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ABSTRACT Accurate short-term solar irradiance forecasting is essential for reliable operation of renewable-
dominated energy systems, where scheduling, flexibility management, and grid operation depend on
prediction stability. Solar irradiance prediction remains challenging because it is influenced by both deter-
ministic solar radiation behavior and uncertain atmospheric variations. Existing physical and data-driven
approaches often struggle to represent both regular irradiance patterns and rapid weather-related fluctuations
simultaneously. This paper proposes a physics-guided residual learning framework that separates these
components through a sequential forecasting strategy. A deep temporal learning model first captures regular
radiative behavior usingmeteorological observations and solar geometry features, while a secondary learning
stage models the remaining structured forecasting errors. The final prediction combines the initial forecast
with the learned residual correction. The proposed method is evaluated on a long-term, high-latitude solar
dataset with chronologically separated data. The results demonstrate improved forecasting reliability across
seasonal and weather-dependent conditions, providing a practical approach for renewable energy operation
and digital energy applications.

INDEX TERMS Artificial intelligence, deep learning, energy management, forecasting, machine learning,
neural networks, photovoltaic systems, renewable energy sources, smart grids, solar energy.

NOMENCLATURE
Symbol Description.
It Measured solar irradiance at time step t .
Îbase,t Initial irradiance prediction generated by the

primary forecasting model.
Îfinal,t Final corrected irradiance forecast.
et Actual residual error between measurement

and base prediction.
êt Estimated residual correction generated by the

residual learner.
Xt Multivariate input feature vector at time step t .
t Time index.
N Number of samples.
L Model loss function.
θ Trainable model parameters.

The associate editor coordinating the review of this manuscript and
approving it for publication was Gerard-Andre Capolino.

I. INTRODUCTION
The increasing integration of photovoltaic generation is trans-
formingmodern power systems toward renewable-dominated
operation. As renewable penetration increases, accurate
short-term solar irradiance forecasting becomes increasingly
important for reliable grid operation, energy scheduling,
reserve management, and flexibility coordination. Forecast
uncertainty directly affects operational decisions such as
storage dispatch, electricity market participation, and balanc-
ing actions, especially in power systems where conventional
flexibility resources are gradually reduced [1], [2], [3], [4],
[5], [6].

Solar irradiance forecasting remains challenging because
the observed irradiance signal results from multiple inter-
acting physical processes. A significant part of irradiance
variation follows deterministic patterns associated with solar
geometry, seasonal cycles, and predictable radiative behav-
ior [7], [8], [9]. However, real operating conditions introduce
additional uncertainty caused by atmospheric variations,
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cloud movement, and local meteorological changes, result-
ing in rapid fluctuations and irradiance ramps [10], [11],
[12]. Traditional physical models can effectively represent
deterministic solar behavior but often exhibit reduced accu-
racy under complex atmospheric conditions. Conversely,
statistical and machine-learning-based approaches improve
nonlinear predictive capability but may struggle to maintain
robustness under changing weather conditions [13], [14],
[15], [16].
Deep learning methods have recently shown strong poten-

tial for renewable energy forecasting because of their ability
to model complex nonlinear temporal relationships. Recur-
rent neural networks, convolutional architectures, and hybrid
temporal models have demonstrated improved forecasting
accuracy compared with conventional statistical approaches
[17], [18], [19], [20], [21]. More recently, attention- and
transformer-based architectures have been introduced to
capture long-range dependencies in energy time-series fore-
casting [22], [23], [24]. Although these methods improve
overall prediction accuracy, a single forecasting model must
generally learn both regular solar patterns and irregular atmo-
spheric variations simultaneously. This can lead to smoothing
effects and reduced ability to represent sudden irradiance
changes under highly variable weather conditions [11], [20],
[25].

To address these limitations, hybrid physical and
data-driven forecasting approaches have been widely inves-
tigated. Existing studies have incorporated solar geometry
information, clear-sky indicators, numerical weather infor-
mation, and meteorological variables into learning models
to improve generalization capability [23], [26], [27], [28].
Furthermore, residual correction, ensemble learning, boost-
ing strategies, and stacked forecasting architectures have
been explored to reduce systematic prediction errors and
improve forecasting performance [29], [30], [31]. These
studies demonstrate that secondary learning stages can effec-
tively compensate for the limitations of individual forecasting
models.

However, most existing hybrid forecasting approaches
mainly focus on feature-level integration, model combina-
tion, or statistical error reduction. Residual components are
commonly treated as numerical correction terms to improve
accuracy, while less attention has been paid to organizing the
forecasting process according to different sources of irradi-
ance variability. Therefore, further investigation is required
into structured residual modeling strategies that combine
physical understanding of solar behavior with data-driven
correction while maintaining computational efficiency.

This work does not aim to introduce a fundamentally
new machine learning algorithm. Instead, the contribution
lies in developing a physics-guided residual learning frame-
work that reorganizes existing learning components through
task decomposition. The proposed framework separates
short-term irradiance forecasting into two complementary
stages. The first stage uses a temporal deep learning model to

represent the regular evolution of irradiance associated with
solar geometry andmeteorological patterns. The second stage
applies ensemble-based residual learning to model remaining
structured forecasting errors that are difficult to capture using
the primary model alone.

Compared with conventional hybrid or residual-correction
approaches, the proposed framework emphasizes functional
separation between the primary predictor and the residual
learning stage. The residual component is considered to
potentially contain useful information rather than only ran-
dom error. Its relationship with weather-dependent variability
is investigated through statistical evaluation, clearness-index-
based analysis, seasonal assessment, and feature importance
interpretation.

The proposed framework is validated using long-term
high-latitude solar observations with chronological data sep-
aration to ensure realistic evaluation conditions. The main
contributions of this study are summarized as follows:

• A physics-guided residual learning framework is devel-
oped to separate regular irradiance forecasting and
remaining error correction through a sequential learning
structure.

• A hybrid forecasting strategy combining temporal deep
learning and ensemble-based residual modeling is intro-
duced to improve short-term prediction reliability with-
out increasing primary model complexity.

• Residual behavior is analyzed using statistical evalu-
ation, weather-regime assessment, and feature impor-
tance analysis to investigate remaining forecasting
patterns.

• Comprehensive evaluation across seasonal conditions
and clearness-index regimes is performed to assess fore-
casting robustness for renewable energy applications.

Overall, this study presents a structured residual learning
approach that combines a physical understanding of solar
irradiance variability with data-driven forecasting methods.
The proposed framework provides an interpretable and com-
putationally practical solution for improving short-term solar
forecasting reliability in renewable energy systems. It should
be emphasized that this work does not aim to introduce
a fundamentally new machine learning algorithm. Instead,
the contribution lies in organizing existing learning compo-
nents through a physics-guided task decomposition strategy
that separates regular irradiance prediction and residual
correction.

II. LITERATURE REVIEW
This section reviews prior research relevant to sector-coupled
volatility in campus microgrids, multi-horizon forecasting
techniques, hybrid battery energy storage systems, and
multi-objective optimization approaches. The discussion
highlights methodological limitations in existing studies and
establishes the motivation for the integrated framework pro-
posed in this paper.
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A. PHYSICAL SOLAR IRRADIANCE MODELS
Initial approaches to solar irradiance forecasting relied pri-
marily on deterministic physical formulations derived from
solar geometry and atmospheric radiative transfer theory.
Clear-sky and transposition models estimate irradiance using
astronomical relationships and optical air-mass assump-
tions, while numerical weather prediction (NWP) models
extend forecasting capabilities through meteorological sim-
ulation [32], [33], [34]. These methods are effective for rep-
resenting long-term trends and seasonal variability because
solar position and extraterrestrial radiation follow predictable
periodic behavior.

Nevertheless, physical models experience significant
degradation under real atmospheric conditions. Local cloud
motion and rapidly evolving atmospheric states introduce
high-frequency variability that cannot be resolved by deter-
ministic formulations [35]. Consequently, forecast bias
and ramp prediction errors remain substantial, particularly
in high-latitude climates characterized by frequent cloud
transitions and strong seasonal contrasts. For operational
short-term forecasting, deterministic approaches alone are
therefore insufficient.

B. CONVENTIONAL MACHINE LEARNING METHODS
Machine learning models such as support vector regres-
sion, random forests, and gradient boosting have been
widely applied to solar irradiance forecasting. These methods
improve predictive accuracy compared to purely physical
approaches by capturing nonlinear relationships between
meteorological variables and irradiance observations.

