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Abstract: The power generation by solar photovoltaic (PV) systems will become an important and
reliable source in the future. Therefore, this aspect has received great attention from researchers,
who have investigated accurate and credible models to predict the power output of PV modules.
This prediction is very important in the planning of short-term resources, the management of energy
distribution, and the operation security for PV systems. This paper aims to explore the sensitivity of
Nonlinear Autoregressive Exogenous Inputs (NARX) and an Artificial Neural Network (ANNs) as a
result of weather dynamics in the very short term for predicting the power output of PV modules. This
goal was achieved based on an experimental dataset for the power output of a PV module obtained
during the sunny days in summer and cloudy days in winter, and using the data in the algorithm
models of NARX and ANN. In addition, the analysis results of the NARX model were compared
with those of the static ANN model to measure the accuracy and superiority of the nonlinear model.
The results showed that the NARX model offers very good estimates and is efficient in predicting
the power output of the PV module in the very short term. Thus, the coefficient of determination
(R?) and mean square error (MSE) were 94.4-97.9% and 0.08261-0.04613, respectively, during the
summer days, and the R? and MSE were 90.1-89.2% and 0.281-0.249, respectively, during the winter
days. Overall, it can be concluded that the sensitivity of the NARX model is more accurate in the
summer days than the winter days, when the weather conditions are more stable with a gradual
change. Moreover, the effectiveness of the NARX model has the specificity to learn and to generalize
more effectively than the static ANN.

Keywords: photovoltaic; ANN; NARX; short-term prediction; solar energy; clean energy; renewable
energy

1. Introduction

Photovoltaic (PV) systems have recently become widely used worldwide. Therefore,
PV systems have been classified as an essential technology that will make a positive
contribution to the supply of clean and sustainable electrical power in the future. One
of the main problems facing this technology is the effect of several weather variables.
These variables are solar radiation, ambient temperature, cloud variation, wind speed,
dust accumulation, and relative humidity [1,2]. These variables lead to serious growth
and serious challenges in PV systems, such as fluctuating and unstable power generation.
These challenges have made researchers think about various models and techniques to
forecast and manage the power production of PV systems.

According to previous studies, forecasting techniques can be classified into four main
types: (1) physical models, (2) statistical models, (3) software computing, and (4) hybrid
types [3]. Firstly, in a brief definition, the physical model depends on a set of equations to
solve the output characteristics of the PV module. The physical model is characterized by
simplicity if it depends only on solar radiation, and it can become more complex if ambient
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temperature and humidity are also considered in addition to solar radiation [4]. Secondly,
statistical models depend on experimental data that have been analyzed by applying time-
series data and measured parameters [5]. Statistical models can be classified into linear
regression [6], multivariate linear regression [6], nonlinear regression [6], autoregressive
moving average (ARMA) [7], and autoregressive (AR) [8] models. In general, statistical
models depend on different parameters of weather conditions [9]. The data of parameters
can be categorized according to the time period into very short, short, medium, and long-
term time periods. The differences between the physical model and the statistical model are
that (1) the statistical model is simpler than a physical model, and (2) the physical model
is suitable for long periods between one and two days (long forecast horizons) and the
statistical model is suitable for short horizons. Thirdly, the software computing technique
includes various numerical simulations and software like Artificial Neural Networks
(ANNS) [10,11]. ANN models are very efficient because of the excellent outcomes achieved,
especially in actual applications [12,13]. The models of ANNSs can learn from experience
to build and solve nonlinear relationships between a number of input parameters and
one or more output parameters. This ability of ANNSs lies in overcoming some of the
limitations found in conventional prediction techniques [14]. Hence, the ANN models have
a higher level of accuracy than the conventional statistical techniques [15]. Finally, hybrid
techniques are defined as a combination of the three aforementioned techniques. The goal
of hybrid models is to overcome some of the limitations of a single technique or to improve
the outcomes of the suggested technique [16]. According to previous studies, dynamic
ANN:s for forecasting the power output of PV modules can be divided into three types:
(1) nonlinear regressive, (2) Nonlinear Autoregressive with Exogenous Inputs (NARX),
and (3) Layer Recurrent Neural Networks (LRNNSs) [17]. NARX is considered the most
effective of all types of dynamic neural networks for modeling time series with nonlinear
behavior because it considers the past-period values of variables [18]. In general, a lot of
parameters have an effect on the forecasting output of the PV model. These parameters
can be enumerated as the forecast horizon, forecast model input, prediction performance,
and preprocessing of input data [19]. The forecast horizon or span of time is considered
an important parameter for forecasting models. So, it is classified into three [20] or four
categories [21]. Mainly, forecasting can be divided into four types depending on the
duration of time: long-term (1 to 10 years), medium-term (1 month to 1 year), short-term
(1 h to several hours), and very short-term (1 min to several minutes). The above description
of forecasting categories gives an indication that the very short- and short-term categories
are very useful for designing integrated systems for managing energy and scheduling
energy dispatching.

