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Solar photovoltaic (PV) has accounted for the highest percentage of power generation capacity among other renewables. However,
solar PV power generation is highly variable because of different factors; therefore, accurate forecasting is critical for reliable
integration into the power system. This paper proposes a multiphase solar PV prediction model that includes grouping, clustering,
linking, classifying, and predicting using historical solar PV power and weather data. Seasonal variation is considered in the
grouping phase, followed by hybrid hierarchical k-means clustering to enhance data division in the clustering phase. A hybrid gray
relational analysis-Pearson correlation coefficient identifies significant weather factors impacting solar PV power in the linking
phase. The classification phase employs a support vector machine to establish the relationship between the clusters and the relevant
weather factors. Lastly, a neural network (NN) is trained to predict solar PV power. The solar PV power profiles are presented to
show the variability in season and time. The simulation results of the proposed model showed relatively accurate forecasting
results, including MAE of 0.408 MW, MSE of 460.51 MW, RMSE of 0.679 MW, nRMSE of 4.345%, and MRE of 2.266%. These
results represent that the uncertainties of the proposed model are 6 and 12 times lower than those of the conventional methods (i.e.,
conventional NN and ARMAX). These results assure that the proposed model can provide more accurate solar PV power profiles
for reliable power system integration.

1. Introduction

According to the Renewables 2022 Global Status Report [1],
there are already 3,146 GW of installed renewable power
capacity as of 2021. In that year alone, 315 GW of new capac-
ity was added, predominantly in solar photovoltaic (PV) and
wind power, due to their cost-effectiveness and government
support [1]. In addition, the levelized costs of solar PV and
onshore wind power have become more economical than fossil
fuels on average [1]. Half of the added capacities, amounting
to 175 GW, were from solar PV, reaching a cumulative total
capacity of 942 GW by the end of 2021 [1].

The increasing number of solar PV systems installed has
raised concerns regarding their integration into power sys-
tems, leading to several issues related to power quality, system

stability, and reliability [2, 3, 4, 5, 6, 7]. Comprehensive reviews
in studies [3, 4, 5] highlight various power quality challenges
associated with integrating solar PV systems into the utility
grid. As solar PV penetration increases, these challenges are
expected to escalate [3, 4, 5]. Another study [6] developed a
framework assessing the impact of high solar PV penetration
on grid voltage stability, considering the stochastic nature of
solar PV power generation and load demand using Monte
Carlo simulation. Additionally, studies [7] analyze grid-connected
solar PV systems’ reliability, availability, and maintainability
to estimate the best probability density function for the sys-
tem’s failure rate. Moreover, solar PV system has also been
increasing in the grid and microgrid to replace conventional
synchronous generators. In study [8], a grid-connected inverter
for PV-powered electric vehicle charging stations.
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As highlighted in previous studies, integrating solar PV
systems into the grid presents various challenges, primarily
due to their intermittent nature, which depends on irradi-
ance, temperature, and atmospheric conditions. The highly
variable generation of solar PV power, influenced by solar
irradiance and meteorological factors, can impact the power
system network’s balance between supply and demand. Enhanc-
ing the operation and integration of solar PV power systems
requires accurate prediction, which is crucial for power system
engineers to assess shortages or excesses in solar PV power
generation. Reliable prediction results play a significant role in
energy management systems. Consequently, different predic-
tion models have been developed to forecast solar PV power
and address these challenges.

Solar PV forecasting techniques have three main catego-
ries: physical, statistical, and hybrid approaches [9, 10, 11, 12].
The physical approach relies on a theoretical simulation model
based on design and physical weather parameters, eliminating
the need for historical data [9, 10, 11]. In contrast, the statisti-
cal approach includes data-driven models utilizing historical
time series and real-time generated data [9, 11, 12]. Statistical
methods include time series-based forecasting, such as expo-
nential smoothing, autoregressive moving average model, and
machine learning forecasting, such as artificial neural network
(NN) and deep learning [12, 13, 14]. The hybrid approach
combines two approaches, either physical or statistical, or
two or more statistical methods [9, 10, 11, 12, 13, 14]. With
the limitations of the individual techniques discussed above,
hybrid methods were presented to enhance the strengths and
improve the forecasting performance of the techniques. Recent
studies have mainly focused on developing hybrid strategies
to improve the accuracy and implementation of the predic-
tion model.

L.1. Literature Review on Solar PV Prediction Models. Recent
studies have developed different hybrid methods for forecast-
ing solar PV to enhance the performance of individual meth-
ods [15, 16, 17, 18, 19, 20, 21, 22]. A detailed comparison of
the previous studies on solar PV prediction models is listed in
Table 1. Many of these hybrid models employ combinations
of various statistical methods, particularly machine learning
technologies [15, 16, 17, 18]. Several studies [15, 16, 17, 18] inte-
grate the long short-term memory (LSTM) network with other
methods. LSTM, a recurrent neural network (RNN), improves
the performance of the traditional RNN model by overcoming
the gradient vanishing problem [15, 16, 17, 18, 19, 20]. For
instance, the LSTM was combined with wavelet packet decom-
position (WPD) to decompose the original PV power series and
weather variables (global horizontal radiation (GHR), diftuse hor-
izontal radiation (DHR), ambient temperature (AT), wind speed
(WS), and relative humidity (RH)) as inputs to develop the LSTM
network in a study [15]. In this study [15], the WPD was applied
to decompose the original PV power time series into four sub-
layers, which are the inputs in the LSTM networks to produce
forecasting results from each LSTM network which are inte-
grated based on linear weighting method to obtain improved
forecasting results.
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Conversely, other studies [16, 17, 18] combined the LSTM
with a convolutional neural network (CNN), a deep learning
algorithm used as a hierarchical feature extractor with layer
architecture. In a different study [16], by analyzing historical
patterns, CNN was utilized to classify daily weather as sunny
or cloudy. At the same time, LSTM was split into models
trained separately to extract long-term dependent features
from the raw data to predict solar PV power generation
according to the weather condition type. Another study [17]
developed a prediction model that combines LSTM with sto-
chastic differential equations to consider the randomness of
solar PV power in different seasons and simultaneously extract
the potential laws of historical data. This study [17] used a
wavelength analysis and automatic encoder to decompose
data and extract its essential features. This hybrid prediction
model [17] provided a root mean square error (RMSE) of
4.4647, lower than the presented individual prediction mod-
els. In another study [18], a short-term forecasting approach
based on bidirectional LSTM-CNN (BiLSTM-CNN) was pro-
posed to develop a prediction of regional PV power plants
using a representative power plant. A k-means algorithm was
used to divide power plants with similar generation charac-
teristics, and then a representative power plant in each subre-
gion was selected based on correlation coefficients [18]. Using
the representative plant’s historical operation and meteoro-
logical data, the prediction model was developed based on the
BiLSTM-CNN method [18].

Alternatively, studies [19, 20, 21, 22] integrated multiple
methods to formulate the solar PV prediction model. The
study [19] involved data processing for extracting daytime
data, data augmenting through time-series generative adver-
sarial networks, clustering based on k-medoids considering
various weather conditions, and predicting solar PV power
using CNN-gated recurrent units. The PV power data aug-
mentation method based on TimeGAN was considered to
get the expanded PV power data [19]. The soft-DTW and k-
medoids clustering was developed to classify PV power under
different weather conditions [19]. Finally, a hybrid NN model
was developed to integrate CNN and GRU into a unified
framework for accurate PV power forecasting [19]. Another
study [20] developed a prediction model combining the Pear-
son correlation coefficient (PCC), ensemble empirical modal
decomposition (EEMD), sample entropy (SE), sparrow search
algorithm (SSA), and LSTM. In this study [20], PCC screened
meteorological factors: EEMD decomposed temperature, global
horizontal irradiance (GHI), and PV power; calculated the SE
values of the components and reconstructed them according to
the SE values to reduce the computational cost of the prediction
model; and SSA algorithm optimizes the structural parameters
of the LSTM to minimize the error of the prediction model.

Recent studies [21, 22] developed an ensemble prediction
model that combines clustering, classification, and regression
to improve the accuracy of solar PV prediction. A recent
study [21] incorporated k-means clustering, random forest
(RF) models, regression-based methods with LASSO, and
ridge regularizations. This approach utilized k-means clus-
tering to divide the historical daily average PV power and
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hourly weather information into clusters [21]. Each cluster
was then trained using RF models and regression-based
methods, including linear regression, support vector regres-
sion (SVR), LASSO, and ridge regularization, to select the
optimal set of weights to combine with the result of RF
models [21]. Similarly, another recent study [22] also devel-
oped a prediction model based on k-means clustering, gray
relational analysis (GRA), and SVR. This approach utilized
k-means clustering to cluster the historical PV power data of
the four seasons [22]. The historical data for four seasons was
clustered using k-means, and GRA was used to assess corre-
lations within the formed clusters; the SVR was then trained
to create the final prediction model [22].

1.2. Research Gaps and Contributions. The hybrid solar PV
prediction models discussed above have provided accurate
and promising forecasting results. However, continuous research
and improvements are necessary to address specific issues.
Recent studies focused on enhancing the performance of fore-
casting methods by combining various approaches. Studies
[15, 16, 17, 20, 21, 22, 23] used historical solar PV power
and weather data to formulate the prediction model. How-
ever, some of these studies [16, 20] do not consider the sea-
sonal effect of these variables, which could impact the accuracy
of the prediction model. Addressing these aspects in future
research could further improve solar PV prediction models.
Hence, this paper considers the seasonal effect of predicting
solar PV power, contributing to a more accurate forecasting
result.