However, conventional machine learning models typically
rely on limited temporal context and often struggle to gen-
eralize across diverse atmospheric conditions. In particular,
their ability to capture rapid irradiance fluctuations caused
by cloud dynamics is limited, reducing forecasting reliability
in highly variable environments.

C. DEEP LEARNING FORECASTING
Deep learning has recently become the dominant paradigm
for renewable energy forecasting due to its ability to learn
nonlinear temporal patterns. Recurrent neural networks, par-
ticularly long short-term memory (LSTM) and gated recur-
rent unit (GRU) architectures, capture temporal dependencies
in irradiance time series [40], [41], [42]. Convolutional neural
networks (CNN) extract short-term temporal features, and
hybrid CNN–LSTM structures combine feature extraction
with sequential memory to improve predictive accuracy [43].
More recent developments employ attention mechanisms and
transformer-based architectures to capture long-range depen-
dencies and improve generalization [44]. Although these
approaches significantly reduce average prediction error, they
frequently produce smooth forecasts and underestimate rapid
irradiance caused by moving clouds [45]. Consequently,
deep learning models improve statistical metrics but still
exhibit reliability limitations under stochastic atmospheric

variability. Recent advancements in solar forecasting have
increasingly leveraged transformer-based architectures due to
their superior ability tomodel long-range temporal dependen-
cies in complex energy time series. For instance, multi-scale
spatio-temporal graph fusion frameworks have demonstrated
strong capability in capturing spatial–temporal correlations
in photovoltaic generation [25], while transformer-based
hybrid models utilizing shifted-window attention mecha-
nisms have further improved forecasting accuracy under
dynamic atmospheric conditions [28]. Informer architec-
ture, in particular, has been widely adopted for efficient
long-sequence time-series forecasting, addressing the com-
putational limitations of conventional transformers [23].
Comprehensive reviews also confirm the growing dominance
of transformer-based approaches in renewable energy fore-
casting, highlighting their robustness and scalability across
diverse applications [46].
In parallel, hybrid forecasting frameworks integrating

deep learning with ensemble and boosting techniques have
shown significant improvements in predictive performance
and reliability. These approaches combine the nonlin-
ear feature-extraction capabilities of deep neural networks
with the error-correction strength of ensemble learners,
enabling better handling of stochastic atmospheric variabil-
ity [10], [14]. Such hybrid methodologies are particularly
effective under highly variable weather conditions, where
single-model approaches often fail to capture abrupt fluctua-
tions in irradiance.

D. HYBRID AND PHYSICS-INFORMED APPROACHES
To overcome the limitations of purely data-driven mod-
els, hybrid physical–AI approaches have been investigated.
Physics-guided residual learning neural networks incorpo-
rate solar geometry and atmospheric indicators to enhance
generalization, while combined NWP–machine learning
frameworks aim to reduce systematic bias [47], [48], [49].
These methods demonstrate improved robustness compared
with standalone deep learning models. However, existing
hybrid methods typically integrate physical knowledge only
as additional input features. The remaining prediction error is
usually treated as random noise. In practice, forecasting resid-
uals contain structured patterns associated with unresolved
atmospheric processes such as cloud intermittency and local
turbulence [50]. Current literature rarely explicitly learns this
residual component, leaving potentially useful information
unexploited.

E. RESIDUAL LEARNING, ENSEMBLE, AND ADVANCED
HYBRID FORECASTING APPROACHES
Recent developments in renewable energy forecasting have
increasingly focused on advanced hybrid architectures,
ensemble learning strategies, and attention-based models to
improve prediction reliability under variable atmospheric
conditions. Transformer-based architectures have attracted
significant interest for their ability to capture long-range
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temporal dependencies in solar forecasting applications. For
example, Mercier et al. proposed a Solar Irradiance Antici-
pative Transformer framework, demonstrating the ability of
attention mechanisms to extract complex temporal irradi-
ance patterns [51]. Similarly, comparative studies involving
transformer networks, long short-term memory models,
and Light Gradient Boosting Machine approaches have
highlighted the importance of evaluating different learning
architectures under uncertain and noisy conditions for solar
forecasting [52].
Alongside advances in deep learning, ensemble-based

machine learning methods have demonstrated strong perfor-
mance in solar energy forecasting. Hanif et al. investigated
solar forecasting using modified artificial neural networks
and Light Gradient Boosting Machine models, showing
the effectiveness of gradient boosting methods in captur-
ing nonlinear meteorological relationships [53]. Furthermore,
stacked ensemble strategies that combine Gradient Boosting,
Extreme Gradient Boosting, and meta-learning approaches
have been proposed to improve the accuracy of short-term
solar power forecasting in smart grid applications [54].

Hybrid approaches that combine physical knowledge with
data-driven models have also received increasing atten-
tion. Physics-guided residual learning ensemble forecasting
frameworks integrate domain knowledge with machine learn-
ing methods to improve the robustness and interpretability
of predictions [55]. Moreover, recent studies that combine
deep learning with ensemble models, including recurrent
networks and tree-based approaches, have demonstrated that
complementary learning strategies can improve solar irradi-
ance prediction compared with individual models [56].

Although these studies confirm the effectiveness of trans-
former models, ensemble learning, and hybrid forecasting
frameworks, most existing approaches primarily focus on
improving prediction accuracy by increasing model com-
plexity, integrating features, or combining statistical models.
Residual correction is typically treated as a post-processing
step for reducing numerical forecasting errors. In contrast,
the present work focuses on a physics-guided residual learn-
ing structure in which the forecasting task is separated into
regular irradiance prediction and remaining-error correction
stages. The objective is not to replace existing forecasting
algorithms but to improve reliability by structuring comple-
mentary learning components.

F. RESEARCH GAP AND LIMITATIONS OF EXISTING
METHODS
From the reviewed literature, solar irradiance forecasting
approaches can generally be categorized into four groups:
deterministic physical models, statistical learning methods,
deep learning architectures, and hybrid physical–data-driven
frameworks. Deterministic models based on solar geome-
try and radiative transfer theory effectively capture periodic
radiative behavior and seasonal solar motion. However,
they perform poorly in the presence of stochastic atmo-
spheric variability because rapid cloud dynamics and local

meteorological disturbances cannot be fully captured by
deterministic formulations.

Data-driven machine learning models improve predictive
accuracy by learning nonlinear relationships between meteo-
rological variables and irradiance observations. Nevertheless,
classical machine learning approaches often struggle to gen-
eralize across diverse weather regimes and rely on short-term
persistence patterns, which limits their robustness during
rapid atmospheric transitions.

Recently deep learning architectures have demonstrated
superior ability to model nonlinear temporal dependencies
in irradiance time series. However, these models frequently
produce overly smooth forecasts and tend to underesti-
mate abrupt irradiance ramps caused by cloud movement.
This smoothing effect arises because a single deep net-
work attempts to simultaneously represent both deterministic
solar radiative behavior and stochastic atmospheric variabil-
ity within a single mapping.

Hybrid forecasting frameworks partially address these lim-
itations by integrating physical descriptors such as solar
geometry or clear-sky indices into data-driven predictors.
Although these approaches improve generalization, they typ-
ically treat the remaining prediction error as random noise to
be minimized rather than as an informative signal. In prac-
tice, forecasting residuals often contain structured patterns
associated with unresolved atmospheric dynamics, including
cloud intermittency and rapid irradiance ramps. However,
most existing studies do not explicitly model this residual
component or exploit its underlying physical meaning.

Consequently, several important challenges remain unre-
solved in current solar irradiance forecasting research:

1) Lack of explicit separation between deterministic solar
radiative behavior and stochastic atmospheric variabil-
ity.

2) Loss of high-frequency ramp information due to
smoothing behavior in deep learning predictors.

3) Limited robustness across diverse atmospheric regimes
and seasonal conditions.

4) Underutilization of structured information contained
in forecast residuals, which are typically treated as
random noise.

These limitations reduce the reliability of forecasts in oper-
ational energy systems, where accurate ramp prediction is
critical. Applications such as battery dispatch, reserve acti-
vation, and grid balancing require forecasts that not only
minimize average error but also capture rapid irradiance
fluctuations caused by atmospheric variability. Addressing
these challenges requires forecasting frameworks that explic-
itly distinguish between deterministic solar dynamics and
stochastic atmospheric disturbances while effectively utiliz-
ing structured information present in prediction residuals.