In previous studies, several works were published that predicted the power output
of PV modules applying NARX with various proposed time series. Louzazni et al. [22]
proposed the NARX model to forecast the power output of PV modules with a one-month
time series. They used three different algorithms to train and optimize the best performance
of an ANN, which were named Levenberg-Marquardt, Bayesian Regularization, and
Scaled Conjugate Gradient. Their results showed that the effectiveness of the ANN model
was highly influenced by weather conditions and input data. Natsheh and Samara [23]
developed both NARX and deep feed-forward (DFF) models to predict the maximum
power output of PV modules. The structure of the ANN consists of four exogenous inputs
and two outputs. Comparing the two models, the results analysis showed that the time
of prediction for the power of PV in NARX was half the execution time required to obtain
the same prediction with the DFF with an accuracy of £0.18 W. The NARX model and a
hybrid NARX with a corrective vector multiplier (CVM) were applied by Rangel-Heras [24]
to forecast the power output of PV modules under the effect of time series 24 h ahead
of solar irradiance (clear sky) and ambient temperature. His findings showed that the
hybrid model NARX-CVM increased forecasting skills by about 34% against the NARX
model alone. A novel technique of an ANN using NARX with genetic optimization was
proposed by Hassan et al. [25] to forecast the power output of PV for the ultra-short
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term (horizon: 5, 15, 30, and 60 min) in arid desert climates. Their findings from the
proposed model improved as the forecasting horizon narrowed, with improvements of up
to 58.4%. Pamain et al. [26] designed and implemented an autoregressive ANN model using
MATLAB software to predict the power output of PV modules under various weather
parameters like ambient and PV module temperature, solar irradiance, humidity, and
wind speed. Four algorithms were selected to train, test, and validate the data in the
ANN model. These algorithms are named Levenberg-Marquardt optimization, Bayesian
regularization, resilient propagation, and scaled conjugate gradient. The results of each
algorithm were investigated in agreement with the experimental findings. In addition,
performance indices showed that the Bayesian regularization provides good processing
capabilities compared to other algorithms. One-hour-ahead forecasting for solar irradiance
and ambient temperature was used by Almonacid et al. [27] to forecast the power output
of PV modules using dynamic Artificial Neural Networks. The results obtained from the
ANN model showed an acceptable degree of accuracy one hour ahead of these parameters.
In a study by Frederiksen and Cai [28], they used the NARX model to predict the power
output of a PV plant for one week ahead, half-hourly. Sloped extra-terrestrial irradiance
and weather data of the United Kingdom were used as input parameters. The findings
of the ANN model showed that sloped extra-terrestrial irradiance, in combination with
cloud cover as one parameter of weather data, resulted in optimal performance for the
model. Ghenai et al. [29] applied ANN and Levenberg-Marquardt algorithms for short-
term forecasting of PV-battery systems used for powered electrical vehicles in the United
Arab Emirates. The main finding indicated that the ANN models have an excellent ability
to simulate the complex analysis with good accuracy. Okieh et al. [30] proposed the
integration of a Nonlinear Autoregressive model with Long Short-Term Memory (NARX-
LSTM) to predict solar radiation, with the aim of optimizing the output of a PV system
in the southwest of France. The results show that the NARX-LSTM model improved the
forecasting accuracy of daily solar radiation, leading to enhancing the reliability of the PV
power plants. Al-Dahidi et al. [31] used a tiered NARX model for forecasting the daily
power generation of PV systems located in Amman, Jordan. The main findings indicated
that the performance of the NARX model is better when the data of weather conditions
and outputs of PV modules are consistent with the data of previous days.

