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Abstract

Accurate solar irradiance forecasting can effectively reduce the impact of power fluctu-
ations on the power grid and provide guidance for the control and optimal scheduling
of the power system. To address the difficulty of solar irradiance forecasting at sites
with limited meteorological measurements, this study proposes a dual Gaussian process
regression–particle filter (DGPR-PF) framework. Firstly, a multi-layer correlation analysis
method is designed to screen meteorological features while fully considering the coupling
relationship between meteorological factors. Secondly, the proposed framework contains
two complementary GPR models: a state-transition model that learns the temporal evo-
lution of irradiance from historical irradiance sequences, and an observation model that
establishes the nonlinear relationship between irradiance and a small number of available
meteorological variables. Temperature and maximum wind speed are selected through
multi-layer correlation analysis and used as real-time observations, and a particle filter
(PF) recursively fuses the temporal prior generated by the state model with meteorologi-
cal information from the observation model, thereby correcting irradiance forecasts and
reducing the influence of forecasting uncertainty. Finally, the proposed method is validated
using the dataset collected by the Yulara Solar System in Australia, and the results indicate
that under different seasonal conditions, the proposed method can use a limited number
of meteorological factors to achieve a higher forecasting accuracy and has potential for
application to incomplete weather measurement systems.

Keywords: solar irradiance forecasting; meteorological factors screening; dual data-driven
model; Gaussian process regression; correlation analysis

1. Introduction
The overexploitation and use of fossil fuels are accelerating the global energy shortage

and aggravating environmental pollution, and the existing rate of non-renewable energy
consumption far exceeds its formation rate [1–3]. Therefore, renewable energy has become
a natural choice in today’s energy market because of its cleanliness and renewability. Solar
energy is the most abundant renewable energy resource; solar photovoltaic technology has
become one of the most promising technologies for generating large amounts of electricity
from solar energy, and solar photovoltaic power generation has become an important part of
the global energy system. Since the solar irradiance is affected by weather, seasons, climate,
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and other conditions, photovoltaic power generation shows volatility, intermittency, and
uncertainty, which negatively affect power quality and grid operation; in addition, the
resulting power imbalance causes economic losses. Therefore, accurate forecasting of solar
irradiance can enable grid operators to anticipate the variability in photovoltaic power
generation and better optimize generation plans according to photovoltaic power output,
adjust scheduling strategies, and arrange real-time control, thereby further ensuring the
safe and stable operation of the power system [4–8].

The existing solar irradiance forecasting methods can be divided into direct mea-
surement methods, physical model methods, empirical model methods, statistical model
methods, and machine learning methods [9–14]. The direct measurement method employs
the solar irradiance measurement system to directly obtain solar irradiance, and is currently
the most accurate and direct method for obtaining solar irradiance measurements [15].
However, the measuring instruments used in the direct measurement method are precision
instruments, which are very expensive, and this method is not applicable on a large scale in
countries with large land areas and high population densities [16]. Physical model methods
analyze the decay of solar irradiance as it passes through clouds and the atmosphere to
establish calculation models of solar irradiance. However, physical models require input
parameters such as clouds, aerosols, etc., which are often difficult to collect reliably, and
their collection requires expensive data capture instruments and processing techniques,
making physical models less widely used in solar irradiance forecasting [17,18]. The em-
pirical model method directly establishes the mapping relationship between available
meteorological parameters and solar irradiance, and the selection of meteorological pa-
rameters determines the accuracy of the model [19,20]. Temperature, sunshine, and other
parameters all can be considered inputs, and the first empirical model was proposed by
Angstrom in 1924 [21]. Subsequently, many researchers modified this approach, and the
improvement process evolved from a single-parameter to multi-parameter formulation.
The empirical model cannot capture real-time cloud information, and the forecasting accu-
racy needs to be improved in noisy environments. Statistical methods learn historical time
series to describe future trends in solar irradiance. The most commonly used statistical
models include the AR (auto regression), ARMA (autoregressive moving average), and
ARIMA (autoregressive integrated moving average) models. Generally speaking, statistical
models show good applicability and forecasting performance for stationary time series, but
they are affected by season, weather, and other factors, and cannot capture nonlinear and
non-stationary characteristics, rendering them unable to account for the high randomness
of solar irradiance [22–24].

Solar irradiance can be regarded as a complex time series with non-stationary and
seasonal characteristics and is affected by many meteorological factors, including air pres-
sure, cloud cover, wind speed, and temperature. With the rise of artificial intelligence,
machine learning methods have been widely used in the task of solar irradiance forecast-
ing [25,26]. These methods establish nonlinear mapping relationships between inputs and
solar irradiance, offer simple modeling, high accuracy, and strong applicability, and can
simultaneously account for the influence of multiple complex factors. Therefore, machine
learning-based methods offer more promising performance for solar irradiance forecasting.
A variety of such methods have been widely applied in this field, with many successful
examples [27–29]. Kamadinata et al. [30] developed an artificial neural network based on
a multi-layer perceptron and backpropagation algorithm, which could be trained using a
small amount of data because of its advantages for sparse datasets, and used cloud color in-
formation extracted with a sky image strategy as input. The developed model was suitable
for regions without complete weather measurement systems and did not require extensive
meteorological data, and could achieve highly accurate solar irradiance forecasting with
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lower training costs. Sharma et al. [31] proposed a hybrid wavelet neural network and ap-
plied it to the modeling of non-stationary local transient and gap environment parameters,
successfully adapting it to short-term irradiance forecasting. The results showed that the
developed model had better forecast ability than other time series methods. Qing et al. [32]
developed a new solar irradiance forecasting model using weather forecast data, which
used a long short-term memory (LSTM) network to train on the data while accounting
for temporal dependence. The proposed method had better overfitting and generalization
abilities, and its forecasting accuracy was better than that of other competitive algorithms.
Kumari et al. [33] proposed a hybrid deep model combining LSTM and convolutional
neural networks (CNNs) to model hourly solar irradiance, using meteorological factors
such as temperature and precipitation as inputs. The results showed that the proposed
method was rigorously validated under different seasonal conditions, and its stacked deep
learning framework achieved higher forecasting accuracy. To address uncertainty in solar
irradiance forecasting models, Zhao et al. [34] used improved complete ensemble empirical
mode decomposition adaptive noise (ICECMDAN) to decompose the original signal and
extract potential sequence information, and developed Time-net network to carry out
multidimensional mapping of the data. In general, the proposed method can enhance the
learning of short-term and long-term features, thereby improving the forecasting accuracy.