G. NOVELTY OF THIS WORK
The primary novelty of this study does not lie in introduc-
ing a new standalone learning algorithm, but in redefining
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the role of residual learning within solar irradiance fore-
casting. Conventional hybrid and boosting-based approaches
treat residuals purely as statistical artifacts to be minimized
iteratively, without considering their physical origin. As a
result, residual modeling in existing frameworks remains an
optimization-driven process rather than a physically inter-
pretable learning task.

In contrast, this work introduces a physics-aligned task
decomposition paradigm, in which the forecasting problem
is explicitly separated into two complementary components
based on the underlying generation mechanisms of solar
irradiance. The deep temporal network learns deterministic
radiative behavior governed by solar geometry and smooth
atmospheric evolution, while the residual learning stage is
reformulated into a dedicated atmospheric variability infer-
ence module that captures structured stochastic disturbances.
This conceptual shift transforms residual learning from a
generic error-correction mechanism into a structured sec-
ondary learning problem, in which the residual is no longer
treated as noise but as a physically meaningful signal associ-
ated with unresolved atmospheric processes, such as cloud
intermittency and irradiance ramps. Unlike conventional
boosting or stacking frameworks, where multiple learners
attempt to approximate the same target function, the proposed
approach enforces functional specialization between model
components, ensuring that each learning stage focuses on a
distinct physical aspect of the irradiance generation process.
This separation reduces representational conflict within a
singlemodel and enables improved capture of high-frequency
variability without increasing primary model complexity.
Therefore, the novelty of this work lies in:

• Introducing a physics-guided decomposition of forecast-
ing tasks rather than feature-level hybridization

• Reformulating residual learning as a structured atmo-
spheric process modeling problem

• Establishing a sequential specialization framework that
aligns machine learning architecture with physical irra-
diance dynamics

This paradigm provides a new perspective on hybrid forecast-
ing design, in which model architecture is guided not only by
predictive performance but also by the physical structure of
the underlying system.

III. METHODOLOGY
Building upon the limitations identified in Section II, the
proposed framework introduces a residual-corrected hybrid
architecture that separates deterministic and stochastic irra-
diance components. Figure 1 illustrates the architecture of
the proposed hybrid residual-learning forecasting framework.
Unlike conventional boosting or stacking frameworks that
sequentially minimize prediction error using homogeneous
learners, the proposed approach is motivated by the phys-
ical structure of solar irradiance variability. Multivariate
time-series input features, including meteorological vari-
ables, solar geometry descriptors, and historical irradiance

observations, are first processed by a deep temporal fore-
casting model based on a CNN–BiLSTM network [40], [42].
This stage primarily captures deterministic radiative dynam-
ics governed by solar geometry and periodic atmospheric
behavior and produces an initial irradiance estimate ÎDLt .

FIGURE 1. Proposed physics-guided residual learning framework for
short-term solar irradiance forecasting with sequential deep learning and
residual correction.

The prediction error is then computed as the difference
between the measured irradiance and the deep model output,
et = It − ÎDLt . Instead of treating this residual as random
noise, it is provided to a secondary learning stage consisting
of gradient-boosted regression trees [57]. This residual learn-
ing model captures remaining structured forecasting errors
that are associated with weather-dependent irradiance vari-
ations and rapid irradiance changes and produces a residual
estimate êt .

Finally, a hybrid combination layer integrates the deter-
ministic prediction and the learned residual component to
generate the final forecast Ît = ÎDLt + êt . By separating pre-
dictable solar behavior from stochastic atmospheric effects,
the framework improves forecasting reliability while main-
taining model interpretability.

A. PROBLEM DEFINITION
Let It denote the measured plane-of-array (POA) irradiance
at time step t . Given a multivariate historical observation
window of length L,

Xt−L:t = {xt−L , xt−L+1, . . ., xt } (1)

The objective is to predict irradiance over a future horizonH :

Ît+1:t+H = F (Xt−L:t) (2)

Solar irradiance can be interpreted as the superposition of
a deterministic radiative component and a stochastic atmo-
spheric component [32], [33], [34], [35]:

It = Idett + I stot (3)

The deterministic term is governed by solar geometry and
periodic meteorological behavior, whereas the stochastic
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term arises from cloud dynamics and unresolved atmospheric
disturbances.

Instead of approximating It Using a single mapping, the
proposed method decomposes the prediction task into two
sequential stages:

Ît = ÎDLt + ϵ̂t (4)

where ÎDLt is the deep temporal prediction and ϵ̂t is a learned
residual correction representing stochastic variability

B. DEEP TEMPORAL PREDICTION MODEL
The first stage estimates the smooth deterministic component
of irradiance using a hybrid convolutional–recurrent archi-
tecture. The convolutional layer extracts short-term temporal
patterns from the input sequence [42]:

Zt = Conv1D (Xt−L:t) (5)

This representation is then processed by a bidirectional long
short-term memory network (BiLSTM) [40], which captures
long-range temporal dependencies:

Ht = BiLSTM (Zt) (6)

The deep model output is obtained through a fully connected
mapping:

ÎDLt = WHt + b (7)

This stage learns deterministic periodic solar behavior,
including diurnal cycles, seasonal trends, and smooth meteo-
rological variations.

C. RESIDUAL LEARNING
After the deep temporal prediction stage, the remaining fore-
casting error is defined as

ϵt = It − ÎDLt (8)

where It represents the measured irradiance and ÎDLt denotes
the prediction obtained from the CNN–BiLSTM deep learn-
ing model.

In conventional forecasting approaches, this error is often
treated as random noise [23]. However, due to atmospheric
variability, particularly during rapid cloud transitions, the
residual signal often contains structured temporal patterns.
To capture this remaining information, a residual prediction
module is introduced. In this study, the residual component is
modeled using a gradient boosting regression ensemble based
on decision trees, which learns the systematic prediction
errors of the deep temporal model. The residual estimator is
expressed as

ϵ̂t = G(Z rest ) (9)

where G(·) denotes the gradient boosting regression model
and Z rest represents the feature set used by the residual learner.
The input features include:

• physical irradiance estimate (POAPHYS )
• estimated PV cell temperature (TCELLPHYS )

• clearness index (KT )
• ambient temperature (T2M )
• wind speed (WS10M )
• lagged irradiance features (24-hour persistence)
• temporal encodings representing hour-of-day and day-
of-year.

These predictors provide information about short-term
atmospheric evolution responsible for rapid irradiance
fluctuations.

The final hybrid irradiance forecast is obtained by combin-
ing the deep learning prediction with the residual correction
term

Ît = ÎDLt + αϵ̂t (10)

where α is a correction coefficient controlling the influence of
the residual learner on the final prediction. Rather than fixing
this parameter arbitrarily, α is determined through validation-
based tuning. A grid search overα ∈ [0, 1] with increments of
0.05 is performed on the validation dataset, and the value that
minimizes validation RMSE is selected. The optimal value
obtained in this study is α = 0.15.

The hybrid forecasting framework is trained using a
two-stage sequential procedure. First, the CNN–BiLSTM
model is trained on the training dataset to produce baseline
irradiance predictions. Second, the residual errors between
the predicted and measured values are computed and used as
targets to train the gradient-boosted residual model. The final
hybrid prediction is then obtained by applying the residual
correction term as given in (10).
To illustrate the practical behavior of the proposed for-

mulation, the temporal evolution of irradiance prediction is
shown in Fig. 2 for a representative mixed-cloud day. The
black curve represents the measured irradiance, the blue
dashed curve corresponds to the CNN–BiLSTM prediction,
and the red solid curve denotes the final hybrid forecast.
While the deep learning model captures the overall diurnal
pattern, it tends to smooth rapid irradiance variations and
underestimate peak values around noon. After applying the
residual correction, the hybrid prediction closely follows the
measured signal and accurately captures abrupt irradiance
ramps due to cloud transitions. This observation confirms
that the residual learning stagemodels structured atmospheric
disturbances rather than random noise, supporting the decom-
position framework expressed in (4)–(10).

To improve reproducibility and provide a clear overview of
the experimental configuration, Table 1 summarizes the main
implementation details of the proposed residual-corrected
forecasting framework, including input preparation, prepro-
cessing, primary forecasting model, residual learning stage,
and evaluation strategy.

