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ABSTRACT Accuracy of solar irradiance forecasting is imperative for the effective utilization and integra-
tion of solar energy into the power system. To forecast global horizontal irradiance based on a multivariate
meteorological data; this study first evaluates five standalone models, including recurrent deterministic
policy gradient (RDPG), long short term memory (LSTM) neural network, extreme gradient boosting (XGB),
Gaussian process regression (GPR), and support vector regression (SVR). The RDPG model outperforms
the standalone counterparts by demonstrating 2.485 W/m2, 20.591 W/m2, 18.316 W/m2, and 23.176 W/m?
reductions in RMSE compared to the LSTM, XGB, GPR, and SVR models. Afterward, the performance of
the RDPG model is further enhanced, by developing two-stage hybrid models, including improved complete
ensemble empirical mode decomposition with additive noise-RDPG (ICEEMDAN-RDPG) and variational
mode decomposition-RDPG (VMD-RDPG). The subsequent construction of the hybrid model ICEEMDAN-
SE-VMD-RDPG (ISVR) results in the further improvement of the two-stage hybrid models. The ISVR
surpasses all the established models including VMD-RDPG, ICEEMDAN-RDPG, RDPG, LSTM, XGB,
GPR, and SVR by displaying 18.401 W/m?, 13.908 W/m?, 33.223 W/m?, 53.111 W/m?, 67.704 W/m?,
67.502 W/m? and 69.943 W/m?2, respectively, decrease in RMSE. The overall results are enlightening and
reveal the extension feasibility of the IVSR model for the other forecasting tasks, e.g., renewable energy
integration and electrical load forecasting.

INDEX TERMS Solar irradiance forecasting, decomposition techniques, sample entropy, correlation, deep
reinforcement learning.

NOMENCLATURE DPG Deterministic Policy Gradient
ADN  Active Distribution Network dr Willmott’s refined index of agreement
ANN  Artificial Neural Network ML Machine Learning
AP Air Pressure MLM  Machine Learning Model
AT Air Temperature NSE Nash-Sutcliffe coefficient of Efficiency
DDM  Data-Driven Model PACF  Partial Autocorrelation Function
DDPG  Deep Deterministic Policy Gradient RDPG Recurrent Deterministic Policy Gradient
DL Deep Learning RER Renewable Energy Resource
DLM  Deep Learning Model RH Relative Humidity
RL Reinforcement Learning
The associate editor coordinating the review of this manuscript and RMSE Root Mean Square Error
approving it for publication was Ikramullah Lali = . RNN Recurrent Neural Network
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DRLM DRL Model

EMD Empirical mode decomposition

GHI Global Horizontal Irradiance

GHI, Observed GHI

GHI ¢ Forecasted GHI

GPR Gaussian Process Regression

HIF1-HIF10, Decomposed components for RH series by

R ICEEMDAN

HVF1-HVF4  Decomposed components for HIF1 mode
through VMD

ICEEMDAN  Improved Complete Ensemble Empirical

Mode Decomposition With Additive Noise

ISVR ICEEMDAN-SE-VMD-RDPG

LSTM Long Short Term Memory

MAE Mean Absolute Error

MAPE Mean Absolute Percentage Error

SE Sample Entropy

sMAPE Symmetric Mean Absolute Percentage
Error

SVR Support Vector Regression

TIF1-TIF9, R Decomposed components for AT series by
ICEEMDAN

TVF1-TVF4  Decomposed components for TIF1 mode
through VMD

VMD Variational Mode Decomposition

WD Wind Direction

WIF1- Decomposed components for WSG series

WIF10, R by ICEEMDAN

WS Wind Speed

WSG Wind Speed of Gust

WVF1- Decomposed components for WIF2 mode

WVF6 through VMD

XGB Extreme Gradient Boosting

I. INTRODUCTION

The adverse impact of fossil fuels, including the exhaustible
nature, environmental concerns, and high costs, are shifting
the energy paradigm towards the increasing utilization of
RERs. RERs, including solar, wind, hydro, geothermal, and
biomass, are present in abundance in Pakistan [1]. Pakistan
receives nearly 5-7 kWh/m?/day of solar irradiation, which
is promising for solar energy generation. The northeast-
ern region of Sind province and the southwestern part of
Balochistan province are immensely feasible for exploiting
solar energy in the country [2]. The average sunshine hours
are between 8-10 h/day and 1500-3000 h (300 days) per
year [3].

Solar energy is considered one of the cleanest RER with
the least harmful effect on the environment [4]. However,
the intermittent nature of solar irradiance poses a challenge
in harnessing solar power. Therefore, forecasting techniques
are necessary to ensure sustainable and reliable solar power
generation [5]. Forecasting can also be applied to control
the virtual inertia of photovoltaic systems and to regulate
the frequency of islanded microgrid [6]. A surfeit of studies
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applied ML based DDMs to forecast solar irradiance [7],
which included the classical and hybrid approaches [8].
MLMs, including SVR [9], ANN [10]-[12], random for-
est, and gradient boosted regression [9], were commonly
implemented in classical approaches [8]. Li et al. [13] tested
SVR and hidden markov model through experimental eval-
uations and accuracy metrics, which verified the applica-
bility of both models for irradiance forecasting. The GHI
forecasting was improved by employing the satellite data
to ANN. The proposed ANN model revealed better results
than the smart persistence model and the climatological mean
model in terms of RMSE, MAE, and the skill metric [14].
Benali et al. [15] developed three models, including ANN,
random forest, and smart persistence, to forecast hourly irra-
diations. The random forest model showed the best results for
MAE, RMSE, normalized MAE, and normalized RMSE [15].

Support vector machine was proposed by Vapnik [16],
is a MLM for pattern recognition and data analysis, and
has also widespread applicability for solar radiation fore-
casting [17]. Support vector machine employs kernel func-
tions that convert the original data into a higher-dimensional
feature space. In this way, the distance between the near-
est point of each class and the hyper-plane is maximized.
The radial basis function kernel has a better performance
compared to the other kernels for solar radiation forecasting
tasks [18]. Support vector machine can be implemented as
SVR for regression problems. The solar radiation forecasting
tasks were also implemented by employing models includ-
ing XGB [19], [20] and GPR [21], [22]. The popularity
of the GPR model has increased over recent years. As a
non-parametric model, GPR performs the task of regression
by utilizing the prior of Gaussian process [23]. The GPR
adopts the kernel function based on Bayes linear regression,
which increases its ability to deal with intricate and nonlinear
problems [24]. XGB model is based on random forest and
gradient boosting decision tree models and was developed by
Chen and Guestrin [25]. To develop a strong learner by the
boosting process, the forecasts of weak learners are combined
by employing the additive training approaches. The final
forecasting result is based on summing the forecast of each
learner [18]. DLMs comprising LSTM neural network and
gated recurrent unit neural network also presented superior
results in forecasting solar irradiance, compared to the other
MLMs [26]-[28]. Qing and Niu [26] utilized the LSTM
model for hourly day-ahead forecasting of solar irradiance.
The LSTM based model outperformed the other comparison
models, including the backpropagation neural network, linear
least square regression, and persistence algorithm, in terms
of the RMSE metric. Gao et al. [27] verified the superior-
ity of the gated recurrent unit over backpropagation neural
network, RNN, and LSTM models in terms of RMSE and
forecast skill metrics, to forecast day-ahead solar irradiance.
The development of the hybrid DL models, based on an inte-
gration of DL with an attention mechanism, further enhanced
the performance of the standalone DL models [29], [30].
The DLMs are viable replacements of the conventional
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DDMs [31], [32]. The multiple processing layers in DL
allow better management of the input data due to their
deeper structures [33]. RL is a type of evolutionary pro-
cess that involves the interface among individuals and the
surrounding [34].