After reviewing the literature, it is evident that machine learning-based methods
have made remarkable progress in solar irradiance forecasting. It is worth noting that,
in many studies, machine learning schemes use a large number of meteorological factors
as inputs and then build different models to predict solar irradiance. However, due to
regional and climatic differences among photovoltaic power stations, as well as local living
habits and actual production conditions, the meteorological data collected at different sites
vary, meaning that the input parameters used to develop a model at one site may not be
applicable to another. Therefore, routinely considering all meteorological factors during
model development across different locations is impractical [35]. Most photovoltaic power
stations collect common easy-to-obtain meteorological parameters such as temperature
and wind speed. How to use the limited meteorological parameters collected under
different site conditions and application scenarios to forecast solar irradiance therefore
remains an important issue. Accordingly, this paper proposes a solar irradiance forecasting
method using that combines limited meteorological factors with a dual GPR-PF framework.
This work proposes a forecasting scheme for incomplete weather measurement systems
with limited meteorological data collection, and the main contributions are summarized
as follows:

1. A dual GPR state-space forecasting architecture is proposed to jointly exploit two
complementary sources of information: the temporal evolution of irradiance and its
nonlinear dependence on meteorological conditions. Unlike conventional models
that directly map multiple meteorological variables to irradiance through a single
model, the proposed framework separates temporal forecasting and meteorological
observation modeling into state and observation processes.

2. A correction mechanism using limited meteorological information is developed by
integrating the dual GPR model with particle filter (PF). Only meteorological variables
retained by multi-layer correlation analysis are required during online forecasting,
and the PF recursively corrects the prior irradiance forecast according to these obser-
vations. This provides a practical solution for sites where a complete meteorological
measurement system is unavailable.

3. The proposed framework is evaluated under four representative seasonal conditions
and against five widely used machine learning models. The results demonstrate
that jointly exploiting irradiance dynamics and limited meteorological observations

https://doi.org/10.3390/en19215055

https://doi.org/10.3390/en19215055


Energies 2026, 19, 5055 4 of 21

provides substantially more stable forecasting performance across different seasonal
conditions than conventional single-model forecasting approaches.

2. Data and Methods
2.1. Dataset Collection

The dataset used in this work comprises Australian meteorological and photovoltaic
data collected from the Yulara Solar System [36], a solar power plant in the Northern
Territory of Australia consisting of eight stations and a weather station. The Northern
Territory (−19.57 N, 133.37 E) is located in northern Australia and is the largest state or
territory in the country, with a vast land area that includes desert regions. These character-
istics, together with abundant sunshine, provide substantial solar potential, with plenty of
daylight hours, especially in summer, making the region suitable for solar facilities and
supporting stable solar energy production. The Desert Knowledge Australia Solar Centre
collects historical solar radiation and meteorological data from the facility, including 5 min
resolution and photovoltaic records from all eight stations. The data used in this study
are publicly available and can be accessed from [37]. The dataset covers the period from
1 January 2017 to 31 December 2017. The variables considered in this work include maxi-
mum wind speed, ambient temperature, solar irradiance, wind direction, and atmospheric
pressure [38,39].

2.2. Screening of Meteorological Modification Factors

This study uses available meteorological factors to accurately forecast solar irradiance,
and the proposed model forecasts and corrects irradiance using limited meteorological data
obtained with fewer sensors. To achieve accurate forecasts, we need to comprehensively
analyze the influence of each meteorological factor on solar irradiance. Usually, correlation
analysis is used to determine the degree of correlation between two different variables and
their dependence under uncertainty and helps to identify interactions between variables
and dependencies between them. Therefore, correlation analysis is used to identify the
relationship between meteorological factors and solar irradiance and determine the influ-
ence and importance of each factor. The correlation is usually denoted by the correlation
coefficient R (between −1 and 1), and the closer the absolute value of R is to 1, the higher
the degree of correlation between the two variables. The Pearson correlation coefficient
is used in this paper to determine the correlation of two variables, and its calculation is
expressed as follows:

rp =

N
∑

i=1
(xi − x)(yi − y)√︄

N
∑

i=1
(xi − x)2

√︄
N
∑

i=1
(yi − y)2

(1)

where xi and yi denote the i-th value of variables x and y respectively; x and y denote the

means of the variables x and y respectively, and x =

N
∑

i=1
xi

N , y =

N
∑

i=1
yi

N ; and N denotes the
total number the samples.

Note that Equation (1) calculates the correlation between two variables without con-
sidering the influence of other variables; this is called the zero-order correlation coefficient.
Here, one month of data from the dataset is used as an example to illustrate the meteorolog-
ical factor screening method proposed in this paper. Firstly, Equation (1) is used to calculate
the zero-order correlations between the meteorological factors and solar irradiance. The
correlation coefficients between the sequences of temperature, wind direction, maximum
wind speed, and air pressure and solar irradiance are shown in the Table 1. The correlations
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with solar radiation, in descending order, are those of temperature, maximum wind speed,
air pressure, and wind direction.

