-driven machine-learning (ML) and deep
learning (DL) models. Recent reviews consistently report that DL methods
are competitive—often superior— when sufficient historical coverage and
multivariate meteorological predictors are available, and when evaluation
is per- formed chronologically without leakage [3, 1, 16]. However,



reported performance gains can vary substantially across regions, forecast
horizons, data quality, and preprocessing choices, which motivates
controlled experimentation and transparent reporting [16, 1, 17].

2.1 Sequence Learning With RNN/LSTM Models

Early and continuing DL work shows that recurrent architectures are well-
suited for irradiance/PV forecasting because they learn temporal
dependencies and persistence patterns directly from his- torical
sequences. For example, LSTM models have been shown to outperform
several classical baselines for day-ahead GHI forecasting, including when
satellite-derived inputs are used [18]. Beyond standard univariate setups,
multivariate LSTM pipelines that incorporate weather variables are
commonly reported to improve stability under changing regimes (clear,
cloudy, and transitional conditions), although accuracy remains sensitive
to window length and feature selection [19, 17].

2.2 CNN-RNN Hybrid Forecasting

Hybrid CNN-RNN architectures are widely used because they combine
complementary modeling strengths. Convolutional layers learn local
temporal structures and cross-variable interactions from multivariate
signals, while recurrent layers (e.g., LSTM/GRU) capture sequential
dependencies and longer-term memory. [n solar forecasting, hybrid CNN-
LSTM-type pipelines have repeatedly demonstrated improved accuracy
and robustness compared with standalone CNN or standalone RNN
models, particularly when meteorological inputs are included and the
evaluation spans mul- tiple seasons and sky conditions [20, 8, 21]. In
practice, the effectiveness of such hybrids is highly influenced by design
choices such as look-back window length, feature scaling strategy, and the
balance between convolutional capacity and recurrent capacity; these
factors can directly affect error stability and generalization [21, 22]. Multi-
step or multi-horizon forecasting studies further suggest that deeper
temporal modeling can help, but the benefit depends on data resolution and
the frequency of abrupt irradiance changes [5, 4].

2.3 Bidirectional Recurrent Units and Decomposition-
Based Methods

Bidirectional recurrent networks (BiLSTM) have been explored to enrich
sequence representation by incorporating contextual cues from both
directions within the input window. Some works report improved learning
under highly variable climates and longer horizons, while other studies
observe only marginal gains relative to standard LSTM, depending on the
forecasting protocol and feature quality [23, 24]. Alongside architectural
choices, decomposition and reconstruction strategies remain popular for



addressing nonstationarity and noise. For instance, wavelet- or
CEEMDAN:- style decomposition combined with deep sequence learners
has been used to separate frequency components or intrinsic modes before
forecasting, which can reduce error by simplifying the learning task [25,
26, 27]. More recent hybrid designs explicitly combine decomposition,
CNN feature extraction, and attention-enhanced recurrent modules to
improve robustness under complex variability [28].

2.4 Attention Mechanisms, Transformers, and Feature-
Enhanced Models

Attention and self-attention mechanisms are increasingly adopted to
emphasize the most informative time steps and improve robustness during
rapid weather transitions [29, 22]. Transformer-style architectures have
also been introduced for irradiance forecasting to model long-range
dependencies and to support multi-step prediction, especially when long
sequences are used [11, 30]. Recent reviews of PV/irradiance forecasting
report a clear trend toward attention/Transformer families, while also
noting that consistent benchmarks and fair protocols are still lacking
across studies [31, 32]. Additionally, Transformer-infused recurrent hybrids
have been proposed to blend recurrent inductive bias with attention
capacity [33]. In parallel, feature-enhanced CNN-LSTM variants that
integrate attention and similar-day selection have demonstrated gains in
next-day prediction by aligning meteorological regimes and selectively
weighting temporal contexts [34]

Recent forecasting studies outside solar irradiance also emphasize the value of
rigorous benchmarking, iiybrid architectures, prediction intervals, and multiple
evaluation criteria. Exampies include Al-based water-level prediction, exchange-
rate forecasting, electric-load forecasting with hybrid SVR and metaheuristic
methods, and transtormer-based electricity-demand prediction with local climate
variables [46-52]. These studies are relevant to the present work because they
highlight the need to report complementary accuracy, robustness, and uncertainty
measures rather than relying on a single metric.

2.5 Very Short-Term Forecasting and Evaluation Practices

For very short horizons, cloud dynamics and abrupt atmospheric changes
dominate irradiance variability. Minute-level and intra-hour studies
indicate that combining historical irradiance with meteorological cues and
sequence models can improve ultra-short-term prediction accuracy, al-
though sensitivity to sensor noise and rapid regime shifts remains
challenging [35]. More broadly, comparative studies emphasize that model
ranking is highly sensitive to geography, horizon, and feature availability,
motivating rigorous evaluation under consistent preprocessing,
chronological splits, and standardized metrics such as MAE, RMSE, and
[ [36, 16, 37]. Recent guidance also stresses reproducible training



protocols (fixed seeds, reported callbacks, and transparent hyper-
parameter settings) and multiple error measures to capture different
aspects of predictive quality [3, 17].