In addition to the seasonal trend of solar PV power, the
variations and patterns of solar PV power data were also
considered in several studies [19, 21, 22, 23]. In studies
[21, 22], a k-means clustering algorithm was used to divide
historical solar PV power and weather data into clusters
based on similarities measured by Euclidean distance. Another
study [19] employed k-medoids for clustering solar PV power
based on the characteristics of weather conditions. Unlike k-
means, k-medoids rely on medoids calculated by minimizing
the absolute distance between the points and the selected cen-
troid, as opposed to minimizing the square distance [24].
While k-medoids reduced the drawbacks of k-means, the effec-
tiveness of both algorithms is directly influenced by the chosen
centroids. In contrast, study [23] used hierarchical clustering
to group solar irradiance data in a multilevel hierarchy for
forecasting solar PV power. Moreover, the hybrid hierarchical
k-means clustering method was developed to avoid random
centroid selection [25, 26]. Thus, the use of hybrid hierarchical
k-means clustering contributes to the improvement of solar
PV prediction.

Several studies [15, 16, 17, 20, 21, 22, 23] have already
considered weather data in predicting solar PV power, rec-
ognizing the significant influence of these variables on solar
PV power generation. Similarly, previous studies [27, 28, 29]
also considered the effects of dynamic environmental condi-
tions in providing a good model for the lifetime prediction
of PV modules. These studies present that evaluating the
impact of weather data in solar PV prediction will further
improve the accuracy of the prediction model. In studies
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[17, 20, 21, 22], the PCC was used to select the weather
data correlating with solar PV power. Meanwhile, GRA
was employed to measure the degree of correlation of factors
to the reference variable for similar days in the prediction
model formulation in a study [22]. In study [23], GRA was
used to determine the influential factors affecting the solar
irradiance to be used in forecasting solar PV power. GRA
reflects the degree of correlation of each element to a refer-
ence, while PCC analyzes the correlation between each factor
and the reference value. Combining GRA and PCC allows
the identification of the most relevant factors influencing the
reference value [30]. Thus, a hybrid gray relational analysis-
Pearson correlation coefficient (GRA-PCC) approach has the
potential to enhance the accuracy of the solar PV power
prediction model.

This study proposes a hybrid approach to the solar PV
power prediction model, incorporating various phases to
enhance the accuracy and performance of the prediction
model used in previous studies. This paper considers histori-
cal solar PV power data and weather data in formulating the
proposed prediction model. Five phases are considered:
grouping, clustering, linking, classifying, and predicting. In
the grouping phase, the solar PV power and weather data are
grouped according to season to consider the seasonal varia-
tion. A hybrid hierarchical k-means clustering is proposed to
enhance data division of the grouped solar PV power and
weather data in the clustering phase. In addition, a hybrid
GRA-PCC is used to identify significant weather factors
impacting solar PV power in the linking phase. The classifi-
cation phase employs a support vector machine (SVM) to
establish the relationship between the clusters and the rele-
vant weather factors. These first four phases are used to
process the training data to formulate the prediction model
in the last phase. A NN is used to prepare the training data to
predict solar PV power in the prediction phase.

Compared to earlier studies on solar PV power predic-
tion models, the proposed multiphase solar PV prediction
model considers different parameters that affect solar PV
power, such as seasonal variation, daily pattern variation,
and the effect of various weather factors. As another hybrid
technique and method for accurately predicting solar PV
power, the contributions of this paper are the following:
(1) A multiphase solar PV prediction model, which includes
five phases: grouping, clustering, linking, classifying, and
predicting, is developed using historical hourly solar PV
power and weather data of different weather factors. Each
phase enhances the accuracy of the solar PV prediction
model, which considers seasonal variation, daily pattern var-
iation, and relevant weather factors that significantly affect
solar PV power. (2) Seasonal fluctuation of solar PV power is
considered. Discounting the seasonal trends in formulating
the solar PV prediction model affects its performance. (3) A
hybrid hierarchical k-means clustering is developed to
account for the daily pattern variations in solar PV power.
The daily pattern variations should be considered when for-
mulating the prediction model of solar PV since it provides
more informative data that will improve the model’s accu-
racy. (4) A hybrid GRA-PCC is established to identify
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relevant weather factors significantly affecting solar PV power.
It is essential to consider only those factors that significantly
affect solar PV power among various weather factors when
formulating the solar PV prediction model. (5) A relatively
accurate forecasting result is achieved compared to the con-
ventional method. The best metrics demonstrate that the
uncertainties obtained using the proposed prediction model
are six times lower than those of the conventional method,
NN, and 12 times lower than those of autoregressive moving
averages with exogenous (ARMAX).

The remainder of this paper is organized as follows: the
proposed multiphase solar PV prediction model, which describes
the process in each phase, is explained in Section 2. Simulation
results, which illustrate the results of each phase and the solar
PV power profiles, are presented in Section 3 to demonstrate
the effectiveness of the proposed prediction model. Finally,
Section 4 concludes the paper with a summary of the findings.

2. Multiphase Solar PV Prediction Model

The proposed multiphase solar PV prediction model is for-
mulated using solar PV power data which is collected from
one of the solar PV power plants in the Philippines and vari-
ous weather factors such as temperature, wind speed, precipi-
tation, humidity, visibility, pressure, cloud cover, heat index,
dewpoint, windchill, UV index, and weather description col-
lected from the location of the chosen solar PV power plant
through the weather source online [31]. Twenty-one weather
descriptions, such as clear, cloudy, fog, and heavy rain, are
represented by values one to 21 [31]. Two-year hourly solar
PV power data and weather data from a solar PV power plant
with 18 MW rated power capacity, collected throughout the
day (i.e., 0:00 to 23:00) from January 1, 2019, to December 31,
2020, was used in this paper. The data collected in 2019 were
considered training data, while data from 2020 were testing
data. The data were divided to represent each month’s data in
the training and testing data.

These weather factors were considered as they affect the
solar PV system’s performance, affecting the actual solar PV
power output. The temperature plays a crucial role in the PV
conversion process, in which the efficiency and the power
output of the PV are reduced by 0.03%—0.05% for every 1°C
increased temperature [32, 33]. Wind speed affects the oper-
ating temperature of PV panels; hence, PV panels with wind
speed can generate a higher PV power output [34]. In addi-
tion, a study [35] reported a wind chill of 15-20°C for wind
speeds of 10m/s at solar irradiance of about 1,000 W/m?;
hence, the wind chill was affected by wind speed and solar
irradiance, which further affected the PV power production.
A study [36] concluded that precipitation has a 26% increase
in power generation. Humidity is the amount of water vapor
measured in the air, affecting performance, estimating a loss
of approximately 15%—30% in PV power [37, 38]. Air pressure
is directly proportional to light intensity, and light intensity is
directly proportional to solar panel power output [38]. A study
[39] stated that cloud cover has an immediate effect, resulting
in lower PV power production. Heat index increases the PV
panels’ operating temperature, causing a 0.45% decrease in the

PV power output [40]. An increase in dew point, the tempera-
ture at which air becomes saturated and condenses, decreases
the PV system’s efficiency, thus decreasing the production of
solar PV [37]. Study [41] considered the UV index in forecast-
ing solar PV power, which provided higher accuracy than the
model without considering the UV index. Hence, all the con-
sidered weather factors impact the generation of PV power.
Factors such as temperature, humidity, visibility, cloud cover,
and heat index are inversely proportional to the PV power
production output. In contrast, wind speed, precipitation,
pressure, wind chill, and UV index are directly proportional
to the PV power output. At the same time, the effect of weather
descriptions on PV power output can be either direct or
inverse. Thus, considering the mentioned weather factors is
necessary in formulating an enhanced solar PV prediction
model.

Figure 1 shows the operational framework for formulat-
ing the multiphase solar PV prediction model, which com-
prises the following five phases: Phase 1: Grouping, Phase 2:
Clustering, Phase 3: Linking, Phase 4: Classifying, and Phase
5: Predicting. The input data are the historical solar PV
power data and the historical weather factor data (tempera-
ture, wind speed, precipitation, humidity, visibility, pressure,
cloud cover, heat index, dewpoint, windchill, UV index, and
weather description). The procedure for formulating the mul-
tiphase solar PV prediction model is summarized as follows:

(i) These input data undergo normalization and are then
grouped according to season in Phase 1.

(ii) In Phase 2, the grouped solar PV power data were
clustered based on similarities using the proposed
hybrid hierarchical k-means clustering algorithm.
The solar PV power data will be clustered first using
hierarchical clustering and then using the means of
each cluster as the initial centers. The k-means clus-
tering will generate the final solar PV power data
clusters by season.

(iii) Phase 3 is used to identify the most relevant and
significant factors affecting solar PV power from
the considered weather factors (temperature, wind
speed, precipitation, humidity, visibility, pressure,
cloud cover, heat index, dewpoint, windchill, UV
index, and weather description) using the proposed
hybrid GRA-PCC method. The significant weather
factors are first determined using GRA, and then
from these identified factors, the most relevant
weather factors affecting solar PV power are deter-
mined using the PCC method.

(iv) In Phase 4, a classification model links cluster outputs
of Phase 2 and relevant weather factors in Phase 3
using SVM classification. Lastly, the prediction phase
uses the NN to forecast solar PV power. A detailed
discussion of the steps and algorithms used in each
phase is mentioned in the following subsections.

2.1. Phase 1: Grouping. Phase 1 of the model is the grouping
wherein the input data are the solar PV power data (i.e., X; ;)
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FIGURE 1: Operational framework of the multiphase solar PV prediction model.

and weather factor data (i.e., Y, , Y, , ..., Y; ) where i is the
.. H t‘J H .

day from 1 to 365, j is the hour from 0 to 23, and [ is the

number of weather factors which is 12. These inputs undergo

normalization for comparison using the following:

AU;M, (1)
Xmax - Xmin

~ Y, Y
Y],, =" s (2)
oY, Y

max min

where X i,j is the normalized solar PV power data, X;; is the solar
PV power data, X ,;;, and X ,,,, are the minimum and maximum
solar PV power data, respectively, Y is the normalized data of
each of the weather factor data, Y, is each of the weather factor
data, Y; and Y; are the minimum and maximum data for
each weather factor, respectively. The next step involves grouping
based on the season. Since the data were collected in the Philip-
pines, which experiences two seasons, this study distinguishes
between the dry and wet seasons. The dry season comprises
January, February, March, April, May, and December, while
the wet season spans June, July, August, September, October,
and November. Both solar PV power data and weather data
will be grouped according to the following:

i=1:151:335:365
X4 )
)/Z.,: j=7:20 (3)
Y i=152:334
Xy .
j=7:20
i=1:151:335:365
Y, )
5 j=7:20 @
b i=152:334
Y, .
“ j=7:20

where X,; and X,, are the solar PV power data in the dry and
wet seasons, respectively, Y; | is each of the weather factor
data in the dry season, and Y; is each of the weather factor
data in the wet season. This grouped data will be the basis of
the subsequent phases.