Table 1. Zero-order correlation coefficient of meteorological factors.

Statistical Index Temperature Wind Direction Maximum Wind Speed Air Pressure

Zero-order correlation coefficient 0.5508 −0.0821 0.49 0.0485

Generally, the correlation coefficient of 0.5–1 is considered to indicate a strong cor-
relation. It can be seen from Table 1 that the correlation coefficients of air pressure and
wind direction are far lower than 0.5, and these factors are generally regarded as redundant
and ignored in the subsequent modeling process. It is worth noting that, although the
zero-order correlation coefficient between air pressure and solar irradiance is the lowest,
this factor cannot be simply eliminated. The above factors may be related to other me-
teorological variables, especially those with large correlation coefficients, and may have
an indirect relationship with solar irradiance that cannot be fully reflected through the
zero-order correlation coefficient. Therefore, the coupling between redundant and other
meteorological factors is also considered in this paper. Thereafter, air pressure and wind
direction, which have low correlation coefficients, are separately selected as control vari-
ables; that is, the effects of air pressure and wind direction on solar irradiance and other
meteorological factors are excluded so that the independent contribution of each factor to
solar irradiance can be more accurately determined.

First-order partial correlation analysis allows us to control for other variables, exclude
the effects of confounding variables, and more reliably assess causality between two
variables without interference from other factors [40]. Therefore, the first-order partial
correlation coefficient is further used to evaluate the direct relationship between the two
variables. When analyzing the correlation between two variables X and Y, after controlling
for the linear influence of variable Z, the first-order partial correlation coefficient between
X and Y is defined as

rXY·Z =
rXY − rXZrYZ√︂(︁

1 − r2
XZ
)︁(︁

1 − r2
YZ
)︁ (2)

where rXY refers to the 0-order correlation coefficient of X and Y; rXZ is the 0-order correlation
coefficient of X and Z; rYZ represents the 0-order correlation coefficient between Y and Z.

The first-order partial correlation coefficient is shown in Table 2. It is found that the
correlation between maximum wind speed and solar radiation remains almost unchanged,
while the correlation coefficient between temperature and solar radiation is slightly in-
creased, which indicates that the correlations of wind direction and air pressure with solar
irradiance are low. To sum up, the limited meteorological factors, namely, temperature and
maximum wind speed, which are highly correlated with solar irradiance, are selected as
the modification factors for the model.

Table 2. First-order partial correlation coefficient of meteorological factors.

Statistical Index Control Variable Temperature Maximum Wind Speed

First-order correlation coefficient
Wind direction 0.5691 0.4966

Air pressure 0.6388 0.4958

2.3. Methodology

This section constructs dual GPR model to describe changes in solar irradiance using
data-driven method. Based on the established framework, limited meteorological factors
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obtained in real time are combined with a PF to correct prior forecasts of solar irradiance.
Specifically, a state transition model describing the recurrence relationship of solar irradi-
ance is established based on GPR, and then a measurement model mapping the relationship
between predicted solar irradiance and meteorological factors is established. Finally, the
forecasts generated by the dual GPR models are updated using these real-time observations
to further improve forecasting accuracy.

2.3.1. Dual GPR Model for Solar Irradiance Forecasting

This study aims to build a dual GPR model to depict the dynamic nonlinear rela-
tionships between changes in solar irradiance and meteorological factors. The forecasting
framework is developed using GPR, which can make full use of the nonlinear fitting capabil-
ities of data-driven methods to capture potential irradiance trends and map the underlying
relationships with meteorological factors. The resulting nonparametric formulation is
naturally suited for combination with PF and can conveniently incorporate meteorological
factors to make irradiance forecasting more reliable.

The dual GPR solar irradiance forecasting model is represented as follows:

xk = f (xk−1) + vk−1 (3)

yk = h(xk) + wk (4)

where xk represents the unknown state of the system at time k; and yk is the observed variable
of the system at time k; f (·) and h(·) represent the state transition function and measurement
function of the system; v and w refer to the state noise and measurement noise of the system.
Note that Equation (3) describes the relationship of the adjacent states, and Equation (4) maps
the relationship between the state of the system and the measured value.

After determining each variable of the forecasting model, we propose a dual GPR
model of solar irradiance based on a data-driven strategy. The core of model establishment
is to explore explicit relationships among the model parameters, that is, to determine the
state transition f (·) and measurement h(·) functions. However, it is worth noting that solar
irradiance has no definitive variation pattern and is easily affected by external uncertainties,
resulting in strong nonlinear and random characteristics. Consequently, the randomness of
irradiance forecasting is difficult to represent using a general parameterized formula. Even
if the variation pattern can be parameterized, its complexity will hinder the application of
the model. In addition, parametric models have difficulty comprehensively considering
all factors affecting irradiance, and there is no single descriptive model applicable to
irradiance modeling. The development of data-driven methods provides a new and
promising solution to this problem. Unlike parametric models, data-driven models employ
historical data and statistical analysis to predict future trends, make decision making, or
solve problems. These methods are black-box models that rely on large amounts of data
to generate outputs and can learn relationships among system variables directly from the
data. GPR is a data-driven method used to establish the probability distribution between
inputs and outputs and does not need to assume a specific functional form, making it is
suitable for modeling a variety of complex nonlinear relationships. Its flexibility allows
for automatic adjustment according to the data. GPR is a nonparametric method that
uses training samples to determine model parameters, incorporates prior knowledge in
the modeling process, and builds a model based on actual measurement data [41]. In
addition, GPR can adapt to a wide range of complex nonlinear relationships, especially
when uncertainty, flexibility, and small sample sizes need to be considered. Therefore, a
GPR-based method is used to develop the solar irradiance forecasting model.
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Given a set of Gaussian model training data L = {(xi, yi) | i = 1, 2, . . . , N}, where
xi represents the i-th input of the model, and yi refers to the corresponding output, the
Gaussian function f (x) is determined by the mean and covariance functions, and the
posterior probability distribution is obtained through Bayesian inference:

f (x) ∼ GPR(m(x), k f (x, x∗)) (5)

where
m(x) = E[ f (x)] (6)

k f (x, x∗) = E[( f (x)− m(x))( f (x∗)− m(x∗))] (7)

where E denotes the mathematical expectation operation; m(x) represents the mean func-
tion, k f (x, x∗) is the kernel function; x∗ is a new input data for forecasting.

