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Abstract: Solar energy adoption worldwide has expanded exponentially due to a surge in
international interest in producing clean energy and the declining cost of solar power plants and
their technology. It is anticipated that by 2050, solar will have surpassed fossil fuels to become the
primary source of energy. However, one of the main challenges associated with solar energy
production is the instability of photovoltaic (PV) power generation because of weather changes.
Short-term forecasting of the power output of photovoltaic systems is essential for efficient
management of the power grid and energy markets. This paper aims to evaluate the ability of deep
learning (DL) models to provide accurate forecasting of hourly global horizontal irradiance (GHI)
using different sets of features, including weather and aerosol variables along with solar radiation
components. The results show that the best forecast skills are achieved by the long short-term
memory autoencoder (LSTM-AE) model.
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1. Introduction

The growth in solar energy adoption worldwide is motivated by the world’s commitment to
achieving the sustainable development goals of the United Nations in producing clean energy and
the declining cost of solar power plants and their technology. As per expectations, solar will become
the primary energy source by 2050 [1]. Saudi Arabia, as one of the leading oil producers, has planned
to shift the country’s dependence on oil and adopt renewable energy sources. Since the country is in
the six place of the world in potential for producing solar energy [2], it has launched a series of
projects that aims to produce 9.5 GW of renewable energy by the end of 2023 [3]. Saudi Arabia’s first
utility-scale solar PV project is the Sakaka 300-megawatt solar power station, which was linked to the
national grid in November 2019.

Weather change challenges solar energy production and makes PV power generation instable.
Managing smart grids and energy markets efficiently requires short-term accurate forecasting of the
power output of PV systems. This has encouraged researchers to work on innovative methods to
forecast solar radiation. Currently, three types of methods are used for this task: numerical and
simulation weather prediction models, statistical models, and artificial intelligence (AlI) based models
[4,5]. Lately, DL methods have shown superior performance compared to other types of forecasting
methods [6-9].

In earlier work [10], the performance of several DL-based forecasting models in next-hour GHI
forecasting was compared using lagged features of meteorological variables and solar radiation
measurements. The focus was on comparing the forecasters’ performances in multiple locations with
various climates. In this work, the performance of five new DL models is compared carrying out
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the same task but using different sets of features, including weather and aerosol variables along with
solar radiation components. The goal is to understand the effect of using various combinations of
features on forecasting accuracy. Also, two data sources are used for the same location to validate the
results. The contributions of this paper are summarized as follows.

1. Studying the effect of using aerosol variables on the performance of five new DL-based models
for a next-hour GHI forecasting task using data from a location with a hot desert climate

2. Using two different data sources, ground-based and satellite-based to validate the forecasting
results.

3. Presenting the forecasting results using visualization and several evaluation metrics, including
root mean square error (RMSE), mean absolute error (MAE), mean absolute percentage error
(MAPE), and forecast skills (FS).

The rest of this paper is structured as follows. Section 2 discusses the related work and identifies
the research gap. Then, Section 3 explains the methodology, including the data preprocessing,
models’ development, implementation, and evaluation metrics. Next, Section 4 discusses GHI
forecasting results using different sets of features, which include lagged GHI values, weather
variables, and aerosol measurements. Finally, Section 5 concludes the work.

2. Related Work

Alkhayat and Mehmood conducted an widespread literature review on DL-based solar energy
forecasting methods in [11]. In most of these studies, lagged GHI values and weather variables, such
as air temperature (AT), wind speed (WS), and wind direction (WD), are used as features for
prediction. The effect of using exogenous inputs, such as weather data, in addition to endogenous
inputs, such as historical GHI values, on the performance of statistical solar irradiance forecasting
models has been widely studied, as shown in the literature [12-15]. This has also been studied in
relation to machine learning models (ML) [16-20], and a few studies have compared DL-based
models’ performance with and without exogenous inputs, such as [21-24]. For example, Lee et al.
[21] compared the performance of an LSTM-AE model and a hybrid model of convolutional neural
network (CNN) and long short-term memory (LSTM) with and without weather inputs. Their results
show improvement in forecasting using weather inputs. Similarly, Castangia et al. [22] compared five
ML models’ performances, including the CNN model and LSTM models, for short-term GHI
forecasting with exogenous and endogenous inputs. Their results show improvement in the models’
performances in relation to the following eight features: UV index, cloud cover (CC), AT, relative
humidity (RH), dew point (DP), wind bearing, hour of the day, and sunshine duration. Likewise,
Omar et al. [23] compared the performance of an LSTM model and a radial basis function neural
network (RBFNN) with exogenous and endogenous inputs. They found that the LSTM model
performed better without exogenous variables, such as pressure (P), zenith angle (ZA), AT, and RH.
In [24], Omar et al. used a novel feature selection method called weather recursive feature elimination
along with an LSTM model for GHI forecasting. They found that the model achieved the best
performance with GHI, RH, direct normal irradiance (DNI), and diffuse horizontal irradiance (DHI).

Aerosol measurements, as one of the exogenous inputs, have been used in the literature to
improve physical and statistical GHI forecasting models [25-30]. However, few studies have included
aerosol measurements in the features to develop ML models for the GHI prediction [31-35]. For
example, Alfadda et al. [31] tested four ML methods, namely, multilayer perceptron (MLP), decision
tree regression (DTR), support vector regression (SVR), and k-nearest neighbors (kNN), for hourly
GHI prediction using features that include two aerosol measurements: aerosol optical depth (AOD)
and the angstrom exponent (AE). Since the data used in their work was gathered from Riyadh in
Saudi Arabia, which is a high turbidity location, they found that the inclusion of aerosol
measurements in the features improved GHI forecasting. Similarly, Kumar et al. [32] used AOD to
develop their artificial neural network (ANN) model to predict the next 3-hour GHI in Delhi, India,
whereas Zuo et al. [33] used it along with other meteorological parameters to develop an LSTM model
to forecast the next 10-minute (min) GHI in China. In addition, Si et al. [34] developed a hybrid model
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for solar irradiance prediction that utilizes satellite images and meteorological data, including AOD.
Their model combines a CNN model to extract features from sky images and an MLP model to
forecast GHI in Shandong province, China. Also, Zhu et al. [35] used an ensemble model to predict
the next 10-min GHI, which consists of a multiple regression model, an SVR, and an MLP. The effect
of AOD and another nine meteorological variables on the model’s performance was studied in this
work.

Table 1 summarizes the related studies by identifying the forecasting method, features used as
inputs, data source type, and the main results.

Table 1. Related work summary.

Ref Method Features Data Results
No. source
Date, time, location,
Hybrid of inverter ID & temperature, Hybrid CNN+LSTM model achieved the
[21] CNN and power, slope irradiation, =~ Ground- lowest MAPE=13.42, RMSE=0.0987, and
LSTM, horizontal surface based MAE=0.0506 for next-hour solar power
LSTM-AE irradiation, ground prediction at South Korea.
temperature, AT, WS, RH
Hour, previous GHI; Ground- Both CNN and LSTM models achieved
[22] CNN,L STMforecas’c of UV %ndex, CF?, based', the lowest norn‘1a1ized RMSE of around
DP, AT, RH, wind bearing, satellite- 43, and normalized MAE of around 17 for
sunshine duration based next-hour GHI prediction at Torino, Italy.
LSTM model without weather data
[23] RBFNN, Previous 30 days of AT, RH,Satellite- achieved better RMSE= 0.013 for day
LSTM P, ZA, GHI based ahead GHI prediction at Halifax, Canada
and Tripoli, Libya
LSTM model with four features achieved
[24] LSTM Previous 24 hours of Clear Satellite- RMSE between 1.09% and 3.19% for day
sky GHI, DNIL, DHI, RH  based ahead GHI prediction at four locations in
Canada
Last hour GHI, AOD, AE, Ground- MLP model achieved the lowest RMSE=
MLP, SVR, DNI, DHI; current ZA, based, 32.75 and the highest FS=42.10% for
[31] . .. .
kNN, DTR hour, month; forecast of satellite- next-hour GHI prediction at Riyadh,
WD, WS, AOD based Saudi Arabia.
AT, WS, WD, RH, P, AOD, Ground- ANN model achieved' MSE=4.67% for
[32] ANN next 3-hour GHI prediction at Delhi,
GHI based .
India.
Autoregress Last 10 min clear sky index; Satellite- LSTM model achieved normalized
[33] ive, SVR, current clear sky index, based RMSE=15.25% for next 10-min GHI
LSTM CC, RH, AOD prediction at a town in inner Mongolia.
Hybridof - Last4 hours GHllcurrent 0t E e o
[34] CNN & AT, RH, ZA, AOD, WS, N .
. . satellite 27 for next-hour GHI prediction at
MLP rainfall, P; sky images . . .
images  Shandong province, China
Ensemble Ensemble model of multiple regression,
of multiple ZA, AOD, P, AT, RH, WS, Satellite- SVR & MLP achieved normalized
[35] regression, sine of day, CC, air based RMSE=21.98% and normalized
SVR, & mass, azimuth angle MAE=11.13% for next 10-min GHI
MLP prediction at Golden City, USA.




Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 January 2024 d0i:10.20944/preprints202401.0880.v1

Research Gap

Two research gaps are recognized in this section. The first is the lack of comparative studies on
DL-based GHI forecasting models” performance with and without exogenous inputs, as what has
been carried out in the literature with statistical models [12-15] and traditional ML models [16-20].
The second is the dearth of research on the effect of aerosol measurements, as one of the exogenous
inputs, on ML-based GHI forecasting models’ performance, as what has been done with physical and
statistical GHI forecasting models [25-30]. Thus, there is a need to perform more studies on the
performance of DL-based models with various sets of features, including weather and aerosol
measurement inputs, which is the aim of athis work. To the best of our knowledge, this is the first
paper that studies the effect of using aerosol variables on the performance of DL-based models for a
next-hour GHI forecasting task using data from a location with a hot desert climate.

3. Methodology

First, Section 3.1 describes the data preprocessing steps, including data collection, data cleaning,
feature extraction, and data normalization and dividing. Next, Section 3.2 explains the development
process for five DL models, which are LSTM, gated recurrent unit (GRU), bidirectional LSTM
(BiLSTM), bidirectional GRU (BiGRU), and LSTM-AE. Section 3.3 provides the implementation
details of all the models. Finally, Section 3.4 clarifies the performance evaluation metrics.

3.1. Data Preprocessing

Three data preprocessing steps are explained in this section: data collection, data cleaning and
feature extraction, and data normalization and dividing.

3.1.1. Data Collection

Four datasets were used, all of which were collected at the same location, which is King
Abdullah University of Science and Technology (KAUST) in Thuwal, Saudi Arabia (22.305° N
39.103° E). The location of KAUST can be seen on the map of Saudi Arabia shown in Figure 1. The
Koppen climate classification of this location is hot desert climate (BWh). Figure 2 shows the monthly
averages of temperature and precipitation for the years 1990-2019 according to ClimateCharts.net
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Figure 1. KAUST location on Saudi Arabia map.
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Thuwal, Mecca Region, Saudi Arabia
22.3N, 39,1E | Elevation: 1 m | Climate Class: BWh | Years: 1990-2019
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Figure 2. Monthly temperature and precipitation averages at the KAUST location.

The first dataset was gathered by King Abdullah City for Atomic and Renewable Energy
(K.A.CARE)[37] at the mid-range (tier 2) station. This contains a rotating shadow band radiometer
(RSR), which provides fundamental solar resource data, plus basic meteorological instruments. These
ground-based measurements were taken with a resolution of 1 min and nominal uncertainty of +/~5%
(sub-hourly) [38]. 1-min readings were averaged into hourly readings. The dataset covers the period
from 1 January 2016 to 31 March 2021; however, observations on some days are missing because of
maintenance scheduling or devices failure. The total number of missing days is 290.

The second dataset was collected by the aerosol robotic network (AERONET) [39] with level 2.0
quality, which means the data is cloud-screened and quality-controlled. This dataset contains hourly
ground-based measurements of AOD and AE. AOD measures the amount of direct sunlight that is
blocked from reaching the ground by aerosol particles, such as dust, smoke, and pollution, which
could absorb sunlight or cause it to scatter. A low value of AOD corresponds to a clean atmosphere,
whereas a high value corresponds to hazy or dusty conditions [40]. AE quantifies the particle size of
atmospheric aerosols or clouds, and it is inversely related to the average size of the particles in the
aerosol. Consequently, low AE values suggest a strong presence of coarse aerosols relating to dust
events [41]. This dataset covers the period from 1 January 2016 to 31 March 2021. However, 902 days
are missing from the dataset.

The third dataset was collected by the National Solar Radiation Database (NSRDB), which is
available on the website of the National Renewable Energy Laboratory [42]. Since this data is satellite-
derived measurements, there are no missing values. The time resolution is 1 hour, and the spatial
resolution is 4 km. This dataset spans from 1 January 2017 to 31 December 2019.

The fourth dataset was collected by NASA and accessed through the Goddard interactive online
visualization and analysis infrastructure (GIOVANNI) website [43]. This data is the product of the
modern era retrospective-analysis for research and applications, Version 2 (MERRA-2), which
assimilates space-based observation of aerosols. The time resolution is 1 hour, and the spatial
resolution is 50 km. This dataset spans from 1 January 2017 to 31 December 2019 with no missing
values.

3.1.2. Data Cleaning and Feature Extraction
In this section, the data cleaning and feature extraction process of four datasets are detailed.
K.A.CARE dataset

This dataset contains hourly values of nine attributes, as follows:

1. Output: GHI as watt-hour per square meter (Wh/m?)
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DHI as Wh/m?2

DNI as Wh/m?

ZA as degree °

AT as Celsius (° C)

WS taken at 3m as a meter per second (m/s)
WD taken at 3 m as m/s

Barometric pressure (BP) as Pascal (Pa)

RH as a percentage (%)

0PN N

The correlation between GHI and the GHI values of earlier hours on the same day was
calculated. It is found that the correlation is high with only the values from the last three hours. GHI
correlation with GHI_lag3 is 0.57 and with GHI_lag4 is 0.32. Therefore, the previous three hours’
records were used as inputs to predict the next hour’s GHI. Lagged features can be created with the
shift method in the Pandas library or by reshaping inputs with timestep equals three. Figure 3 shows
the correlation matrix of the K.A.CARE dataset after using the last three hours’ values of the nine
attributes listed before as features. Correlations between GHI and DHI_lagl, DHI_lag2, DHI_lag3,
DNI_lagl, DNI_lag2, DNI_lag3, GHI_lagl, GHI_lag?2, and GHI_lag3 are strong positive correlations.
On the other hand, correlations between GHI and ZA_lagl, and ZA_lag2 are strong negative
correlations.

G lagl - 0
AN _lagl
W _lagl
ZA syl
AT lag2
WO_tag2
ws_lagz

O_lag2

ZA_leg2
AT legs RN
WO_leg3

wS_lagd

oo _lag 48
Y

oM _legd £
iy
EARTERRL = 2 s o
AN lagd
2 _lagd

PSR

24 lag)

Figure 3. K.A.CARE dataset correlation matrix for lagged features (last 3 hours).

The GHI values for the same hour on previous days might also be important in predicting GHL
For example, today's GHI value at 12 p.m. could be highly correlated with the GHI value at 12 p.m.
yesterday or the day before. Therefore, the correlation between GHI and its value for the same hour
on the previous seven days was calculated, then on the previous 15 days, and lastly for the last
months up to the previous year. Figure 4 shows the correlation matrix of the K.A.CARE dataset
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after using the previous day up to the previous year's same-hour GHI values as features. Surprisingly,
the correlation of GHI and the previous year’s same-hour GHI value (GHI_360D) is equal to that of
GHI and the previous hour value (GHI_lagl), which is 0.94. Also, all the previous year’s GHI values
have a higher correlation with GHI than the correlation with the GHI value of the previous 2 hours
(GHI_lag2).

G _300
w00
G 00

G 1200 SEEES

1500

G _L00

G 2300

G _2400

G 2000

Goa 2000 SR

G 1300 SR

GH_%00

H
B

0

0

1 900

00

00

GWI_ 3800
2100

GWI_ 2400

Figure 4. K.A.CARE dataset correlation matrix for lagged features (last 1 day-360 days).

The final number of features is 50, as listed in Table 2. As mentioned before, there are many
missing values. Records where GHI is null or less than 1 (night hours) were eliminated. The
interpolation method was used to fill some null values of GHI in the previous n days. For example,
if the GHI value of the same hour on the previous day (GHI_1D) was missing, it was filled by the
GHI value of the same hour on the previous 2 or 3 days (GHI_2D) or (GHI_3D). If both values were
unavailable, then GHI_1D was filled by the average of GHI_4D, GHI_5D, and GHI_6D. The same
method was used to fill all the missing values of GHI_1D up to GHI_360D. Even after using
interpolation, many GHI previous n days values remain missing because there are no consecutive
records to use for filling. For example, the first day in the dataset is January 1, 2016. Therefore, the
GHI_1D feature for all that day’s records will remain missing because the previous days’ records are
unavailable. These remaining null records were deleted after interpolation was used.

Table 2. K. A.CARE dataset features.

Time t Time t-1 Time t-2 Time t-3 .