2.2. Phase 2: Clustering. Phase 2 involves clustering, which
divides solar PV power data based on similarities. The two
most popular clustering algorithms are k-means clustering
and hierarchical clustering. K-means is an iterative algorithm
that partitions data into k mutually exclusive clusters using a
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Input: Solar PV power data in the dry season (X,) and solar PV power data in the wet season (X,)
Output: Solar PV power data in each cluster in the dry season (X, = (Xp, . Xp,. ---,XDkd )) and solar PV power data in each cluster in
the wet season (X = (Xw,, Xw,, = Xw, )
1. Read X, and X,,.
2. Calculate k; and k,,.
kg = optimal(evalclusters (X))
k,, = optimal(evalclusters (X))
3. Perform hierarchical clustering using k; and k,,.
Ay = Clusterdata(Xy, kg)
Wi = Clusterdata(X,,,, k)
4. Split X; and X, according to the cluster outputs (X, = and X, ), respectively.
for i=1:365 for i=1:365
if X, (i)=1 if X, ()=1
place X;(i) to X place X, (i) to X,,,
else if X;, (i) =ky else if X, (i) =k,
place X,(i) to Xa, place X, (i) to X,
end end
5. Find the cluster means in each cluster.
X, =mean (X;) X, =mean (X,,)
Xdkd =mean (Xdkd) X w,, =Mmean (kaw)
6. Perform k-means clustering using the cluster means ([X; . X 4, -, X dkd] and [X,, . X, X w, 1) as the initial clusters.
XDy = kmeans (Xg, kg, [)_(dl ,Xdz, Xdkd])
X e = kmeans (X, ks (X, Xuys 0 X, 1)
7. Split X;; and X,, according to the cluster outputs (Xp, —and Xy, ).
for i=1:365 for i=1:365
if X, (i)=1 if Xy, ()=1
place X, (i) to Xp, place X, (i) to Xy,
elseif Xp, (i) =ky else if Xy, (i) =k,
place X;(i) to Xp, place X, (i) to Xy,
end end
8. Generate Xp = (Xp, . Xp,. ."’XDkd) and Xy = (Xw, . Xw,. = Xw, )-
ArcoriTHM 1: Hybrid hierarchical k-means clustering.
distance metric [42, 43, 44]. On the other hand, hierarchical s — b —a; (5)
clustering groups similar data into distinct sets. This study " max(a;. b;)’

adopts a hybrid approach, which incorporates both hierar-
chical and k-means clustering, to address potential variability
in k-means outputs due to random initialization. Consequently,
a hybrid hierarchical k-means clustering algorithm was employed
to enhance cluster accuracy and improve the overall prediction
model.

Algorithm 1 outlines the hybrid hierarchical k-means
clustering employed in this study with eight steps. Step 1
involves reading the solar PV power data in dry and wet
seasons (X; and X,,). Step 2 calculates the optimal number
of clusters for both seasons (k; and k,,) using the silhouette
coefficient, determined by MATLAB’s evalclusters function,
with the silhouette coefficient calculated as follows [44]:

where a; is the average distance from the ith point to the
other points in the same cluster as i, and b; is the minimum
average distance from the ith point to the points in a differ-
ent cluster. The result of this function determines the optimal
number of clusters for each season.

Moving on to Step 3, agglomerative hierarchical cluster-
ing, a bottom-up approach, was initially employed to cluster
the solar PV power data. The clusterdata function in MATLAB
is utilized for this purpose using the optimal number of clusters
for dry and wet seasons calculated in Step 2. This function
performs the following actions in this study:
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(i) Calculate the distance between objects x; and x; using
Euclidean distance [44]:

d=/X(x - x)% (6)

(ii) Link pairs of objects that are in close proximity.
(iii) Cut hierarchical trees into clusters.

The outcome of Step 3 is the cluster output of each of the
days in dry and wet seasons that are listed in X;,
and X

wc usters "

In Sftep 4, the solar PV power data in dry and wet seasons
(X; and X)) will be split according to the cluster outputs
(X4,,,.. and X, ), respectively. This step will provide the
solar PV power data for each cluster in the dry season (X,
X Xdk ) and wet season (X, , X, ,...X,, ) using hierar-
chical clusterlng Step 5 involves calculatmg the mean of each
cluster in the dry season (X dp Xeyoe o X d, ) and wet season
(X,» Xu,»e Xu,, ) to be used by the k-means clustering as
the initial centers in the next step.

In Step 6, the k-means clustering method was executed
using the estimated means as initial centers. The kmeans
function in MATLAB is used to perform this step with the

following actions:

(i) Choose the calculated means of each cluster as initial
cluster centers.
(ii) Compute the distance of all observations to each cen-

troid using the squared Euclidean distance metrics
[44]:

d= Z(XS - C)z' (7)

(iii) Assign observations to a different centroid.
(iv) Compute the average of the observations in each
cluster to obtain new centroid locations.

(v) Repeat steps ii to iv until cluster assignments do not
change.

The output of Step 6 is to produce the cluster output of
each of the days in dry and wet seasons, listed in Xp, and
Xw,,....» respectively. These outputs will be utilized in Step 7
to further partition the solar PV power data in the dry (X,)
and wet (X,,) seasons. In the last step, Step 7 generates clus-
tered solar PV power data in the dry season (Xp, = (Xp,, Xp, .

“’XDkd)) and wet season (Xy = (Xw,,Xw,. " Xw, ))
using the hybrid hierarchical k-means clustering method.

2.3. Phase 3: Linking. Phase 3 aims to identify the most rele-
vant and significant weather factors affecting the solar PV
power data using a hybrid GRA-PCC method. The GRA
assesses the similarity between reference data and several
comparative data, with the gray relational grade (GRG) indi-
cating the correlation scale between them [45, 46, 47, 48, 49].

International Journal of Energy Research

Additionally, correlation analysis, specifically PCC, further
evaluates the relationship between factors and solar PV
power. The PCC ranges from —1 to +1, where —1 signifies
a perfect negative correlation, and +1 indicates a perfect
positive correlation [50, 51]. Through this hybrid GRA-
PCC approach, the study aims to pinpoint the most crucial
weather factors that significantly influence solar PV power
data, enhancing the accuracy of the solar PV power predic-
tion model.

Algorithm 2 outlines the hybrid GRA-PCC algorithm
applied in this study. In Step 1, the algorithm reads inputs,
including solar PV power data in dry and wet seasons (X,
and X,,) and weather factor data in the dry season (Y, Y,

., Y;,) and wet season (Y} ,Y2 5> Y, ). Then, in Step 2, the
Y0 Yy, oo
Y} )) is calculated. Step 3 involves calculating the GRG using
gray relational coefficients, determined as follows [47, 49]:

mean of each input (ie., X  Xy» (Yld,

Almin (k) + pAlmaX(k)
Al(k) + pAlmax(k)

&i(k) =

where 4,(k) = [ X(0) = (W)} drma()= " 1 1X(0) -
V] Apman (k) = " 1X00) = Y| Listhe number

of comparative data, k is the number of data series, and p is a
coefficient ranging between 0 and 1, set to 0.5 in this study
for simplicity. After, the GRG can be calculated as follows
[47, 49]:

ri== X &(k). 9)

In Step 3, the GRG for each weather factor in the dry
season (y4 = (71, ... 71,)) and wet season (y,, = (y1,. ... 71,))
was calculated using Equations (8) and (9), with solar PV
power data (X) as the reference data and weather factor data
(Y)) as the comparative data.

In Step 4, weather factors with a grade of 0.6 and above
are identified as the significant factors in both dry and wet
seasons, listed in Yy, and Yy respectively. Weather factors
with grades below 0.6 are excluded from determining rele-
vant weather factor data in the next step. In Step 5, the PCC
of each obtained significant weather data in dry and wet
seasons (Y, and Y,, ) was calculated as follows [50, 51]:

L% ) (1 - T)
¢z (X-X)5h, (v, - 7)>

where X and Y, are the mean of solar PV power data and
significant weather factor data, respectively, and k is the num-
ber of data series. The obtained coefficients in the dry season
are denoted as r; = (..., 7,,,), where m is the number of
significant weather data in the dry season. Similarly, in the wet
season, the coefficients are represented as r, = (11 ..., 7, ),

(10)
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(Yy,, Yoo Y1)

Yoo s Yp,))

1. Read Xy, X, (Y1d> Yy oo Y,d), and (Ylw, Yo, e Ylw)-

2. Calculate the mean (X 4, X, (71d> ""?ld)’ (YIW, e YZW)).

3. Calculate the GRG of each weather factor using Equation (9).
r,=1yr  &(k)
11, = Xin &i(k)

proceed to the next weather data
end end

L (X-X)(Y-Y)

Tma = S XX, (Y

L X-X)(1-Y)

" = ok (X XPYE, (1Y)

fori=1:m
if () > 0.5 & rg(i) < = 0.5
set Yy (i) to Yp
else else
proceed to the next factor
end end
7. Generate Y, =(Yp,, Yp,, ..., Yp ) and Yy =(Yyy, Yy, ..., Yiy

Input: Solar PV power data in dry and wet seasons (X, and X,,) and weather data in the dry season (Y, Y5,,..., ¥;,) and wet seasons

Output: Relevant weather data in the dry season (Y =(Y; D ST

4. Choose the significant weather data (Y, and Y,, ) based on the grade (v, and 7,,).

for i=1:l for i=1:l
if y4(1)>0.6 if y, (1) >0.6

set Y;(i) to Yy set Y, (i) to Y,
else else

proceed to the following weather data

5. Calculate the PCC (r, and r,,) of the significant weather data (Y, and Y,, ) using Equation (10).

6. Choose the relevant factors (Ypand Yy,) among the significant factors (Y, and Y,, ) based on the coefficient.
for i=1:n
if 7, (1) > 0.5 & r, (i) < = 0.5

set Yy, (i) to Yy,

proceed to the next factor

P

Y,,)) and relevant weather data in the wet season (Yy, =(Y;,,

)

ArcoritaM 2: Hybrid GRA-PCC method.

where 7 is the number of significant weather data in the wet
season.