Generally, Gaussian model is disturbed by noise in practical application, and the GPR
model can be written as follows:

y = f (x) + ε (8)

where ε is Gaussian noise following ε ∼ N
(︁
0, σ2

n
)︁
. Afterwards, one can obtain:

y ∼ N(0, k f (x, x∗) + σ2
nδij) (9)

where δij is Kronecker function, and follows the protocol: when i = j, δij = 1, else, δij = 0.
In addition, the square exponential covariance function is employed to work as kernel

function and represented as:

k f (x, x∗) = σ2
f exp(

−(x − x∗)
2

2l2 ) (10)

For a new input data x∗, there exists a same Gaussian distribution between x and x∗,
in this regard, the corresponding y∗ and y satisfy the following joint distribution:[︄

y
y∗

]︄
∼ N

(︄
0,

[︄
k f (x, x) + σ2

nδij k f (x, x∗)
k f (x∗, x) k f (x∗, x∗)

]︄)︄
(11)

Whereafter, the posterior probability distribution of forecasting y∗ is written as follows:⎧⎪⎪⎪⎨⎪⎪⎪⎩
p(y∗ | x∗, x, y) ∼ N(y∗ | y∗, cov(y∗))

y∗ = k f (x∗, x)
[︂
k f (x, x) + σ2

nδij

]︂−1
y

cov(y∗) = k f (x∗, x∗)− k f (x∗, x) ∗
[︂
k f (x, x) + σ2

nδij

]︂−1
k f (x, x)

(12)

Note that in the process of executing GPR, it is necessary to select the optimal hyper-
parameter i.e., parameters Θ =

{︂
l, σf , σn

}︂
to improve the performance of GPR. GPR uses

the training data to get the optimal hyperparameters by solving the optimization problem
expediently, and the optimization problem is listed as follows:

minθ(− log(y | x, Θ)) = minθ

(︃
1
2

yT
(︂

k f + σ2
nδij

)︂−1
y +

1
2

log
(︂

k f + σ2
nδij

)︂
+

n
2

log(2π)

)︃
(13)

Equation (13) corresponds to the minimization of the negative log marginal likelihood
(NLML) of the Gaussian process, rather than an arbitrary logarithmic transformation. The
logarithm is used because maximizing the marginal likelihood is mathematically equivalent
to minimizing its negative logarithm, while the logarithmic form converts products of
probability densities into sums and improves numerical stability. By using the available
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training data to solve optimization problem, the optimal model hyperparameters can be
obtained, and then GPR can be used to build the dual GPR model of solar irradiance. The
state transition equation expresses the recursive relationship between the adjacent historical
irradiance, which is outlined as below:

Rk+1 = fGPR(Rk, Rk−1, Rk−2) (14)

where Rk refers to the solar irradiance at time k, and Equation (14) produces a scalar
irradiance forecasting.

The measurement equation captures the internal relationship between the irradiance
and the observation value. In this paper, the observation value is defined as available
meteorological factors, and written as:⎧⎪⎨⎪⎩

zk+1 = hGPR(Rk+1)

zk+1 =

[︄
Tk+1

MWSk+1

]︄
(15)

where T denotes ambient temperature and MWS denotes maximum wind speed.
To sum up, the state transition equation Equation (14) and observation equation

Equation (15) established based on GPR is provided, and the proposed dual GPR model
can be expressed as:⎧⎪⎪⎨⎪⎪⎩

R̂−
k+1 = fGPR

(︂[︂
R̂+

k−2, . . . R̂+
k

]︂)︂
+ vk

zk+1 =

[︄
Tk+1

MWSk+1

]︄
= hGPR

(︂
R̂−

k+1

)︂
+ wk+1

(16)

where R̂+
k denotes the actual solar irradiance at time k, k is the current sampling point; R̂−

k+1
refers to the prior forecasting of solar irradiance of model at time k + 1.

2.3.2. Irradiance Forecasting Modified by Limited Meteorological Factors

In the proposed irradiance forecasting framework based on the dual GPR model, the
observed value of the system is used to update and correct the forecast. Note that the
current irradiance value is considered unknown in the model, while the observed value is
an external parameter that can be directly obtained and should reflect changes in irradiance.

In general, changes in solar irradiance are affected by meteorological factors, and
individual factors can be easily obtained using installed sensors. Therefore, the relevant
meteorological factors can be used to reflect current changes in irradiance and serve as ob-
served values in the proposed model. It is worth noting that collecting more meteorological
factors requires additional sensors and related components, thereby increasing costs. This
is undesirable in engineering practice, and usually only a few common and representative
meteorological parameters are monitored. Therefore, the method designed in this paper
aims to achieve accurate and reliable solar irradiance forecasting using only limited meteo-
rological information. After feature screening, a limited number of parameters are selected
from the available meteorological variables as external inputs to the developed method.
By introducing these two parameters, the forecast generated by the dual GPR model can
be modified.