With the rapid advancement in the field of DRL,
the DRLMs are also becoming popular in the field of fore-
casting. The RL agent implements learning in a complex and
ambiguous environment to realize an objective. The action
performed determines the reward of the agent gained by the
environment. The machine is regarded as an agent, whereas
the surroundings play the role of the environment [35].

DRLMs integrate DL techniques with RL methods to han-
dle intricate problems with large state and action spaces [33].
The DRLMs proficiently resolve a wide range of complex
decision-making problems, which were previously beyond
the expertise of ML. The DRLMs apply to the fields, includ-
ing robotics, energy management, computer vision, finance,
natural language processing and, so on [35]. The DRLMs
also find successful implementation to achieve the goal of
forecasting. Elavarasan and Vincent [35] employed a hybrid
combination of RNN and Q-learning algorithm to forecast
crop yield for farming applications. RNN was utilized as a
DLM, whereas; Q-learning algorithm served the purpose of
the RL algorithm. The proposed model excelled at the other
DDMs in the training and testing periods [35]. Park et al. [36]
applied RL based on Deep Q-Network to select a similar day
in the short-term load forecasting by deploying a backpropa-
gation neural network. The developed model transcended the
LSTM model load forecasting algorithm [36]. The integration
of frequency domain clustering of data, with expected state-
action-reward-state-action algorithm, was implemented for
the effective operation of the energy storage system. The pro-
posed approach effectively handled the uncertainty of wind
power forecasting compared to the Q-learning algorithm [37].
Space discretization is a requirement in pure Q-learning, and
an increase in scenario numbers results in an exponential
growth of computational cost [38]. State-action-reward-state-
action algorithm also has limitations for continuous domain
applications; since it is feasible for discrete action and state
space [39]. A large number of complex control problems
involving continuous action spaces; can be satisfactorily
solved by applying an off-policy gradient algorithm, namely,
the DPG [40]. The actor-critic DPG algorithm obtains esti-
mated action-value gradients to update policy by employing
a learned estimation of the action-value function [41]. The
DDPG algorithm; was proposed by introducing deep neural
networks in the DPG algorithm for an effective learning
process. DDPG learns Q-function by using the off-policy data
and the Bellman equation, while the policy learning occurs by
employing the Q-function. Due to the off-policy training of
the network with replay buffer samples, the learning process
of value function occurs robustly and stably. This superior
learning enables the successful implementation of DDPG
in a variety of observable problems [40]. Liu er al. [33]
applied the DDPG model to forecast the energy consumption
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by the heating, ventilation, and air-conditioning system. The
analysis revealed better forecasting outcomes of the DDPG
model compared to the SVR and backpropagation neural
network [33]. The present study deals with GHI forecasting,
which considers uncertain environmental variables. There-
fore, the DDPG is not suitable enough in the present study
in estimating the action-value function due to limitations of
the feedforward neural network of DDPG in capturing the
complex nonlinearity. The above literature also highlights
the shortcomings of the ML and DRL based ML models for
efficient forecasting, considering the uncertainty of the envi-
ronmental variables. To deal with the situation and for reliable
GHI forecasting, this study employs RDPG, which is a RNN
variant of DPG [41]. The RDPG algorithm employing the
LSTM network presented a reliable performance in solving
complex tasks compared to the other DRL counterparts [41].
Therefore, we employ LSTM based RNN in RDPG that offers
superior ability to extract data from the time series with
suitability for learning long-term dependencies of the time
series and preserving information about the past [42].

Despite the applicability of the standalone DDMs for solar
irradiance forecasting and similar applications, these models
have limitations in capturing the deterministic features of the
historical data. These constraints of the individual DDMs
have resulted in the development of hybrid models, which aim
to augment the model performances by extracting all the rel-
evant features from the input data [8]. One of the approaches
to construct hybrid models involved the integration of sig-
nal decomposition techniques with the MLMs [43]-[45].
Liu et al. [34] accomplished the task of short-term wind
speed forecasting by developing a hybrid DRL model, which
integrated empirical wavelet transform with DLMs based on
the Q-learning algorithm. The established ensemble models
yielded better results than the other established hybrid and
standalone models [34]. The ICEEMDAN is the latest version
of EMD based techniques with better decomposition prop-
erties than its predecessors. The hybrid forecasting models,
with a single decomposition stage, can be upgraded further
by employing VMD as a second decomposition stage. In the
dual decomposition stage hybrid models, VMD decomposed
the high-frequency components generated in the first decom-
position stage [46], [47].

The literature investigation highlights the application
prospects and the robust implementation of DRLMs in var-
ious fields, including forecasting and ensemble learning.
Therefore, considering the DL viability for time series fore-
casting, the practicability of ensemble learning models, and
the robust learning performance exhibited by the integration
of decomposition techniques, DLMs, and RL, a hybrid model
ISVR is proposed in this study to forecast GHI. The ISVR
model is structured; on an ensemble of ICEEMDAN, SE,
VMD, and RDPG. ICEEMDAN is applied to concurrently
decompose the time-series signals into respective modes and
aresidual component. The component with the highest value
of SE is decomposed, by VMD, in the second decomposi-
tion stage. PACF analysis is employed, to the decomposed
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components obtained, through the two-stage decomposition.
RDPG is applied, in the final step, of the forecasting process.
Seven other models, including ICEEMDAN-RDPG, VMD-
RDPG, LSTM, XGB, GPR, and SVR, are also developed for
a relative analysis.

The rest of the paper is structured as follows: Section II
presents a review of ICEEMDAN, SE, VMD, and RDPG
techniques. Section III provides a comprehensive description
of the proposed ISVR model, data preparation methodology,
and the statistical indices. Section IV compares and discusses
the results of the proposed model with the benchmark models
and presents directions for future study. Finally, Section V
concludes the study.

Il. MATERIALS AND METHODS
A. ICEEMDAN
ICEEMDAN is an advanced version of EMD based tech-
niques, which resolves the problems of frequency aliasing
and spurious modes as suffered by its predecessors. The
addition of white noise realizes the continuity of frequency
among adjacent scales with consequent fading of the effect of
frequency mixing. Following equations summarize the main
steps of the ICEEMDAN [48]:

(i) Determine the realizations of local means by EMD as

mentioned below:

s' = s+ BoEn (wf) (1

where i is the added noise numeral, s is the original sig-
nal, s’ indicates the signal for decomposition, w' denotes
the white noise and E1(w') represents first component of
white noise.

(i) Subsequently, the first residue (R;) can be deter-

mined as:
= (4)

where M (-) symbolizes the local mean to accomplish
the sifting point of IMF.