Proceeding to Step 6, weather data with coefficients
greater than or equal to 0.5 and less than or equal to —0.5
are considered relevant weather data in this study. In the dry
season, relevant weather factors are represented as Y, =(Yp ,
Yp,, ...» Yp,), where o is the number of relevant weather
factors. Similarly, in the wet season, relevant weather factors
are denoted as Yy, =Yy, Y, ... YWp)’ where p is the
number of relevant factors. These relevant weather factors
serve as the generated outputs of this algorithm in Step 8.

2.4. Phase 4: Classifying. In Phase 4, a classification model
links cluster outputs and relevant weather data in dry and
wet seasons. Algorithm 3 is employed for this purpose using
SVM classification. SVM classifies data by identifying the
optimal hyperplane that separates it into two classes [44].
The inputs for this classification model include the cluster
outputs for each day in dry and wet seasons (Xp, = and
Xyy,..) and the relevant weather data in dry and wet seasons
(Yp and Yy ). Once these inputs are obtained from Phases 2
and 3, SVM classification is executed using the fitcsvm func-
tion in MATLAB, which trains an SVM model for one-class
and two-class classification on a low-dimensional or moderate-

dimensional predictor data set [44]. This function performs the
following:

(i) Generate hyperplanes that separate all data points of
one class from those of the other class using [44]:

fo)=yp+b, (11)

where y is an observation corresponding to matrix Y, the
vector f# contains the coefficients that define an orthogonal
vector to the hyperplane, and b is the bias term.

(ii) Select the best hyperplane, which is the one with the
largest margin between the two classes.

(iii) Separate the data points using the best hyperplane.

This function returns an SVM classifier model trained
using the relevant weather data in each season. The classification
of relevant weather data in dry and wet seasons is based on the
cluster outputs of each season. The result of this algorithm
comprises the SVM classifier model for dry and wet seasons,
which will be utilized in Phase 5 to determine the forecast day’s
cluster based on its weather data.
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Input: Cluster outputs of each day in dry and wet seasons (Xp

1. Get Xp, Xy, Yp, and Yyy,.

2. Perform SVM classification.
SVMp = fitcsvm (Yp, Xp, . )
SVMyy, = fitesvm (Yy, Xy,

3. Generate SVMp, and SVMyy,.

)

and Xy
Yy YDD)), and relevant weather data in the wet season (Yy, = (Y1W> Yoo pr))

Output: SVM models for dry and wet seasons (SVMp, and SVMyy)

clusters

), relevant weather data in the dry season (Yp = (Y7,

clusters

ALGORITHM 3: SVM classification model.

Full ..
Y Activation
connected .
function
layer

Full
Y Softmax
connected .
function
layer

FIGURE 2: NN structure [44].

Output: NN prediction model (NNp and NNy,)
1. Get Xp, Xy, Yp, and Yy,
2. Perform NN.
For the dry season,
forc=1
NNy, = fitcnet (Yp, Xp,)

for c=ky
NND =ﬁtC7’let (YD’ XDkd)
3. Generate (NNp) and (NNyy).

Input: Solar PV power data in each cluster in the dry season (Xp = (Xp,, Xp,, ..., Xp, )), solar PV power data in each cluster in the wet

season (Xy = (Xy,» X,> .-.» Xy, )) and relevant weather data in the dry season (Y, = (Y1, Yz, ...y Yp,)) and relevant
weather data in the wet season (Yy, = (YIW, Yy, pr

For the wet season,
forc=1
NNy, =fitcnet (Y, Xy,)

for c=k,
NNW Zﬁtcf’let (Yw, kaw)

ArgoriTiM 4: NN prediction model.

2.5. Phase 5: Predicting. In Phase 5, the prediction phase focuses
on forecasting solar PV power using NN. The NN, a machine
learning approach, employs interconnected nodes or neurons
in a layered structure. Algorithm 4 outlines the development of
the NN prediction model. The inputs for this model include
solar PV power data in each cluster in the dry and wet seasons
(Xp and Xjy) and relevant weather data in dry and seasons (Y},
and Yy, ). Once these inputs are collected using Algorithms 1
and 2, MATLAB’s fitcnet function is utilized to develop the NN
prediction model with the layer structure shown in Figure 2.
This function performs using the following actions:

(i) The predictor data is inputted.

(ii) The activation function is used for every first fully
connected layer using the rectified linear unit func-
tion as follows [44]:

y, y=0

fo) = 0. y<0’

(12)

where y is an observation corresponding to matrix Y.

(iii) The activation function is applied to the final fully
connected layer using the softmax function [44]:

£y = 2201) (13)

zZ 9
j=1)j

where y; is an observation corresponding to matrix Y, and z
is the total number of response variables.

(iv) The predicted value is generated.

The input data in the structure shown in Figure 2 are the
relevant weather data in dry and wet seasons. The first fully
connected layer has 10 outputs with the weights and biases
set by the function. Then, the activation function using the
rectified linear unit function, which performs a threshold
operation on each element of the relevant weather data in
which any value less than zero is set to zero, shown in
Equation (12), was used in these first fully connected layers.
The number of solar PV power data in each dry and wet
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Step 1

Step 2

Input forecast
month and day

Month=1| 2|
31405112

11

v

Read the relevant weather
Step 3 > data for each hour (k) in
dry season (Y, )

v

Determine the cluster based on
Step 4 the weather data using SVM|,

v

Forecast the solar PV power

Step 5

v

Read the relevant weather /
data for each hour (k) in -
wet season (Y, )

v

Determine the cluster based on
the weather data using SVMy,

v

Forecast the solar PV power
data using NNy,

<>

data using NNp,
No
Step 6
Yes
Step 7

Output the forecast solar PV Yes
power from 6:00 to 19:00

FIGURE 3: Flowchart of the predicting phase of the solar PV prediction model.

season cluster is the output in the final fully connected layer
with the weights and biases set by the function. Then, the
softmax function in Equation (13) was used in these final
fully connected layers. Lastly, the output is the layer that
corresponds to the predicted solar PV power. This fitcnet
function developed a model that trains the relevant weather
data in each season using the solar PV power data in each
season’s cluster. The output of this function includes NN
prediction models for dry and wet seasons (NNp and
NNy ) to be used to forecast solar PV power data.

Figure 3 illustrates the flowchart for forecasting solar PV
power in the prediction phase. There are seven steps in this
prediction procedure.

(i) In Step 1, the inputs include the month and day to
be forecast.

(ii) Step 2 decides the season of the entered forecast
month. If the month corresponds to 1, 2, 3, 4, 5, or
12 (i.e., January, February, March, April, May, and
December), the training data and the models formu-
lated using the training data from Phase 1 to Phase 5
in the dry season are utilized. Alternatively, if the
month corresponds to 6, 7, 8, 9, 10, or 11

(i.e., June, July, August, September, October, and
November), the training data and the models formu-
lated using the training data from Phase 1 to Phase 5
in the wet season are employed.

(iii) In Step 3, the forecast month and day weather data

were collected using the testing data. The relevant
weather data information for the forecast day is
determined based on the identified relevant weather
factors of the season (Y, and Y, ) in Phase 3. The
system reads the relevant weather data from hour 1
(i.e., 6:00) from the testing data.

(iv) Step 4 determines the cluster based on the weather

factors gathered in Step 3. The SVM classification
model of the season, established in Algorithm 3 using
the training data, is used to determine the cluster based
on that particular hour’s relevant weather data infor-
mation. The relevant weather data information for
each hour serves as the input to the SVM classification
model, which provides the cluster of the forecast day.

(v) Step 5 is to forecast the solar PV power data for the

particular hour of the forecast day. Utilizing the
cluster output of the SVM classification model for
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FIGURE 4: Training data for formulating a multiphase solar PV prediction model.
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Wet season
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FiGURe 5: Grouped solar PV power data according to season: (a) dry season; (b) wet season.

that hour in Step 4, the solar PV power is forecast
using the NN prediction model developed using the
training data in Algorithm 4.

(vi) In Step 6, the simulation model decides if the simulation
continues to the next step or back to Step 3. This process
continues until the hour reaches 14 (i.e., 19:00).

(vii) Lastly, the output of this model is the solar PV
power data from 6:00 to 19:00 of the forecast month
and day will be generated in Step 7.

3. Numerical Example

This section illustrates the effectiveness of the proposed mul-
tiphase solar PV prediction model through a numerical exam-
ple. The solar PV prediction model was formulated based on
the gathered data, and the solar PV power was predicted using
the developed prediction model. The prediction model’s per-
formance was also evaluated for its efficiency.

3.1. Description of Data. Solar PV power and various weather
factors, including temperature, wind speed, precipitation,
humidity, visibility, pressure, cloud cover, heat index, dewpoint,

windchill, UV index, and weather description, were utilized in
this study. The training dataset comprised hourly solar PV
power data and weather data from a solar PV power plant
with 18 MW rated power capacity, collected throughout the
day (i.e., 0:00 to 23:00) from January 1, 2019, to December 31,
2019. Figure 4 illustrates the solar PV power data for the 18 MW
solar PV plant, indicating power generation only from 6:00 to
19:00, thus serving as the training data for the formulation of the
solar PV power prediction model.

3.2. Grouping Result. In Phase 1 of the solar PV power pre-
diction model, the data were categorized into two seasons in
the Philippines (i.e., dry and wet). The training data was split
accordingly into dry and wet seasons. Figure 5 illustrates the
grouped solar PV power data for both seasons, with Figure 5(a)
representing the dry season and Figure 5(b) the wet season.
The higher solar PV power during the dry season is evident
from their respective means.