Tim t features last n days
features features features features
GHI GHI lagl GHI_lag2 GHI lag3 GHI_1D GHI_90D
(output) DNI lagl DNI_lag2 DNI_lag3 GHI_2D GHI_120D
Hour DHI lagl DHI lag?2 DHI lag3 GHI_3D GHI_150D

Day AT lagl AT _lag2 AT lag3 GHI_4D GHI_180D
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Month ZA_lagl ZA_lag? ZA_lag3 GHI_5D GHI_210D
WS_lagl WS_lag2 WS_lag3 GHI_6D GHI_240D
WD_lagl WD_lag2 WD_lag3 GHI_7D GHI_270D
RH_lagl RH_lag2 RH_lag3 GHI_15D GHI_300D
BP_lagl BP_lag2 BP_lag3 GHI_30D GHI_330D

GHI_60D GHI_360D

AERONET dataset
This dataset contains the hourly values of four attributes, as follows:

AOD at 500 nm (AOD_500)

AOD at 551 nm (AOD_551)

AE for the wavelength range from 440 to 675 nm (440-675_AE)
Optical Air Mass (OAM)

L e

Since the number of null values in AOD_551 is larger than the number of null values in
AOD_500, it was decided to use AOD_500 as a feature and use the former only to fill null values in
the latter. Then, the K.A.CARE dataset was merged with this dataset using date and time columns.
Figure 5 shows the correlation matrix of the merged datasets. It is seen that the GHI correlation with
AOD_500 and 440-675 AE is very weak, whereas the GHI correlation with OAM is moderate
(coefficient= 0.43).

(]

4TS AF MDD 393

oam

o

Figure 5. AREONET and K.A.CARE merged dataset correlation matrix.

Merging the K.A.CARE dataset with the AERONET dataset resulted in 5731 hourly records.
These records were further analyzed to see the effect of the existence or absence of dust on GHI and
its components DNI and DHI. First, these records were filtered to meet the following two conditions:
440-675_AE is less or equal to 0.2 and AOD_500 is greater or equal to 0.9. A small value of AE
indicates the existence of large coarse particles, such as dust while the opposite is true for AOD [41].
Records for forty-one hours met these thresholds for dusty weather. Out of these, thirty-three hours
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have a DHI over GHI value greater than 60%. This means that there is an 80% chance that when the
weather is dusty, more than 60% of the GHI amount is scattered or diffused. Second, the records were
filtered to meet the following two conditions: 440-675_AE is greater or equal to 1.4 and AOD_500 is
smaller or equal to 0.2. A high value of AE and a low value of AOD indicate very clear weather [44].
Records for sixty-nine hours met these thresholds for clear weather. Out of these, fifty-six hours have
DNI over GHI value greater than 70%. This means that there is an 81% chance that when the weather
is very clear and there are no large particles to cause sunlight to scatter, more than 70% of the GHI
amount is received in a direct line. Figure 6 (a) shows an example of a clear day in which DNI is
greater than GHI for all hours. On the other hand, Figure 6 (b) shows an example of a dusty day in
which DHI is almost equal to or a big part of the GHI value because dust causes sunlight to diffuse.

November 17, 2020 March 20, 2017

900 800
800 700
700 600
600
500
400
300 300
200 200

T = i P —

7.00 8.00 9.00 1000 1100 1200 13.00 1400 1500 16.00 17.00 1800 7.00 800 9.00 1000 11.00 12.00 13.00 14.00 1500 16.00 17.00 18.00 19.00

e DH| e D NI GHI s DH| e D NI GHI

(@) (b)
Figure 6. (a) Clear day vs. (b) Dusty day (AREONET and K.A.CARE merged dataset).

The final number of features is nineteen, as listed in Table 3. Compared to Table 2, thirty-one
features were eliminated because of the large number of records missing after merging. Therefore,
all lag 1 features were kept, and lag 2 and 3 features were removed. Also, regarding previous n days’
GHI values, only 4 days' GHI values were used to avoid having many null records.

Records where GHI is null or less than 1 (night hours) were eliminated. Then, the interpolation
method was used to fill some null values of GHI in the last n days, as explained previously. The null
records remaining after using interpolation were deleted.

Table 3. K. A.CARE & AERONET dataset features.

. . Tim t features last n
Time t features Time t-1 features

days
GHI_lagl WD_lagl GHI_1D
GHI (output = = =
©UIPUD  HNI lagl RH_lag1 GHI 2D
Hour DHI_lagl BP_lagl GHI_3D
Day ZA _lagl AOD_500_lagl GHI_4D
Month AT lagl 440-675_AE_lagl

WS_lagl OAM_lagl

NSRDB dataset

This dataset contains hourly values of nine attributes, as follows:

WS as a meter per second (m/s)
WD as m/s

1.  Output: GHI as w/m?
2.  DHI as w/m?

3. DNI as w/m?

4.  ZA as degree°

5. AT as Celsius (° C)

6.

7.
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8. BP as Millibar
9. RH as a percentage (%)

Figure 7 shows the correlation matrix of the NSRDB dataset after using the previous three hours’
records of the nine attributes listed before as features. The correlations between GHI and AT_lag],
DHI_lagl, DHI_lag2, DHI_lag3, DNI_lagl, DNI_lag2, DNI_lag3, GHI_lagl, GHI_lag2, and GHI_lag3
are strong positive correlations. On the other hand, the correlations between GHI and ZA_lagl,
ZA_lag?, ZA_lag3, RH_lagl, and RH_lag?2 are strong negative correlations. Compared to Figure 3,
the correlations between GHI and AT or RH are not significant in the K.A.CARE dataset. This might
be attributed to the incompleteness of this dataset in addition to the differences between the ground-
based and satellite-based measurements.

GH

LR & )
wD_lag) ST
WS lagl
O gl
oM lagl
G _lagl - 293
RH_lagl
B? lagl
ZA_lagl
AT lag2
WO _lag2
w5 lag2
O lag2 -
oM _lag2
G g2 -
RH_lag2
0P g2

ZA g2

-0.50

H_lags

B g3
ZA lags LL] t
§ 3§ § 2 3§ F R FFFTGF EEFZEEF TR :RR R R G
® § $ § EFE 2 R R g 2 EEIE RN E 2 OEE YRRV

Figure 7. NSRDB dataset correlation matrix for lagged features (last 3 hours).

Figure 8 shows the correlation matrix of the NSRDB dataset after using the previous day up to
last year’s same-hour GHI values as features. As noted in Figure 4, all last year’s same-hour GHI
values have a higher correlation coefficient than the GHI of 2 hours earlier on the same day.
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Figure 8. NSRDB dataset correlation matrix for lagged features (last 1 day-360 days).

The final number of features in the NSRDB dataset is 50, and they are the same features as those
of the K.A.CARE dataset listed in Table 2.

GIOVANNI dataset
This dataset contains hourly values of ten attributes as follows:

Dust extinction aerosol optical thickness 550 nm (DUEXTTAU)

Dust extinction aerosol optical thickness 550 nm - PM 2.5 (DUEXTT25)
Total aerosol extinction aerosol optical thickness 550 nm (TOTEXTTAU)
Dust column mass density (DUCMASS) as kg m?

Dust column mass density - PM 2.5 (DUCMASS25) as kg m?2

Dust surface mass concentration (DUSMASS) as kg m

Dust surface mass concentration - PM 2.5 (DUSMASS25) as kg m3

Dust scattering aerosol optical thickness 550 nm - PM 1.0 (DUSCATEM)
Total aerosol scattering aerosol optical thickness 550 nm (TOTSCATAU)
Total Aerosol Angstrom parameter 470-870 nm (TOTANGSTR)

0PN LN

—
=

First, the NSRDB dataset was merged with this dataset using date and time columns.
Figure 9 shows the correlation matrix of the merged datasets. It is noticeable that GHI
correlations with all ten aerosol attributes are very weak.
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Figure 9. NSRDB & GIOVANNI merged dataset correlation matrix.

The total number of records for daylight hours after merging is 13169. These records were further
analyzed to see the effect of the existence or absence of dust on GHI and its components DNI and
DHI. First, these records were filtered to meet two conditions: TOTANGSTR is less or equal to 0.1,
and TOTEXTTAU and TOTSCATAU are greater than or equal to 0.7. A small TOTANGSTR value
indicates the existence of large coarse particles, such as dust, while the opposite is true for
TOTEXTTAU and TOTSCATAU [45,46]. Records for seventy-one hours meet these thresholds for
dusty weather. Out of these, fifty-seven hours have a DHI over GHI value greater than 60%. This
means that there is an 80% chance that wahen the weather is dusty, more than 60% of the GHI amount
is scattered or diffused. Second, the records were filtered to meet the two conditions: first,
TOTANGSTR is greater or equal to 1.0 and second, TOTEXTTAU and TOTSCATAU are smaller than
or equal to 0.2. A high value of TOTANGSTR and a low value of TOTEXTTAU and TOTSCATAU
indicate very clear weather [44,47]. Records for ninety-seven hours met these thresholds for very clear
weather. Out of these, eighty-five hours have a DNI over GHI value greater than 70%. This means
that when the weather is very clear and there are no large particles to cause sunlight to scatter, there
is an 88% chance that more than 70% of the GHI amount is received in a direct line. Figure 10 (a)
shows an example of a clear day, in which DNI is greater than GHI for all hours. On the other hand,
Figure 10 (b) shows an example of a dusty day, in which DHI is almost equal to or a big part of the
GHI value because dust causes sunlight to diffuse.
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Figure 10. (a) Clear day vs. (b) Dusty day (NSRDB & GIOVANNI merged dataset).