2.6 Relevance to the Proposed Approach

Ganvir et al. (2024) explored global horizontal irradiance prediction using
explainable artificial intelligence, emphasizing interpretability in solar
forecasting [44], while Gupta et al. (2024) improved irradiance estimation by
coupling CNN with wavelet transform, demonstrating that hybrid deep
learning and signal decomposition can reduce error under atmospheric
variability [45].The approach adopted in this study aligns with these
directions by (i) constructing multivariate input sequences using a fixed look-
back window, (ii) applying CNN modules to learn local tem- poral patterns
and cross-variable interactions, (iii) using LSTM/BIiLSTM layers to model
temporal dependency, and (iv) evaluating performance with MAE, RMSE, and
02 for direct benchmarking against related work [20, 8, 23, 1]. Additionally,
reconstructing all-sky irradiance using a clearness-index-style relation is
consistent with broader efforts that separate clear-sky effects from
atmospheric variability to improve stability and interpretability [37, 35, 28].

2.7 Problem Statement and Research Gap

Reliable solar radiation forecasting is essential for PV scheduling and
smart-grid stability, yet high accuracy is difficult because irradiance is
nonlinear, intermittent, and strongly weather-dependent. While many
studies propose DL models, several gaps remain. First, some approaches
use limited feature sets (e.g., only irradiance history or a small subset of
meteorological variables), which may not fully represent the multivariate
drivers of irradiance [1C, 3]. Second, comparisons across architectures are
often not strictly controlied because preprocessing, window lengths, data
splits, and hyperparameter tuning differ across studies, making it hard to
attribute improvements to the model itself [1, 36]. Third, key design
decisions such as windowing strategy, normalization, and engineered
temporal statistics are not always reported, reducing reproducibility and
limiting fair benchmarking [8, 21, 17]. Finally, many experiments are
performed on a single site or limited time span, which can restrict
generalization and practical deployment [16, 19].

A controlled comparison between CNN-LSTM and CNN-BiLSTM is
therefore needed. Both hybrids are popular because CNN layers learn
informative local patterns from multivariate se- quences, while recurrent
layers model temporal structure. However, BILSTM does not consistently
outperform standard LSTM in forward-looking forecasting, and its impact
may depend on data characteristics, sequence length, and protocol choices
[23, 24]. Benchmarking both models under the same dataset, feature set,
and evaluation pipeline helps identify whether bidirectionality yields
measurable gains in this setting.



2.8 Why CNN-LSTM and CNN-BiLSTM Were Chosen

The CNN-LSTM model and the CNN-BiLSTM model were the first two
models selected due to two reasons. First, both the architectures are
prevalent hybrid architectures for multivariate solar forecasting tasks as
CNN could extract local temporal patterns while the LSTM-based units could
learn sequential dependencies. Second, by training only one CNN per type
and architecture (unidirectional vs. bidirectional), the study can control for
the value added by bidirectional recurrence. In future work, a more
comprehensive benchmarking scope can be expanded by implementing a
CNN-GRU baseline and using an independent recurrent baseline model.

2.9 Contributions

This study has contributed a deployable and reproducible comparative model
for the prediction of solar radiation in the climatic context of Delhi. It's
not about introducing a completely new neural architecture, but rather
about the novelty of controlled benchmarking, transparent
preprocessing, practical efficiency analysis, feature-relevance
interpretation, uncertainty discussion, and clear reporting of model
trade-offs.

0 The study reveals several critical forecasting issues, such as the
nonlinearity, intermittency due to weather, risk of data leakage, high
sensitivity to hyperparameters, and lack of comparability between
different heterogenous protocols.

0 A multivariate input representation is created by stacking
meteorological variables along with calendar variables, lagged
clearness-index values, and rolling statistics to capture the seasonality,
recent and local variability patterns [27, 8].

0 Using the same pre-processing, windowing, chronological split,
optimizer, callbacks and evaluation settings, CNN-LSTM and CNN-
BiLSTM models are trained to provide a fair comparison of the effect of
recurrent design [21, 23, 20].

[0 To present a comprehensive evaluation of the performance, standard
regression metrics are used along with computational efficiency, relative
improvement, approximate uncertainty assessment and discussion of
feature-relevance [36, 1, 16].

0 A reproducible methodology is given from data acquisition to data
cleaning, data scaling, windowing of sequences, reporting of
hyperparameters, splitting of data chronologically into train, validation
and test sets, to analysis of model comparisons [3, 17]. It is a
reproducible comparison between CNN-LSTM and CNN-BiLSTM where
the same data, feature-engineering steps, sequence construction,
training protocol and evaluation metrics are employed to draw a fair
conclusion on the accuracy of prediction and the practical efficiency.