According to the mentioned previous studies, it can be concluded that the NARX
model is the most effective and accurate among the other dynamics models, especially
in analyzing and forecasting the nonlinear relationships in very short time periods. This
accuracy of NARX models is achieved due to the fact that they take into account the values
of variables in the past period. Furthermore, none of the previous studies implemented
the NARX models and took into account the sensitivity of the model due to the climate
dynamics for the very short term. In this paper, Nonlinear Autoregressive Exogenous Inputs
(NARX) was proposed and analyzed as a method to accurately observe the sensitivity of
estimating the power output of PV modules as a result of the weather dynamics in the
very short term. The main contributions of this study lie in the following points: (1) the
NARX model was suggested to quantitatively estimate the power output of PV modules;
(2) the suggested model was implemented with experimental data obtained via PV modules
during the summer and winter days and compared with a traditional ANN approach; and
(3) the NARX model takes into account the sensitivity of estimating the power output in
sunny and cloudy conditions.

2. Methodology of NARX Technique

NARX is a type of ANN model that can be described as a recurrent dynamic network
with feedback connections and is useful for modeling nonlinear systems with time-series
data [32]. Its main advantage lies in accepting time series represented as dynamic in-
puts [33]. The NARX model performs better than the traditional ANN model due to the
back-propagation through time of the algorithm [34]. Thus, it is used in many applica-
tions, such as pattern classification, forecasting, function approximation, optimization, and
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control systems [35]. The NARX architecture can be classified into two architectures [36],
closed-loop and open-loop architecture, as shown in Figure 1.
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Figure 1. Block diagram showing the architectures of NARX: (a) closed-loop and (b) open-loop.

Mathematically, the equation of the closed-loop NARX can be represented
as follows [30]:

t+1) =F@t),y(t—1),..., y(t—ny),..., x(t+1), x(t), x(t=1),...x(t —ny)) (1)
The open-loop equation can be represented by [30]:
FlE+1) = F(),y(t=1),..., y(t—ny), x(t+1), x(t), x(t=1),..x(t— 1)) Q)

where /(t + 1) is the predicted power output of NARX at time (f + 1); F is the mapping func-
tion of the neural network; 7(t), 7(t — 1), (¢ — ny) are the old output values of NARX; y(t),
y(t—1), y(t — ny) are the desired values of the time series that experimentally represents
the power output; x(t), x(t+1), x(t — ny) are the inputs of NARX that experimentally
represent solar radiation, ambient temperature, and wind speed, respectively; and n, and
ny are the number of input and output delays.

In the closed circuit, the forecasting values are derived from the present and past input
values x(t) and the past forecasted values of the time series ¥(t). Meanwhile, in the open
circuit, the future value of the time series y(t — 1) is forecasted from the present and past
input values x(t) and the past values of the time series y(t).

3. Evaluation of NARX Model

To evaluate and verify the performance and suitability of the NARX model, the
statistical criteria are typically used to determine the difference between the measured and
predicted values. The most important of these criteria are the Mean Squared Error (MSE)
and coefficient of determination (R?) [37,38]. MSE is calculated by:

MSE = %ZN: ) (pm - Pfor)z 3)

where Py, is the measured power and Py,, is the forecasted or predicted power.
R? is determined by:

B 2?1:1 (Pmea - Pfor>2

R? = )

m 2
i=1 Pfor

m
i=1 Pmea - m
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4. NARX Network Construction

A closed-loop NARX configuration was used in this study. Some of the important pa-

rameters selected to build the structure of the NARX model can be summarized as follows:

According to the examined and collected parameters, three nodes were selected in the
input layer, namely, solar radiation, ambient temperature, and wind speed, while one
node was selected the output layer (power output), which was calculated from the
measured current and voltage of the PV module.

Typically, datasets are divided into 70% for training, 15% for validation, and 15% for
testing, although the percentage can vary according to the size of the datasets [39,40].
The number of neurons in hidden layers was selected to be 7 according to the mathe-
matical formula of [41], which proposed setting the number of neurons as (j = 2n + 1),
where j is the number of neurons and n is the number of input parameters.

The sigmoid function is used as an activation in hidden layers, while a linear function
is used as an activation function in the output layer.

For the training algorithm, the Levenberg-Marquardt algorithm is selected to minimize
the sum-of-square error of the model [42].

The number of delayers is equal to 2 [22].

Figure 2 shows a more detailed flowchart of the proposed NARX and the traditional

ANN model construction.