The term "limited meteorological factors" refers to a practical scenario in which only a
small subset of meteorological variables is available from the local measurement system.
In the present study, temperature and maximum wind speed are retained as the available
online observations after correlation-based screening. Wind direction and atmospheric
pressure are not reconstructed and are not required by the final DGPR-PF model. Historical
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data containing irradiance and the selected meteorological variables are required during
the offline training stage to learn the two GPR relationships. During online operation, only
historical irradiance information and the selected meteorological observations required by
the final model are used. In this paper, the correction link based on limited meteorological
factors is combined with the PF algorithm and interacts with the dual GPR model to form
a feedback correction mechanism. The resulting irradiance forecasting process can be
summarized as follows.

In this paper, limited meteorological factors are combined with the PF algorithm to
correct solar irradiance forecasts. The posterior probability density function p(xk|y1:k) of
the corrected solar irradiance xk is calculated in two steps: prediction and update [42],
where the forecasting step is expressed as follows:

p(xj|y1:j−1) =
∫︂

p(xj
⃓⃓
xj−1) p(xj−1|y1:j−1)dxj−1 (17)

For the prediction step, given the systematic observations y1:k−1 from time 1 to k − 1
and systematic state vector x1:k−1, using Np particles to describe the prior probability
distribution P(xk | xk−1, y1:k−1) for the time k, Np is the number of particles set in the PF

algorithm. Then, the predicted state xj
k of j-th particle is presented as follows:⎧⎪⎪⎨⎪⎪⎩

xj
k+1 = Rj

k+1 = fGPR

(︂[︂
Rj

k−2, . . . Rj
k

]︂)︂
+ vj

k

yj
k+1 =

[︄
T j

k+1
MWSj

k+1

]︄
= hGPR

(︂
Rj

k+1

)︂
+ wj

k+1

(18)

The update step is given as:

p(xk|y1:k) =
p(yk|xk)p(xk|yk−1)∫︁

p(yk|xk) p(xk|y1:k−1)dxk
(19)

An approximate representation of the posterior probability density of the predicted
value is as follows:

p(xk|y1:k) ≈ ∑
Np
j=1 wj

kδ(xk − xj
k) (20)

where Np is the number of particles, and j represents the j-th particle; δ is Dirac function.
In the update step, when the observed value yk is obtained at the time k, the weight

wj
k of each particle is update and normalize via:

wj
k = wj

k−1
1√

2πσr
exp

⎡⎣−1
2

(︄
yk − yj

k
σr

)︄2⎤⎦ (21)

wj
k = wj

k/∑
Np
j=1 wj

k (22)

The modified predicted value at time j is obtained by weighting the individual particles:

∼
x = ∑

Np
j=1 wj

kxj
k (23)

2.3.3. The Proposed Irradiance Forecasting Scheme

This subsection describes the overall framework for solar irradiance forecasting based
on the methodology stated above, as illustrated in Figure 1. The forecasting process is
divided into two steps: offline data processing and modeling and real-time irradiance
forecasting. The specific steps are as follows. First, in the offline modeling stage, (1) the
meteorological observation system collects various historical meteorological factors through
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sensors for modeling; (2) based on the collected historical data, meteorological factors
highly correlated with solar irradiance are identified using multi-layer correlation analysis;
(3) from these factors, a limited set is selected for system modeling; (4) using historical
solar irradiance data and the selected meteorological factors, GPR is used to establish a
dual GPR model describing irradiance variation characteristics. In the online forecasting
stage, (5) the meteorological factors are collected in real time by sensors, and the PF
algorithm is initialized; (6) the predicted and measured irradiance values of each particle
are determined through the time update and measurement update steps; (7) the real-
time meteorological observations collected by the sensors are introduced to calculate the
particle weight distribution; (8) by weighting the predicted values of each particle, the solar
irradiance forecast corrected using the meteorological factors is obtained. (9) Finally, the
process advances to the next time step, and steps (5)–(8) are repeated.

Figure 1. The implementation steps of the proposed solar irradiance forecasting method.

3. Experiments and Discussion
3.1. Evaluation Indicator

To evaluate the accuracy of the proposed method and compare the performance of
different models, three error metrics are used in this work: mean absolute error (MAE), root
mean square error (RMSE), and the R2 coefficient. MAE measures the average magnitude of
the forecasting errors relative to the observed values and is relatively robust to the influence
of outliers. However, it is less sensitive to large errors and does not fully reflect their
distribution. Therefore, RMSE is also used to characterize the distribution of forecasting
errors, with smaller values indicating better model performance. In addition, the R2

coefficient is a statistical metric used to evaluate the goodness of fit of a regression model.
Specifically, the above metrics are calculated as follows:

MAE =
1
n

n

∑
i=1

|yi − ŷi| (24)
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RMSE =

√︄
1
n

n

∑
i=1

(yi − ŷi)
2 (25)

R2 = 1 −

n
∑

i=1
(yi − ŷi)

2

n
∑

i=1
(yi − y)2

(26)

where n is the sample size; yi is the actual value; ŷi is the prediction of the model; y is the
mean of the actual values.

3.2. Correlation Analysis of Meteorological Factors

The dataset includes the following meteorological factors: maximum wind speed,
ambient temperature, global horizontal radiation, wind direction, and atmospheric pres-
sure. These factors exhibit different degrees of correlation with solar irradiance. Using
highly correlated factors to forecast solar irradiance can improve accuracy and further
reduce the computational burden of the model. To evaluate the solar irradiance forecasting
performance of the proposed method across different seasons, January, April, July, and Oc-
tober are selected as representative months corresponding to the four seasons, respectively.
Firstly, the zero-order correlation coefficients between the different meteorological factors
and solar irradiance are calculated and presented as heat maps. The resulting coefficients
are shown in Figure 2.

  
(a) (b) 

  

(c) (d) 

Figure 2. Correlation heat map of meteorological factors: (a) January. (b) April. (c) July. (d) October.