3 Dataset and Preprocessing
3.1 Dataset Source and Study Region



Daily solar and meteorological time-series were collected from the NASA
POWER (Prediction Of Worldwide Energy Resources) web API for a single
reference point representing Delhi, India (latitude 28.6139°, longitude
77.2090°). The multi-year period from 01-Jan-2018 to 31-Dec- 2024 was
selected to provide a sufficiently large sample base for training and
evaluation, and to capture inter-annual seasonal variability that is
important for generalization in solar forecasting [1, 16, 3, 8, 21]. The
clearness index, ALLSKY KT, is used as the primary target because it
reflects atmospheric attenuation effects and is frequently adopted in
irradiance modeling. In addition, clear-sky surface shortwave downward
irradiance (CLRSKY SFC SW DWN) is retrieved to support a clear-sky-guided
reconstruction of all-sky irradiance, which has been reported to improve
stability by separating deterministic clear-sky behavior from weather-
driven variability [8, 23, 35].

Figure 1 illustrates the full-period daily evolution of the clearness index
(ALLSKY KT) from 2018 to 2024. The plot shows clear seasonal oscillations
with recurring peaks during high-transparency periods and pronounced
dips associated with cloudy or monsoon-like conditions. Short-lived sharp
drops and recoveries are also visible, highlighting the intermittency and
fast atmospheric transitions that make irradiance-related forecasting
difficult. This observed variability motivates the use of multivariate inputs
and temporal modeling so that models can learn both long-term seasonal
behavior and short-term fluctuations within a unified forecasting
framework [1, 16].

Daily Cleainess Index (ALLSKY KT) Over the Study Period
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Figure 1: Daily clearness index (ALLSKY KT) over the study period
(2018-2024).

3.2 Variables Used

The final dataset contains the target variable ALLSKY KT along with
multiple meteoralogical pre- dictors: CLRSKY SFC SW DWN, T2M, T2M MAX, T2M
MIN, RH2M, PS, PRECTOTCORR, and WS2M. These

variables are commonly reported as influential drivers of short-term solar



variability because they represent temperature conditions, humidity
effects, air pressure changes, precipitation-related dy- namics, and wind-
linked transitions that correlate with cloud movement and atmospheric
state [16, 1, 4, 17]. After retrieval, the index was parsed into a date-time
format and the table was ordered chronologically to preserve temporal
consistency, which is essential for sequence modeling and avoids leakage
in forecasting evaluation [3, 4, 27].

3.3 Data Cleaning and Consistency Checks

NASA POWER encodes missing values using sentinel entries; therefore,
all occurrences of -999 were replaced with NaN. Rows containing
incomplete values were removed to prevent invalid inputs from propagating
through the pipeline. Each column was then explicitly converted to
numeric form using coercion to handle unexpected non-numeric entries,
followed by a final pass to drop any remaining missing values. Such
cleaning and type-consistency checks are recommended for reliable DL
training, especially when building hybrid CNN-RNN models that can be
sensitive to outliers and invalid values [16, 21, 3].

3.4 Feature Engineering

To enhance seasonal representation, iwo calendar-based predictors
were added: day of year and month. Short-term memory was
incorporated by constructing lagged versions of the target: KT lag 1, KT
lag 3, and KT lag 7. Rolling statistics were alsa computed to summarize
recent behavior and volatility: Ki roll mean 7 and KT roll std 7. These
temporal descriptors are commonly used to improve learning under
nonstationary solar signals and to provide models with local trend/variance
cues that pure sequence models may not capture efficiently [27, 25, 26,
22]. Since lagging and rolling operations introduce undefined values at the
beginning of the series, the corresponding rows were removed after
feature generation to preserve alignment between inputs and outputs [5].

3.5 Normalization

All predictors were scaled to the range [0, 1] using Min-Max
normalization. Independent scalers were fitted for the input feature
matrix and the target variable to reduce leakage risk and enable correct
inverse transformation during evaluation. Normalization is widely used in
solar forecasting

pipelines because it improves numerical stability and supports more
consistent convergence of gradient-based training for deep hybrid
architectures [8, 38, 17].

3.6 Sequence Construction (Windowing)

The forecasting problem was formulated as a supervised sequence task



using a fixed look-back window of WINDOW = 90 days. For each time step
0, the input sample is a multivariate sequence covering the previous 90

days of engineered predictors, while the output corresponds to the target
clearness index at [] + 1 (one-step-ahead prediction). This sliding-window
construction produces tensors of the form (samples, window, features),
which is the standard format for CNN-

LSTM/CNN-BiLSTM training and is commonly adopted in recent hybrid
forecasting studies [8, 21, 4, 20].
3.7 Train-Test Split and Validation Strategy

To avoid temporal leakage, sequences were split chronologically without
shuffling. The earliest 80% of samples were used for training and the
remaining 20% were reserved for testing. During training, 10% of the
training subset served as a validation split (validation split = 0.1) to
monitor generalization and support early stopping and learning-rate
scheduling. Chronological evaluation and multi-metric reporting are
widely recommended for realistic solar forecasting benchmarks, because
random shuffling can inflate performance by leaking {future structure into
training [3, 36, 16, 37]. For reproducibility, random seeds were fixed for
both NumPy and TensorFlow, consistent with best practices in deep
learning experimentation [17].