D. LEAKAGE PREVENTION AND RESIDUAL TARGET
GENERATION
Because the proposed framework introduces a secondary
residual learning stage, careful attention was given to pre-
venting information leakage between training and evaluation
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FIGURE 2. Time-series comparison of measured irradiance, baseline
CNN–BiLSTM prediction, and residual-corrected hybrid forecast for a
representative mixed-cloud day.

TABLE 1. Summary of model training and configuration parameters.

periods. The complete dataset was separated chronologically
into training, validation, and testing subsets without random
shuffling to preserve the temporal nature of solar irradiance
forecasting.

The primary forecasting model was first trained indepen-
dently using the training dataset. After obtaining the baseline
predictions, the residual target was calculated as:

et = yt − ŷbase,t (11)

where yt represents the measured irradiance value and ŷbase,t
represents the corresponding prediction generated by the pri-
mary forecasting model at the time step t . The calculated

residual sequence was then used as the target output for
training the residual learner.

Note that the residual correction stage does not use future
irradiance measurements during prediction. During valida-
tion and testing, the primarymodel first generates the baseline
irradiance forecast, and the residual learner estimates the cor-
rection using only available input information. The measured
irradiance values from the validation and testing periods are
used exclusively to calculate evaluation metrics after the
prediction process is complete.

This chronological separation ensures that the reported
improvement originates from the residual learning process
rather than temporal leakage between training and testing
data. Future work will further extend this evaluation through
rolling-origin validation and external multi-year datasets to
assess broader generalization capability.

E. HYBRID LEARNING INTERPRETATION
The proposed framework decomposes the forecasting prob-
lem into two physically meaningful learning tasks:

• The deep temporal model captures deterministic radia-
tive behavior governed by periodic solar motion and
smooth meteorological evolution.

• The residual model learns remaining structured predic-
tion errors that are statistically associated with abrupt
irradiance variations.

Unlike conventional hybrid approaches that simply com-
bine heterogeneous features within a single predictor, the
proposed method adopts a sequential specialization strategy.
The deep temporal model first learns deterministic solar
radiative behavior governed by solar geometry and smooth
meteorological evolution. The second learning stage does
not attempt to relearn the entire irradiance signal; instead,
it focuses exclusively on structured prediction error, enabling
correction of systematic deviations without increasing the
complexity of the deep model. Furthermore, unlike conven-
tional residual-learning pipelines that treat prediction errors
as purely statistical artifacts, the proposed framework inves-
tigates whether the residual component contains structured
information related to unresolved weather-dependent vari-
ability rather than treating all remaining errors as random
noise. This physically motivated decomposition aligns the
machine learning architecture with the underlying generation
mechanisms of solar irradiance, resulting in improved fore-
casting reliability across varying weather regimes.

IV. DATASET AND FEATURE ENGINEERING
A. DATA SOURCE AND STUDY PERIOD
The proposed forecasting framework was evaluated using a
long-term solar irradiance dataset spanning January 2016 to
December 2023. The dataset consists of hourly observa-
tions combining satellite-derived atmospheric measurements
with solar geometry calculations11. The target variable is the
plane-of-array (POA) irradiance, which represents the effec-
tive solar radiation incident on the surface of a photovoltaic
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module and is directly relevant to photovoltaic energy pro-
duction modeling [32].
To ensure realistic forecasting conditions, the dataset was

divided chronologically rather than randomly. The earliest
observations were used for model training, followed by a
validation period used formodel tuning, while themost recent
portion was reserved exclusively for performance evaluation.
This chronological splitting prevents information leakage and
reflects practical deployment scenarios in which future data
are unavailable duringmodel development. A summary of the
dataset characteristics, model/training setting, and partition-
ing strategy is presented in Table 2.

TABLE 2. Dataset characteristics, Input features, and Model configuration
summary.

B. INPUT VARIABLES
The input feature set was designed to represent both deter-
ministic solar radiation behavior and stochastic atmospheric
variability. Temporal periodicity was encoded using sinu-
soidal transformations of the hour of day and day of year,
enabling the model to learn daily and seasonal cycles without

artificial discontinuities at boundary transitions [40]. Mete-
orological variables describing the atmospheric state were
included to capture scattering and absorption effects influ-
encing solar radiation, thereby providing indirect information
about cloud formation and atmospheric transparency.

In addition to meteorological observations, radiative indi-
cators derived from solar measurements were incorporated
to characterize short-term irradiance dynamics. Historical
irradiance observations provide persistent information, while
atmospheric descriptors such as the clearness index reflect
the deviation between measured and theoretical radiation
conditions [33]. Together, these variables allow the model
to distinguish predictable solar motion from weather-driven
variability. The selected predictors and their categories are
summarized in Table 1.

C. FEATURE ENGINEERING
To improve temporal representation, additional predictors
were derived from the original measurements. Lagged irradi-
ance observations were introduced to capture the persistence
behavior inherent in solar radiation sequences. Moving sta-
tistical descriptors were computed to represent short-term
atmospheric stability, while first-order temporal differences
were included to characterize rapid irradiance ramps asso-
ciated with cloud transitions. Periodic encodings further
ensured continuous representation of diurnal and seasonal
cycles [35].

These engineered features guide the deep learning com-
ponent in modeling smooth, deterministic radiative behavior,
while the residual learning stage focuses on structured
stochastic deviations arising from atmospheric variability.
This separation supports the proposed decomposition of solar
dynamics into predictable and weather-driven disturbances.

D. DATA PROCESSING
All input variables were normalized using min–max scaling
parameters computed exclusively from the training subset,
and the same transformation was applied to the validation
and test data to avoid information leakage and maintain
consistency. Normalization ensures stable gradient behavior
and prevents variables with larger numerical ranges from
dominating the learning process. Night-time observations
were retained to preserve natural temporal continuity and
enable the model to learn zero-irradiance conditions without
artificial filtering. After preprocessing, the dataset contained
no missing values, providing uninterrupted sequential input
for the forecasting model.

E. DATA LEAKAGE VERIFICATION
Given the substantial performance improvement achieved
by the proposed hybrid framework, particular attention was
paid to preventing data leakage during model development.
The dataset was strictly divided using chronological splitting,
ensuring that future observations were never used during
training or validation.
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All input features were constructed using only past and
current information available at the prediction time. Lagged
irradiance variables, moving averages, and slope-based fea-
tures were computed exclusively from historical data, without
incorporating any future values.

Furthermore, normalization parameters were derived
solely from the training dataset and subsequently applied to
validation and test sets, preventing statistical leakage across
partitions.

The residual learning stage was trained sequentially using
prediction errors generated only from the training data, ensur-
ing that no information from the test set influenced model
calibration.

These precautions guarantee that the reported performance
improvement reflects genuine predictive capability rather
than unintended information leakage.

F. SEQUENCE FORMULATION
The forecasting task was formulated as a multivariate
sequence-to-sequence prediction problem [42]. A sliding
temporal window of past observations was used as input
to estimate irradiance over a subsequent forecasting hori-
zon. This formulation allows the model to capture temporal
dependencies and evolving atmospheric conditions while pre-
serving the chronological consistency required for real-world
deployment. The chosen input window provides sufficient
historical context for learning short-term irradiance dynamics
and supports operational forecasting applications such as
energy scheduling and flexibility management.

V. RESULTS AND PERFORMANCE EVALUATION
A. OVERALL FORECASTING ACCURACY
The predictive performance of the proposed hybrid frame-
work was evaluated against the standalone deep learning
model using standard statistical metrics. The numerical
results are summarized in Table 2. For plane-of-array (POA)
irradiance, the hybrid model reduces RMSE from 0.0809 to
0.0249 andMAE from 0.0404 to 0.0119, while increasing the
coefficient of determination fromR2

= 0.8468 to 0.9855. The
prediction bias is also effectively eliminated (from 0.0050 to
−0.0000). These improvements indicate that the residual
learning stage corrects systematic deviations produced by the
deep temporal model rather than merely smoothing random
noise.