As shown in Figure 2, the correlation patterns are generally consistent across the
different months of the year, with temperature and maximum wind speed showing the
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strongest correlations with solar irradiance. Specifically, the descending order of correlation
coefficients for January and October is temperature, maximum wind speed, wind direction,
and air pressure. For April and July, the correlation coefficient of maximum wind speed
exceeds temperature, followed by wind direction and air pressure. The correlations of wind
direction and air pressure with solar irradiance are very low throughout the year and much
lower than those of the other meteorological factors, indicating their limited ability to reflect
changes in irradiance. In addition, the correlation coefficient of maximum wind speed is
the greatest during autumn and winter. In spring and summer, when the temperature is
relatively high, temperature shows a stronger correlation than maximum wind speed and
becomes the most effective meteorological factor for mapping irradiance. Based on the
correlation analysis, factors showing strong correlations are selected as preliminary inputs
to the forecasting model. Therefore, according to the results in Figure 2, temperature and
maximum wind speed are pre-selected as the correction parameters for the forecasting
model in this paper.

After selecting highly correlated meteorological factors through the zero-order correla-
tion analysis, we further consider first-order correlations to account for coupling among
meteorological variables. The zero-order correlation analysis identifies wind direction and
air pressure as weakly correlated factors; these two variables are therefore used separately
as control variables to calculate the correlation coefficients between the pre-selected factors
and solar irradiance. The specific first-order correlation coefficient calculation results are
presented in Table 3.

Table 3. First-order partial correlation coefficient results.

Statistical Index Month Control Variable Temperature Maximum Wind Speed

First-order correlation coefficient

January Wind direction 0.5243 0.4582
Air pressure 0.6601 0.5272

April Wind direction 0.5911 0.6396
Air pressure 0.6241 0.6853

July Wind direction 0.5730 0.5942
Air pressure 0.5801 0.5898

October
Wind direction 0.5691 0.4966

Air pressure 0.6388 0.4958

As shown in Table 3, the correlation coefficient for maximum wind speed remains
almost unchanged when either wind direction or air pressure is controlled, and wind
direction also has little influence on the correlation with temperature. In January, April, and
October, when the control variable is air pressure, the correlation coefficient of temperature
increases slightly, but the change is not substantial. Overall, the changes in first-order
correlation coefficients are small and acceptable. Through the above two-step correlation
analysis, it can be determined that selecting temperature and maximum wind speed
as the final correction parameters of the irradiance forecasting model is reasonable and
well supported.

3.3. Forecasting Results and Discussion

In this section, the proposed method is used to forecast solar irradiance using the
selected meteorological factors. Solar irradiance and meteorological data from 2017 are
used to test the model, with a measurement interval of 5 min, and the temperature and
maximum wind speed are used as correction parameters. Data from four representative
months (January, April, July, and October) are used to evaluate the effectiveness of the
proposed method across different seasons. For each month, data from the first week are
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used to train the model, and data from the following week are used for testing. In addition,
to evaluate the forecasting accuracy of the proposed method, several commonly used
models, including LSTM, bi-directional long short-term memory (BiLSTM), CNN-LSTM,
gated recurrent unit (GRU) and temporal convolutional network (TCN), are compared with
the proposed method.

For LSTM, BiLSTM, CNN-LSTM, GRU, TCN, and the proposed DGPR-PF model, the
network architecture, number of hidden units/layers, optimizer, learning rate, number of
training epochs, and other relevant hyperparameters are reported. Note that all the model
ML model hyperparameters were set to their default values, and no specific parameter
customization was performed for any model to ensure a fair comparison. Specifically, the
parameter settings for all ML models are provided in Table 4. In addition, the number of
particles in the PF algorithm is Np = 100.

Table 4. Benchmark models and implementation settings.

Benchmark Models Implementation Settings

LSTM; BiLSTM; GRU Hidden units = 100; Dropout rate = 0.2; Learning rate = 0.005; Maximum epochs = 200;
Optimizer = Adam.

CNN-LSTM CNN filters = 2; Kernel size = 3 × 3; LSTM hidden units = 100; Dropout rate = 0.2;
Learning rate = 0.005; Maximum epochs = 200; Optimizer = Adam.

TCN Convolutional filters = [7, 4]; Kernel sizes = [4, 2]; Residual blocks = 1; Dilation factor = 1;
Dropout rate = 0.2; Learning rate = 0.005; Maximum epochs = 200; Optimizer = Adam.

GPR Basis functions = Pure quadratic; Fitting method = Exact; Prediction method = Exact;
Hyperparameter optimization = Default.

Figure 3 displays the solar irradiance forecasts and regression curves for January.
Solar irradiance exhibits substantial daytime fluctuations, including sharp increases and
decreases and large variations in amplitude. Among the compared models, GRU shows
the poorest overall performance, while BiLSTM provides better forecasting accuracy over
the full day. Focusing on daytime irradiance, the detailed results show that the proposed
DGPR-PF method more closely tracks fluctuations in the observed values, including fine-
scale variations. In contrast, the other methods show larger discrepancies from the observed
values in both overall forecasts and detailed variations. In the regression plots, the results
of the proposed method are more closely concentrated around the central axis, whereas
those of the other methods show greater dispersion, indicating higher forecasting accuracy
for the proposed method.

  
(a) (b) 

Figure 3. Solar irradiance forecasting results for January: (a) Forecasting result. (b) Comparison
between predicted and true values.
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Figure 4 shows the irradiance forecasting results for April. Overall, daytime irradiance
exhibits relatively small fluctuations and changes smoothly on most days. Moreover, the
forecasting curves of LSTM, TCN, and DGPR-PF are relatively close to the observed values,
with DGPR-PF showing the closest alignment. LSTM and TCN have similar numerical
performance, although the forecasting curve of LSTM is smoother and better reflects the
characteristics of the observed values than that of TCN. In the regression plots, the results
of the proposed method show a more concentrated distribution, whereas GRU exhibits
poorer regression performance.