The final number of features is 39, as listed in Table 4. Compared to Table 3, this table includes
10 aerosol variables instead of the 3 variables available in the AERONET dataset. Also, it includes
highly correlated lag 2 and lag 3 features with GHI in addition to the previous seven days’ GHI
values. These additional features were included because this merged dataset does not have a lot of
missing records as the AREONET and K.A.CARE merged dataset.

Records, where GHI is less than 1 (night hour), were eliminated. Also, null records, which
resulted from the unavailability of previous days” GHI values, were deleted.

Table 4. NSRDB & GIOVANNI dataset features.

Time t _ Time t-2 & t-3 Tim ¢
features Time t-1 features features features last n
days

GHI GHI lagl DUEXTTAU_lagl GHI_lag2 GHI_1D
(output) DNI_lagl DUEXTT25_lagl DNI_lag2 GHI_2D
Hour DHI_lagl TOTEXTTAU_lagl DHI_lag2 GHI_3D
Day AT lagl DUCMASS_lagl ZA_lag?2 GHI_4D
Month ZA_lagl DUCMASS25_lagl AT _lag2 GHI_5D

WS_lagl DUSMASS_lagl GHI_lag3 GHI_6D

WD_lagl DUSMASS25_lagl DNI_lag3 GHI_7D

RH_lagl DUSCATEFM_lagl DHI_lag3

BP_lagl TOTSCATAU_lagl ZA_lag3

TOTANGSTR lagl AT _lag3

3.1.3. Data Normalization and Dividing

Min-max scaler was used to normalize data features to the range of [0,1]. Denormalization to the
normal range was applied after the training was finished. Data was divided into 70% for training,
and 30% for validation and testing. Table 5 shows each dataset used in this work. It clarifies the period
covered, the number of missing days, and the total number of hourly records used for training,
validation, and testing using the dividing percentages specified earlier. The table also shows the GHI
mean, standard deviation (S5D), and variance (var) of each data portion in addition to the percentage
for three weather conditions (sunny, partly clear, unclear) outa of the total records. Sunny weather
here means the DNI value is 80% of the GHI value or higher [48], whereas unclear weather means
the DHI value is 90% of GHI or larger due to clouds, haze, or dust [48,49]. Partly clear weather does
not meet the aforementioned conditions.
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Table 5. Datasets description.
. Total
Dataset Period Missing Hourly GHImean GHISD GHIvar Wee}tl:ler
days conditions
Records
Train: 7044  457.32 297.34 88411.98 1. 5458
24/12/2016- Val: 1495 424.40 269.23  72482.13 '
KA.CARE 03/03/2021 1117 days Test: 1508  446.66 293.61  86205.48 ; i’ggg
Total: 10047  450.82 29297  85830.41 )
Train: 6193  481.73 313.90  98534.76 1. 4548
27/12/2017- Val: 1314 529.09 331.09  109624.53 '
NSRDB 31/12/2019 360 Test: 1325 ~ 438.84 278.12  77354.06 ; iggg
Total 8832  482.35 312.40 97595.1
Train: 2733  604.08 257.75  66436.59 )
K.A.CARE & 05/01/2016- 1215 Val: 580 607.67 260.03  67615.76 121225;);;
AERONET  03/03/2021 days Test: 585 555.42 22330  49863.17 3111
Total: 3898  597.31 253.78  64405.57
Train: 9180  473.20 309.68  95905.06 )
NSRDB & 08/01/2017- 7 Val: 1948 530.51 326.67 106714.98 ; Z;gi
GIOVANNI  31/12/2019 days  Test: 1964  462.27 299.18  89503.37 3: 9310
Total: 13092  480.09 311.45  96998.23

*1=sunny, 2= partly clear, 3= unclear

3.2. Models’ Development

In this section, five DL-based models used for GHI forecasting are described. These models are
LSTM, GRU, BiLSTM, BiGRU, and LSTM-AE.

3.2.1.LSTM

An LSTM model was developed for next-hour GHI forecasting, as clarified in Figure 11, which
comprises three LSTM layers for feature extraction and one dense layer for GHI prediction. Refer to
[50,51] to know more about LSTM.

Layer (type)

L R P R R R

(LSTM)

1stm

dropout (Dropout)

Istm_1

dropout_1

ler 3
lstm 2

(LSTM)

(Oropout)

(LSTM)

dropout_2 (Dropout)

dense

(Dense)

dense_1 (Dense)

Output Shape

(None, 1,

(None, 1,

(None, 1,

(None, 1,

(None, 1,

(None, 31, 1

(None, 1, 12

(None, 1,

128)

128)

Param »

91648

)

131584

e

131584

Figure 11. LSTM model summary.
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3.2.2. GRU

A GRU model was developed for next-hour GHI forecasting, as clarified in Figure 12, which
comprises three GRU layers for feature extraction and one dense layer for GHI prediction. Refer to
[52] to know more about GRU.

Layer (type) Qutput Shape Param #

W GRY) (None, 1, 128) so120 |
dropout (Dropout) (None, 1, 128) 4]

grv_1 (GRV) (None, 1, 128) 99072
dropout_1 (Dropout) (None, 1, 128) 0

gru_2 (GRU) (None, 1, 128) 99872
dropout_2 (Dropout) (None, 1, 128) o

dense (Dense) (None, 1, 128) 16512

dense_1 (Dense) (None, 1, 1) 129

Figure 12. GRU model summary.

3.2.3. BILSTM

A BiLSTM model was developed for next-hour GHI forecasting, as clarified in Figure 13, which
comprises two LSTM layers and one BiLSTM layer for feature extraction, followed by one dense layer
to make GHI predictions. Refer to [50,53] to know more about BiLSTM.

Layer (type) Cutput Shape Param »
Tate sm (None, 1, 128) s6an
dropout (Dropout) (None, 1, 128) o

lsta_1 (LSTM) (None, 1, 128) 131584
dropout_1 (Dropout) (None, 1, 128) 0
biodrectional (Pidirectiona (None, 1, 256) 263168

1)

dropout_2 (Dropout) (None, 1, 256) a8

donse (Dense) (None, 1, 128) 12896
donse 1 (Dense) (None, 1, 1) 129

Figure 13. BiILSTM model summary.

3.2.4. BiGRU

A BiGRU model was developed for next-hour GHI forecasting, as clarified in Figure 14, which
comprises two GRU layers and one BiGRU layer for feature extraction, followed by one dense layer
to make GHI predictions. Refer to [54] to know more about BiGRU.
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Layer (type) Qutput Shape Param #
e oy (hene, 1, 128)  eoize
dropout (Dropout) (None, 1, 128) L)

gru_1 (GRY) (None, 1, 128) 9072
dropout_1 (Oropout) {(None, 1, 128) o
bidirectional (8idirectiona (None, 1, 256) 198144

1)

dropout_2 (Oropout) (None, 1, 256) 0

dense (Dense) (None, 1, 128) 32896
dense_1 (Dense) (None, 1, 1) 139

Figure 14. BiGRU model summary.

3.2.5. LSTM-AE

An LSTM-AE model was developed for next-hour GHI forecasting, as clarified in Figure 15, in
which both the encoder and decoder consist of two LSTM layers, followed by a dense layer to make
GHI predictions. Refer to [55,56] to know more about LSTM-AE.

Layer (type) Output Shape Param &
Tetm ST (None, 1, 128)  siess
dropout (Dropout) (None, 1, 128) @
Istm_1 (LSTM) (None, 64) 4948
dropout_1 (Dropout) (None, &4) e
repeat_vector (RepeatVector (None, 1, 64) a
lstm_2 (LSTH) (None, 1, 84) 33024
dropout_2 (Dropout) (None, 1, &4) 8
lstm_3 (LST™) (Nene, 1, 128) 28816
dropout_3 (Dropout) (None, 1, 128) [}

time _distributed (TimeDistr (None, 1, 58) 6458
ibuted)

dense_l (Dense) (None, 1, 1) s51

Figure 15. LSTM-AE model summary.