(iii) The first mode can be calculated, at the first stage, after
the decomposition of N signals as:

IMF, = s — R, 3)

(iv) The succeeding steps determine the second residue and
mode as:

Re=(M(Ri+pE(v)) @
IMF> = R —R> (5

(v) Compute the kth residue and mode as:

Ry = <M (Rk—l + Br—1Ex (Wl>)> (6)
IMF;, = R_1 — Rk @)

(vi) Repeat (4) for the subsequent k stages.
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B. VARIATIONAL MODE DECOMPOSITION
VMD is a fully adaptive and intrinsic model that appro-
priately balances the error between modes by an adaptive
determination of relevant bands with a concurrent estimation
of the corresponding modes. VMD overcomes the limitations
of existing decomposition techniques like lack of mathemat-
ical theory as faced by EMD, the restriction of backward
error improvement due to recursive sifting in most methods,
and appropriate noise handling ability [49]. The constrained
variational problem can be given below
2
j

1@
min S(M)ymt +j .
= G) x| —— Jert
{uk},{wk}{; 2 [““”‘( nt )}e
st Y g ®)
k
where {u;} and {w;} denote modal component and centre

frequencies, respectively. The introduction of the quadratic

penalty and Lagrangian multipliers transform the above-
constrained problem into the subsequent unconstrained form:

L ({u}, {ox}, 2)
2
|

=« {Z 0 |:Mk (1) * (—Stn;t+j)} eIt
+ <A 0 .f @) — Zuk (t)> ©

k
2
k

+f 6= u@

k

2

The integration of the quadratic penalty and Lagrangian
multipliers provides the benefits of outstanding convergence
abilities of the quadratic penalty and firm implementation of
the constraint by the Lagrangian multiplier. The solution of
equation (9) is possible by applying the alternative direction
method of multipliers. The two steps of equation (9) can be
given under:

(1) u; minimization

f @)~ Y i)+ 22
_ntl i#k

14+ 20 (0 — ay)?

(10)
(i1) wg minimization

2
o0 —~
el
O)k =

; (11
00 |~

Jo ‘uk (a))) dw
where n represents the iteration number, while the Fourier

transform of A (w), qu, f (®),uj (w) are denoted by

~ ntl = ~
A(w), u;(+ ,f (w), ui (w), respectively. The comprehensive
process of VMD technique is provided in [49].

C. SAMPLE ENTROPY
SE represents the complexity of a finite interval time series
by calculating the probability of obtaining new patterns from
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the original time series. Higher SE is exhibited by less fore-
seeable time series; whereas, the time series with regular
patterns reveals a smaller SE value [50]. The SE process can
be explained by the following steps [51]:

(1) The time series with N points as the original data can be
given as

s(1),5(2),53),....,s(N) (12)
(ii) The m dimension reconstruction of the above series is:

X1, X2),X3),....X(N—m+1) (13)

where,
S =[s@,s@+1),s@+2),...,s@i+m—1)]
(14)
(iii)) The distance among S, (j) (d [Sym (D), Sm ()]) and
S; (@) is:
d [Xm @), Xm (D] = (hax (lu+k)—uG+E)
(15)
(iv) The mean value of vectors can be obtained as
1 N—m+1
B" () = ; B (r) (16)

(v) Repeat (ii)-(iv) to obtain B™+! (r) after the increment
of dimension m by 1 to express the SE as:
Bm+l
J (17)
B™ (r)
(vi) The value of N is generally finite, therefore, Equa-
tion (17) can also be written as:

SE (m,r) = lim [— In
N—o0

Bm—H (r)
B™ (r)

where m denotes dimensions and r indicates the conditional
threshold.

SE (m,r.N) = lim [—m ] (18)

D. RDPG

RDPG is an RNN-based DRL model that employs a combi-
nation of RNN and DPG. RDPG is an actor-critic framework
and deploys an off-policy gradient. The action is performed
by the actor; whereas, the critic network is employed to
assess the quality of action. The LSTM can also be deployed,
as RNN, for the actor-critic architecture [41]. The critic net-
work employing LSTM produced more robust forecasting
than the DDPG model owing to its ability for the collection
of observations over time [52]. The RNN can be utilized
for forecasting the partially observed environment due to
the existence of a high correlation among the sequence of
observations. The hidden state, which also acts as a memory,
can capture information regarding its prior actions and obser-
vations that is significant for better decision making. The flow
of information inside every memory block is controlled by the
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input, forget, and output gates of LSTM [53], [54]. The basic
structure of LSTM is explained below:

Input gate i; = o (U;W; + Vih,_1 + b;) (19)
Output gate o; = o (U,W; + Vohi—1 +b,)  (20)
Forget gate f; = o (UrW; + Vihi—1 + by) (21)

Hidden state h; = tanh (C;_1) * oy (22)
Cell input C; = tanh (U.W, + Vohy_1 +b.)  (23)
Cell state C; = Cy_y *f; + Cy % i (24)

wher W; is input at time step ¢, ;1 represents hidden states,
o and tanh shows sigmoidal and hyperbolic tangent func-
tion, respectively, the network weights are U and Vi, and
by are bias vectors. References [41, 52] provide a detailed
description and implementation of the DRL based RDPG
approach.

E. STATISTICAL MEASURES

The commonly employed statistical measures for solar
resource forecasting applications include RMSE, MAE and
MAPE [29], [30], [55]. The accurate forecasting of solar
irradiance is an intricate process due to the stochastic and
intermittent nature of the solar irradiance [28], [56]. The solar
irradiance is only present during the daytime, whereas it has
a very low or zero value during the night. Because of the
zero values of GHI, MAPE is not suitable for the present
study due to limitations of extreme values and asymmetry.
However, SMAPE avoids all problems as suffered by MAPE
[571, [58]. Moreover, SMAPE is also extensively employed
statistical measure for solar resource forecasting tasks [59].
The NSE [60] and d; [61] statistical measures also provide
a meaningful comparison to assess the models performance.
Hence, this study employs RMSE, MAE, sMAPE, NSE,
and 4 to evaluate the performance of the proposed and the
benchmark models. These statistical measures can be defined
by the following equations:

1 ¢ A\
RMSE = |- Z (GHII - GHI) (25)
n =1 !
] — A
MAE = - Z GHI, — GHI, (26)
n

t=1

A
n ‘GHII — GHI;

2
SMAPE = = Z - x 100 (27)
A (IGHI,I + 'GHII)
n A 2
3 (GHI, - G{il)
NSE = 1 - =1 (28)

2

M=

(GHI, — GHI,)

N
Il
<
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FIGURE 1. Global horizontal irradiation map of Pakistan.
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In Equations (25)-(29), GHI;, Glt'il and GHI, represent the

observed, forecasted and mean GHI, respectively. The factor
¢ has a value of 2 and n depicts the number of observations.

lll. THE PROPOSED METHODOLOGY

A. STUDY AREA

The present study considers the Khuzdar district of Balochis-
tan province, Pakistan, for GHI forecasting, due to the pres-
ence of abundant solar resource potential [62]. The Khuzdar
district is located in the southern region of Balochistan. Fig. 1
illustrates the location of the Khuzdar district in the global
horizontal irradiation map of Pakistan [63].

B. DATA DESCRIPTION AND INPUT DATA PREPARATION
The data of AT, AP, RH, WS, WSG, and WD is considered in
this study to forecast one step ahead GHI. The original data

is available with a resolution of 10 minutes [64]. The data
of the first week of January-2016, April-2016, July-2016,
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FIGURE 2. Heatmap showing the correlation of variables.

and October-2016, which corresponds to the winter,spring,
summer, and autumn seasons, is taken in the present study.
The data is further arranged such that the data of the first
six days from a week for all these four months are taken
together; whereas, the remaining data that represent the sev-
enth day is placed one after another. For a clear understand-
ing, the data of the first six days of January-2016, April-2016,
July-2016, and October-2016 are placed together, followed
by the seventh day weekly data in the same sequence. This
data arrangement aims to divide the seasonal data into an
equal amount for a better analysis of the data. After the
arrangement of data, the overall sample size obtained for
each of the individuals AT, RH, WS, WSG, WD, AP, and
GHI time series is 4032 samples. The hardware platform
for the present study is a desktop version of Intel core
19-9900KS processor, with a base frequency of 4GHz, 32GB
of DDR4 RAM, and NVIDIA GeForce RTX 2080Ti GPU,
with 11GB of GDDR6 RAM. The decomposition-based mod-
els (ICEEMDAN and VMD), and SE, are implemented in
MATLAB 9.4 (R2018a) programming platform developed
by MathWorks in a Windows 10, 64-bit operating system.
Moreover, the correlation analysis and the PACF analysi; are
executed in Python 3.6.9 programming language. Further-
more, the development of all MLMs is also carried out in
Python 3.6.9, by utilizing modules including Google Tensor-
flow 1.10.0 [65], Keras 2.1.2 [66], Pandas 0.24.0 [67], Scikit-
learn 0.21.3 [68], Numpy 1.15.4 [69], Matplotlib 3.1.2 [70]
and Seaborn 0.9.0 [71]. The Python programming language
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WSG WD AP

is implemented in the Community Edition 2019.2.3 of the
PyCharm integrated development environment developed by
JetBrains.