It should be noted that the statistical metrics reported in
Table 3 correspond to normalized irradiance values used
during model training. For visualization and interpretability,
the figures in the following subsections present prediction
errors in physical irradiance units (W/m2) after reversing
the normalization. The consistency of this improvement is
visually confirmed in Fig. 3, which presents the measured
versus predicted POA irradiance. The baselinemodel exhibits
considerable dispersion around the one-to-one reference line,
particularly at medium and high irradiance levels where
atmospheric variability is strongest. After residual correction,

TABLE 3. Forecasting performance comparison between baseline and
proposed models.

the hybrid predictions form a narrow band closely aligned
with the ideal line, demonstrating substantially reduced vari-
ance and improved agreement across the full irradiance range.

FIGURE 3. Scatter plot comparing measured and predicted POA
irradiance for the baseline CNN–BiLSTM and proposed hybrid
residual-learning models.

A similar behavior is observed for cell temperature in
Fig. 4. While the baseline model already achieves good
performance (RMSE = 0.0452, R2

= 0.9160), the hybrid
framework maintains this accuracy without degradation, con-
firming that residual learning improves irradiance estimation
without negatively affecting temperature prediction stability.

Overall, the combined quantitative comparison in Table 2
and graphical evidence in Figs. 3-4 indicate that residual cor-
rection improves forecasting reliability within the evaluated
dataset.

B. COMPARATIVE ANALYSIS WITH BASELINE
FORECASTING MODELS
To provide a comprehensive and fair benchmarking context,
the proposed framework is compared with representative
models from different forecasting paradigms. The persis-
tence model serves as a naïve baseline widely used in solar
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FIGURE 4. Scatter plot comparing measured and predicted photovoltaic
cell temperature for the baseline CNN–BiLSTM and proposed hybrid
residual-learning models.

forecasting to assess improvement over simple temporal
continuity assumptions. Gradient boosting regression is a
strong, widely adopted machine learning approach for tab-
ular meteorological data, known for its robustness and
competitive performance in energy forecasting tasks. The
CNN–BiLSTMmodel is selected as a standard deep learning
baseline due to its ability to capture both local tempo-
ral patterns and long-term dependencies in irradiance time
series. Together, these baselines provide a balanced compar-
ison across classical, machine learning, and deep learning
approaches commonly reported in recent literature. Fig. 5
summarizes the overall forecasting accuracy on the test
dataset using RMSE, MAE, and R2 metrics. The persis-
tence model exhibits the largest prediction error because it
fails to capture atmospheric variability. Machine learning and
deep learning approaches significantly improve performance,
while the proposed hybrid framework achieves the lowest
RMSE and highest coefficient of determination.

FIGURE 5. Comparison of forecasting model performance on the test
dataset using RMSE, MAE, and R2 evaluation metrics.

Fig. 6 presents predicted versus measured POA irradi-
ance for all forecasting models. The persistence baseline
shows substantial dispersion from the ideal one-to-one refer-
ence line, particularly at medium and high irradiance levels.
The boosting model improves prediction accuracy but still

exhibits noticeable variance. The CNN–BiLSTM model pro-
duces tighter clustering by capturing temporal dependencies.
The hybrid model further reduces dispersion and forms
the narrowest prediction band around the reference line,
demonstrating improved predictive stability across the entire
irradiance range.

FIGURE 6. Parity plots comparing measured and predicted POA irradiance
for the Persistence, Boosting, CNN–BiLSTM, and proposed Hybrid models.

The statistical distribution of forecast errors is shown
in Fig. 7. The persistence model yields the widest error
distribution, indicating greater forecasting uncertainty. Both
boosting and CNN–BiLSTM models significantly reduce
error variance. The hybrid framework produces the most
concentrated distribution around zero, confirming that the
residual learning stage effectively eliminates systematic fore-
casting deviations.

FIGURE 7. Comparison of forecast error distributions for the Persistence,
Boosting, CNN–BiLSTM, and proposed Hybrid forecasting models.

To evaluate model robustness under different atmo-
spheric conditions, forecasting accuracy was analyzed across
clearness-index regimes. Fig. 8 presents RMSE values under
clear and partly cloudy conditions. The persistence model
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performs poorly in all regimes due to its inability to capture
cloud-driven variability. Machine learning and deep learning
models significantly reduce forecasting error. Among the
evaluated baselinemodels, the hybrid framework achieves the
lowest RMSE and highest coefficient of determination.

FIGURE 8. Omparison of RMSE under clear and partly cloudy
clearness-index regimes for the Persistence, Boosting, CNN–BiLSTM, and
proposed Hybrid models.

Residual autocorrelation analysis was performed to investi-
gate the temporal structure of forecast errors. Fig. 9 compares
the residual autocorrelation functions of the CNN–BiLSTM
and hybridmodels. The baseline deep learningmodel exhibits
noticeable correlation at several temporal lags, indicating
unresolved temporal dependencies. After applying residual
correction, the hybrid model significantly suppresses these
correlations, suggesting that the residual learner successfully
captures structured atmospheric variability.

FIGURE 9. Residual autocorrelation (ACF) comparison of irradiance
forecasting errors for the baseline CNN–BiLSTM and proposed Hybrid
models.

The residual correction strength parameter α was tuned
using validation data. Fig. 10 shows the relationship between
α and validation RMSE. The optimal value is obtained at
α = 0.15, which minimizes forecasting error. Larger values
lead to over-correction, while smaller values underutilize
residual information.

It should be emphasized that the baseline CNN–BiLSTM
model was implemented using the same input features,
training–validation–test split, and preprocessing pipeline as
the proposed hybrid framework. Therefore, the observed

FIGURE 10. Validation-based tuning of the residual correction coefficient
(α) for the proposed hybrid forecasting model.

performance improvement is not due to differences in data
handling or feature availability but arises solely from the
proposed residual learning formulation

C. ERROR DISTRIBUTION ANALYSIS
Average error metrics alone cannot fully describe forecasting
reliability, particularly for highly variable solar radiation.
Therefore, the probability density distribution of prediction
errors was analyzed, as illustrated in Fig. 11.

FIGURE 11. Comparison of forecast error probability density functions
(PDFs) for the baseline CNN–BiLSTM and proposed Hybrid models.

The baseline deep learning model produces a relatively
wide distribution of errors, with visible dispersion around
zero, indicating inconsistent prediction behavior across dif-
ferent atmospheric conditions. In contrast, the proposed
hybrid framework generates a significantly narrower and
more symmetric distribution centered close to zero error.
This behavior is consistent with the reduction in RMSE from
0.0809 to 0.0249 and in bias from 0.0050 to approximately 0,
as reported in Table 2.

The contraction of the error distribution demonstrates that
the residual learning stage effectively removes systematic
deviations rather than merely averaging errors. In particular,
the reduction of heavy tails indicates improved stability dur-
ing rapidly changing irradiance conditions caused by cloud
intermittency. This confirms that the hybrid model not only
improves accuracy but also enhances prediction reliability,
which is essential for operational photovoltaic scheduling and
energy flexibility management
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D. REPRESENTATIVE DAY EVALUATION
Beyond statistical accuracy, forecasting reliability must be
evaluated from temporal behavior. The time-series compari-
son shown in Fig. 2 illustratesmodel performance under clear,
partially cloudy, and overcast conditions.

The deep learning model captures the overall diurnal irra-
diance trend but smooths rapid variations, particularly during
cloud transitions. This leads to an underestimation of sharp
irradiance ramps and delayed recovery after transient shading
events.

The proposed hybrid framework significantly improves
short-term dynamics by correcting systematic deviations
in the base prediction. The model closely follows sudden
increases and decreases in irradiance, indicating that the
residual learning stage captures stochastic atmospheric vari-
ability rather than only long-term patterns.

Such improvement is operationally important, as accurate
ramp prediction directly influences battery dispatch deci-
sions, reserve activation, and grid balancing performance in
renewable-dominated power systems.

E. SEASONAL PERFORMANCE
Forecasting reliability under varying solar elevation and
atmospheric regimes was evaluated through seasonal per-
formance analysis. The quantitative results are summarized
in Table 4, while the graphical comparison is illustrated in
Fig. 12.

TABLE 4. Seasonal irradiance forecasting performance evaluation.

The proposed hybrid framework consistently improves
irradiance prediction accuracy in all seasons. The baseline
model exhibits large seasonal variability, with higher errors
during autumn and summer due to unstable atmospheric con-
ditions and cloud intermittency. After residual correction, the
prediction error decreases substantially, and the coefficient of
determination increases across all seasons.