(a) (b) 

Figure 4. Solar irradiance forecasting results for April: (a) Forecasting result. (b) Comparison between
predicted and true values.

As shown in Figure 5, the forecasting results of TCN and CNN-LSTM for nighttime
irradiance are clearly overestimated and inconsistent with the actual behavior of solar
irradiance. Their daytime forecasts also differ significantly from the observed values. The
forecasting result of GRU is the best among the five compared methods. However, the
regression plot in Figure 5b shows that the GRU points are more widely distributed around
the central axis than those of DGPR-PF, with some deviation in the overall regression trend.

  
(a) (b) 

Figure 5. Solar irradiance forecasting results for July: (a) Forecasting result. (b) Comparison between
predicted and true values.

Figure 6 shows that the forecasting results of different models for October are the
best among the four datasets. Although the daytime irradiance fluctuates sharply, the
forecasts are relatively accurate, especially those of LSTM and DGPR-PF. The detailed
forecasting results show that BiLSTM, CNN-LSTM, and TCN exhibit similar numerical
accuracy and ability to capture fluctuations. The forecasting results of GRU are less volatile,
but the model does not accurately capture continuous fluctuations in solar irradiance
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caused by external factors and unknown interference. In contrast, DGPR-PF shows the
best performance, surpassing LSTM. These results are also reflected in the regression plots,
where the forecasts of the proposed method more closely match the observed distribution.

  
(a) (b) 

Figure 6. Solar irradiance forecasting results for October: (a) Forecasting result. (b) Comparison
between predicted and true values.

Table 5 shows the different error indicators of the proposed method and the com-
parison method. Combined with the forecasting results, the forecasting performance of
solar irradiance is comprehensively analyzed, and the following important conclusions can
be drawn:

(1) The proposed DGPR-PF can more effectively track the uncertain change trend of solar
irradiance, simultaneously, its MAEs are controlled within 100 W/m2, and the MAE of
other methods are between 100 W/m2–300 W/m2. The MAE of the proposed method
is much smaller than that of other methods, indicating that the proposed method has
higher precision regarding the overall forecasting performance.

(2) In contrast, the path predicted by DGPR-PF is closer to the real change path, the
proposed method not only has a smaller overall error, but also has a more promi-
nent RMSE performance index. The maximum RMSE of the proposed method is
99.73 W/m2, indicating that the deviation degree its error is small, that is, the error
is mainly concentrated in a small range without extreme forecasting, and the fore-
casting performance is more stable and reliable. Therefore, the proposed method
demonstrates relatively stable performance across the evaluated seasonal datasets.

(3) The proposed DGPR-PF framework achieves R2 values of 0.917, 0.982, 0.965, and
0.941 for January, April, July, and October, respectively, indicating consistently high
agreement between the estimated and measured irradiance values. In comparison, the
highest R2 value among the benchmark models is 0.805, achieved by GRU in October.

(4) Furthermore, the proposed method achieves an average MAE of 33.00 W/m2 and
an average RMSE of 69.25 W/m2 across the four representative months. Among the
five benchmark models, LSTM exhibits the lowest average MAE of 119.20 W/m2.
Compared with LSTM, the proposed DGPR-PF framework reduces the average MAE
by approximately 72.3%. These results demonstrate that the proposed method achieves
lower prediction errors than the evaluated benchmark models under the experimental
conditions considered.

Specifically, previous studies [43,44] have reported RMSE values ranging from ap-
proximately 18.85 W/m2 to 89.91 W/m2 for LSTM and from 20.75 W/m2 to 89.77 W/m2

for GRU under different seasonal conditions. In comparison, the proposed DGPR-PF
framework achieves RMSE values between 45.14 W/m2 and 99.73 W/m2 across the four
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representative months. Above results are generally within the same order of magnitude as
those reported in the aforementioned studies. This comparison indicates that the prediction
accuracy achieved by the proposed framework is broadly consistent with the error levels
reported in the existing literature.

Table 5. Error indicators comparison results.

Methods Evaluation Indicators January April July October

LSTM
MAE (W/m2) 142.87 105.89 91.73 136.31
RMSE (W/m2) 212.66 165.06 167.98 197.58

R2 0.622 0.769 0.544 0.690

BiLSTM
MAE (W/m2) 195.63 151.47 228.01 160.20
RMSE (W/m2) 301.21 244.94 308.56 237.53

R2 0.242 0.492 0.053 0.552

CNN-LSTM
MAE (W/m2) 202.53 173.44 182.14 194.95
RMSE (W/m2) 286.26 255.81 236.34 256.22

R2 0.315 0.446 0.099 0.479

GRU
MAE (W/m2) 273.06 201.54 69.67 92.98
RMSE (W/m2) 323.77 263.34 134.23 156.73

R2 0.124 0.4137 0.709 0.805

TCN
MAE (W/m2) 217.21 200.09 146.19 190.51
RMSE (W/m2) 295.93 293.51 212.23 249.00

R2 0.268 0.271 0.273 0.508

DGPR-PF
MAE (W/m2) 49.60 22.41 20.55 39.43
RMSE (W/m2) 99.73 45.14 46.38 85.75

R2 0.917 0.982 0.965 0.941

However, differences in meteorological conditions, forecasting horizons, and experi-
mental configurations prevent a direct ranking of the methods across independent studies.
These findings provide an external reference for interpreting the present results, while
the controlled comparisons within this study demonstrate the effectiveness of the pro-
posed framework. To sum up, the proposed DGPR model combined with PF has better
performance in solar irradiance forecasting with limited meteorological factor acquisition.
Therefore, the proposed DGPR-PF method can have potential application capability in the
real world where fewer measuring equipment are used, and reduce the utilization rate of
hardware equipment and save operation equipment cost by means of incremental software
algorithm design, thus extending the application of machine learning methods in solar
irradiance forecasting.