The correlation analysis is executed as shown in Fig. 2, to
select inputs with a significant correlation with the observed
GHI data. The variables having correlation values greater
than 0.2 are usually considered significant [27], [72]. Only
the three variables, including AT, RH, and WSG, show a
significant correlation with the GHI. AT and RH variables
show a positive correlation, whereas the WSG variable shows
a negative correlation with the GHI variable. The correlation
values of WS, WD, and AP are not significan; therefore, these
are discarded in the further forecasting analysis.

Fig. 3 demonstrates the relationships between two vari-
ables and the distribution of individual variables through a
pairplot for AT, RH, WSG, and GHI. The portion of the plot
on the upper and lower sides of the diagonal depicts the rela-
tionship between the two variables. Furthermore, the diagonal
histograms show the distribution of the individual variable.
For example, the right-most plot in the first row highlights
the plot of GHI versus WSG.

C. THE HYBRID FORECASTING MODEL

The framework of the proposed ISVR model is explained
in Fig. 4. Moreover, the systematic sequence of the main
steps involved in establishing the ISVR model is summarized
below:
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FIGURE 3. Pairplot to illustrate the relationship and the distribution of data.

Step 1: The correlation analysis is performed to select vari-
ables from the available data having a significant correlation
with the GHI variable.

Step 2: ICEEMDAN is employed to decompose the
selected time series of Step 1 into respective modes.

Step 3: SE is applied to determine the mode with the
highest entropy value.

Step 4: The secondary decomposition of the modes with
the highest value of SE is carried out through VMD.

Step 5: The extraction of input variables for the develop-
ment of hybrid models is carried out by applying the PACF
analysis to the decomposed components obtained through
Step 2 and Step 4. Whereas; PACF analysis is deployed to
the variables obtained in Step 1 for the establishment of the
standalone models.

Step 6: The selected inputs of Step 5 are applied to
the ML models to construct the forecasting framework. The
reconstruction of the forecasted results accomplishes the
forecasting task.

VOLUME 9, 2021

Step 7: The performance of the ISVG model is ana-
lyzed and compared with the benchmark models to draw the
conclusions.

IV. FORECASTING MODELS DEVELOPMENT

A. DECOMPOSITION BY ICEEMDAN

To forecast the one-step-ahead GHI, the time series of AT,
WSG, and RH, are decomposed by ICEEMDAN into ten
modes (TIF1-TIF9, R), eleven modes (WIF1-WIF10, R),
and eleven modes (HIF1-HIF10, R), respectively, as shown
in Fig. 5. The decomposition process proceeds by considering
the value of noise amplitude as 0.2, the number of realizations
as 100, and the same SNR for all decomposition modes. The
detailed parameters setting of the ICEEMDAN process is
available in [48]. The ICEEMDAN processing is employed
to lessen the non-linear and non-stationary features of AT,
WSG, and RH time series by decomposition it into several
modes. The modes generated by ICEEMDAN processing;
are arranged in a sequence, with an increasing wavelength

37341



IEEE Access

M. Sibtain et al.: Multistage Hybrid Model ICEEMDAN-SE-VMD-RDPG for a Multivariate Solar Irradiance Forecasting

PACF analysis J«——

v

[

RDPG |

v

[ GHI Forecasting ]

[ Forecasted output ]

FIGURE 4. The ISVR model main steps flowchart.

and a decreasing frequency. Consequently, TIF1, WIF1, and
HIF1 modal components have evidenced the highest fre-
quency with the lowest wavelength; whereas, the R (residual)
components have revealed the highest wavelength with the
lowest frequency.

B. SAMPLE ENTROPY CALCULATION

The SE values for each mode obtained through ICEEMDAN
for AT, WSG, and RH time series, are calculated by determin-
ing the model with the highest value of SE. The highest values
of SE are revealed by TIF1, WIF2, and HIF1 modes, for the
AT, WSG, and RH time series, respectively, as demonstrated
by Table 1. For SE calculation, the value of the number
of dimensions (m) is taken as 2, whereas the conditional
threshold () is 0.2 times the standard deviation of the data
series under consideration.

C. DECOMPOSITION BY VMD

The secondary decomposition of the modes with the high-
est values of SE is carried by employing VMD. As illus-
trated in Fig. 6, four modes (TVF1-TVF4), six modes
(WVF1-WVF6), and four modes (HVF1-HVF4) are

37342

obtained, by the decomposition of TIF1, WIF2, and
HIF1 components, respectively, after employing the VMD
technique. Unlike ICEEMDAN and the other EMD based
decomposition techniques, the VMD offers an adaptive
decomposition of the signal without the generation of residual
modes. The secondary decomposition of the components
with the highest SE value by VMD further resolves the low-
frequency patterns for more accurate forecasting results. The
parameters setting for VMD include bandwidth constraint
value of 1000 and a shutoff Lagrangian multiplie (zr = 0) r.
The number of modes (K) for TIF1, WIF2, HIF1 is 4, 6,
4, respectively, as determined through the center frequency
method. The process involves no DC part imposed, uniform
initialization of center frequencies, and the tolerance level
(¢) of 1IE~7. Reference [49] provides a detailed description
of theparameters setting for the VMD process.

D. PACF ANALYSIS AND DATA SELECTION

Feature extraction for setting up the standalone, and the
hybrid models, are based on the PACF analysis. The deter-
mination of the input matrix is necessary before sending

VOLUME 9, 2021
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FIGURE 5. The decompositions of the three-time series by ICEEMDAN. (a) Air temperature (AT), (b) Wind speed of gust (WSG), (c) Relative
humidity (RH).
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FIGURE 6. The secondary decompositions of the modes with the highest sample entropy by VMD. (a) Air temperature (TIF1), (b) Wind
speed of gust (WIF2), (c) Relative humidity (HIF1).

data into the developed models since the excellence of fore- significant and appropriate variables for forecasting models.
casting results is dependent on the input variables. PACF The same scheme of input selection is deployed, for all
analysis is applied to the decomposed components, obtained the developed models, to guarantee a valid and rational
through ICEEMDAN and the secondary decomposition by assessment. For brevity, only the results of PACF analy-
VMD, to calculate the PACF values for the selection of sis for the establishment of the ISVR model are shown
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TABLE 1. Sample entropy calculation for the AT, WSG, and RH time series.