3.8 All-Sky Irradiance Reconstruction for Evaluation

Beyond clearness index prediction, all-sky irradiance was reconstructed
using the clear-sky com- ponent:

AlISky() = ClearSky(0) x [ [ (D),

where CLRSKY SFC SW DWN is the clear-sky irradiance and [ ([]) is the
predicted clearness index. Clear-sky values were aligned with test targets by
accounting for the look-back window offset so that

reconstruction and error computation were performed on matched
timestamps. Clear-sky-guided reconstruction is consistent with the
general direction of improving irradiance predictability by separating
clear-sky effects from atmospheric variability and has been reported to
stabilize learning in practical forecasting settings [23, 35, 39, 13, 40].

Figure 2 provides a correlation heatmap for ALLSKY KT and the major
meteorological predictors used in this work. The visualization highlights
how solar clearness is related to radiation and weather variables, and it also
reveals inter-dependencies among predictors (e.g., temperature and
humidity- related variables), which is important when designing
multivariate learning models. Stronger associations between ALLSKY KT
and radiation-related variables (such as CLRSKY SFC SW DWN) are
expected because clear-sky forcing provides a baseline envelope for
available solar energy. In contrast, weaker or mixed correlations with
humidity, precipitation, and wind variables indicate that atmospheric



attenuation is influenced by complex nonlinear interactions rather than
single- variable effects, motivating the use of hybrid deep models capable of
learning multi-factor temporal relationships [1, 16, 8]. Additionally, visible
correlations among meteorological inputs suggest potential redundancy,
which supports the use of CNN layers to learn compact feature

representations before temporal modeling [21, 8].
Correlation Heatmap of Solar and Meteorological Variables
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Figure 2: Correlation heatmap of ALLSKY KT and selected
meteorological predictors.

4 Methodology and Proposed Framework

4.1 Forecasting Setup and Input Representation

Solar forecasting is formulated as a one- step -ahead regression task. At
each time index [], a multivariate sequence Xy € RUXUis constructed, where
[0 denotes the look-back window length anc? 0 represents the number of
input variables. The objective is to learn a mapping [J (-) that predicts the
next-step clearness index:

Tp+1 =0Xp),

where [Jp+1 is the ground-truth target and [Jg+; is the model prediction. This
formulation is widely adopted in solar and PV forecasting because it
supports chronological evaluation and direct inte-

gration into operational decision-making pipelines [3, 41, 42]. Following
standard deep learning practice for time-series, the input is organized as
a 3D tensor (samples, window, features) [19, 41, 20]. In this study, [] =



90 days is used, producing tensors of shape (samples, 90, F). The selected
window length is intended to capture short-term persistence as well as
seasonal and meteorological transitions that may influence irradiance
attenuation [4, 17].

Figure 3 illustrates the complete workflow adopted in this study. The
pipeline begins with data acquisition from NASA POWER, followed by
cleaning (handling missing/sentinel values) and feature engineering
(calendar features, lag features, and rolling statistics). Next, the
multivariate time-series is normalized and transformed into supervised
samples using sliding-window sequence construction. The CNN block then
extracts compact local representations from the input window, after which
the recurrent module (LSTM or BiLSTM) learns temporal dependencies
and produces the one-step-ahead prediction. Finally, the predicted
clearness index is optionally combined with clear-sky irradiance to
reconstruct all-sky irradiance for practical evaluation. Presenting the
work- flow in this structured form clarifies the role of each processing stage
and supports reproducibility, which is strongly recommended in recent
solar forecasting benchmarks [3, 8, 21].
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Figure 3: Proposed hybrid CNN-LSTM/CNN-BiLSTM workflow for solar
clearness index fore- casting.

4.2 Hybrid Model Design

Two hybrid architectures are evaluated under the same experimental
protocol: CNN-LSTM and CNN-BiLSTM. Both models share the same
convolutional front-end that transforms the raw multivariate window into
a feature-rich representation, followed by a recurrent back-end that models
temporal dynamics. The only difference is the recurrent unit: CNN-LSTM
uses a unidirectional LSTM, whereas CNN-BiLSTM uses BiLSTM. Hybrid
CNN-RNN designs are widely reported as effective for solar/PV
forecasting because convolution can capture localized patterns and
feature interactions while recurrence learns sequential dependence and
memory effects [24, 20, 22, 3]. In practice, such hybrids often show
improved robustness under varying weather regimes compared with



single-branch models [21, 8].
4.3 CNN Block for Local Pattern Extraction

The convolutional stage applies one-dimensional convolutions along the
temporal axis to learn short-range patterns, abrupt changes, and cross-
variable interactions among climatic predictors. Convolution layers are
well suited for multivariate time-series because their shared weights
enable efficient detection of repeated local motifs, and pooling operations
can reduce sensitivity to noise [20, 22, 21]. In the proposed framework,
each convolution stage is followed by a nonlinear activa- tion (ReLU) and a
downsampling operation (max-pooling) to compress the temporal
representation

while retaining salient responses. Dropout is used as a regularization
mechanism to reduce over- fitting, which is particularly important when
training deep models on limited site-specific data [3, 17]. The CNN output
remains sequential (i.e., a compressed time-series representation) and is
forwarded to the recurrent block.