3.3. Hybrid Hierarchical k-Means Clustering Result. In Phase 2,
the solar PV power data in each season, shown in Figure 5,
were partitioned into clusters. The silhouette coefficients of
dry and wet seasons in Figure 6 indicate that the optimal
number of clusters for both seasons is two, as it yields the
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Ficure 6: Silhouette coefficients for dry and wet seasons.
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FIGURE 7: Solar PV power data in each cluster in the dry season: (a) Cluster 1; (b) Cluster 2.

highest silhouette coefficient. Hence, the solar PV power
data for both seasons will be divided into two clusters.

Figures 7 and 8 display the solar PV power for each
cluster in dry and wet seasons, respectively. In Figure 7(a),
the solar PV power Cluster 1 exhibits low values during the
dry season, while Figure 7(b) depicts solar PV power Cluster 2
with high solar PV power values in the dry season. For wet
season data, Figure 8(a) illustrates high solar PV power values
for Cluster 1, while Figure 8(b) shows low values for Cluster 2
in the wet season.

3.4. Hybrid GRA-PCC Method Result. In Phase 3, relevant
weather factors were determined from the 11 studied weather
factors (i.e., temperature, wind speed, precipitation, humidity,
pressure, cloud cover, heat index, dewpoint, windchill, UV
index, and weather description) using the hybrid GRA-PCC
method. Table 2 lists these GRGs in dry and wet seasons,
considering those with grades 0.6 and above as significant.
The significant factors in the dry season (Y, ) include wind
speed, humidity, pressure, cloud cover, heat index, dewpoint,

and UV index. While temperature, wind speed, cloud cover,
heat index, wind chill, and UV index are considered signifi-
cant in the wet season (Y, ).

Next, the PCC of these significant factors listed in Table 3
was computed to identify the relevant factors affecting the
solar PV power data. Those with a coefficient > 0.5 or < —0.5
are considered the relevant weather factors. Three factors—
humidity, cloud cover, and UV index—are deemed relevant
in the dry season. Meanwhile, five factors—temperature, cloud
cover, windchill, and UV index—are identified as relevant in
the wet season.

3.5. Multiphase Solar PV Prediction Model Result. The mul-
tiphase solar PV prediction model is validated with test data
from January 1, 2020, to December 31, 2020, including solar
PV power data and weather data. The model’s effectiveness
was demonstrated using the first week of each month in
2020, compared to conventional methods such as NN and
ARMAX. The NN method was considered as it is also used in
the prediction phase of the proposed model. In this regard, the
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FiGure 8: Solar PV power data in each cluster in the wet season: (a) Cluster 1; (b) Cluster 2.

TasLE 2: GRG of each weather factor in the dry and wet seasons.

GRG

Weather factor (Y))

Dry (y4) Wet (yy)
Temperature 0.5848 0.7086
Wind speed 0.6781 0.6248
Precipitation 0.5242 0.5756
Humidity 0.7168 0.5963
Pressure 0.6531 0.5332
Cloud cover 0.6799 0.7165
Heat index 0.6232 0.6577
Dewpoint 0.6215 0.5496
Windchill 0.5848 0.7086
UV index 0.7286 0.6790
Weather description 0.5380 0.5387

TaBLE 3: The PCC of each significant factor in the dry and wet seasons.
Dry season Wet season

Significant weather data (Y,;) PCC (ry) Significant weather data (Y, ) PCC (r,)
Wind speed —0.2041 Temperature 0.6208
Humidity —0.7359 Wind speed —0.2206
Pressure 0.0688 Cloud cover —0.6456
Cloud cover —-0.5795 Heat index 0.5814
Heat index 0.3458 Windchill 0.6028
Dewpoint —0.4040 UV index 0.6863
UV index 0.7311 — —

result of the proposed model considering the phases can be
compared to the result of the conventional method, NN,
without consideration of the phases. The ARMAX method
was also considered to compare the result further with
conventional methods used in forecasting other than the NN
method. The proposed model’s parameters include historical
solar PV power and weather data with hyperparameters
focusing on each cluster’s significant weather data of the

forecast month and day. In contrast, conventional methods
(NN and ARMAX) utilized all the weather data and weather
factors of the forecast month and day as the hyperparameters.

Figure 9 shows the forecast solar PV power profiles for
every first week of all the months of 2020, comparing the
proposed prediction model with conventional methods and
actual data. Figures 9(a) and 9(b) show the solar PV power
for the dry and wet seasons, respectively, which illustrates
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FiGure 9: Continued.
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FIGURE 9: Solar PV power data on each forecast day of every month: (a) dry season; (b) wet season.

higher solar PV power in the dry season. Maximum and
mean values displayed in the figures confirm this trend.
Table 4 summarizes both seasons’ average actual and forecast
solar PV power. In the dry season, the average actual solar
PV power is 6.2057 MW; the proposed method indicates
6.7273 MW, while conventional NN and ARMAX methods
forecast 4.8110 and 4.5248 MW, respectively. In the wet season,
the average actual solar PV power is 5.8594 MW; the proposed
method predicts 5.6955 MW, while NN and ARMAX indicated
4.8016 and 5.2065 MW, respectively. The proposed prediction
model aligns closely with the actual mean values, and it is
noted that ARMAX forecasts in the wet season exceed the
rated capacity of the solar PV system. Thus, understanding

the seasonal trend is crucial for accurately predicting solar
PV power.

In addition, the one-sample ¢-test, conducted at a signifi-
cance level of 0.05, was employed to assess the significance of
differences between the means of the actual and forecast
data. If the p-value is less than or equal to 0.05, it is con-
cluded that there is a substantial difference between the
means of the forecast and actual values. Table 5 presents
the p-values for both seasons using a one-sample ¢-test.
The proposed method’s p-values exceed 0.05 in both seasons,
indicating an insignificant difference between forecast and
actual means. In contrast, NN exhibits a significant differ-
ence. In the dry season, ARMAX has a p-value less than 0.05;
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TaBLE 4: Mean solar PV power values for each month in dry and wet seasons.
Dry season Wet season
Mean solar PV power values (MW) Mean solar PV power values (MW)

Month Month

Actual Proposed NN ARMAX Actual Proposed NN ARMAX
January 5.7046 6.4551 4.9882 5.2851 June 7.3321 6.3804 4.6774 4.0503
February 5.5187 6.3456 5.1469 5.4565 July 6.6084 6.7144 5.2991 4.4593
March 7.1527 7.1942 4.1472 4.1058 August 4.6507 49711 4.9573 5.7203
April 7.2651 7.4073 4.6634 3.3497 September 5.9912 5.7354 4.6516 5.2265
May 6.9939 71271 5.0682 3.2320 October 6.2057 5.8767 4.4982 5.2210
December 4.5993 5.7521 4.8522 5.7198 November 4.3683 4.4950 4.7257 6.5614
Average 6.2057 6.7136 4.8110 4.5248 Average 5.8594 5.6955 4.8016 5.2065
TasLE 5: The p-value of the dry and wet seasons using a one-sample 1 X
t-test. P v & P MSE = N El (Xf - Xa)z’ (15)

p-Value
Season
Proposed NN ARMAX 1N 5 p
Dry season 0.107 <0001 0.014 RMSE = /5 2 (X = Xa)?, (16)
Wet season 0.652 <0.001 0.134
100

in the wet season, it is more significant than 0.05, indicating a nRMSE = ( N l; (Xf = %) 2) X max(X,)’ (17)
contradiction due to the neglect of seasonal effects. The pro-
posed multiphase prediction model outperforms conven-
tional methods, providing more accurate solar PV power, MRE — 1 %’: ’Xf - Xu’ % 100 (18)
which is crucial for precise power estimation. NS X '

Moreover, this study conducted hourly comparisons of
forecast and actual solar PV power values, analyzing varia-
tions and patterns based on specific weather conditions. A
paired t-test was employed, examining the significance of the
output of the proposed prediction model. A significance level
of 0.05 was used, with a p-value <0.05 indicating a substan-
tial difference between the forecast and the actual values.
Table 6 lists the p-values from the paired t-tests for the
proposed and conventional methods. In the dry season, the
proposed method shows eight out of 14 forecast hours with
p-values > 0.05, while NN and ARMAX have four and two,
respectively. In the wet season, 13 out of 14 forecast hours
using the proposed method and seven and five using NN and
ARMAX, respectively, have p-values>0.05. The proposed
multiphase prediction model demonstrates superior accu-
racy in hourly solar PV power forecasting, which is crucial
for effectively monitoring daily fluctuations.

Furthermore, various forecasting measures, including mean
absolute error (MAE), mean squared error (MSE), RMSE, nor-
malized root mean square error (nRMSE), and mean relative
error (MRE), were employed to assess the effectiveness of the
proposed multiphase solar PV prediction model. These mea-
sures calculate accuracy errors regarding solar PV power (MW)
for MAE, MSE, and RMSE, and as percentage (%) for nRMSE
and MRE. The actual and forecast solar PV power values were
considered in computing these measures given as follows [10]:

1
MAE =— ¥ |X; - X, |, (14)

N5

where X is the forecast solar PV power, X,, is the actual solar
PV power, X7 is the total power capacity of the PV system (i.e.,
18 MW), and N is the number of forecast hours equal to 14.