Variable

Mode AT RH WSG
Model 1.8289 0.9383 2.0228
Mode2 1.4719 0.5870 2.3068
Mode3 1.0055 0.3612 1.7987
Mode4 0.4235 0.1329 0.9573
Mode5 0.0403 0.0057 0.2736
Mode6 0.0400 0.0176 0.0815
Mode7 0.0130 0.0127 0.0785
Mode8 0.0074 0.0020 0.0323
Mode9 0.0021 0.0014 0.0163
Residual/Model0 0.0001 0.0013 0.0124
Residual - 0.0001 0.0005

here in Fig. 7 (A), (B), (C). The components having signif-
icant values of correlation, with the original decomposed
modal component, are selected as one set of inputs to
the MLMs.

For the ISVR model, forty-six components have shown
the PACF values greater than 0.2, which are selected as
inputs to the MLMs. The number of components selected
based on PACF analysis of the AT, WSG, and RH time
series decomposed modal components by VMD are twenty-
two for the VMD-RDPG model. Similarly, the PACF anal-
ysis of the decomposition of AT, WSG, and RH time series
by ICEEMDAN for ICEEMDAN-RDPG revealed thirty-five
components. In the case of standalone models, the PACF
analysis of the AT, WSG, and RH time series generated three
components. Two other variables including the GHI and the
sunshine at the current time step are also included as an input
to all the developed models. The sunshine variable is related
to the presence or absence of solar irradiance and directly
translates the state of the present framework. Solar irradiance
is based on the sunshine hours, which are directly dependent
on the sun. Therefore, we have considered the value of the
sunshine variable as one, when the solar irradiance will exist.
In the other situation, its value will correspond to zero. The
addition of the sunshine variable adds intelligence to the
forecasting model, and the lowest value (zero), as shown by
this expert variable, generally demonstrates a night, while
the peak value (one) typically reveals the center of a day
with full sunshine. In short, the input features for the ISVR
model are forty-eight, the VMD-RDPG and ICEEMDAN-
RDPG models have twenty-four and thirty-seven input fea-
tures, whereas the five input features are employed to develop
the RDPG, LSTM, XGB, GPR, and SVR standalone models.
The MinMaxScaler function of the Scikit-learn preprocessing
module; is utilized for the normalization of data by trans-
forming it between zero and one. Afterward, the transformed
data is divided such that 80% of the total data is utilized
for training, while the remaining 20% serves the purpose of
testing.
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E. MODELS CONSTRUCTION AND

PARAMETER SELECTION

The purpose of this study is to forecast one-step ahead
GHI based on a multivariate methodology by utilizing stan-
dalone, two-stage hybrid, and three-stage hybrid models.
The selection of hyperparameters is an important step in
the implementation of the MLMs. This study employs a
manual search method for the selection of hyperparam-
eters. For the SVR model, the selected hyperparameters
include regularization parameter = 10, epsilon = 0.001,
sigma = 2.5, and the radial basis function kernel, which is
also selected, for the GPR model. For XGB model, learning
rate = 101, min_child_weight = 1, max_depth = 15, col-
sample_bytree = 0.8, n_estimators = 200 are the selected
hyperparameters. The LSTM model is employed with the
following parameters: learning rate = 1073, optimizer =
Adam, hidden layer neurons = 64, batch size = 80. The state
vector contains five, thirty-seven, twenty-four, and forty-
eight features for ISVR, VMD-RDPG, ICEEMDAN-RDPG,
and RDPG models. The forecasted GHI data are utilized as
an action space. A reward function is included in the present
study to determine the accuracy of forecasting. A zero value
of the reward is obtained if the forecasted GHI is equal to
the observed GHI value. However, if the forecasted GHI is
different from the observed GHI, a negative reward would
be received. Both actor and critic network are structured as a
three layers architecture consisting of input, hidden, and the
output layers and Adam optimizer is employed for actor and
critic networks. The size of the input layer corresponds to the
number of input features selected for each of these models,
whereas the size of the output layer has a value of one. The
number of hidden neurons in each of actor and critic networks
is taken as 64, 150, 128, 200 for RDPG, ICEEMDAN-RDPG,
VMD-RDPG, and ISVR models, respectively.

V. RESULTS AND COMPARATIVE ANALYSIS

Table 2 presents the RMSE, MAE, sMAPE, NSE, and d;
results for the proposed model and the benchmark models
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FIGURE 7. (A). PACF analysis of the AT series decomposed components for the ISVR model. (B). PACF analysis of the WSG series decomposed components
for the ISVR model. (C). PACF analysis of the RH series decomposed components for the ISVR model.

has reduced the RMSE values by 18.401 W/m? forVMD-
RDPG, 13.908 W/m? for ICEEMDAN-RDPG, 33.223 W/m?
for RDPG, 53.111 W/m? for LSTM, 67.704 W/m? for

during the training and testing periods. ISVR model out-
performed all the comparison models with the lowest error
values. Compared to the benchmark models, the ISVR model
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FIGURE 7. (Continued.) (A). PACF analysis of the AT series decomposed components for the ISVR model. (B). PACF analysis of the WSG series decomposed
components for the ISVR model. (C). PACF analysis of the RH series decomposed components for the ISVR model.

XGB, 67.502 W/m? for GPR, 69.943 W/m? for SVR dur-
ing the training period. Similarly, the reduced values of
RMSE by the ISVR model compared to the other models

VOLUME 9, 2021

include 17.463 W/m? for VMD-RDPG, 17.485 W/m? for
ICEEMDAN-RDPG, 43.344 W/m? for RDPG, 45.829 W/m?
for LSTM, 69.935 W/m? for XGB, 61.660 W/m? for GPR,
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FIGURE 7. (Continued.) (A). PACF analysis of the AT series decomposed components for the ISVR model. (B). PACF analysis of the WSG series
decomposed components for the ISVR model. (C). PACF analysis of the RH series decomposed components for the ISVR model.

66.520 W/m? for SVR during the testing period.VMD- of the RDPG model is outstanding compared to the other
RDPG and ICEEMDAN-RDPG also showed lower error val- standalone models. LSTM model also shows better fore-
ues compared to the standalone models. The performance casting results than the XGB, GPR, and SVR models.
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FIGURE 7. (Continued.) (A). PACF analysis of the AT series decomposed components for the ISVR model. (B). PACF analysis of the WSG series decomposed
components for the ISVR model. (C). PACF analysis of the RH series decomposed components for the ISVR model.

The grander forecasting performance of the ISVR, VMD- GHI forecasting. The decomposition approaches extract
RDPG, and ICEEMDAN-RDPG models is attributed to the nearly all the possible features from the time series to enhance
viability of hybrid decomposition approaches and MLMs for the forecasting ability. Therefore, the models employing
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FIGURE 7. (Continued.) (A). PACF analysis of the AT series decomposed components for the ISVR model. (B). PACF analysis of the WSG series decomposed
components for the ISVR model. (C). PACF analysis of the RH series decomposed components for the ISVR model.

of the LSTM and LSTM based RDPG models compared
to the counterparts emphasize the practicability and robust-
ness of the DL and RL methodologies for GHI forecasting.

data-processing approaches result in significant reductions
of error compared to the standalone MLMs without imple-
menting decomposition techniques. The improved results
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FIGURE 7. (Continued.) (A). PACF analysis of the AT series decomposed components for the ISVR model. (B). PACF analysis of the WSG series decomposed
components for the ISVR model. (C). PACF analysis of the RH series decomposed components for the ISVR model.