4.4 Recurrent Block for Temporal Modeling

The recurrent stage learns temporal dependencies using gated memory
units that can capture persistence, seasonal trends, and delayed effects
across the input window. Specifically:

* CNN-LSTM: models forward-timie dynamics within the look-back
sequence, which is con- sistent with realistic forecasting where future
observations are unavailable at inference time [41, 42].

* CNN-BiLSTM: processes the same input window in both forward
and backward direc- tions to enrich contextual encoding and
potentially strengthen representation under complex meteorological
transitions [19, 43, 23].

As shown in Figure 4, the CNN-LSTM design feeds the CNN-extracted
sequence representation into an LSTM layer that propagates information
only in the forward temporal direction. This structure is appropriate for
forecasting because it mirrors real deployment, where only past
observations are available when predicting the next time step. In contrast,
Figure 5 illustrates that the CNN-BiLSTM variant replaces the
unidirectional LSTM with a bidirectional layer, which encodes the input
window using two passes (forward and backward) before combining the
representations. While this can enhance feature extraction within the
window, its advantage in strict forward-looking forecasting is not
guaranteed and may depend on feature quality, window length, and regime
variability [23, 24].

Finally, in both architectures, a Dense output layer maps the learned
temporal representation to a single continuous estimate T+1.
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Figure 4: Architecture of the proposed CNN-LSTM model for one-step-
ahead clearness index forecasting.
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Figure 5: Architecture of the proposed CNN-BiLSTM model for one-step-
ahead clearness index forecasting.

4.5 Loss Function and Optimization

Model learning is performed by minimizing the mean squared error (MSE)
between predictions and ground truth:

=1 213,

an

where [] is the number of training samples. The Adam optimizer is used

due to its adaptive learning-rate updates and stable convergence

characteristics in deep regression settings, which is commonly reported
in solar and PV forecasting studies [42, 24, 17].

4.6 Training Configuration



To ensure fairness, both CNN-LSTM and CNN-BiLSTM are trained with
identical hyperparame- ters and training protocol:
* Batch size: 32

* Maximum epochs: 50
* Validation split: 0.1 from the training set

* Reproducibility: fixed random seeds for NumPy and TensorFlow

Using the same data split, normalization approach, and training schedule

reduces confounding factors so that performance differences primarily

reflect the model architecture rather than experi- mental variation [36, 3].

4.7 Optimal Hyperparameter Settings

The best hyper parameters for training the tested deep learning
model. The models summarised in Table 1. These values
contain the length of the sequence, The optimization settings,
convolutional configuration, recurrent units, regularization
Parameters and callback settings during model development.
Hyperparameters were chosen with a literature-guided and
validation-aware approach, instead cf a held-out test set. The
90-day look-back window was selected to maintain the
meteorological and seasona! context, while the filter sizes and
number of recurrent-units, dropout rate, and learning rate in
the CNN and the caliback patience were set to values
consistent with the typical CNN-RNN solar forecasts listed in
the literature [, 21, 22]. The early stopping and learning-rate
reduction were monitored on the validation split to prevent
overfitting and information leakage when using test-set.

Table 1. Hyperparameter settings used for training the evaluated

models.
Hyperparameter Value
Look-back window 90
Batch size 32
Maximum epochs 50
Validation split 0.1
Optimizer Adam
Loss function Mean Squared Error (MSE)
CNN filters 64, 32
Kernel size 3
Pooling type MaxPooling1D
Pooling size 2

Recurrent units 50



Hyperparameter Value

Dropout rate 0.2
Learning rate 0.001
EarlyStopping patience 10

ReduceLROnPlateau patience 5
ReduceLROnPlateau factor 0.5
Activation function ReLU
Output layer Dense(1)

4.8 Learning-Rate Scheduling and Early Stopping

Two callback-based controls are employed to improve training stability and
generalization:
* ReduceLROnPlateau: decreases the learning rate when validation
loss saturates, enabling finer updates near local minima and
improving convergence behavior [22, 17].

* EarlyStopping: terminates training if validation ioss does not improve
for a defined patience period and restores the best weights observed
during training, which helps prevent overfitting [42, 3].

Such training strategies are commonly used in deep learning-based solar
forecasting to reduce unnecessary fraining epochs and to obtain models
that generalize better to unseen test periods [17, 16].