The improvement is particularly significant in chal-
lenging low-irradiance conditions. During winter, the
RMSE decreases from approximately 0.045 to 0.016,
while the coefficient of determination increases from about

FIGURE 12. Seasonal comparison of RMSE and coefficient of
determination (R2) for POA irradiance prediction using the baseline
CNN–BiLSTM and proposed Hybrid models.

0.79 to 0.97. Similarly, autumn performance improves from
RMSE ≈ 0.095 to 0.033 and R2

≈ 0.74 to 0.97, demon-
strating the residual learning stage’s ability to compensate
for stochastic atmospheric attenuation. Spring and summer
also show strong gains, confirming that the model adapts
effectively across different solar elevation angles.

The bar charts in Fig. 12 visually confirm this behavior:
hybrid predictions (orange bars) consistently reduce RMSE
and increase R2 compared with the baseline model (blue
bars). The uniform improvement across all seasons indi-
cates that the proposed decomposition successfully separates
deterministic solar motion from weather-driven variability,
resulting in robust year-round forecasting performance

F. WEATHER REGIME ROBUSTNESS
To further evaluate reliability under different atmospheric
conditions, the dataset was divided into clearness index (KT)
regimes: overcast [0.0, 0.3), partly cloudy [0.3, 0.6), and clear
sky [0.6, 1.0]. The first two intervals are left-closed and right-
open to avoid overlapping between adjacent regimes, while
the final interval is right-closed to include the physical upper
bound KT = 1.0. The quantitative results are summarized in
Table 5, and the graphical comparison is shown in Fig. 13.

TABLE 5. Forecasting performance under clearness index regimes (POA
Irradiance).

The baseline deep learning model exhibits significant
performance degradation under cloudy conditions, where
irradiance variability is dominated by stochastic cloud
attenuation. In the overcast regime, the RMSE decreases from
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approximately 0.0947 to 0.0317 after applying the hybrid
correction, and the prediction bias is reduced from 0.0101 to
nearly zero. Similar improvements are observed in partially
cloudy conditions, where RMSE decreases from 0.0632 to
0.0191, and bias is effectively eliminated.

Even under clear-sky conditions, where deterministic solar
behavior dominates, the hybrid model maintains higher accu-
racy, reducing RMSE from 0.0747 to 0.0201. This indicates
that the residual learning stage does not interfere with
predictable radiative patterns but only compensates for unre-
solved atmospheric effects.

FIGURE 13. RMSE comparison and hybrid performance gain across
different clearness-index (KT) regimes for POA irradiance forecasting.

The bar charts in Fig. 13 visually confirm that hybrid
predictions consistently reduce error magnitude and remove
systematic bias across all regimes. These results indicate that
the residual model learns remaining structured forecasting
patterns rather than duplicating the information already rep-
resented by the primary temporal model.

G. ABLATION STUDY
To quantify the contribution of each component in the pro-
posed framework, an ablation analysis was conducted by
comparing three configurations: the standalone deep tempo-
ral model (Deep/Base), the deep model followed by residual
correction without fusion weighting (Deep + Residual ML),
and the complete hybrid framework. The results are presented
in Figure 14.

FIGURE 14. Ablation comparison of RMSE and coefficient of
determination (R2) for the Deep, Deep + Residual, and proposed Hybrid
models.

As shown in Fig. 14 (left), the standalone deep model
yields the highest prediction error, with an RMSE of

approximately 0.081, indicating that a single nonlinear
mapping cannot simultaneously model both periodic solar
behavior and stochastic atmospheric fluctuations. Introduc-
ing the residual learning stage dramatically reduces the error
to about 0.025, demonstrating that a substantial portion of
the forecast error is structured and can be learned separately.
The full hybrid configuration maintains the same low RMSE
while stabilizing prediction behavior.

The improvement is also evident in the coefficient of deter-
mination shown in Fig. 14 (right). The deep model achieves
an R2 of roughly 0.85, whereas incorporating residual cor-
rection increases R2 to nearly 0.99, confirming a significantly
better representation of irradiance variability. The hybrid con-
figuration preserves this high explanatory capability while
improving robustness.

These results indicate that the performance gain is not due
to increased model complexity but due to functional task
decomposition. The deep network captures smooth determin-
istic irradiance evolution, while the residual learner models
stochastic atmospheric disturbances, validating the proposed
sequential specialization strategy.

H. STATISTICAL SIGNIFICANCE ANALYSIS
To verify that the observed improvement is not due to random
variation, a paired bootstrap statistical test was conducted on
the absolute forecast errors of the baseline deepmodel and the
proposed hybrid framework. For each resampling iteration,
the mean difference between the absolute errors | eBase | − |

eHybrid | was computed, producing the empirical distribution
illustrated in Figure 15.

FIGURE 15. Paired bootstrap analysis demonstrating the statistical
significance of the prediction error improvement achieved by the
proposed Hybrid model.

The bootstrap distribution is centered on a positive value,
indicating that the hybridmodel reduces systematic error. The
mean improvement is 0.0285, with a 95% confidence interval
of [0.0281, 0.0289] and a significance level of p < 0.0005.
Since the confidence interval does not include zero and the
p-value is far below conventional thresholds, the null hypoth-
esis of equal predictive accuracy can be rejected. This result
confirms that the performance gain is statistically significant
rather than a consequence of sample variability. Therefore,
the hybrid framework consistently improves irradiance fore-
casting accuracy, reinforcing the conclusion that residual
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learning captures structured atmospheric effects beyond the
capabilities of the standalone deep learning model.

I. COMPUTATIONAL EFFICIENCY
The computational cost of the proposed framework was
evaluated by measuring the average inference time per
sample, as shown in Fig. 16. The hybrid residual stage
requires approximately 0.27 ms per sample, indicating neg-
ligible additional overhead compared to the deep temporal
predictor. This confirms that the residual correction mecha-
nism improves forecasting accuracy without compromising
real-time applicability, making the approach suitable for
operational energy management and embedded deployment
scenarios. The proposed forecasting framework was imple-
mented and evaluated in MATLAB. Model training was
performed offline, while the forecasting stage only requires
the sequential execution of the trained temporal forecasting
model, followed by the residual correction stage. Therefore,
the additional computational requirement introduced by the
residual learner is limited compared with increasing the com-
plexity of the primary forecasting architecture. The reported
inference time represents the average prediction time per
sample during the testing phase.

For metric representation, input and output variables were
normalized during model development to improve numerical
stability. However, final forecasting evaluation was per-
formed after converting the predicted values back to the
original physical scale. Therefore, reported physical-unit
results represent actual irradiance values, while normalized
metrics are provided only for relative comparison where
specified.

FIGURE 16. Computational efficiency evaluation of the proposed
residual-corrected forecasting framework showing the average inference
time per testing sample (ms/sample).

The reported inference time is the average computational
time to generate one irradiance prediction sample during test-
ing, expressed in milliseconds per sample (ms/sample), rather
than the total execution time for the entire testing dataset.

VI. MODEL INTERPRETATION AND RELIABILITY
ANALYSIS
A. RESIDUAL BEHAVIOR ANALYSIS
To understand the contribution of the residual learning stage,
the temporal structure of the prediction error was analyzed
using autocorrelation. The residual autocorrelation function
(ACF) is shown on Fig. 17.

FIGURE 17. Residual autocorrelation function (ACF) of POA prediction
error for the base and hybrid models.

The baseline deep learning model exhibits strong positive
autocorrelation at short lags and noticeable periodic behavior
at longer lags. This indicates that the prediction error contains
systematic temporal patterns rather than purely random noise.
In other words, the deep temporal model fails to capture
certain structured atmospheric dynamics, especially those
related to cloud evolution and irradiance ramps.

After applying the residual correction, the autocorrelation
magnitude decreases substantially across all lags. The hybrid
model residual approaches a near-white-noise distribution,
with minimal temporal dependence remaining in the error
signal. The disappearance of periodic structures confirms that
the second learning stage successfully models the missing
atmospheric variability.

These results demonstrate that the residual component
represents a learnable stochastic process rather than mea-
surement randomness. The proposed hybrid framework,
therefore, separates the forecasting task into two physically
meaningful parts: deterministic radiative behavior, handled
by the deep network, and stochastic atmospheric distur-
bances, handled by the residual learner.