The ISVR model effectively combines the benefits of
ICEEMDAN, VMD, DL, and RL approaches, which results
in its boosted performance over all the other developed
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models. The ICEEMDAN and VMD can efficiently investi-
gate and decompose the observed data series to alleviate the
non-stationary and non-linear features. Moreover, the strong

37351



IEEE Access

M. Sibtain et al.: Multistage Hybrid Model ICEEMDAN-SE-VMD-RDPG for a Multivariate Solar Irradiance Forecasting

1.04 ¢ ¢ 1.0 p
0.8
0.8 1
0.6
0.6 1 0.4 4
0.2 1
0.4 1
0.0
llllllllll&l&t&a
0.2 021
0.4
2 I EEEEEEEEEEIEIE IR I I 064
00 25 50 75 100 125 150 175 200 00 25 50 75 100 125 150 175 200
(g) HIF8 (h) HIF9
1.0 1 p 4 1.04 9
0.8 4 0.8 4
0.6 0.6 4
0.4 4 0.4 A
0.2 4 0.2 A
0.0 D I e 0o4+——-—s——2——oc oo 000G 0D T T 0500 D
OiD 2?5 5?0 7?5 l(}l.(] 12‘.5 ISI.O l7:.5 2[;.0 (l:(J 2[5 Sj(J 715 ][;A(l lZi.S ].5‘,(] 1 7’ 5 2(;.(]
(i) HIF10 (j) Residual
1004 ¢
1.00 1
0.75
0.75 1
0.50 -
0.50 -
0.25
. I 025 4
(3
0.00 = 2 o T 1 T T ¢
ll&J e 1l 0.00 l Jl‘l T ,l T
025 1
~0.25
050 1
~0.50
-0.75
-0.75
a o L
i - : . . . : : . . ~1.00 1 ¢
00 25 5.0 75 100 125 150 175 200 y . y y - ‘ T " "
00 25 50 75 100 125 150 175 200
(k) HVF1 (1) HVF2
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components for the ISVR model. (C). PACF analysis of the RH series decomposed components for the ISVR model.

decision-making capability of RL and the robust identifica-
tion capability of the DL results in robust and enhanced per-
formance of the ISVR. Thus, the ISVR model offers superior

application prospects for GHI forecasting.
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The mean and standard deviation of the RMSE and
MAE metrics values are calculated to better evaluate
the results. The square root transformation is applied to
the non-normal RMSE and MAE data for computation
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TABLE 2. Evaluation of the forecasting results using the developed models.

Training Testing
Model RMSE | MAE | sMAPE | NSE d, RMSE | MAE | sMAPE | NSE d;
(W/m?) | (Wim?) | (%) (W/m?) | (Wm?) | (%)

SVR 122.845 | 80.360 | 38.958 | 0.860 | 0.820 | 123.707 | 82.530 | 39.375 | 0.858 | 0.813
GPR 120.404 | 80.912 | 37.962 | 0.872 | 0.834 | 118.847 | 80.134 | 38.737 | 0.869 | 0.826
XGB 120.606 | 78.918 | 36.207 | 0.896 | 0.863 | 121.122 | 81.150 | 38.262 | 0.885 | 0.861
LSTM 106.013 | 72.412 | 31.654 | 0.924 | 0.885 | 103.016 | 71.846 | 32.967 | 0917 | 0.878
RDPG 86.125 | 60.841 | 29.213 | 0.938 | 0.890 | 100.531 | 68.843 | 29.457 | 0.933 | 0.883
ICEIEgI%AN' 66.810 | 38.982 | 26.414 | 0.957 | 0.930 | 74.672 | 46.361 | 26.757 | 0.948 | 0.921
VMD-RDPG 71.303 | 45.894 | 24.717 | 0.951 | 0917 | 74.650 | 53.731 | 25.117 | 0.949 | 0.908
ISVR 52.902 | 33.079 | 21.383 | 0.973 | 0.940 | 57.187 | 35.838 | 21.605 | 0.970 | 0.939

of the mean and standard deviation values. During the
training period, the mean values reported by the SVR,
GPR, XGB, LSTM, RDPG, ICEEMDAN-RDPG, VMD-
RDPG, and ISVR models are 17.604 W/m?, 16.279 W/m?,
17.023 W/m?, 14.824 W/m?, 13.974 W/m?, 10.320 W/m?,
11.541 W/m?, and 9.984 W/m?, respectively. Moreover,
the SVR, GPR, XGB, LSTM, RDPG, ICEEMDAN-RDPG,
VMD-RDPG, and ISVR models reveal standard devia-
tion values of 8.831 W/m?, 7.658 W/m?, 7.341 W/m?,
7.468 W/m?, 7.334 W/m?, 7.032 W/m?, 7.099 W/m?, and
5.713 W/m?, respectively during the training period. Accord-
ing to the results, the ISVR model shows the lowest mean
and standard deviation error values, which shows that most
of the values are clustered around the mean compared to all
the counterpart models. The SVR model shows the highest
error values of mean and the standard deviation compared
to all the other models indicating the highest variation in the
data with a wider spread of values. Similarly, the mean and
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the standard deviation results during the testing period also
show the lower error values for the hybrid models compared
to standalone models. The ISVR model exemplifies the low-
est mean and standard deviation error by displaying results
of 10.231 W/m? and 6.223 W/m?, respectively. The mean
error values for the other models including SVR, GPR, XGB,
LSTM, RDPG, ICEEMDAN-RDPG, and VMD-RDPG are
18.595 W/m?, 18.047 W/m?2, 18.324 W/m?, 15.853 W/m?,
14.283 W/m?, 12.514 W/m?, and 12.981 W/m?, respectively.
Furthermore, the standard deviation error values for the SVR,
GPR, XGB, LSTM, RDPG, ICEEMDAN-RDPG, and VMD-
RDPG models are 9.570 W/m?, 9.522 W/m?, 9.274 W/m?,
9.013 W/m?, 8.453 W/m?, 7.583 W/m?, and 7.817 W/m?,
respectively.

The computational time of the SVR, GPR, XGB,
LSTM, RDPG, ICEEMDAN-RDPG, VMD-RDPG, and
ISVR models, is recorded as 0.370s, 0.092s, 0.452s, 79.901s,
215.101s, 1437.294s, 975.918s, and 1786.445s, respectively.
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Among the standalone models, the LSTM and the LSTM
based RDPG models are more computationally expensive
compared to the other standalone models, which require very
little execution time. The slower runtime performance of the
RDPG model is due to the intricate training process of DL
and RL involved in the RDPG model. Moreover, the runtimes
of the hybrid models reveal larger values compared to all the
standalone models, representing that these models are slower
than the standalone models. The longer execution times of the
hybrid models indicate that with the increase in the size of the
dataset, the execution time of models also increases, making
these models slower. Therefore, the ISVR model, with the
largest size of the dataset, is the slowest compared to all the
other developed models. On the other hand, the runtime gap
between the ISVR model and the counterparts is decreasing,
which also affirms the feasibility of the ISVR model for GHI
forecasting.

The computational burden of the ISVR model mainly
depends on the two factors. One includes the DRL based
RDPG algorithm used in the ISVR model, involving both
the DL and RL algorithms. The second comprises the large
number of selected features used as an input to the RDPG
algorithm in the ISVR model. The ISVR model utilizes
more features compared to the other hybrid and standalone
models. In the total computational time of 1786.445s by
the ISVR model, the RDPG algorithm is the most com-
putationally expensive and consumes 1694.030s. However,
all the remaining steps of the ISVR model, including the
correlation analysis, time series decomposition, and entropy
calculation, takes only 92.415s. Therefore, it is evident that
different steps contribute a little to the overall computational
time of the ISVR model. This fact justifies the integration
of ICEEMDAN, SE, PACF, VMD, and RDPG, to develop
the ISVR model. Since the present study considers real case
historical data, the performance of the model is expected
to enhance in the real-time applications. More effective and
relevant features can be extracted from the environment in
real-time situations, which results in better training and the
enhanced performance of the ISVR model. It may also lead
to a decrease in computational time. For this reason, the DRL
based hybrid models are also becoming popular in real-time
environments with the advancements in artificial intelligence
and increasing computational performance of the hardware
system. Based on the above discussion, it can be inferred that
the ISVR model can be applied to both online and offline
forecasting of similar applications.