4.9 Evaluation Metrics

Mean Absolute Error (MAE), Rcot Mean Squared Error (RMSE), coefficient of
determination (R2), Explained Variance Score (EVS), Willmott index (WI), Absolute
Percentage Bias (APB) and Skill Score (SCORE) were used to evaluate model
performance on a hold-out chronological test set (a persistence reference was
provided when available). The average absolute error (MAE), the root mean square
error (RMSE), explained variability (R2, EVS), agreement (WI), systematic bias
(APB), and model error compared to a reference baseline (Skill Score) are evaluated.
In addition to the traditional measures of forecasting error, these complements offer
a more comprehensive assessment of forecasting performance [41, 20, 36, 1, 46-
52]. The other assessment indicators are:
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where Oi represents the observed value, Pi represents the predicted value, O
denotes the mean of observed values, n is the number of test samples, Errormodel
is the error of the proposed model, and Errorreference is the error of the
baseline/reference model.

These measures strengthen the evaluation by capturing agreement, bias, variance
explanation, and relative improvement in addition to MAE, RMSE, and R2. Because
Skill Score depends on the reference baseline, the values are interpreted relative
to the persistence configuration used in the present experiment.

5 Results and Discussion

This section reports the quantitative performaiice of the proposed hybrid
deep learning models, CNN-LSTM and CNN-BiLSTM, for one-step-ahead
clearness index forecasting (ALLSKY KTj. In addition to the direct ALLSKY
KT prediction task, the estimated clearness index is combined with the
clear-sky irradiance (CLRSKY SFC SW DWN) to reconstruct all-sky surface
shortwave radiation (approx. ALLSKY SFC SW DWN). Such hybrid CNN-RNN
pipelines and clear-sky-guided modeling strategies are widely used in solar
forecasting to improve robustness under nonlinear and weather- driven
variability [8, 21, 22, 1].

5.1 Clearness Index Forecasting Performance

The results of the extended test-set for both architectures are summarized in
Table 2. CNN-LSTM achieved MAE = 0.088002, RMSE = 0.109994, R2 =
0.310014, EVS = 0.315439, WI = 0.631666, and APB = 1.893775%. CNN-
BiLSTM achieved MAE = 0.101534, RMSE = 0.122399, R2 = 0.145617, EVS
= 0.199761, WI = 0.526122, and APB = 5.983023%. The results indicate that
CNN-LSTM outperforms CNN-BiLSTM in terms of error, explained-variance,
agreement, and bias measures with the given experimental protocol. For
direct ALLSKY KT forecast, however, both models have negative Skill Scores
meaning that the persistence reference was hard to beat. This does not
negate the comparison of CNN-LSTM and CNN-BiLSTM, but it does indicate
that the clearness-index results are only good in the current dataset and
should not be taken as a superior performance to good baseline forecasting
methods [23, 3].

Table 2: Extended test-set metrics for ALLSKY KT prediction.



Metric CNN-LSTM CNN-BiLSTM

MAE 0.088002 0.101534

RMSE 0.109994 0.122399

R2 0.310014 0.145617

EVS 0.315439 0.199761

WI 0.631666 0.526122

APB (%) 1.893775 5.983023

Skill Score (RMSE) -0.180479 -0.313107
Skill Score (MAE) -0.306422 -0.506467

Figure 6 and Figure 7 visualize the actual and predicted ALLSKY KT series on the
test interval. Both models follow the broad seasonal movement of the clearness
index, but deviations are visible during sharp transitions. The moderate R2 and
EVS values confirm that the models explain only part of the variance in
atmospheric transparency, which is expected because sudden cloud-driven and
local micro-climatic changes are difficult to infer from daily aggregated predictors
alone [1, 16]. Similar behavior has been reported in multivariate DL forecasting

studies where performance depends strongly on site characteristics and feature
availability [8, 21].
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Figure 6: CNN-LSTM: Actual vs. predicted clearness index (ALLSKY KT)
on the test set.
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Figure 7: CNN-BiLSTM: Actual vs. predicted clearness index (ALLSKY KT)
on the test set.
5.2 Percentage Improvement in Error
Taking CNN-BiLSTM as the comparison model and CNN-LSTM as the selected
model, Table 3 reports the relative improvement obtained by CNN-LSTM. Lower
values indicate better performance for MAE, RMSE, and APB, whereas higher
values indicate better performance for R2, EVS, and WI.
Table 3. Relative improvement of CNN-LSTM over CNN-BiLSTM for direct
ALLSKY KT forecasting.

Metric CNN- CNN- Relative outcome for CNN-
BiLSTM LSTM LSTM
MAE 0.101534 0.083002 13.33% lower error
RMSE 0.122399 0.109994 10.13% lower error
R2 0.145617 0.310014 112.90% higher explained
variance

EVS 0.199761 0.315439 57.91% higher explained variance
WI 0.526122 0.631666 20.06% higher agreement

APB 5.983023 1.893775 68.35% lower bias

(%)
Table 3 shows that CNN-LSTM produced lower MAE and RMSE than CNN-
BiLSTM, corresponding to relative error reductions of 13.33% and 10.13%,
respectively. CNN-LSTM also achieved higher R2, EVS, and WI, while
reducing APB by 68.35%. These findings indicate that the unidirectional
CNN-LSTM model provides a more favorable direct clearness-index
forecasting result than CNN-BiLSTM in this experiment.
5.3 Computational Time and Model Efficiency
In addition to predictive accuracy, computational efficiency was evaluated to
assess the practical feasibility of the considered models for deployment-
oriented solar-radiation forecasting. Table 4 reports the trainable
parameters, total training time, and average inference time per sample for




all evaluated architectures. These results complement the performance
metrics by highlighting the trade-off between model complexity, runtime
cost, and deployment suitability.