Collect measured data (Solar irradiance, Air
temperature, Wind speed, PV power output)

[ Normalize the data (normalization process) ]

v

D|v1de measured data into two groups: 245
and 504 d for winter

(Training, validation and testing)
K

[ Divide the datasets of each group into three stages ]

{

—{ Training 70% datasets ] [ Validation 15% datasets ] [ Testing 15% datasets ]
| —

r Train and adjust NARX parameters
L (initial weight, bias, neurons)

2
Levenberg-Marquardt I Forecast stage I
algorithm

Calculate predicted No Yes
output y(t) |
7

[ Calculate the predicted ]

output y(t + 1)

Yes Evaluate the NARX and
| ANN models using MSE, R

Comparison

Train and adjust ANN
parameters (initial
weight, bias, neurons)

Compute error
Error <1073

Calculate predicted No
output I

Read actual output

Compare between training, validation, and testing stages for
summer and winter NARX models

NARX and ANN models

[ Compare between measured and predicted of

Figure 2. Construction sequence and block diagram of the proposed NARX and ANN models.
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5. Experimental Setup and Data Collection

An experimental investigation was carried out to collect the dataset used for driving
the training and testing stages of the NARX model. For that purpose, the output character-
istics of the polycrystalline PV module were measured using an I-V tracer (PV200 made
by Seaward Electronic Ltd., Durham, UK) with an accuracy of +£0.5% V and £0.1% A, as
shown in Figure 3. The technical data of the PV module are Ppax = 165 W, I;c = 9.81 A,
Voe =22.05V, I;mp =9.17 A, and Vi = 18 V. Furthermore, the solar survey (SS200R) was
used to measure the solar irradiance, ambient temperature, and PV module temperature
with resolutions of 1 °C and 1 W/m?. In addition, a digital anemometer was used to
measure the wind speed with an accuracy of £0.1 m/s.

Figure 3. Setup of PV module with measuring devices.

The experiments were conducted at the Middle Technical University, which is located
in Baghdad, Iraq (33.3152° N, 44.3661° E). In total, 749 readings were gathered in the
winter and summer seasons during 2023. Those readings were divided into 504 readings
in January and 245 readings in August. The readings of January were collected during
3 days (2 sunny days and 1 cloudy day), with 7 h of testing each day. The measurements of
the PV power output were performed with a step of a 2.5 min time interval. The readings
of August were collected during 7 days, with 7 h of testing each day. The power output
measurements were performed with a step of a 12 min time interval.

Several tests on the PV module were considered to select the dataset of the NARX
configuration. The dataset includes the weather conditions (solar irradiance, ambient tem-
perature, and wind speed) and power output of the PV module. Figure 4 shows the steps
of testing, collecting, and analyzing the NARX model using MATLAB R2016b software.
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Anemometer

ANN models
(NARX Technique)

— (SS200R)
\ 4
+| Compute
i error
Generate

output power

Figure 4. Steps of testing, collecting, and analyzing.

6. Results and Discussion
6.1. Weather Data

To achieve the requirements of the NARX model, the impact of weather conditions on
the power output of PV modules was tested in the summer and winter seasons in Baghdad,
Iraq, from 8:00 AM to 3:00 PM. The results obtained during the experiment period are
depicted in Figures 4 and 5. Figures 4 and 5 show the impact of solar irradiance, ambient
temperature, and wind speed on the power output of PV modules in the summer and
winter seasons, respectively. It is evident from Figure 5 that the power output values of
the PV module in summer reached a maximum value of 140.8 W at a solar irradiance of
998.5 W/m?, ambient temperature of 43.5 °C, and wind speed of 2.5 m/s. Additionally,
the power output values of the PV module in winter reached a maximum value of 132.8 W
at a solar irradiance of 939.7 W/m?2, ambient temperature of 21.9 °C, and wind speed of
1.75 m/s, as shown in Figure 6. More details about the relationship between the power
output of the PV module and weather conditions are presented in Table 1. These details
include the equation formula and the coefficient of determination.

Table 1. Correlation parameters of the relationship between the input parameters and power output.

Input (X) Output (Y) Equation Formula R2 Conditions
Solar irradiance Power Y =0.128X + 4.04 0.951 Summer
Solar irradiance Power Y = 0.1283X + 5.82 0.861 Winter
Air temperature Power Y =4.693X — 70.6 0.602 Summer
Air temperature Power Y =3.34X — 21.6 0.531 Winter

Wind speed Power Y =37.46X + 35.46 0.918 Summer

Wind speed Power Y =29.2X +40.23 0.810 Winter
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Figure 6. Variation in power output in winter under the impacts of (a) solar irradiance and ambient
temperature, and (b) solar irradiance and wind speed.