Table 7 presents the performance metrics results using
the proposed and the conventional methods, highlighting the
forecast day with the best error metrics for each month. The
complete metrics for all the forecast days are listed in Table 8.
Table 7 shows consistently lower values for most metrics
with the proposed prediction model than the conventional
methods. Notably, the proposed prediction model achieved
the lowest performance metrics on March 5, 2020, which is a
day in the dry season, with the following results: MAE of
0.408 MW, MSE of 460.51 MW, RMSE of 0.679 MW, nRMSE
of 4.345%, and MRE of 2.266%. In comparison, NN recorded
MAE of 2.458 MW, MSE of 10,311.59 MW, RMSE of 3.211
MW, nRMSE of 20.561% and MRE of 13.653%, while ARMAX
showed MAE of 4.772 MW, MSE of 40,943.09 MW, RMSE of
202.344 MW, nRMSE of 1,425.378% and MRE of 26.510%. To
turther illustrate, the MRE results were compared, which mea-
sures the uncertainty compared to the total power capacity.
The MRE result of the proposed prediction model is 2.266%,
while that of NN is 13.653%, and that of ARMAX is 26.510%.
These results state that the uncertainties using the proposed
prediction model are six times lower than those of the NN
method and 12 times lower than those of the ARMAX method.
These results show that a significantly improved solar PV
power prediction was achieved using the proposed prediction
model compared to conventional methods.
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TasLE 6: The p-value of each hour in the dry and wet seasons using a paired t-test.
Dry season Wet season
p-Value p-Value
Hour Hour
Proposed NN ARMAX Proposed NN ARMAX
6:00 0.907 0.627 0.156 6:00 0.048 0.440 0.910
7:00 0.116 0.004 0.004 7:00 0.242 <0.001 <0.001
8:00 0.042 0.001 <0.001 8:00 0.418 <0.001 <0.001
9:00 0.176 <0.001 <0.001 9:00 0.203 0.003 <0.001
10:00 0.069 0.102 <0.001 10:00 0.775 0.108 <0.001
11:00 0.210 0.049 <0.001 11:00 0.799 0.631 <0.001
12:00 0.150 0.031 <0.001 12:00 0.835 0.821 0.049
13:00 0.001 0.115 <0.001 13:00 0.308 0.009 <0.001
14:00 0.001 0.009 0.038 14:00 0.089 0.039 0.477
15:00 0.054 <0.001 0.007 15:00 0.332 0.057 0.673
16:00 0.002 <0.001 0.018 16:00 0.593 0.015 <0.001
17:00 0.003 <0.001 0.012 17:00 0.730 0.154 0.038
18:00 0.046 0.145 0.129 18:00 0.717 <0.001 0.348
19:00 0.258 0.078 0.019 19:00 0.154 0.995 0.466
TaBLE 7: Performance metrics result from the proposed and conventional methods.
D MAE (MW) MSE (MW) RMSE (MW)

o Proposed NN ARMAX  Proposed NN ARMAX Proposed NN ARMAX
01/04 0.743 1.494 2.768 1,570.67 4,869.31 18,102.46 1.253 2.207 134.545
02/05 0.808 2.206 2.638 1,322.42 13,167.10 15,236.03 1.150 3.629 123.434
03/05 0.408 2.458 4.772 460.51 10,311.59 40,943.09 0.679 3.211 202.344
04/04 0.849 3.330 4.954 1,238.99 22,834.13 41,888.38 1.113 4.779 204.667
05/01 1.014 3.851 4.455 1,819.55 32,578.83 31,818.76 1.349 5.708 178.378
06/02 1.060 3.701 4.276 1,849.28 27,802.01 33,144.12 1.360 5.273 182.055
07/08 0.988 2.382 2.859 2,018.74 9,037.07 17,568.30 1.421 3.006 132.545
08/04 0.834 1.494 3.259 1,198.66 5,098.03 19,015.98 1.095 2.258 137.898
09/03 1.450 2.567 3311 3,848.43 13,849.99 25,014.82 1.962 3.722 158.161
10/05 0.828 3.281 3.620 1,469.35 23,024.94 25,900.17 1.212 4.798 160.935
11/04 1.184 1.783 3.576 3,504.57 6,134.04 26,624.45 1.872 2.477 163.170
12/07 1.439 1.937 3.959 5,651.07 7,540.64 30,580.123 2.377 2.746 174.872
Day nRMSE (%) MRE (%)

Proposed NN ARMAX Proposed NN ARMAX
01/04 9.152 16.114 1,073.347 4.129 8.300 15.378
02/05 8.874 28.000 905.834 4.489 12.256 14.656
03/05 4.345 20.561 1,425.378 2.266 13.653 26.510
04/04 7.254 31.139 1,316.786 4.716 18.500 27.521
05/01 9.503 40.209 1,256.600 5.632 21.394 24.752
06/02 8.849 34.312 1,192.195 5.891 20.563 23.753
07/08 11.604 24.552 1,020.823 5.488 13.235 15.882
08/04 8.626 17.789 1,705.275 4.636 8.299 18.104
09/03 13.106 24.863 1,356.377 8.056 14.258 18.393
10/05 7.832 31.003 1179.989 4.598 18.225 20.112
11/04 14.961 19.793 3193.303 6.578 9.908 19.868
12/07 17.575 20.301 1172.409 7.992 10.763 21.996

In addition, the RMSE results of the proposed prediction
model were compared with the best RMSE results obtained
in the previous studies listed in Table 1 to evaluate the pre-
diction model’s performance further. To compare these

values, the percentages between the RMSE value and the rated
capacity of the proposed prediction model and the previous
studies in Table 1 were obtained, as shown in Tables 9 and 10,
respectively [15, 16, 17, 18, 19, 20, 22]. The smallest
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TasLE 8: Detailed performance metrics result from the proposed and conventional method.

s MAE (MW) MSE (MW) RMSE (MW)

v Proposed NN ARMAX  Proposed NN ARMAX Proposed NN ARMAX
01/01 1.080 1.346 2.658 3,043.59 3,308.78 16,352.21 1.745 1819 127.876
01/02 1.013 2.932 2.464 203545 1861772 1271413 1.427 4315 112757
01/03 1.141 3.153 2.407 297349 2030396 11,4188 1.724 4506 106.856
01/04 0.743 1.494 2.768 1,570.67 4,869.31 18,102.46 1.253 2207 134545
01/05 1.038 1.786 2.934 2,198.27 7,436.00 20,370.88 1.483 2727 142727
01/06 1.343 2639 2.891 497589 1360073  17,977.10 2231 3688 134079
01/07 1.244 1.923 2.755 382084 1137689 17,5696 1.955 3373 132503
02/01 1.488 2309 2797 3,541.50 9,768.10 15,344.56 1.882 3125 123873
02/02 1.255 2.429 2.797 242486 1383661 15,344.56 1.557 3720 123873
02/03 1.444 2441 3.144 376433 9,547.91 17,958.88 1.940 3000 134011
02/04 1.070 2.005 3.144 2,876.51 6,660.63 17,958.88 1.696 2581 134011
02/05 0.808 2206 2638 132242 1316710  15236.03 1.150 3620 123434
02/06 2.076 2.188 3.684 998260 1145142  30,053.14 3.160 3384 173358
02/07 1.959 2.045 3.167 8,014.55 8,044.81 21,164.69 2.831 2836 145481
03/01 1.224 4.606 3.928 260508 3442482 2840838 1.614 5867 168.548
03/02 1.210 4.833 4596 250843 4083215  38.984.88 1.584 6390 197446
03/03 0.916 2.970 3.737 146541 2049307 27,564.60 1211 4527 166026
03/04 1.784 2310 2.904 7.767.15 8,529.29 15,860.87 2.787 2920 125940
03/05 0.408 2458 4772 46051 1031159  40,943.09 0.679 3211 202344
03/06 1.400 3358 3811 417233 2741589  27,906.59 2.043 5236  167.053
03/07 1.019 4,036 3.884 216985 3581120  29,783.44 1.473 5984 172579
04/01 0.997 3.033 4607 1813.03  17.983.06  36624.20 1.346 4241 191375
04/02 1.210 2377 4,031 403059 1174318 2526403 2.008 3427 158947
04/03 1.077 2.992 5.480 232603 1715096  49,230.13 1.525 4141 221879
04/04 0.849 3330 4954 123899 2283413 4188838 1113 4779 204667
04/05 0.936 2550 4499 195620 1740672 3347537 1.399 4172 182963
04/06 1.303 3516 3.896 392684 2267159 2752337 1.982 4761 165902
04/07 1.502 2522 2.895 606605 1639715  15787.70 2463 4049 125649
05/01 1.014 3.851 4455 181955 3257883 3181876 1.349 5708 178378
05/02 1.188 2,519 4,096 414298 1172416 2653612 2.035 3424 162899
05/03 1.809 2.195 2.907 9,81138 9,315.07 18,090.12 3.132 3052 134500
05/04 1.495 2772 4.145 6059.60 1546983 2855154 2462 3933 168972
05/05 1.295 2.106 4732 2,882.82 9,723.00 34,800.48 1.698 3118 186549
05/06 1.482 3.530 4367 319038 2302239 29,927.12 1.786 4798 172995
05/07 1.487 2578 3.874 435976 1657579 27,0928 2.088 4071 164952
06/01 1.367 4.158 3.825 486743 2816672  30947.55 2206 5307 175919
06/02 1.060 3701 4276 184928 2780201  33,144.12 1.360 5273 182055
06/03 1.748 2591 3.043 625334 1171001 1876547 2501 3422 136987
06/04 1.759 2249 2.966 708862 1049917 1635092 2662 3240 127871
06/05 2432 3522 3223 1400818 2547809 1978481 3743 5048 140658
06/06 1.485 3738 3.819 484662 2671333 2894050 2202 5168 170119
06/07 1.804 4397 3.945 901298 3384359 2571463 3.002 5818 160358
07/01 1.170 2256 4048 2,338.15 9,206.03 28,940.28 1.529 3034 170.118
07/02 2.186 2.603 2.363 1122864 1401793  11878.64 3351 3744 108.989
07/03 1.576 2.119 3279 5,087.49 9,506.48 22,302.54 2256 3083 149340
07/04 1.765 2580 3.729 760152 1221988  27,037.45 2757 349 164431
07/05 1.957 3542 3.569 778274 2615127  23.990.79 2.790 5114 154890
07/07 1.180 2741 3.875 290536 1644255  29,399.93 1.705 4055 171464
07/08 0.988 2382 2.859 2,018.74 9,037.07 17,568.30 1421 3006 132545
08/01 0.997 1.771 6.867 1,562.85 6:437.47 90,188.33 1.250 2537 300314
08/02 1.297 3.293 5.928 244658 2519940  85680.81 1.564 5020 292713
08/03 1.446 3.404 3.729 747834 2609208 2717240 2735 5108 164841
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TasLE 8: Continued.
b MAE (MW) MSE (MW) RMSE (MW)