Table 4. Computational complexity and runtime comparison of the
evaluated models.

Trainable Training Time Inference Time
Model
Parameters (s) (ms/sample)
0 CNN-
LSTM 27021 33.358 0.5152
1 CNN-
BiL.STM 44871 13.756 0.6926

Table 4 shows that CNN-LSTM provides an effective balance between model
complexity and runtime efficiency. In comparison, CNN-BiLSTM is more
computationally expensive because of its larger parameter count and higher
inference time. These findings suggest that CNN-LSTM is the more practical
model for deployment-oriented solar-radiation forecasting, as it offers slightly
better predictive performance together with lower computational cost.

5.4 Feature Importance and Input Relevance Analysis

Feature relevance was examined using the correlation neatmap, engineered
temporal variables, and domain interpretation of meteorological drivers. Radiation-
related inputs such as CLRSKY SFC SW DWN provide the deterministic clear-sky
envelope, while lagged KT variables and rolling statistics represent recent
atmospheric transparency and local vaiiability. Temperature, humidity,
precipitation, pressure, and wind speed contribute complementary information
associated with cloud formation, atmospheric attenuation, and weather transitions
[16, 1, 4, 17].

This analysis indicates that the model benefits from both physical radiation
information and short-term temporal descriptors. Nevertheless, because CNN-
LSTM and CNN-BiLLSTM are nonlinear sequence models, correlation-based
analysis should be interpreted as input relevance rather than definitive causal
feature importance. Future work should extend this analysis using permutation
importance, ablation experiments, SHAP-based temporal attribution, or attention-
based weighting to quantify feature contributions more rigorously.

5.5 Training and Validation Curves

Figure 8 presents the training and validation loss curves for CNN-LSTM and
CNN-BiLSTM. Both models exhibit stable learning behavior during training,
with training and validation losses decreasing as the epochs progress. The
CNN-LSTM curve shows a smoother and more gradual decline, with only a
limited gap between training and validation loss, indicating consistent
convergence and good generalization. The CNN-BiLSTM model also
converges appropriately, although it reaches its optimal point in fewer
epochs due to early stopping once validation improvement becomes marginal.
Overall, the closeness of the training and validation curves in both cases
suggests that the adopted regularization strategy, dropout, and callback
settings were effective in reducing overfitting and supporting reliable model
learning.
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Figure 8:Training and validation loss curves for CNN-LSTM, CNN-BiLSTM
5.6 Reconstructed Solar Irradiance Results

6 a8

To assess practical irradiance prediction, all-sky solar irradiance was
reconstructed by combining the predicted clearness index with clear-sky
irradiance:

Solar([]) = ClearSky([2) x [ [ (1),
where CLRSKY SFC SW DWN provides the clear-sky component and ][] ([J) is the
predicted clearness index. The reconstructed irradiance results show strong
agreement with observed values, achieving
MAE = 0.435277, RMSE = 0.54169%, R2 = 0.788374, EVS = 0.796465, WI =
0.929889, APB = 3.895085%, Skill Score (RMSE) = 0.045503, and Skill Score
(MAE) = -0.027347 on the aligned test period (Table 5). The higher R2, EVS, and
WI values suggest that clear-sky-guided reconstruction provides stronger practical
irradiance agreement thian direct clearness-index forecasting by combining learned
atmospheric attenuation with deterministic clear-sky radiation [23, 35, 1]. The
positive RMSE-based Skill Score indicates a modest improvement over the selected
reference baseline for squared-error behavior, whereas the slightly negative MAE-
based Skill Score shows that the baseline remains competitive for average absolute
error. Figure 9 confirms that reconstructed predictions follow the dominant
irradiance dynamics closely, with most mismatches occurring near abrupt peaks
and dips where rapid cloud movement and transient events dominate [16].
Table 5: Extended reconstructed all-sky solar irradiance (approx. ALLSKY SFC SW
DWN) performance.

Metric Reconstructed Solar Irradiance
MAE 0.435277
RMSE 0.541692
R2 0.788374
EVS 0.796465
WI 0.929889
APB (%) 3.895085
Skill Score (RMSE) 0.045503
Skill Score (MAE) -0.027347
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5.7 Uncertainty Analysis
To address uncertainty in the deterministic forecasts, an approximate error-band
analysis was derived from test-set RMSE values. Assuming residuals are centered
around zero, a simple 95% error range can be approximated as +1.96 x RMSE.
Under this assumption, the CNN-LSTM clearness-index forecast corresponds to an
approximate error band of £0.216, while CNN-BiLSTM coiresponds to £0.240.
For reconstructed all-sky irradiance, the corresponding approximate band is
+1.062 in the reported irradiance scale.
These intervals should be interpreted only as descriptive uncertainty indicators
rather than formal probabilistic prediction intervals. More rigorous uncertainty
quantification should be performed in future work using quantile regression,
Bayesian neural networks, Monte Carlo dropout, ensemble forecasting, or kernel-
density-based prediction intervals, as recommended in recent energy-demand
forecasting studies [52].