3.4. Sensitivity Analysis of the Model

Evaluating the sensitivity of the proposed model to the amount of training data is
important, particularly because GPR performance and computational cost are both related
to the number of training samples. Therefore, an additional sensitivity analysis is conducted
by varying the proportion of training data. Specifically, three training proportions, namely
25%, 50%, and 75%, were considered to investigate the influence of training sample size
on prediction accuracy. The corresponding results, evaluated using MAE and RMSE, are
presented in Figure 7.
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Figure 7. Error analysis of training sets with different proportions.

The experimental results indicate that increasing the amount of training data consis-
tently improves the prediction accuracy of the proposed framework. When the training
proportion increases from 25% to 50%, the MAE decreases from approximately 38.2 W/m2

to 33.0 W/m2, while the RMSE decreases from approximately 79.0 W/m2 to 69.2 W/m2.
When the training proportion further increases to 75%, the MAE and RMSE decrease to
approximately 18.5 W/m2 and 23.9 W/m2, respectively. Compared with the 25% training
proportion, these results correspond to reductions of approximately 52% in MAE and 70%
in RMSE.

The observed improvement can be explained by the increased amount of training in-
formation available to the GPR models. A larger training dataset allows the state-transition
GPR to capture the temporal variations in solar irradiance more accurately, while the
observation GPR models can better characterize the nonlinear relationships between irra-
diance and meteorological variables. These improvements provide more reliable inputs
to the subsequent particle filtering process, thereby reducing the overall estimation errors.
These additional results confirm that the proposed DGPR-PF framework is sensitive to
training sample size, with improved accuracy as more training data become available. At
the same time, the results provide quantitative evidence of the model’s behavior under
limited-data conditions.

3.5. Computational Complexity Analysis of Different Models

Computational complexity and execution efficiency are essential considerations when
evaluating the practical applicability of forecasting models, particularly for real-time solar
irradiance prediction. In addition, we implement a theoretical computational complexity
analysis and experimentally compare the total computational time (including training and
forecasting times) of different methods, including LSTM, BiLSTM, CNN-LSTM, GRU, TCN,
and the proposed DGPR-PF framework. The corresponding results are presented in Table 6.

Specifically, the total time of LSTM, BiLSTM, CNN-LSTM, GRU, and TCN are 11.31 s,
38.73 s, 36.24 s, 33.23 s, and 13.96 s, respectively, while the proposed DGPR-PF framework
requires 36.58 s. These results indicate that the proposed framework has a computational
efficiency comparable to CNN-LSTM and approximately 5.6% lower than BiLSTM. Al-
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though its forecasting time is higher than those of LSTM, GRU, and TCN, the additional
computational burden remains moderate under the investigated experimental conditions.

Table 6. Computational efficiency comparison of different forecasting methods.

Method Total Time (s)

LSTM 11.31
BiLSTM 38.73

CNN-LSTM 36.24
GRU 33.23
TCN 13.96

Proposed DGPR-PF 36.58

Regarding theoretical complexity, it is reported that exact GPR training requires O(N3)
computational operations and O(N2) memory, where N denotes the number of training
samples. The proposed framework employs two independently trained GPR regressors,
including one state-transition model and observation models. Therefore, its overall training
complexity remains O(N3) when the two training sample sizes are of the same order.
For online estimation, the computational burden is primarily associated with evaluating
the GPR models for individual particles and performing particle resampling. Assuming
O(N) complexity for each GPR predictive mean, the online computational complexity is
approximately O(Np × N + Np

2) per time step for the current implementation, where
Np denotes the number of particles. The O(Np

2) term is associated with the nested-loop
multinomial resampling procedure. In our experiments, the particle number is set to 100,
which helps limit the computational cost of sequential estimation.

It is also important to distinguish offline model training from online prediction. Once
the GPR models have been trained, their hyperparameters and associated model quantities
can be reused during sequential estimation without retraining at every time step. Con-
sequently, the training complexity does not directly represent the computational cost of
each online prediction. Nevertheless, we acknowledge that the proposed framework does
not necessarily provide the lowest computational cost among the evaluated methods. In
particular, the training complexity of exact GPR may become a limitation when the number
of training samples increases substantially. Moreover, the measured training times alone
are insufficient to establish the real-time superiority of the proposed framework over LSTM
or GRU, which can perform efficient inference after training.

4. Conclusions
Due to regional and operational constraints, the meteorological data available at dif-

ferent photovoltaic power stations vary. Developing a reliable model that can accurately
forecast solar irradiance using limited meteorological parameters from an incomplete
weather measurement system remains challenging. To address this problem, we propose a
dual GPR-PF framework combined with a correction method using limited meteorological
factors for short-term solar irradiance forecasting. The experimental results demonstrate
the forecasting performance of the proposed method, and the key conclusions can be
summarized as follows: (1) The use of a multi-layer correlation analysis to screen meteo-
rological factors enables effective analysis of the relationships among relevant variables
while accounting for their coupling. (2) A dual GPR-PF framework is developed to describe
the variation characteristics and influencing factors of solar irradiance. The dual GPR
model improves forecasting stability and suppresses measurement noise. (3) The Yulara
Solar System dataset in Australia is used to validate the proposed method under different
seasonal conditions and to compare its performance with commonly used methods. The
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results show that the proposed method achieves high forecasting accuracy and reliability
through model updating and correction using meteorological factors. The maximum MAE
and RMSE are 49.60 W/m2 and 99.73 W/m2, respectively, and the model demonstrates a
stronger goodness of fit.
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