3.3. Implementation

Keras library was used to create DL models. The experiments were performed on a laptop with
NVIDIA GeForce RTX 3070 GPU and 16 GB memory. The hyperparameters used are 200 epochs, a
batch size of 256, and a learning rate equal to 0.001. For models’ optimization, Adam algorithm was
used in addition to a dropout layer with a value of 0.2 and weight decay equal to 0.000001. ReLU
activation function was used for all layers and the loss function was the mean squared error (MSE).
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3.4. Evaluation Metrics

In this work, four well-known performance evaluation metrics are utilized to evaluate the
forecasting models: MAE [57], RMSE [57], MAPE [58], and FS [59]. The equations used to calculate
these metrics are given below:

<I-- MathType@Translator@5@5@MathML2 (no namespace).tdl@MathML 2.0 (no
namespace)@ -->

<math><mrow><mtable><mtr><mtd><mrow><maligngroup
[><mi>M</mi><mi>A</mi><mi>E</mi><mo>=</mo><mfrac><mrow><mn>1</mn></m
row><mrow><mi>N</mi></mrow></mfrac><mrow><munderover><mo
stretchy="false">> </mo><mrow><mi
mathvariant="normal">i</mi><mo>=</mo><mn>1</mn></mrow><mrow><mi>N</mi><
/mrow></munderover><mrow><mfenced open="&#x007C;" close="&#x007C;"
separators="&#x007C;"><mrow><msub><mrow><mi>a</mi><mi>c</mi><mi>t</mi><
mi>u</mi><mi>a</mi><mi>l</mi><mtext>&#x00A0;</mtext><mi>G</mi><mi>H</mi>
<mi>I</mi></mrow><mrow><mi>i</mi></mrow></msub><mo>&#x2212;</mo><mi
mathvariant="normal">&#x0020;</mi><msub><mrow><mi>f</mi><mi>o</mi><mi>r</
mi><mi>e</mi><mi>c</mi><mi>a</mi><mi>s</mi><mi>t</mi><mtext>&#x00A0;</mt
ext><mi>G</mi><mi>H</mi><mi>I</mi></mrow><mrow><mi>i</mi></mrow></msub
></mrow></mfenced></mrow></mrow><mtext>&#x00A0;</mtext><mtext>&#x00A0;</
mtext><mtext>&#x00A0;</mtext><mtext>&#x00A0;</mtext><mtext>&#x00A0;</mtext
><mo>#</mo><mfenced
separators="&#x007C;"><mrow><mn>1</mn></mrow></mfenced></mrow></mtd></mtr
></mtable></mrow></math>

<I-- MathType@End@5@5@ -->

<I-- MathType@Translator@5@5@MathML2 (no namespace).tdl@MathML 2.0 (no
namespace)@ -->

<math><mrow><mtable><mtr><mtd><mrow><maligngroup
[><mi>R</mi><mi>M</mi><mi>S</mi><mi>E</mi><mo>=</mo><mtext>&#x00A0;</
mtext><msqrt><mfrac><mrow><mn>1</mn></mrow><mrow><mi>N</mi></mrow></m
frac><mrow><munderover><mo stretchy="false">) </mo><mrow><mi
mathvariant="normal">i</mi><mo>=</mo><mn>1</mn></mrow><mrow><mi>N</mi><
/mrow></munderover><mrow><msup><mrow=><mo=>(</mo><msub><mrow><mi>a</mi
><mi>c</mi><mi>t</mi><mi>u</mi><mi>a</mi><mi>l</mi><mtext>&#x00A0;</mtext
><mi>G</mi><mi>H</mi><mi>l</mi></mrow><mrow><mi>i</mi></mrow></msub><
mMo>&#x2212;</mo><mi
mathvariant="normal">&#x0020;</mi><msub><mrow><mi>f</mi><mi>o</mi><mi>r</
mi><mi>e</mi><mi>c</mi><mi>a</mi><mi>s</mi><mi>t</mi><mtext>&#x00A0;</mt
ext><mi>G</mi><mi>H</mi><mi>I</mi></mrow><mrow><mi>i</mi></mrow></msub
><mo>)</mo></mrow><mrow><mn>2</mn></mrow></msup></mrow></mrow></msqrt
><mtext>&#x00A0;</mtext><mtext>&#x00A0;</mtext><mtext>&#x00A0;</mtext><mte
xt>&#x00A0;</mtext><mtext>&#x00A0;</mtext><mo>#</mo><mfenced
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separators="&#x007C;"><mrow><mn>2</mn></mrow></mfenced></mrow></mtd></mtr
></mtable></mrow></math>
<I-- MathType@End@5@5@ -->

<I-- MathType@Translator@5@5@MathML2 (no namespace).tdl@MathML 2.0 (no
namespace)@ -->

<math><mrow><mtable><mtr><mtd><mrow><maligngroup
[><mi>M</mi><mi>A</mi><mi>P</mi><mi>E</mi><mo>=</mo><mfrac><mrow><mn
>1</mn></mrow><mrow><mi>N</mi></mrow></mfrac><mtext>&#x00A0;</mtext><mr
ow><munderover><mo stretchy="false">) </mo><mrow><mi
mathvariant=""normal">i</mi><mo>=</mo><mn>1</mn></mrow><mrow><mi>N</mi><
/mrow></munderover><mrow><mfenced open="&#x007C;" close="&#x007C;"
separators="&#x007C;"><mrow><mfrac><mrow><mi>a</mi><mi>c</mi><mi>t</mi><
mi>u</mi><mi>a</mi><mi>l</mi><mtext>&#x00A0;</mtext><msub><mrow><mi>G</
mi><mi>H</mi><mi>I</mi></mrow><mrow><mi>i</mi></mrow></msub><mo>&#x22
12;</mo><mi
mathvariant="normal">&#x0020;</mi><msub><mrow><mi>f</mi><mi>o</mi><mi>r</
mi><mi>e</mi><mi>c</mi><mi>a</mi><mi>s</mi><mi>t</mi><mtext>&#x00A0;</mt
ext><mi>G</mi><mi>H</mi><mi>I</mi></mrow><mrow><mi
mathvariant="normal">i</mi></mrow></msub></mrow><mrow><mi>a</mi><mi>c</mi
><mi>t</mi><mi>u</mi><mi>a</mi><mi>I</mi><mtext>&#x00A0;</mtext><msub><m
row><mi>G</mi><mi>H</mi><mi>I</mi></mrow><mrow><mi>i</mi></mrow></msub
></mrow></mfrac></mrow></mfenced></mrow></mrow><mo>x</mo><mn>100</mn>
<mi>%</mi><mtext>&#x00A0;</mtext><mtext>&#x00A0;</mtext><mtext>&#x00A0;</
mtext><mo>#</mo><mfenced
separators="&#x007C;"><mrow><mn>3</mn></mrow></mfenced></mrow></mtd></mtr
></mtable></mrow></math>

<I-- MathType@End@5@5@ -->

<l-- MathType@Translator@5@5@MathML2 (no namespace).tdl@MathML 2.0 (no
namespace)@ -->

<math><mrow><mtable><mtr><mtd><mrow><maligngroup
[><mi>F</mi><mi>S</mi><mo>=</mo><mn>1</mn><mo>&#x2212;</mo><mfrac><mr
ow><msub><mrow><mi>M</mi><mi>e</mi><mi>t</mi><mi>r</mi><mi>i</mi><mi>c
</mi></mrow><mrow><mi mathvariant="normal">&#x0020;</mi><mi
mathvariant="normal">p</mi><mi mathvariant=""normal">r</mi><mi
mathvariant="normal"">0</mi><mi mathvariant=""normal">p</mi><mi
mathvariant="normal">o0</mi><mi mathvariant="normal">s</mi><mi
mathvariant="normal">e</mi><mi
mathvariant="normal">d</mi></mrow></msub></mrow><mrow><mi
mathvariant="normal">&#x0020;</mi><msub><mrow><mi>M</mi><mi>e</mi><mi>t</
mi><mi>r</mi><mi>i</mi><mi>c</mi><mtext>&#x00A0;</mtext></mrow><mrow><mi
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mathvariant="normal">p</mi><mi mathvariant="normal">e</mi><mi
mathvariant="normal">r</mi><mi mathvariant="normal">s</mi><mi
mathvariant=""normal">i</mi><mi mathvariant="normal">s</mi><mi
mathvariant=""normal">t</mi><mi mathvariant="normal"">e</mi><mi
mathvariant=""normal">n</mi><mi mathvariant="normal">c</mi><mi
mathvariant="normal">e</mi></mrow></msub></mrow></mfrac><mtext>&#x00A0;</mt
ext><mi>*</mi><mn>100</mn><mtext>&#x00A0;</mtext><mi>%</mi><mtext>&#x00
AO;</mtext><mtext>&#X00A0;</mtext><mtext>&#x00A0;</mtext><mtext>&#x00A0;</
mtext><mtext>&#x00A0;</mtext><mtext>&#x00A0;</mtext><mtext>&#x00A0;</mtext
><mtext>&#X00A0;</mtext><mo>#</mo><mfenced
separators="&#x007C;"><mrow><mn>4</mn></mrow></mfenced></mrow></mtd></mtr
></mtable></mrow></math>

<l-- MathType@End@5@5@ -->

4. Results and Discussion

This section illustrates and discusses the results of the forecasting performance of five DL-based
models using three different types of inputs: lagged GHI features (Section 4.1), weather and solar
radiation components features (Section 4.2), and aerosol features (Section 4.3). Finally, all the results
of experiments using the FS of all the models are presented (Section 4.4).