v Proposed NN ARMAX  Proposed NN ARMAX  Propossd NN ARMAX
08/04 0.834 1.494 3.259 1,198.66 5,098.03 19,015.98 1.095 2.258 137.898
08/05 1.635 1.711 2.511 4,907.65 6,839.92 15,365.67 2.215 2.615 123.958
08/06 1.092 1.890 2.769 2,375.09 5,688.51 15,839.77 1.541 2.385 125.856
08/07 1.583 2.241 4.944 4,776.73 11,410.03 42,871.58 2.186 3.378 207.055
09/01 1.513 2.514 4.626 4,869.18 11,493.00 38,714.68 2.207 3.390 196.760
09/02 1.732 2.605 4.336 6,470.96 14,411.84 36,406.24 2.544 3.796 190.804
09/03 1.450 2.567 3.311 3,848.43 13,849.99 25,014.82 1.962 3.722 158.161
09/04 1.920 2.606 4.837 5,378.48 12,029.53 39,227.76 2.319 3.468 198.060
09/05 1.868 3.364 5.052 11,499.93 21,892.75 47,862.42 3.391 4.679 218.775
09/06 1.668 1.823 5284 7,781.37 7,748.50 49,424.02 2.790 2.784 222.315
09/07 2.259 2.320 4.329 9,189.51 13,341.11 36,313.18 3.031 3.653 190.560
10/01 1.786 2.077 3.503 6,135.17 9,867.50 22,747.51 2477 3.141 150.823
10/02 1.695 2.216 3.747 6,281.61 11,000.94 29,045.81 2.506 3.317 170.428
10/03 1.672 2.710 3.873 5,879.34 21,361.79 35,302.21 2.425 4.622 187.889
10/04 1.615 3.428 3.162 4,726.45 28,107.19 21,988.56 2.174 5.302 148.285
10/05 0.828 3.281 3.620 1,469.35 23,024.94 25,900.17 1.212 4.798 160.935
10/06 1.621 3.964 3.663 6,542.18 26,433.36 26,488.29 2.558 5.141 162.752
10/07 1.751 3.124 2.898 7,786.71 18,360.85 18,451.90 2.790 4.285 135.838
11/01 1.529 5.027 7.371 6,302.22 44,506.91 131,781.67 2.510 6.671 363.017
11/02 1.492 2.532 4.165 4,848.50 1,6875.78 33,958.82 2.202 4.108 184.279
11/03 1.198 2.219 3.720 3,547.80 9,022.73 26,485.68 1.884 3.004 162.744
11/04 1.184 1.783 3.576 3,504.57 6,134.04 26,624.45 1.872 2.477 163.170
11/05 1.793 2.939 3.841 8,671.33 17,745.34 28,903.97 2.945 4.213 170.012
11/06 1.649 3.550 3.008 6,965.81 25,329.71 16,907.41 2.639 5.033 130.028
11/07 1.969 2.629 4.261 7,917.41 12,543.19 32,085.73 2.814 3.542 179.125
12/01 1.810 4917 3.148 7,658.13 44,728.40 26,539.631 2.767 6.688 162.910
12/02 2.326 3.454 4.306 10,917.09 22,826.63 370,18.826 3.304 4.778 192.403
12/03 1.818 4.108 4.565 6,824.79 31,256.52 37,976.105 2.612 5.591 194.875
12/04 2.580 3.697 3.798 130,88.61 25,882.62 24,970.734 3.618 5.087 158.021
12/05 3.804 4.909 4.549 29,263.15 41,158.69 39,574.402 5.410 6.416 198.933
12/06 3.842 4.995 2.833 35,960.91 53,043.80 15,297.578 5.997 7.283 123.683
12/07 1.439 1.937 3.959 5,651.07 7,540.64 30,580.123 2.377 2.746 174.872
b nRMSE (%) MRE (%)

v Proposed NN ARMAX Proposed NN ARMAX
01/01 13.918 14.511 1,020.140 5.998 7.478 14.769
01/02 10.920 33.027 899.528 5.627 16.291 13.692
01/03 13.057 34.120 852.455 6.341 17.516 13.375
01/04 9.152 16.114 1,073.347 4.129 8.300 15.378
01/05 11.427 21.017 1,138.613 5.764 9.924 16.301
01/06 18.695 30.908 1,069.624 7.462 14.662 16.063
01/07 14.553 25.113 1,026.206 6.910 10.682 15.303
02/01 13.810 22.936 909.054 8.267 12.825 15.538
02/02 11.399 27.230 909.054 6.975 13.497 15.538
02/03 16.303 25.965 983.450 8.024 13.563 17.469
02/04 12.691 19.311 983.450 5.942 11.138 17.469
02/05 8.874 28.000 905.834 4.489 12.256 14.656
02/06 25.626 27.447 1,272.206 11.532 12.155 20.466
02/07 32.224 32.285 1,067.624 10.883 11.360 17.592
03/01 11.370 41.331 1,187.307 6.799 25.588 21.822
03/02 9.914 40.001 1,390.874 6.723 26.849 25.536
03/03 8.135 30.423 1,169.541 5.091 16.500 20.761
03/04 26.135 27.387 887.163 9.909 12.833 16.131
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TasLe 8: Continued.
D nRMSE (%) MRE (%)

v Proposed NN ARMAX Proposed NN ARMAX
03/05 4.345 20.561 1,425.378 2.266 13.653 26.510
03/06 12.519 32.091 1,176.774 7.778 18.656 21.171
03/07 9.599 38.994 1,177.284 5.661 22.425 21.579
04/01 8.663 27.284 1,231.268 5.537 16.851 25.595
04/02 15.145 25.852 1,022.633 6.722 13.204 22.395
04/03 9.654 26.214 1,427.525 5.983 16.624 30.444
04/04 7.254 31.139 1,316.786 4.716 18.500 27.521
04/05 10.048 29.973 1,177.148 5.200 14.165 24.993
04/06 14.681 35.275 1,067.380 7.236 19.535 21.644
04/07 20.281 33.345 808.403 8.347 14.010 16.081
05/01 9.503 40.209 1,256.600 5.632 21.394 24.752
05/02 13.330 22.423 1,147.557 6.599 13.992 22.753
05/03 24.824 24.188 947.494 10.051 12.197 16.152
05/04 18.907 30.210 1,190.338 8.306 15.398 23.030
05/05 13.096 24.050 1,314.160 7.197 11.697 26.288
05/06 11.498 30.886 1,218.676 8.235 19.610 24.261
05/07 13.131 25.604 1,179.327 8.261 14.324 21.520
06/01 14.448 34.755 1,152.012 7.592 23.100 21.252
06/02 8.849 34.312 1,192.195 5.891 20.563 23.753
06/03 18.847 25.790 897.064 9.709 14.393 16.905
06/04 17.194 20.926 837.365 9.770 12.497 16.478
06/05 26.289 35.455 921.107 13.509 19.568 17.906
06/06 14.282 33.530 1,114.030 8.251 20.769 21.218
06/07 19.431 37.653 1,050.108 10.020 24.430 21.915
07/01 10.622 21.078 1,181.775 6.499 12.531 22.491
07/02 36.943 41.277 757.124 12.145 14.461 13.128
07/03 15.307 20.924 1,037.434 8.754 11.774 18.219
07/04 17.189 21.794 1,142.264 9.803 14.331 20.718
07/05 19.449 35.651 1,075.984 10.874 19.678 19.830
07/07 12.628 30.040 1,191.123 6.558 15.228 21.528
07/08 11.604 24.552 1,020.823 5.488 13.235 15.882
08/01 15.459 31.376 3,713.730 5.542 9.842 32.933
08/02 31.752 101.902 3,619.736 7.206 18.296 20.717
08/03 21.645 40.431 2,038.446 8.033 18.913 18.104
08/04 8.626 17.789 1,705.275 4.636 8.299 13.949
08/05 21.572 25.467 1,532.890 9.082 9.504 15.385
08/06 10.547 16.323 1,556.358 6.069 10.502 27.467
08/07 16.993 26.264 2,560.471 8.793 12.451 32.933
09/01 18.924 29.074 1,687.406 8.406 13.965 25.700
09/02 18.842 28.119 1,636.325 9.620 14.475 24.088
09/03 13.106 24.863 1,356.377 8.056 14.258 18.393
09/04 14.266 21.336 1,698.551 10.665 14.477 26.872
09/05 20.758 28.641 1,876.200 10.380 18.687 28.066
09/06 21.712 21.666 1,806.133 9.266 10.128 29.358
09/07 19.637 23.660 1,548.149 12.549 12.887 24.049
10/01 18.161 23.032 1,105.843 9.923 11.538 19.463
10/02 18.500 24.482 1,249.593 9.418 12.313 20.817
10/03 18.020 34.348 1,377.614 9.289 15.056 21.515
10/04 16.027 39.083 1,087.239 8.974 19.046 17.569
10/05 7.832 31.003 1,179.989 4.598 18.225 20.112
10/06 20.620 41.448 1,193.311 9.007 22.021 20.349
10/07 22.196 34.083 1,082.929 9.729 17.357 16.098
11/01 49.130 130.561 7,104.398 8.493 27.930 40.952
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TasLE 8: Continued.
D nRMSE (%) MRE (%)

v Proposed NN ARMAX Proposed NN ARMAX
11/02 19.305 36.016 3,606.419 8.290 14.067 23.138
11/03 15.278 24.365 3,184.970 6.657 12.329 20.669
11/04 14.961 19.793 3,193.303 6.578 9.908 19.868
11/05 22.442 32.104 2,633.749 9.961 16.326 21.337
11/06 21.184 40.396 2,014.346 9.161 19.725 16.710
11/07 27.663 34.819 2,216.269 10.941 14.606 23.672
12/01 18.519 44.756 1,092.212 10.054 27.317 17.486
12/02 23.678 34.238 1,289.944 12.923 19.191 23.925
12/03 17.632 37.733 1,306.516 10.099 22.823 25.363
12/04 25.581 35.973 1,059.437 14.333 20.541 21.098
12/05 45.724 54.227 1,333.726 21.136 27.274 25.272
12/06 41.684 50.625 829.222 21.343 27.752 15.739
12/07 17.575 20.301 1,172.409 7.992 10.763 21.996