To further support the interpretation of the residual com-
ponent as a structured atmospheric effect, multiple com-
plementary analyses were considered. First, the baseline
residual exhibits strong short-lag autocorrelation and peri-
odic behavior, indicating unresolved temporal dependencies
rather than random noise. Second, regime-based evaluation
across clearness index categories shows that the largest per-
formance improvements occur under overcast and partly
cloudy conditions, where irradiance variability is dominated
by cloud dynamics. Third, the error dependence on irra-
diance magnitude reveals increased prediction error during
high-irradiance and cloud-edge conditions, which are charac-
teristic of rapid atmospheric transitions. Finally, permutation
feature importance analysis demonstrates that the residual
model is primarily driven by clearness index, lagged irradi-
ance, moving averages, and irradiance slope, all of which
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are physically related to short-term atmospheric evolution
and irradiance ramp behavior. These results collectively pro-
vide empirical evidence that the residual component reflects
structured atmospheric variability rather than purely random
prediction noise.

B. ERROR DEPENDENCE ON IRRADIANCE MAGNITUDE
The relationship between prediction error and irradiance
magnitude is illustrated in Fig. 18 for POA irradiance and
Fig. 19 for cell temperature.

FIGURE 18. POA prediction error vs measured irradiance magnitude.

In Fig. 12, the baseline deep learning model exhibits clear
heteroscedasticity: prediction error increases with irradiance
level. At high irradiance (normalized POA ≈ 0.7–1.0), the
error spreads widely and becomes negatively biased, indicat-
ing systematic underestimation during cloud-edge transitions
with rapid ramps. After applying the residual correction,
the hybrid framework produces a much narrower and more
symmetric error distribution centered near zero. The spread
of error decreases substantially, demonstrating improved sta-
bility under rapidly varying atmospheric conditions.

FIGURE 19. Tcell prediction error vs measured irradiance magnitude.

In Fig. 13, a similar dependence is observed for cell tem-
perature error. The base model exhibits irradiance-dependent
drift, in which temperature prediction error increases with
irradiance. The hybrid model reduces this dependency and
stabilizes the error around zero across the entire irradi-
ance range. These results confirm that the residual learner
primarily corrects ramp-related deviations rather than steady-
state conditions. This behavior is particularly beneficial
for grid operation and storage dispatch, since ramp pre-
diction errors contribute disproportionately to balancing
requirements.

C. FEATURE IMPORTANCE ANALYSIS
To interpret the behavior of the residual learning stage, per-
mutation feature importance was evaluated for the residual
model, as illustrated in Fig. 20.

FIGURE 20. Permutational importance of this proposed study.

The results indicate that the most influential predictors
are recent irradiance dynamics, particularly the 24-hour
lag irradiance (POA_lag24), short-term moving averages
(POA_ma3, POA_ma6), and irradiance slope (POA_slope).
These variables describe short-term temporal evolution and
are strongly associated with cloud-induced ramp events.
Periodic encodings (hour-of-day and day-of-year sine/cosine
terms) also show high importance, confirming that the
residual component still depends on solar geometrywhen cor-
recting systematic deep-model bias. In contrast, atmospheric
variables such as temperature (T2M), relative humidity
(RH2M), wind speed (WS10M), and pressure (PS) contribute
less but remain non-negligible. This indicates that meteoro-
logical conditions influence the magnitude of deviations but
do not dominate the correction process. Overall, the impor-
tance of distribution demonstrates functional specialization
between the two stages: the deep temporal model captures
smooth deterministic irradiance evolution. In contrast, the
residual model focuses on correcting short-term structured
deviations driven by atmospheric variability. Rather than
duplicating learning tasks, the hybrid framework assigns
complementary predictive roles to each component.

D. FORECAST RELIABILITY AND CALIBRATION
Forecast reliability was evaluated using calibration analysis,
shown on Fig. 21. Calibration compares the mean predicted
irradiance with the corresponding mean observed irradiance
across prediction bins. Ideally, perfectly reliable forecasts lie
in the one-to-one reference line.

The baseline deep learning model exhibits a notice-
able deviation from the reference line, particularly in the
medium- and high-irradiance ranges, indicating systematic
miscalibration. In these regions, predicted values do not
scale proportionally with observed magnitudes, suggesting
overconfident predictions and a biased representation of
uncertainty.

E. FAILURE CASES AND REMAINING CHALLENGES
Despite the overall improvement achieved by the proposed
hybrid framework, certain forecasting scenarios remain chal-
lenging and offer insight into the approach’s limitations. The
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FIGURE 21. Calibration comparison between the baseline deep model
and the hybrid model.

most prominent failure cases occur during highly dynamic
atmospheric conditions, particularly under rapidly changing
cloud cover and cloud-edge transitions. In these situations,
irradiance can fluctuate abruptly within short time intervals,
leading to sharp ramps that are difficult to capture accurately
even with the residual correction stage.

The baseline CNN–BiLSTM model tends to smooth rapid
variations due to its temporal averaging, resulting in under-
estimation of peak irradiance and a delayed response to
sudden changes. Although the residual learning component
significantly improves ramp tracking, small deviations may
still persist when the underlying atmospheric transitions
are too abrupt or insufficiently represented in the training
data.

Additional challenges are observed under very low irradi-
ance conditions, such as sunrise, sunset, or heavily overcast
periods, where the signal-to-noise ratio is low and measure-
ment uncertainty becomes more significant. In these regimes,
both the deep model and the residual learner may exhibit
increased relative error, although the absolute error magni-
tude remains small.

Furthermore, the residual model relies on engineered fea-
tures derived from historical patterns, which may limit its
ability to generalize to unseen extreme weather conditions
or rare atmospheric events. This highlights the importance
of incorporating more diverse training data and potentially
integrating external information sources, such as satel-
lite imagery or numerical weather prediction outputs, for
improved robustness.

Overall, these failure cases indicate that while the pro-
posed hybrid framework effectively captures structured
atmospheric variability, forecasting performance remains
constrained under highly non-stationary and extreme condi-
tions. Addressing these limitations represents an important
direction for future research.

VII. DISCUSSIONS
A. PHYSICAL INTERPRETATION OF THE HYBRID
LEARNING MECHANISM
The magnitude of performance improvement observed in
this study may appear unusually high compared to conven-
tional solar forecasting results. This is primarily due to the
nature of the baseline deep learning model, which tends to

produce smooth predictions and to systematically underes-
timate high-frequency irradiance variability driven by cloud
dynamics. As demonstrated in the residual autocorrelation
and error distribution analyses, a significant portion of the
prediction error is structured rather than random. The pro-
posed framework explicitly models this structured error as a
separate learning task, allowing the residual learner to capture
variability that the deep model fails to represent. Conse-
quently, the improvement reflects the recovery of previously
unmodeled atmospheric dynamics rather than incremental
optimization gains. The results demonstrate that the pro-
posed hybrid framework improves forecasting reliability by
separating deterministic radiative behavior from stochastic
atmospheric disturbances. The deep temporal model primar-
ily learns periodic solar motion and smooth meteorological
evolution, whereas the residual learning stage corrects sys-
tematic deviations caused by unresolved cloud dynamics.
This explains why the performance improvement is consis-
tent across seasons and weather regimes rather than limited
to specific operating conditions.

Conventional deep learning approaches attempt to approx-
imate the entire irradiance signal using a single nonlinear
mapping. This forces one model to simultaneously represent
predictable solar geometry and unpredictable atmospheric
variability. As observed in the representative-day analysis,
this leads to over-smoothing and underestimation of ramps.
The residual learning stage removes this conflict by assign-
ing stochastic correction to a dedicated model trained on
structured forecast errors. Consequently, the forecasts pre-
serve smooth periodic behavior while accurately reproducing
rapid irradiance transitions, which are critical for operational
energy systems.

The reliability analyses further support this interpreta-
tion. Residual autocorrelation results indicate that the base-
line error contains non-random temporal structure, while
the clearness-index regime analysis shows that the largest
improvements occur under cloudy conditions where atmo-
spheric variability dominates. Moreover, the dependence of
error on irradiance magnitude and the feature-importance
results confirm that the residual learner is driven by variables
associated with cloud-induced ramps and short-term atmo-
spheric evolution. These observations collectively indicate
that the residual component is consistent with structured
atmospheric variability rather than purely random noise.
Additionally, the reduced dependence of error on irradiance
magnitude demonstrates improved ramp prediction capabil-
ity. Since ramp events dominate reserve activation and storage
dispatch requirements, the primary benefit of the proposed
approach is enhanced operational reliability rather than only
reduced average error.