4.1. Effect of Using Lagged GHI Features on Forecasting

To study this effect, all five forecasting models were trained and tested three times with the same
records. In the first experiment, 26 features were used in training, including the GHI values for the
previous 3 hours to the forecasting hour and the GHI values for the same forecasting hour on
previous days over the last year. The second experiment included 16 features after eliminating 10
highlighted features from the first experiment, which represent the GHI value of the same forecasting
hour 90 days up to 1 year ago. In the last experiment, only GHI values for the previous 3 hours to the
forecasting hour were used. Table 6 shows the features used in all three experiments.

Table 6. Effect of lagged GHI (experiment 1 vs. experiment 2 vs. experiment 3 features).

Experiment 1 Experiment 2 Experiment 3
GHI GHI_1D GHI_90D GHI GHI_1D GHI (output)
(output) (output)
Hour GHI_ 2D  GHI_120D Hour GHI_2D Hour
Day GHI_3D  GHI_150D Day GHI_3D Day
Month GHI_ 4D  GHI_180D Month GHI_4D Month
GHI lagl GHI 5D  GHI 210D  GHI lagl GHI_5D GHI_lagl
GHI lag2 GHI_6D  GHI 240D  GHI_lag2 GHI_6D GHI_lag?2
GHI lagd GHI_7D  GHI 270D  GHI lag3 GHI_7D GHI_lag3
GHI_15D  GHI_300D GHI_15D
GHI_30D  GHI 330D GHI_30D
GHI_60D  GHI_360D GHI_60D
Total: 26 features Total: 16 features Total: 6 features

Figure 16 displays the average RMSE results of 30 runs of five forecasting models for the
K.A.CARE dataset on the left and the NSRDB dataset on the right. It is noted that using 26 features
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(K.A.CARE-1) did not improve the RMSE results compared to using 16 features (K.A.CARE-2). In
fact, it increased RMSE slightly by a maximum of 5 points. On the other hand, using 16 features
(K.A.CARE-2) compared to using only 6 features (K.A.CARE-3) delivered contradictory results. With
the LSTM, BiGRU, and LSTM-AE models, using 6 features enlarged RMSE results, whereas using 16
features instead of 6 improved the RMSE results of the GRU and BiLSTM models by less than 1 point,
which could be related to the stochastic nature of DL models training. Looking at the NSRDB dataset
results, using 26 features (NSRDB-1) made the RMSE results worse compared to using 16 features
(NSRDB-2). Also, the results of experiments 2 and 3 (NSRDB-2 & NSRDB-3) are contradictory. Using
16 features instead of 6 slightly improved the RMSE results of the LSTM and BiGRU models, whereas
no improvement was achieved with the remaining three models.

Tt is deduced from the RMSE results of both datasets that using the GHI values for the previous
3 hours is satisfactory and that including the GHI values for the same hour on previous days does
not improve forecasting. Additionally, the LSTM-AE model achieves the best RMSE result with 6
features only, which is equal to 50.69 for the K.A.CARE dataset and 63.51 for the NSRDB dataset.

Effect of lagged GHI on RMSE

KACARE-1 KACARE-2 KACARE-3 NSRDB -1 NSRDB-2 NSRDB-3

LSTM 5549 5412 5149 6847 6575 67.78
= GRU 562 5185 5217 6934 69.49 6543
u BiLSTM 57.56 5467 5549 67.95 66.82 66.86

RMSE
~ w IS o E
S s 5 s 3

5

0

BiGRU 6205 5977 5485 7271 67.56 6825
W LSTM-AE 5875 5358 5069 67.68 6623 6351

Figure 16. Effect of lagged GHI (experiment 1, 2 & 3 RMSE results).

The average MAE results of 30 runs of five forecasting models are shown in Figure 17. The
K.A.CARE dataset results on the left and the NSRDB dataset results are on the right. It is noted that
using 26 features (K.A.CARE-1) did not improve the MAE results compared to using 16 features
(K.A.CARE-2). In fact, it increased MAE slightly by a maximum of 4 points. Also, using 16 features
(K.A.CARE-2) compared to using only 6 features (K.A.CARE-3) did not improve the MAE results,
except for the BILSTM model with less than 1 point difference, which could be related to the stochastic
nature of the DL models training. On the other hand, the NSRDB dataset results for experiments 1
and 2 (NSRDB-1 vs. NSRDB-2) show that using 26 features made the MAE results worse compared
to using 16 features and using 16 features compared to 6 also did not help (NSRDB-2 vs. NSRDB-3).
An improvement of less than 1 point in the MAE results of the LSTM and BiLSTM models is mostly
related to testing stochastic error.

It is inferred from the MAE results of both datasets that using GHI values for the previous 3
hours is satisfactory and that including GHI values for the same hour on previous days does not
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improve forecasting. Additionally, the LSTM model achieves the best MAE result with only 6
features, which is equal to 25.8 for the K.A.CARE dataset and 42.04 for the NSRDB dataset.

Effect of lagged GHI on MAE
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Figure 17. Effect of lagged GHI (experiment 1, 2 & 3 MAE results).

The average MAPE results of 30 runs of five forecasting models are shown in Figure 18. The
K.A.CARE dataset results appear on the left and the NSRDB dataset on the right. It is noted that using
26 features (K.A.CARE-1) did not improve the MAPE results compared to using 16 features
(K.A.CARE-2), except for the BiGRU model with 10 points improvement. Unlike the RMSE and MAE
results, using 16 features (K.A.CARE-2) compared to using only 6 features (K.A.CARE-3) enhanced
the MAPE results significantly, excluding for the BiGRU and LSTM-AE models. MAPE of the LSTM
improved from 33.26 to 20.97 and GRU went from 50.51 to 21.69. The best improvement is with the
BiLSTM model, which went from 71.16 to 38.03, and the least improvement is with the LSTM-AE
model, which went from 21.33 to 19.4. Regarding the NSRDB dataset results, it is seen that using 26
features (NSRDB-1) enhanced the MAPE results slightly for the BILSTM and LSTM-AE models,
whereas the MAPE result improved by almost 7 points for the BiGRU model, going from 52.39 to
45.6. When the results of the NSRDB-2 and NSRDB-3 are compared, it is observed that using 16
features enhanced the MAPE results for all models, except for the BiGRU model. However, since the
MAPE results of the BiGRU model improved with 26 features, this can be considered as a stochastic
error.

From Figure 18, it is concluded that using more features improves MAPE results, unlike the
situation with the RMSE and MAE results. Additionally, the LSTM-AE model achieves the best
MAPE result with 26 features, which is equal to 20.21 for the K.A.CARE dataset and 29.51 for the
NSRDB dataset.
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Effect of lagged GHI on MAPE

80

0
0
| I I
0

KACARE-1 KACARE-2 KACARE-3 NSRDB -1 NSRDB-2 NSRDB-3
LST™M 24.02 2097 33.26 3236 3194 331
mGRU 2179 21.69 5051 3274 31.06 38.89
HBiLSTM 44.8 3803 7116 40.01 42.84 46.45
BiGRU 55.93 66.31 6551 45.6 52.39 50.55
W LSTM-AE 2021 194 2133 2951 30.54 3499

MAPE
N w IS
)

-

Figure 18. Effect of lagged GHI (experiment 1, 2 & 3 MAPE results).

4.2. Effect of Using Weather and Solar Radiation Components Features on Forecasting

To study this effect, all five models were trained and tested twice with the same records. First,
training was conducted with 50 features (experiment 1), including GHI with other weather-lagged
features, and then again with GHI-lagged features only (experiment 2) without the highlighted
features, as clarified in Table 7. Both experiments were conducted twice using the K.A.CARE dataset
and the NSRDB dataset.

Table 7. Effect of weather (experiment 1 vs. experiment 2 features).