TasLE 9: Percentage between the RMSE value and the rated capacity of the proposed prediction model.
Day Percentage (%) Day Percentage (%) Day Percentage (%) Day Percentage (%)
01/01 9.6944 04/01 7.4778 07/01 8.4944 10/01 13.7611
01/02 7.9278 04/02 11.1556 07/02 18.6167 10/02 13.9222
01/03 9.5778 04/03 8.4722 07/03 12.5333 10/03 13.4722
01/04 6.9611 04/04 6.1833 07/04 15.3167 10/04 12.0778
01/05 8.2389 04/05 7.7722 07/05 15.5000 10/05 6.7333
01/06 12.3944 04/06 11.0111 07/05 9.4722 10/06 14.2111
01/07 10.8611 04/07 13.6833 07/06 7.8944 10/07 15.5000
02/01 10.4556 05/01 7.4944 08/01 6.9444 11/01 13.9444
02/02 8.6500 05/02 11.3056 08/02 8.6889 11/02 12.2333
02/03 10.7778 05/03 17.4000 08/03 15.1944 11/03 10.4667
02/04 9.4222 05/04 13.6778 08/04 6.0833 11/04 10.4000
02/05 6.3889 05/05 9.4333 08/05 12.3056 11/05 16.3611
02/06 17.5556 05/06 9.9222 08/06 8.5611 11/06 14.6611
02/07 15.7278 05/07 11.6000 08/07 12.1444 11/07 15.6333
03/01 8.9667 06/01 12.2556 09/01 12.2611 12/01 15.3722
03/02 8.8000 06/02 7.5556 09/02 14.1333 12/02 18.3556
03/03 6.7278 06/03 13.8944 09/03 10.9000 12/03 14.5111
03/04 15.4833 06/04 14.7889 09/04 12.8833 12/04 20.1000
03/05 3.7722 06/05 20.7944 09/05 18.8389 12/05 30.0556
03/06 11.3500 06/06 12.2333 09/06 15.5000 12/06 33.3167
03/07 8.1833 06/07 16.6778 09/07 16.8389 12/07 13.2056

percentage of the proposed prediction model is 3.7722%,
while 0.5758% was obtained by the previous studies [15].
Although the study [15] has the smallest percentage, it is
only 1hr ahead with a 15min interval forecasting horizon.
Compared with the same forecasting horizon of 1 day
ahead, the percentage of the proposed prediction model is
comparable. However, the percentage of the previous stud-
ies [16, 18, 19, 20, 21] is smaller than the proposed model.
Moreover, the highest percentage obtained in the proposed
prediction model is 33.3167%, lower than 44.6470% in the

previous study [17]. Hence, the result of the proposed predic-
tion model is comparable with that of the previous studies.
Furthermore, the uncertainty of the results was also ana-
lyzed to validate the proposed prediction model. Figure 10
depicts the solar PV power data of March 5, 2020, the day
with the best forecasting result, simulated 100 times to assess
the uncertainty. The scatter plot from the simulation closely
aligns with the actual solar PV power data, indicating a con-
sistent pattern. Table 11 further validates the result by listing
the median and mean of the simulated solar PV power per
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TabLE 10: Percentage between the RMSE value and the rated capacity of the studies in Table 1.
References Rated capacity RMSE Percentage (%)
Li et al. [15] 26.5kW 0.1526 kW 0.5758
Lim et al. [16] 2,500 W 43.87W 1.7548
Zhanga and Kong [17] 10 MW 4.4647 MW 44.6470
Li et al. [18] 18 MW 0.191 MW 1.0611
Li et al. [19] 50 MW 1.003 MW 2.0060
Li et al. [20] 100 MW 1.7596 MW 1.7596
Lin and Li [22] 5.83kW 0.2132kW 3.6569

18 1

15 A

12 1

Solar PV power (MW)
©

1 2 3 4 5 6

8§ 9 10 11 12 13 14

Forecast hour

Ficure 10: Simulated solar PV power data of March 5, 2020.

TasLE 11: Comparison of the median and mean of the simulated solar PV power data and the actual solar PV power data of March 5, 2020.

Proposed

Hour Actual
Median (MW) Mean (MW)

6:00 0 0 0
7:00 0.152 0.232 0.586
8:00 3.31 3.32 4.25
9:00 7.58 7.03 8.85
10:00 11.55 11.17 12.41
11:00 13.50 13.30 14.22
12:00 14.61 14.11 15.62
13:00 15.60 14.63 15.58
14:00 14.23 13.91 13.38
15:00 12.66 11.40 12.61
16:00 9.25 9.10 9.31
17:00 4.99 4.68 4.81
18:00 1.13 0.991 0.982
19:00 0 0.000132 0

hour and comparing it with actual data. Table 11 reveals that
the median and mean of the 100 times simulated data closely
match the actual solar PV power data. Consequently, the
proposed prediction model generates reliable results, consid-
ering the uncertainty of its parameters. Therefore, this pro-
posed prediction model developed accurate solar PV power
profiles that effectively provide information on the shortage
and excess solar PV power generation for reliable integration
into the power system.

4. Conclusion and Discussion

This study developed a multiphase solar PV prediction
model encompassing five phases: grouping, clustering, link-
ing, classifying, and predicting. Demonstrating the model’s
effectiveness, solar PV power profiles for the first week of
each month in both dry and wet seasons were presented. The
data revealed higher solar PV power during the dry season,
emphasizing the significance of accounting for seasonal
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trends in predicting solar PV power. This observation high-
lights the crucial role of seasonal patterns in formulating the
solar PV power prediction model for effective planning and
design of power system networks.

In addition, the formulation of the prediction model
accounted for the daily variations and patterns of solar PV
power. The proposed model demonstrated superior accuracy
in hourly forecasts, with 8 and 13 out of 14 forecast hours
showing insignificant differences between the forecast and
actual values in the dry and wet seasons, respectively. There-
fore, the proposed multiphase solar PV prediction model
provides more precise hourly forecasts, offering significant
benefits for monitoring the day-long fluctuations of solar PV
power.

This study extensively evaluated the proposed solar PV
prediction model to verify its effectiveness. The comparison
of the average forecast values with actual values revealed no
significant differences, validating the model’s efficacy. The
prediction model’s performance was further validated by
comparing the forecast and actual values using the perfor-
mance metrics. The best metrics obtained using the proposed
prediction model were achieved during the dry season with
MAE of 0.408 MW, MSE of 460.51 MW, RMSE of 0.679
MW, nRMSE of 4.345%, and MRE of 2.266%. These results
demonstrate that the uncertainties obtained using the pro-
posed prediction model are six times lower than those of the
conventional method, NN, and 12 times lower than those of
ARMAX.

In addition, the percentage between the RMSE value and
the rated capacity was obtained and compared to further
evaluate the performance of the proposed prediction model.
The smallest percentage obtained using the proposed predic-
tion model was 3.7722%, which is comparable to the result
obtained by the previous studies. In comparison, the highest
percentage obtained by the proposed model is 33.3167%,
smaller than that obtained by one of the previous studies.
This shows that the proposed prediction model provided
accurate results comparable to previous studies that pre-
dicted solar PV power.

Moreover, uncertainty analysis affirmed the reliability and
consistency of the forecasting result of the proposed solar PV
power prediction model. It reveals that the median and mean
of the 100 times simulated data of a particular day in the dry
season closely match the actual solar PV power data from the
conducted analysis. In conclusion, the developed multiphase
solar PV prediction model provides valuable information
about solar PV power generation availability, which is essen-
tial for ensuring reliable integration into power systems.

Nomenclature

GRA: Gray relational analysis

GRG: Gray relational grade

PCC: Pearson correlation coefficient

Xij: Solar PV power data in each
day and hour

Y, , Y, , .., Y Weather data of each weather

ij’ ij? ij

factor in each day and hour
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ij*
?li.j:
X, and X,
Y, and Y, :
ky and k,:

and X,

dcluslers Welusters

Xdl""’ Xd and le,..., kawi

kq

Xdl,..., Xdkd and le,..., X

and Xy,

Dietusters clusters *

XDl""’ XDkdand le,.. . XW

kw

Yigr--yyand yy ooyt
Y; and Y, :

Tiys oo Ty and ST P

m and n:

Yp and Yy :

o and p:

SVMp and SVMy:
NNp and NNyy:

Xf:

Data Availability

Day (i.e., 1-365)

Hour (i.e., 0-23)

Number of weather factors
Normalized solar PV power
data

Normalized weather data of
each weather factor

Solar PV power data in dry
and wet seasons

Weather data of each weather
factor in dry and wet seasons
Optimal number of clusters
in dry and wet seasons
Cluster output of each day
in dry and wet seasons after
hierarchical clustering
Solar PV power data in each
cluster in the dry and wet
seasons after hierarchical
clustering

w,,: Mean solar PV power data

of each cluster in the dry
and wet seasons

Cluster output of each day
in dry and wet seasons after
hybrid clustering

: Solar PV power data in each

cluster in the dry and wet sea-
sons after hybrid clustering
GRG of each weather factor
in the dry and wet seasons
Significant weather factors
in dry and wet seasons
Correlation coefficient of each
significant weather factor in
the dry and wet seasons
Number of significant weather
factors in dry and wet seasons
Data of each relevant weather
factor in dry and wet seasons
Number of relevant weather
factors in dry and wet seasons
SVM classification models
in dry and wet seasons
Neural network prediction
model in dry and wet seasons
Forecast solar PV power data.

The data used to support the findings of this study could not
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