Contrary to the utilizations of DRL for control applica-
tions such as robotic, the implementation of DRL algorithms
in forecasting mainly involves strategic decisions. In other
words, the immediate implementation of forecasting deci-
sions is not always mandatory. Therefore, the forecasting
applications require accuracy, and computational delays are
usually acceptable. Furthermore, the implementation of the
RDPG model for different applications, which require a more
rapid and accurate response compared to the forecasting,
verifies the suitability of the RDPG. Consequently, the RDPG
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was applied to control traffic lights in transportation [73],
learn adaptive behavior in driving [74], perform adaptive
trading for different markets [75], and to reduce errors of
robot positions and joint torques [42]. These applications
of the RDPG algorithm signify that the RDPG based ISVR
model is feasible for both offline and real-time applications
in any type of complex environment.

The forecasting curves of all the established models are
displayed in Fig. 8, which further demonstrates the forecast-
ing performance.The red dotted line shows the observed GHI
values, whereas other lines with different colors show the
forecasted values by the proposed and the other counterpart
models. The higher GHI values in Fig. 8 show the daytime
when sunlight exists, while the lower values represent the
night interval when sunlight is not available. The GHI val-
ues are decreasing as the time changes from day to night
when sunlight is not available to reach its lowest values
of zero somewhere in the middle of the night. Afterward,
the GHI values are increasing from night to the middle
of the day to experience their maximum values. In other
words, it is apparent from Fig. 8 that the GHI pattern is
following a typical real world day and night cycle. Therefore,
the present study considers actual data for GHI forecasting,
which demonstrates one of the advantages of this study.
Fig. 8 (a), (c) shows the lower and zero values of GHI to
illustrate a night; whereas, Fig. 8 (b) and (d) shows the peak
GHI values for the mentioned periods to demonstrate a day-
time. Consequently, in Fig. 8 (a), the time from 21:30 hours
on 1/4/2016 to 03:50 hours on 2/4/2016 shows zero GHI
values during the training period representing a night interval.
Similarly, Fig. 8 (b) shows the peak GHI value of 960 W/m?
at 12:40 hours on 1/7/2016, representing the daytime of a
typical summer season. It is evident that the forecasted GHI
curve of the ISVR is nearly similar to the observed GHI
curve. The forecasting curves of the standalone models are
quite different from the observed GHI curve. The SVR and
GPR models are showing the least performance since their
curves only roughly follow the observed GHI trend. Whereas,
the hybrid models embedding decomposition techniques with
the DRL approach outperform all the individual models,
constructed without employing the signal decomposition pro-
cessing. ISVR model is the most suitable model, and its curve
reflects the observed GHI trend comparatively superior to
the other established models. The ICEEMDAN-RDPG and
VMD-RDPG models have also revealed better fitting curves
at each point than the standalone models.

As a further investigation of the forecasting performance,
Fig. 9 (A), (B) exhibits the scatter plots of all the constructed
models during the training and testing periods. The ISVR
model reveals the most uniformly distributed scatter points
around the regression line compared to all the other mod-
els. Furthermore, the scatter points are almost nearest to the
1:1 line, which validates the applicability of the ISVR model
compared to the other hybrid and standalone models. The
scatter plots of the ICEEMDAN-RDPG and VMD-RDPG
models also testify to their outclass performance over the
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FIGURE 8. Comparison of the forecasting curves of the developed

standalone models by presenting a more homogenous scat-
tering pattern around the regression line. In the case of stan-
dalone models, the scatter plots of the LSTM and LSTM
based RDPG model are more concentrated around the 1:1 line
compared to the XGB, GPR, and SVR models, which have
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line.

models with the observed GHI.

reflected a widespread scatter points around the regression

Fig. 10 (a), (b) evaluates the performance of different
models by expressing the distribution of data in comparison
with the observed dataset through violin plots. The violin
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FIGURE 9. (A). Scatter plots of the developed models during the training period. (B). Scatter plots of the developed

models during the testing period.
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FIGURE 9. (Continued.) (A). Scatter plots of the developed models during the training period. (B). Scatter plots of the

developed models during the testing period.
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FIGURE 10. Violin plots to show the comparison of the developed models in forecasting GHI. (a) The training period, (b) The testing
period.

plots of the hybrid models yield more similar data distri- the MLMs for GHI forecasting. During the testing period,
bution with the observed dataset. Moreover, the boxplot the mean values of forecasted GHI shown by SVR, GPR,
quartiles of the hybrid models have shown a nearly matched XGB, LSTM, RDPG, ICEEMDAN-RDPG, VMD-RDPG,
spread of forecasted data with the observed data compared and ISVR are 309.010 W/m?2, 251.952 W/m?, 254.785 W/m?,
to the standalone MLMs. The location of the median is 245.167 W/m?, 253.997 W/m?, 260.171 W/m?,
right-skewed for all the developed models, which resem- 278.107 W/m?, and 255.105 W/m?, respectively, against
bles the observed data and signifies the applicability of the observed GHI mean value of 255775 W/m?.
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Furthermore, corresponding to the median value of
10.750 W/m? for the observed GHI data, the SVR,
GPR, XGB, LSTM, RDPG, ICEEMDAN-RDPG, VMD-
RDPG, and ISVR models have depicted the median val-
ues of 144313 W/m?, 97.965 W/m?, 97.558 W/m?,
56.310 W/m?, 60.677 W/m?, 83.576 W/m?, 86.854 W/m?,
and 54.912 W/m?, respectively. The values of lower and
upper quartiles and the interquartile ranges portrayed by the
hybrid models are close to the observed data compared to the
standalone models. Similar to the testing period, the boxplot
and the probability density of the observed data during the
training period are in close agreement with the hybrid models
in contrast to the individual MLMs. The hybrid models
are more feasible to capture the non-stationary and non-
linear dynamics of observed data compared to the standalone
MLMs. Although the standalone MLMs could perform the
task of forecasting, they are less accurate and effectual than
the hybrid models.

Fig. 11 (a), (b) illustrates the comparison of RMSE dis-
tribution for all models. The RDPG based models evidence
the lower values of error compared to the standalone SVR,
GPR, XGB, and LSTM models. Among the hybrid mod-
els, the error values of the ISVR model are comparatively
lower than the ICEEMDAN-RDPG and VMD-RDPG hybrid
models. The error values of the IVSR model are mostly
confined, in the lower region, compared to the benchmark
models. Among the standalone models, the LSTM and the
LSTM based RDPG model revealed the smallest values of
error points compared to the SVR, GPR, and XGB standalone
models. This fact enlightens the superiority and the applica-
bilit; of the DL and RL approaches for GHI forecasting. The
error distribution results again show the advantages of DRL
and decomposition approaches in enhancing the performance
of the MLMs for forecasting purposes. The overall ranking
of the developed models considering the displayed results
in ascending order is SVR, GPR, XGB, LSTM, RDPG,
ICEEMDAN-RDPG, VMD-RDPG, and ISVR.