6.2. Best Curve Fit

To validate the performance of NARX models for summer and winter (sunny and
cloudy) days, the regression plots were generated to show the convergence between the
target and output of the model. The four plots in Figure 7 show the curve fits of training,
validation, testing, and all data. As shown in each figure, the dashed line represents the
perfect case between the output model and the target when the output is equal to the
target, while the solid line represents the best fit curve between the output model and
the target. According to the values of the coefficient of determination (R), the training
stage data indicate a good fit, with R more than 0.9 for all models (summer and winter),
where R was recorded as a maximum value in the summer model and a lower value in the
winter—cloudy model. In the validation stage, it can be noticed that the R values ranged
between 0.976 and 0.843. For this, the curve fit is reasonably good in the summer model
and gradually declines in the winter—cloudy model.

6.3. Performance Evaluation of NARX Model

Figure 8 shows the variations in predicted (output) power and measured (target)
power of the PV module for the training, testing, and validation stages of the NARX model.
It can be observed from the plots that the predicted values of NARX followed a similar
pattern to the measured values across the days of the test. However, this pattern differs
between summer and winter days. The predicted values followed the measured values
closely on summer days, with slight cases of underestimation and overestimation. However,
underestimation and overestimation were increased on winter days, especially on cloudy
days (i.e., the underestimation and overestimation of NARX were more conspicuous for
winter than summer days). This may be attributed to the fact that the sensitivity of this
NARX model is more accurate on days when the change in weather conditions is gradual
rather than fluctuating as on winter days.

The predictive performance of the NARX model on summer and winter days was
evaluated using MSE and R?. Comparatively, from Table 2, the values of R? are between
94.4% and 97.6% for the three stages of the NARX model on summer days. Meanwhile, the
MSE ranges between 0.08261 and 0.04613 for the three stages. Additionally, the values of R?
and MSE for the NARX model on winter days ranged between 90.1% and 89.2% and 0.281
and 0.249 on sunny days, respectively. The values of R* and MSE for the NARX model
ranged between 90.0% and 84.3% and 0.24 and 1.04 on cloudy days. This shows that the
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Figure 7. Best curve fit of (a) summer model, (b) winter-sunny model, and (¢) winter—cloudy model.

Table 2. Statistical indices of the NARX model for training, testing, and validation stages.

Summer Days Winter Days
Process Sunny Days Sunny Days Cloudy Days
MSE R? MSE R? MSE R?
Training 0.08261 94.4 0.218 90.10 0.240 90.0
Validation 0.04613 97.6 0.249 89.20 1.040 84.3
Testing 0.07100 95.0 0.219 90.91 1.050 88.2
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Figure 8. Variation in measured and predicted power over time during (a) summer days and

(b) winter days.

For more clarification and understanding of the NARX model, the histograms of errors

against the instances were

plotted, as shown in Figure 9. The plots compare errors in the

training, testing, and validation stages to zero errors. The zero-error line is represented in
orange, while the values of errors in training, validation, and test stages are represented
in blue, green, and red. These values of errors were at a minimum level on summer days,
with a maximum value of about 16.1, and increased on winter days to reach 38.07.
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Figure 9. Error histogram for the NARX model for the values during (a) summer and (b) winter.

6.4. Comparative Analysis of the NARX Model with a Static ANN Model

A comparison between the performance of NARX and static ANN models is presented
for one day in summer and winter. According to the validation stage, the optimal structure
of the ANN model obtained in summer comprises five neurons with two hidden layers.
Therefore, the architecture of ANN can be represented as 3-5-5-1. Meanwhile, the optimal
structure of the ANN model in winter is 3-3-3-1. Figure 10 shows the performance of the
NARX and ANN models in terms of MSE at the validation stage. It is clear that the NARX
model in summer achieved the best MSE of 0.1 at epoch 51, while it achieved the best MSE
at epoch 82 in winter. Additionally, the ANN achieved the best MSE at epochs 90 and 95 in
summer and winter, respectively.