However, it is important to note that the current formu-
lation produces deterministic point forecasts. In practical
energy system applications, uncertainty information is often
required for risk-aware decision-making, such as reserve
allocation and storage scheduling. While the proposed
framework improves deterministic accuracy, incorporating
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probabilistic forecasting techniques, such as prediction inter-
vals or quantile-based models, could further enhance its
applicability.

B. COMPARISON WITH EXISTING APPROACHES
Solar forecasting methods generally fall into four cate-
gories: deterministic physical models, statistical machine
learning methods, deep learning architectures, and hybrid
physical–data-driven frameworks [40], [47], [49], [51]. Phys-
ical models provide interpretable predictions based on solar
geometry but cannot resolve short-term cloud variability [50].
Conventional machine learning models improve local accu-
racy but lack temporal generalization across atmospheric
regimes [51]. Deep learning architectures capture tempo-
ral dependencies but tend to underestimate high-frequency
irradiance ramps due to smoothing behavior45. Hybrid
feature-augmented methods improve robustness but typically
integrate all information into a single predictor and treat
forecast error as random noise [23], [25], [28]. The pro-
posed framework differs fundamentally in that it explicitly
models the residual component as a structured atmospheric
process. Rather than enriching inputs for a single model, the
forecasting task is decomposed into complementary stages.
The deep network focuses on deterministic radiative behav-
ior, while the secondary learner specializes in atmospheric
disturbances.

This sequential specialization enables regime-independent
improvement across clear, mixed, and overcast conditions,
indicating that the residual model learns atmospheric vari-
ability rather than duplicating deterministic solar patterns.
A summary of the comparison is presented in Table 6.

TABLE 6. Comparison with existing forecasting paradigms.

C. LIMITATIONS
Despite the promising performance improvements demon-
strated in this study, several limitations should be acknowl-
edged. First, the residual learning component relies on the
availability of high-quality historical observations, and its
effectiveness may decrease in regions where meteorological
measurements or irradiance records are sparse or incomplete.

Second, the proposed framework produces deterministic
point forecasts and does not explicitly quantify predictive
uncertainty. In energy system applications such as grid
operation, reserve scheduling, and storage management,
probabilistic forecasting can provide important information

about forecast confidence and variability. Methods such as
prediction intervals, quantile regression, or probabilistic deep
learning models could be incorporated to extend the proposed
framework toward uncertainty-aware forecasting.

Third, the present evaluation is conducted using data from
a single geographic location in Finland. Because solar irradi-
ance forecasting performance can be influenced by regional
climatic characteristics and atmospheric variability, further
investigation using multi-site datasets from diverse climatic
regions is necessary to assess the proposed approach’s gener-
alization capability.

Although the proposed framework demonstrates improved
forecasting performance using long-term high-latitude solar
observations, the evaluation is limited to a single geograph-
ical location. Since irradiance variability and atmospheric
behavior differ across climates, further multi-site valida-
tion is required before generalizing the findings to other
regions. In addition, the present study focuses on deter-
ministic point forecasting. Future work will investigate
probabilistic forecasting approaches to quantify prediction
uncertainty and support risk-aware renewable energy oper-
ation. Although the proposed framework is evaluated against
representative forecasting approaches, including persistence,
gradient boosting, and temporal deep learning models,
the comparison does not include every recently developed
forecasting architecture. Recent Transformer-based models,
Informer/Autoformer variants, advanced gradient-boosting
frameworks such as Light Gradient Boosting Machine and
Extreme Gradient Boosting, and other hybrid deep learning
approaches have demonstrated strong potential for renewable
energy forecasting. Therefore, the objective of the present
comparison is not to claim universal superiority over all
existing methods, but to demonstrate the effectiveness of
the proposed residual-correction strategy under the consid-
ered experimental conditions. Future work will extend the
benchmarking framework by incorporating additional state-
of-the-art architectures and multi-dataset evaluations.

It should be noted that the present study does not directly
measure cloud movement or atmospheric physical states.
Therefore, the relationship between residual behavior and
atmospheric variability is interpreted through indirect statis-
tical evidence, including residual autocorrelation, clearness-
index analysis, seasonal evaluation, and feature importance.
Direct validation using additional atmospheric observations,
such as sky images or satellite-derived cloud information, will
be considered in future work.

Finally, although the method significantly improves the
reliability of irradiance prediction, its integration into
real-time power system operations, such as battery dispatch,
reserve scheduling, or grid control, has not been evaluated
and remains an important direction for future research.

D. NOVELTY AND PRATICAL IMPLICATIONS
The primary novelty of this study lies in treating forecast
residuals as a structured atmospheric process rather than ran-
dom noise. Instead of combining heterogeneous features into
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a single predictive model, the forecasting task is decomposed
into complementary learning stages aligned with the physical
origin of irradiance variability.

This shifts hybrid modeling from feature fusion to func-
tional specialization:

• Deep network models deterministic radiative behavior,
• The residual learner models stochastic atmospheric dis-
turbances.

The resulting framework is more physically interpretable and
maintains reliability under rapidly changing weather condi-
tions.

From an operational perspective, improved ramp predic-
tion directly benefits:

• storage scheduling,
• reserve allocation,
• flexibility activation,
• energy trading in renewable-dominated grids.

Therefore, the proposed method functions as a reliability-
oriented forecasting layer suitable for digital twin energy
systems, where forecast stability is often more critical than
marginal reductions in mean error.

VIII. CONCLUSION
This paper introduced a residual-corrected physics-guided
hybrid forecasting framework that decomposes solar irra-
diance into deterministic radiative behavior and stochastic
atmospheric variability. A CNN–BiLSTM deep temporal
network first models’ periodic solar geometry and smooth
meteorological evolution, and a gradient-boosted regression
trees used as a residual learning stage to model remaining
structured forecasting errors. The final forecast is obtained
by combining the deep prediction with the learned residual
component, allowing each model to specialize in physically
meaningful behavior rather than forcing a single network to
approximate the entire signal.

The proposed framework demonstrates substantial quan-
titative improvements over the standalone deep learning
model. For plane-of-array irradiance prediction, the hybrid
approach reduces RMSE from 0.0809 to 0.0249 (≈ 69%
reduction) and MAE from 0.0404 to 0.0119 while increas-
ing the coefficient of determination from R2

= 0.8468 to
0.9855 and eliminating prediction bias (from 0.0050 to
∼0.0000). Seasonal evaluation confirms consistent improve-
ment in reliability: winter RMSE decreases from 0.0452 to
0.0159, spring from 0.0813 to 0.0195, summer from 0.0914 to
0.0279, and autumn from 0.0952 to 0.0325, with correspond-
ing R2 values approaching 0.97–0.99 across all seasons.
Weather-regime analysis further shows strong robustness,
with overcast-conditioned RMSE dropping from 0.0947 to
0.0317, partly cloudy from 0.0632 to 0.0191, and clear-sky
from 0.0747 to 0.0201, demonstrating accurate performance
under both deterministic and highly stochastic conditions.

Reliability-oriented analysis supports these numerical
gains. The error distribution becomes significantly narrower
and symmetric, residual autocorrelation approaches white

noise, and calibration curves closely follow the one-to-one
reference line. A paired bootstrap test confirms statistical
significance, with a mean error improvement of 0.0285, a
95% confidence interval [0.0281, 0.0289], and p < 0.0005,
indicating that the performance gain is systematic rather than
sample-dependent. Importantly, the residual correction adds
only negligible computational overhead while maintaining
real-time applicability.

Unlike traditional hybrid models that merely fuse features,
the proposedmethod introduces functional specialization: the
deep network captures deterministic solar periodicity, while
the residual learner models remaining structured forecasting
errors associated with weather-dependent irradiance varia-
tions. This decomposition preserves smooth diurnal behavior
while accurately reproducing abrupt irradiance transitions,
which are critical for operational decisions such as battery
dispatch, reserve activation, and flexibility scheduling in
renewable-dominated grids.

Overall, the study demonstrates that treating prediction
residuals as structured learnable information significantly
improves both accuracy and reliability without increasing
model complexity. The framework, therefore, provides a
practical forecasting layer for digital-twin energy systems
and photovoltaic operation. Future research will extend the
method toward probabilistic forecasting, multi-site spatial
generalization, and integrationwith real-time energymanage-
ment and storage optimization platforms.
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