In short, the integration of ICEEMDAN and VMD pro-
cessing techniques with the LSTM based DRL approach can
boost the precision of the hybrid GHI forecasting models. The
present study applies the ISVR model to forecast GHI based
on multivariate time series data. In reality, the ISVR model
is feasible to perform a forecast of any types of time series
problems, such as wind power, electrical load, Co, emissions,
and drought.

Regardless of the superior forecasting results shown
by the developed models, this study reveals some limita-
tions and challenges, which may be addressed in future
studies.

Firstly, the accurate forecasting of GHI is a challeng-
ing task due to the stochastic and non-stationary nature of
solar irradiance and the associated variables. This fact limits
the capability of our proposed model to forecast GHI with
100% accuracy despite the availability of reliable data. This
uncertain condition requires the exploration of novel solar
irradiance forecasting techniques to ameliorate the capability
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of our proposed model and to cope with the challenge of
environmental uncertainty in a more efficient way.

Secondly, the present study has applied the RL by consid-
ering a straightforward situation, i.e., the historical multivari-
ate meteorological data forecast the historical GHI, without
consideration of other RERs or connection with the power
grid. The design and implementation of DRL methodologies
for forecasting and control of RERs on a broad scale is
a complex process. Moreover, managing ADNs involving
numerous RERs in a time-varying condition is a challenging
task [76]. Hence, to extend the present forecasting frame-
work for ADNSs, online ADN’s optimization and management
techniques are necessary. The computationally affordable
online convex optimization [76]; can be applied for eco-
nomic dispatch of transmission system [77], as a feedback
controller for RERs [78], and to coordinate microgrids and
RERs [79]. Robust and incentive-based coordination of RER;
can be achieved by applying the Lyapunov optimization-
based online distributed approach [76]. The reliability and
the flexibility of the power system can be augmented by
an energy storage system with the provision of auxiliary
services, including energy arbitrage, frequency and voltage
regulation, black start support, and reverse power [80]. The
above implementations demonstrate the viability of online
approaches for flexible integration and management of RERs,
energy storage system, and secondary services offered by
these systems. Therefore, the proposed forecasting model
can be extended, in the future, to check its applicability for
ADNSs, which are paramount to seamlessly integrate RERs
and energy storage system for a reliable operation and plan-
ning of the power system.

Thirdly, the increasing numbers of worse cyberattacks are
jeopardizing the security and functional reliability of power
systems [81]. Since the present study only forecast GHI with-
out integration with the grid or distribution system, therefore,
the GHI forecasting model has not employed the cyberattack
parameter and its consequences. However, the consideration
of cyberattacks is necessary, especially in the case of RER
integration with the grid. Even for the present study, being
conducted on a small scale, the cyberattacks still can affect
the data extraction system associated with the measuring
instruments. The aurora vulnerability and the attack on the
power grid of Ukraine provide examples of a cyberattack
on the power system. A malicious actor can inadvertently
reprogram the network-enabled and reconfigurable devices
by acting remotely, resulting in the physical destruction of
the infrastructure and equipment. Therefore, the detection of
cyberattacks is necessary to protect the equipment damage
and for a secure and reliable operation of the industrial control
system [82]. The susceptance and the reactance of transmis-
sion lines can be actively changed for hiding parameters in
the moving-target-defense approach to prevent and mitigate
cyberattacks. The moving-target-defense approach circum-
vented cyberattacks by hiding the line susceptance of trans-
mission lines [83], self and mutual reactance of transmission
lines [84], and the branch reactance of the alternating current
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FIGURE 11. Comparison of RMSE distribution for all the developed models. (a) The training period, (b) The testing period.

network [85]. The frequency control of the power system was
also studied by considering the load altering type of cyberat-
tacks, and the corresponding RL based defense approaches
improved the performance of frequency control [86]. The
vulnerability of cyberattacks for power systems also demands

37360

to consider and forecast cyberattacks and their consequences
in the establishment of secure power systems and smart grids
of the future.

Fourthly, the present study considers GHI forecasting by
considering meteorological data with a resolution in minutes.
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However, the other time scales, such as hourly, daily, weekly,
and monthly, can be employed to compare the performance
of the proposed model with different time steps.

Lastly, despite the viability of decomposition-based data
pre-processing approaches in embedded configuration with
forecasting models, the generation of a large number of
modes adds to the complexity of the forecasting models.
Furthermore, the DRL models are computationally expensiv;
compared to the other MLMs. These limitations necessitate
the development of novel methods to deal with the situation,
which can help in reducing the computational burden of the
forecasting models.

VI. CONCLUSION

Solar irradiance can play a significant role to fulfill the
global demand for energy with prospects of renewable,
clean, and accessible solar energy source. Hence, this study
attempts to forecast GHI by developing the ISVR mode.
The ICEEMDAN-SE-VMD-RDPG model is constructed by
integrating ICEEMDAN, SE, VMD, and RDPG. Firstly,
the correlation between multivariate meteorological data is
determined by the Pearson correlation coefficient to reduce
the redundant data. ICEEMDAN is applied subsequently to
decompose the data into different modes to lessen the non-
stationarity. Afterward, VMD is adopted to execute the sec-
ondary decomposition of the ICEEMDAN modal component
with the highest value of SE. PACF analysis of the obtained
modes is performed subsequently for feature extraction and
input selection for the DRL models. Finally, the LSTM based
RDPG is employed to complete the GHI forecasting process.
Two-hybrid models ICEEMDAN-RDPG and VMD-RDPG),
and five standalone models (RDPG, LSTM, XGB, GPR, and
SVR), are developed to provide a comparative analysis with
the ISVR model. The experimental results reveal that

1) Pearson correlation coefficient can be effectively
applied to remove the redundant data.

2) The standalone RDPG model has a higher forecasting
accuracy than the standalone LSTM, XGB, GPR, and
SVR models, which testifies the superiority and the
applicability of the LSTM based DRL model over the
other developed MLMs.

3) Two-stage hybrid models, including ICEEMDAN-
RDPG and VMD-RDPG, involving a single decompo-
sition stage (ICEEMDAN and VMD), are superior in
performance to the standalone models. The decomposi-
tion approaches result in the improvement of the hybrid
models over the standalone models.

4) SE can be employed to determine the signal complexity.
Moreover, PACF analysis is viable to extract features of
the time series.

5) A secondary decomposition stage enhances the forecast-
ing ability of the hybrid models with a single decompo-
sition stage. Therefore, the integration of ICEEMDAN
and VMD techniques has resulted in the supe-
rior performance of the ICEEMDAN-SE-VMD-RDPG
model.
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In a nutshell, the proposed model can be appropriately
applied to solar irradiance forecasting. Accurate GHI fore-
casting is vital in identifying the future possibilities of solar
energy, effective resource utilization, and reliable planning.
The present study considers the data of Pakistan for fore-
casting purpose. In reality, owing to the flexibility and
advantages of the DDMs over the process driven models,
the proposed hybrid model based on the data driven approach
is also equally applicable to the other parts of the world.
This method can be applied in any location where rel-
evant meteorological parameters are measured. Moreover,
the proposed model is also suitable for the forecasting of
other time series problems; thereby, delivering wide-range
application prospects. Some examples include forecasting of
load demand, the complementarity of RERs, environment
monitoring, natural disasters, and epidemics, thus offering
benefits for better utilization of resources, effective planning
and improved decision-making, development of early warn-
ing systems, and enhanced coordination and control. Future
research will develop new forecasting models by consider-
ing the strengths, limitations, and prospects of the proposed
model for a secure, flexible, and economic integration and
management of RERs into the power system.
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