Figure 11 shows a strong correlation between the predicted and actual values of the
PV power output for the NARX model, with higher values of R? closer to unity, while
this correlation records a noticeable divergence when using the static ANN model. This
confirms that the NARX model is more suitable and valid for predicting the power output
of PV than the static ANN model.



Energies 2024, 17, 6153 13 of 16

225 T T T T T T T T
—— NARX-summer
2 | = NARX-winter n
— ANN-summer
ANN-winter
175 H H H H | mm——Bast -
15 NARX-summer -
atepoch 51
ANN-summer -
w NARX-winter atepoch 90
7] atepoch 82
e i
ANN-winter
atepoch 95

Epoch

Figure 10. MSE in the validation stage for the NARX and ANN models in winter and summer.

T T T T T T T T T T T T T T T T T T T T

= measured
= predicted ANN
— NARX

Power (W)

2 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
0 20 40 60 80 100 120 140 160 180 200 220 240 260 280 300 320 340 360 380 400 420
Time (minute)

@

1w T T T T T T T T T T T T T T T T T T T

== measured -
=== predicted ANN
— predicted NARX | |

Power (W)

0 ] 1 | ] 1 ] 1 1 ] | 1 ] 1 1 ] 1 ] 1 1 ]
0 20 40 60 80 100 120 140 160 180 200 220 240 260 280 300 320 340 360 360 400 420
Time (minute)

(b)

Figure 11. Comparison of validation stage between measured and predicted values of the static ANN
and NARX models during (a) summer and (b) winter.
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6.5. Comparative Accuracy of Present NARX Model with Previous Models

The accuracy of the current NARX model was compared with the same model in
a previous study [22], as presented in Table 3. The comparison was made based on the
assumptions that were found in the previous study, such as the number of neurons and the
number of delayers, which were 6 and 2, respectively, while in the current study they were
7 and 2, respectively. From Table 3, it is clear that the comparison shows a good agreement
between the performance of the NARX models since the R? value is very close in the two
models, with an absolute percentage error of about 4.0%, 0.72%, and 3.6% in the training,
validation, and testing stages, respectively.

Table 3. Comparison of NARX model performance with previous study.

Louzazni et al. [22] Present Study
Stages
MSE R? MSE R?
Training 43.29 98.4 8.261 94.4
Validation 4491 98.31 4.613 97.6
Testing 38.33 98.54 7.100 95.0

6.6. Uncertainty of Power Output

The measured values have some errors that occurred during the experimental tests
due to faults in experimental measurements and measuring device accuracy. Therefore,
the uncertainty value of the electric power must be calculated from the uncertainties of the
experimental results. The electric power output of the PV module is calculated as:

P=1IxV )

According to the method of Kline and McKlintock [43], the uncertainty of electric

power can be represented as:
9P _\*  [oP __\?
e = (Lo (S6av) ®

With simple calculations at measured values for current (6.9 A £ 1%) and voltage
(17.81 & 0.5%), the calculated power equals 122.88 W. Therefore, the uncertainty of electric
power is equal to 1.37 W or 1.1%.

7. Conclusions

A NARX model was suggested to predict the power output of the PV module depend-
ing on the solar irradiance, ambient temperature, and wind speed. The data were collected
experimentally for seven days in summer and three days in winter, taking into consid-
eration sunny and cloudy days. From the analysis of the NARX findings, the following
conclusions can be drawn:

1.  The predicted values of NARX followed a similar pattern to the measured values
across the test days. This confirms that the NARX model is working very well and
efficiently in predicting the power output of the PV module in the very short term.

2. The values of R? were recorded as being from 94.4% to 97.6% during summer days,
with MSE ranging between 0.08261 and 0.04613. Additionally, the values of R? and
MSE during winter days ranged between 90.1% and 89.2% and 0.281 and 0.249 during
sunny days, while they ranged between 90.0% and 84.3% and 0.24 and 1.04 during
cloudy days.

3. The predicted values followed the measured values closely on summer days, with
slight cases of underestimation and overestimation. This may be attributed to the fact
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that the sensitivity of the NARX model is better and more accurate in summer days
when the weather conditions are more stable with gradual change.

4.  The underestimation and overestimation increased in winter, especially on cloudy
days. This gives an indication that the sensitivity of the NARX model tends to under-
perform on winter days due to the sudden and rapid change in weather conditions.

5. Comparing the NARX model with the static ANN model shows the specificity and
effectiveness of the NARX model to learn and generalize more effectively than the
static ANN.
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