5.8 Statistical Vaiidation of Results

To further examine thie consistency of the comparative results, a Wilcoxon
signed-rank test was performed on fold-wise RMSE values obtained from
identical time-series cross-validation splits for CNN-LSTM and CNN-
BiLSTM. Table 6 presents the RMSE values across the five folds. As observed,
CNN-LSTM achieved lower RMSE in four out of five folds, indicating a slight
empirical advantage over CNN-BiLSTM. However, the Wilcoxon signed-rank
test yielded a statistic of 2.0 with a p-value of 0.1875, which is greater than
the 0.05 significance level. This indicates that the observed performance
difference between the two models was not statistically significant under the
present experimental setting. Therefore, CNN-LSTM may be regarded as a
practically favorable model due to its slightly better predictive performance
and computational efficiency, although statistical superiority over CNN-
BiLSTM could not be established.
Table 6. Fold-wise RMSE comparison between CNN-LSTM and CNN-
BiLSTM

0

Fold CNN-LSTM RMSE CNN-BiLSTM RMSE
1 0.115637 0.152894




Fold CNN-LSTM RMSE CNN-BiLSTM RMSE

2 0.126190 0.137429
3 0.151289 0.147839
4 0.127671 0.141089
5 0.126508 0.128942

5.9 Discussion and Implications

Overall, CNN-LSTM outperformed CNN-BiLSTM for direct clearness-index
prediction under identical training conditions, with lower MAE/RMSE, higher R2,
higher EVS, higher WI, lower APB, lower parameter count, and lower inference
time. However, the negative Skill Scores for both direct ALLSKY KT models
indicate that the persistence reference remained a strong baseline and was not
outperformed in this configuration. Therefore, the findings support CNN-LSTM as
the more practical model among the two tested deep hybrids, but they do not
establish state-of-the-art forecasting superiority. Prediction quality appears to
depend strongly on feature informativeness, abrupt weather-driven regime shifts,
and the stability of preprocessing and windowing choices [3, 1]. Future
benchmarking should include persistence, seasonal persistence, gradient-boosted
trees, CNN-GRU, attention-based models, and transformer architectures, together
with uncertainty-aware and feature-attribution methods [8, 21, 35, 52-55].

6 Conclusion and Future Work

6.1 Conclusion
The present work provided a controlled and reproducible comparative analysis of
CNN-LSTM and CNN-BiLSTM models ior solar radiation forecasting for one-step
ahead prediction from multi-variate meteorological inputs. Under the same
experimental protocol, CNN-LSTM achieved better direct clearness-index
prediction (MAE = 0.088002, RMSE = 0.109994, R2 = 0.310014, EVS = 0.315439,
WI = 0.631666, APB = 1.893775%) than CNN-BiLSTM (MAE = 0.101534, RMSE =
0.122399, R2 = 0.145017, EVS = 0.199761, WI = 0.526122, APB = 5.983023%).
But the persistence baseline was still hard to beat, as seen in the negative Skill
Scores for the direct clearness-index predictions. Reconstructing all-sky irradiance
from predicted clearness index and clear-sky irradiance improved agreement with
observations (MAE = 0.435277, RMSE = 0.541692, R2 = 0.788374, EVS =
0.796465, WI = 0.929889, APB = 3.895085%). The results indicate that CNN-
LSTM is more feasible for achieving a compromise between accuracy,
interpretability, and computational efficiency among the two architectures
considered here, and a more comprehensive evaluation with stronger baselines,
more sites, and formal probabilistic forecasting will be needed to make general
statements with respect to different sites and forecast horizons.

6.2 Limitations
There are a number of caveats to be noted. Only a single geographic
location, a fixed historical time period and daily-resolution data have
been analyzed, and performance may vary on the finer timescales,
geographic locations and climates. Cloud-cover, aerosol, satellite and
sky-image descriptors are not included in the current feature set and
may be significant during sudden changes in the atmosphere. The
uncertainty analysis is also approximate, and should be expanded with



formal probabilistic forecasting procedures.

6.3 Future Work

Future research should investigate more baseline models such as persistence and
seasonal-persistence baselines, gradient-boosted trees, CNN-GRU, attention-based
recurrent networks, and transformer models under the same pipeline for
benchmarking. Future work should also explore alternative weather/cloud
characteristics, longer forecast horizons, and larger selection of baseline clearness-
index Skill Scores, given that the directly-calculated Skill Scores were negative with
respect to the chosen persistence baseline. Other validation steps such as using
ensemble prediction, quantile loss-based formal prediction intervals, Bayesian
inference, MC dropout, or ablation and permutation importance of features should
also be implemented.
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