Experiment 1 Experiment 2
GHI lagl GHI lag2 GHI lag3 GHI_1D GHI_90D GHI GHI_3D GHI_120D
GHI DNI lagl DNI lag2 DNI lag3 GHI_2D GHL_120 (output) GHI_4D  GHI_150D
(outpu D
t

) DHI lagl DHI lag2 DHI lag3 GHI_3D GH]ID_ 150 Hour GHI_5D  GHI_180D

Hour AT lagl AT lag2 AT lag3 GHI_4D GHI.S 180 Day GHI_6D  GHI_210D
GHI_210

Day ZA lagl ZA _lag2 ZA lag3 GHI 5D D Month GHI_7D  GHI_240D
GHI_240

Month =~ WS_lagl WS_lag2  WS_lag3 GHI_6D D GHI lagl GHI_15D GHI_270D
GHI_270

WD_lagl WD_lag2 WD_lag3 GHI_7D D GHI lag2 GHI_30D GHI_300D

GHI_15 GHI_300

RH_lagl RH_lag?2 RH_lag3 N GHI lag3 GHI_60D GHI_330D

D D
BP_lagl BP_lag2 BP_lag3 GH]:I)_3O GH]IS 330 GHI_1D GHI_90D GHI_360D
GHI_60  GHI_360
D D GHI_2D

Total: 50 features Total: 26 features
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Figure 19 illustrates the average RMSE results of 30 runs of five forecasting models for the
K.A.CARE dataset on the left and the NSRDB dataset on the right. It is noted that using 50 features,
including the results of weather and solar radiation components’ lagged features (K.A.CARE-1), is
slightly better than using GHI-lagged features only (K.A.CARE-2). The difference ranges from 0.77
with BiLSTM to almost 6 points with LSTM-AE. It is also noted that LSTM-AE achieves the best RMSE
result, equal to 52.94 with 50 features. On the other hand, using weather and solar radiation
components’ lagged features with the second dataset (NSRDB-1) slightly improved the RMSE results
of three models only: BiLSTM, BiGRU, and LSTM_AE, whereas using 26 features (NSRDB-2)
delivered better RMSE results for the LSTM and GRU models. Again, the LSTM-AE model achieved
the best RMSE result equal to 66.06 with 50 features.

From Figure 19, it is concluded that using weather in addition to solar radiation components’
lagged features improved the RMSE results slightly. However, this slight improvement might not be
worth the loss in efficiency due to the increase in the number of parameters. Besides, the LSTM-AE
model achieves the best RMSE results with 50 features.

Effect of weather on RMSE

60 I ‘ I ‘

KACARE-1 KACARE-2 NSRDB -1 NSRDB-2
LST™M 5441 5549 7331 6847
®GRU 5315 56.2 7268 69.34
W BiLSTM 56.79 57.56 66.6 67.95
BIGRU 60.74 62.05 7144 7271
= STM-AE 52.94 5875 66.06 67.68

RMSE
~ w IS @
o o S )

o
)

Figure 19. Effect of weather (experiment 1 vs. experiment 2 RMSE results).

Figure 20 presents the average MAE results of 30 runs of five forecasting models for the
K.A.CARE dataset on the left and the NSRDB dataset on the right. It is noted that using 50 features,
including weather and solar radiation components’ lagged features (K.A.CARE-1), is slightly better
than using GHI-lagged features only (K.A.CARE-2). The difference ranges from 1 with the BiLSTM
model to almost 5 points with the GRU model. It is also noted that the GRU model achieves the best
MAE result, equal to 28.23 with 50 features. On the other hand, using weather and solar radiation
components’ lagged features with the second dataset (NSRDB-1) slightly improves the MAE results
by less than 2 points. It is also noted that the LSTM model achieves the best MAE result, equal to
almost 44 with 26 features (NSRDB-2).

It is concluded from the MAE results of both datasets that using weather in addition to solar
radiation components’ lagged features improved the MAE results slightly. However, this slight
improvement might not be worth the loss in efficiency due to the increase in the number of
parameters.
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Effect of weather on MAE
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Figure 20. Effect of weather (experiment 1 vs. experiment 2 MAE results).

The average MAPE results of 30 runs of five forecasting models are shown in Figure 21. The
K.A.CARE dataset results appear on the left and the NSRDB dataset on the right. From the figure, it
is seen that using 50 features, including weather and solar radiation components’ lagged features
(K.A.CARE-1), improved the MAPE results of (K.A.CARE-2) slightly for the LSTM, BiGRU, and
LSTM-AE models. However, the GRU result did not improve, and the BILSTM model result became
worse by almost 10 points. It is also noted that the LSTM-AE model achieves the best MAPE result
of around 20 in both experiments. On the other hand, using weather and solar radiation components’
lagged features with the second dataset (NSRDB-1) did not improve the MAPE results. Also, the
LSTM-AE model achieves the best MAPE result of around 29 in both experiments.

It is concluded from the MAPE results of both datasets that using weather in addition to solar
radiation components’ lagged features might improve the MAPE results slightly. However, this
slight improvement might not be worth the loss in efficiency due to the increase in the number of
parameters.
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Effect of weather on MAPE
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Figure 21. Effect of weather (experiment 1 vs. experiment 2 MAPE results).

4.3. Effect of Using Aerosol Features on Forecasting

To examine this effect, all five models were trained and tested twice with the same records using
the K.A.CARE and AERONET merged dataset, once with 35 features (experiment 1), including 3
aerosol features, and once without the highlighted aerosol features (experiment 2), as clarified in
Table 8.

Table 8. Effect of aerosol experiment 1 vs. experiment 2 features (K.A.CARE & AERONET dataset).

Experiment 1 Experiment 2
GHI (output) GHI_4D GHI (output) GHI_lagl
Hour GHI_lagl Hour DNI_lagl
Day DNI_lagl Day DHI_lagl
Month DHI_lagl Month ZA_lagl
AOD_500_lagl ZA_lagl GHI_1D AT lagl
440-675_AE_lagl AT _lagl GHI_2D WS_lagl
OAM lagl WS_lagl GHI_3D WD_lagl
GHI_1D WD_lagl GHI_4D RH_lagl
GHI_2D RH_lagl BP_lagl
GHI_3D BP_lagl
Total: 19 features Total: 16 features

Another two experiments were conducted using the NSRDB and GIOVANNI merged dataset,
once with 39 features (experiment 1), including 10 aerosol features, and once without the highlighted
aerosol features (experiment 2), as clarified in Table 9.

Table 9. Effect of aerosol experiment 1 vs. experiment 2 features (NSRDB & GIOVANNI dataset).

Experiment 1 Experiment 2
GHI GHI _lagl DUEXTTAU lagl GHI lag2 GHI_1D GHI GHI lagl GHI lag2 GHI_1D
(output) DNI_lagl DUEXTT25_lagl DNI_lag2 GHI_2D (output) DNI_lagl DNI_lag2 GHI_2D
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Hour DHI_lagl TOTEXTEAU—lag DHI_lag2 GHI_3D Hour DHI lagl DHI_lag2 GHI_3D

Day AT lagl DUCMASS lagl ZA _lag2 GHI 4D Day AT lagl ZA_lag2 GHI 4D
DUCMASS25_lag

Month ZA_lagl AT _lag2 GHI_5D Month ZA_lagl AT_lag2 GHI_5D

1
WS_lagl DUSMASS_lagl GHI_lag3 GHI_6D WS_lagl GHI lag3 GHI_6D
WD_lagl DUSMASS25_lagl DNI_lag3 GHI_7D WD_lagl DNI_lag3 GHI_7D
RH_lagl DUSCATEM_lagl DHI_lag3 RH_lagl DHI lag3
BP_lagl TOTSCAlTAU-Iag ZA_lag3 BP_lagl ZA_lag3
TOTAN(IQSTR_lag AT lag3 AT lag3
Total: 39 features Total: 29 features

Figure 22 displays the average RMSE results of 30 runs of five forecasting models for the
K.A.CARE and AERONET merged dataset on the left and the NSRDB and GIOVANNI merged
dataset on the right. It is noted that using aerosol features (K.A.CARE & AERONET-1) slightly
enhanced the RMSE results for the BILSTM and LSTM-AE models only and worsened the results for
other models. On the other hand, using aerosol features with the second dataset (NSRDB &
GIOVANNI-1) delivered results very similar to those of experiment 2 in which aerosol features were
eliminated (NSRDB & GIOVANNI-2).

From both datasets, it is concluded that using aerosol features might not improve RMSE at all
and make a slight improvement at best. Also, the LSTM-AE model achieves the best RMSE with
aerosol features, which is equal to 46.19 with the first dataset and 62.46 with the second dataset.

Effect of aerosol on RMSE
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Figure 22. Effect of aerosol (experiment 1 vs. experiment 2 RMSE results).

The average MAE results of 30 runs of five forecasting models are shown in Figure 23. The
results of K.A.CARE and AERONET merged dataset appear on the left and the results of NSRDB and
GIOVANNI merged dataset on the right. It is noted that using aerosol features (K.A.CARE &
AERONET-1) slightly enhanced the MAE results for the GRU, BiLSTM, and LSTM-AE models. Also,
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the LSTM-AE model achieves the best MAE with aerosol features, which is 25.69. On the other hand,
using aerosol features with the second dataset (NSRDB & GIOVANNI-1) slightly improved the MAE
results for all models except the BiLSTM. Also, the LSTM and GRU models achieve the best MAE
value of around 37. From both datasets, it is concluded that using aerosol features might slightly
improve the MAE.

Effect of aerosol on MAE
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Figure 23. Effect of aerosol (experiment 1 vs. experiment 2 MAE results).

Figure 24 displays the average MAPE results of 30 runs of five forecasting models for the
K.A.CARE and AERONET merged dataset on the left and the NSRDB and GIOVANNI merged
dataset on the right. It is noted that using aerosol features (K.A.CARE & AERONET-1) slightly
enhanced the MAPE results for the GRU, BiLSTM, and LSTM-AE models. Also, the GRU and LSTM-
AE models achieved the best MAPE with aerosol features, which is around 8. On the other hand,
using aerosol features with the second dataset (NSRDB & GIOVANNI-1) slightly enhanced the
MAPE results for the LSTM, BiLSTM, and LSTM-AE models. Also, the LSTM model achieved the
best MAPE value of around 24. From both datasets, it is concluded that using aerosol features might
slightly improve the MAPE, but this improvement might not pay off due to the loss in efficiency.



Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 11 January 2024 doi:10.20944/preprints202401.0880.v1

28

Effect of aerosol on MAPE
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Figure 24. Effect of aerosol (experiment 1 vs. experiment 2 MAPE results).

4.4. FS of all Models

In this section, FS results of all the models are presented. FS measures the enhancement in
forecasting compared to the persistence method. This metric helps to evaluate the models’
performance in comparison to other models developed using different datasets.

Figure 25 shows the FS of the LSTM model for three metrics: RMSE, MAE, and MAPE. The
results for all the experiments discussed in Sections 4.1, 4.2, and 4.3 are presented in this figure. The
name of each dataset along with the number of features used are clarified, for example, K.A.CARE-
50 means the K.A.CARE dataset with 50 features. From Figure 25, it is noted that the FS rvst of the
LSTM model ranges from 55% with NSRDB-50 to 66% with K.A.CARE & AERONET-16. Also, the FS
MAE ranges from 67% with NSRDB-50 to 80% with K.A.CARE-6, whereas the FS mare ranges from 72%
with K.A.CARE and AERONET-19 to 84% with K.A.CARE-50 and K.A.CARE-16. The most
significant improvement is seen in the MAPE metric first, followed by the MAE metric.
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Figure 25. FS of LSTM model (all experiments).

Figure 26 displays the FS of the GRU model for three metrics: RMSE, MAE, and MAPE. The
results for all experiments discussed in Sections 4.1, 4.2, and 4.3 are presented in this figure. The name
of each dataset along with the number of features used is clarified. For example, K.A.CARE-16 means
the K.A.CARE dataset with 16 features. From Figure 26, the FS rmse of the GRU model ranges from
55% with NSRDB-50 to 65% with K.A.CARE-16, K.A.CARE-6, and K.A.CARE and AERONET-16.
Also, the FS mae ranges from 65% with NSRDB -50, NSRDB-26, and NSRDB -16 to 79% with
K.A.CARE-6, whereas the FS mare ranges from 61% with K.A.CARE-6 to 83% with K.A.CARE-50,
K.A.CARE-26, and K.A.CARE-16. The most significant improvement is in the MAPE metric first,
followed by the MAE metric.
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Figure 26. Forecast skill of GRU model (all experiments).

Figure 27 shows the FS of the BILSTM model for three metrics: RMSE, MAE, and MAPE. The
results for all experiments discussed in Sections 4.1, 4.2, and 4.3 are presented in this figure. The name
of each dataset along with the number of features used is clarified. For example, NSRDB-50 means
NSRDB dataset with 50 features. From Figure 27, the FS ruse of the BILSTM model ranges from 58%
with NSRDB-26 to 65% with K.A.CARE and AERONET-19. Also, the FS mat ranges from 66% with
NSRDB-50 and NSRDB-26 to 76% with K.A.CARE and AERONET-19, whereas the FS mare ranges
from 44% with K.A.CARE-6 to 71% with K. A.CARE and AERONET-19. The most significant
improvement is in the MAE metric first, followed by the MAPE metric.
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Figure 27. Forecast skill of BILSTM model (all experiments).

Figure 28 shows the FS of the BiGRU model for three metrics: RMSE, MAE, and MAPE. The
results for all the experiments discussed in Section 4.1, 4.2, and 4.3 are presented in this figure. The
name of each dataset along with the number of features used are clarified. For example, NSRDB-6
means the NSRDB dataset with 6 features. From Figure 28, the FS rusk of the BIGRU model ranges
from 55% with NSRDB-26 to 65% with K.A.CARE and AERONET-16. Also, the FS mat ranges from
61% with NSRDB-26 to 75% with K.A.CARE-6, and K.A.CARE and AERONET-16, whereas the FS
mare ranges from 48% with K.A.CARE-16 to 68% with K.A.CARE and AERONET-16. The most
significant improvement is in the MAE metric first, followed by the MAPE metric.
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Figure 28. Forecast skill of BiGRU model (all experiments).

Figure 29 shows the FS of the LSTM-AE model for three metrics: RMSE, MAE, and MAPE. The
results for all experiments discussed in Sections 4.1, 4.2, and 4.3 are presented in this figure. The name
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of each dataset along with the number of features used are clarified, for example, K.A.CARE and
AERONE-16 means the K.A.CARE and AERONET merged dataset with 16 features. From Figure 29,
the FS rmse of the LSTM-AE model ranges from 59% with NSRDB-26 and NSRDB-16 to 67% with
K.A.CARE and AERONET-19. Also, the FS mat ranges from 67% with NSRDB-26 to 79% with
K.A.CARE and AERONET-19, whereas the FS mare ranges from 71% with K.A.CARE and AERONET-
16 to 85% with K.A.CARE-50 and K.A.CARE-16.The most significant improvement is seen in the
MAPE metric first, followed by the MAE metric.
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Figure 29. Forecast skill of LSTM-AE model (all experiments).

From all the figures in this section, it is concluded that the FS results of the five models are better
than the persistence method by at least 44% and at most 85%. The best FS results are realized by the
LSTM-AE model. The most improved metric is the FS mare for the LSTM, GRU, and LSTM-AE models,
whereas it is the FSmat for the BIGRU and BiLSTM models. The least improved metric is the FSrmse
for the LSTM, GRU, and LSTM-AE models, whereas it is FSmare for the BiGRU and BiLSTM models.

5. Conclusion

This paper aims to evaluate the ability of five DL-based models to provide accurate forecasting
of next-hour GHI using different sets of features, including weather variables, aerosol variables, along
solar radiation components. Fourteen experiments were conducted in which LSTM, GRU, BiLSTM,
BiGRU, and LSTM-AE models were tested using different feature sets to investigate their effect on
forecasting results. The findings are summarized as follows:

e  Although the GHI values of the same forecasting hour on previous days have a stronger or equal
correlation with the output than the GHI values of the previous three hours on the same day,
using the latter in forecasting provides better accuracy, especially if measured by RMSE or MAE.
However, only MAPE was improved when the GHI values of the same forecasting hour on
previous days were used for prediction. Therefore, the decision about the inclusion of more GHI-
lagged features depends on the performance metric of interest and the size of the dataset.

e  Using weather, aerosol, and solar radiation components’ lagged features improves RMSE, MAE,
and MAPE results slightly. However, this slight improvement might not be worth the loss in
efficiency due to the increase in the number of parameters. Therefore, the decision about the
inclusion of these features depends on a tradeoff between performance and efficiency.

e  The LSTM-AE model provides the best forecasting results with all feature sets, followed by the
LSTM and GRU models, whereas the BILSTM and BiGRU models provide the worst.

e  The best forecast skills results are achieved by the LSTM-AE model, which reaches 85%.
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e  FS mareis the most improved metric for the LSTM, GRU, and LSTM-AE models, whereas it is
FSmat for the BiGRU and BiLSTM models.

e  The best RMSE, MAE, and MAPE results are 46.19, 25.69, and 8.18 achieved by the LSTM-AE
model with the K.A.CARE and AERONET merged dataset with 19 features.

e Regarding datasets, all results associated with the NSRDB dataset are worse than results
associated with the K.A.CARE dataset. Ground-based measurements are more accurate than
satellite-based observations and thus provide better forecasting. However, ground-based data
suffer from a huge number of missing values due to device malfunction or maintenance
scheduling. It is safe to use satellite data for model development purpose and assume that results
would be better with ground-based data.
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