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Abstract: The major challenge facing renewable energy systems in Nigeria is the lack of appropriate,
affordable, and available meteorological stations that can accurately provide present and future trends
in weather data and solar PV performance. It is crucial to find a solution to this because information
on present and future solar PV performance is important to renewable energy investors so that
they can assess the potential of renewable energy systems in various locations across the country.
Although Nigerian weather provides favorable weather conditions for clean power generation, there
is little penetration of renewable energy systems in the region, since over 95% of the power is fossil-
fuel-generated. This is because there has been no detailed report showing the potential of clean
power generation systems due to the dysfunctional meteorological stations in the country. This
paper sought to fill this knowledge gap by providing a machine-learning-inspired forecasting of
environmental weather parameters that can be used by manufacturing companies in evaluating
the profitability of siting renewable energy systems in the region. Crucial weather parameters
such as daily air temperature, relative humidity, atmospheric pressure, wind speed, and rainfall
were obtained from NASA for a period of 19 years (viz. 2004–2022), resulting in the collection of
6664 high-resolution data points. These data were used to build diverse regressive neural networks
with varying hyperparameters to find the best network arrangement. In summary, a low mean-
squared error of 7 × 10−3 and high regression correlations of 96% were obtained during the training.

Keywords: weather parameter forecasting; artificial neural networks; renewable energy potential;
hyperparameter tuning; forecasting models

1. Introduction

Due to the increasing energy demand for economic development and the environ-
mental issues associated with energy systems powered by fossil fuels, renewable energy
systems have been globally accepted as an alternative source of energy [1]. In addition,
in most developing nations such as Nigeria, there is a lack of a reliable and secure energy
supply, and this has affected economic development [2]. Today, solar photovoltaics (PV) is
one of the most notable and reliable renewable energy sources due to the availability of
solar resources, the decrease in their energy cost, and their maximum energy production
and efficiency [3]. Despite the benefits of solar PV, the technology is faced with complex
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and technical problems such as its dependency on climatic conditions; thus, favourable
environmental conditions are necessary for optimal solar PV performance [4].

Unfortunately, meteorological stations that measure and predict environmental and
geographical parameters for solar PV output are limited in Nigeria due to their cost of
operation and the maintenance required for these stations [5,6]. Nigeria, being one of the
most populated countries in the world with a population of almost 200 million and a land
mass of 923,763 km2, has only 54 weather observations stations, with some of the stations
not functional and some not measuring all the environmental parameters needed for solar
PV performance prediction [7]. Nigeria needs about 9000 weather stations to cover the data
measurement across the country, and this is difficult to achieve at the moment; hence, it
is necessary to find alternative means to measure and predict meteorological data across
the country [8]. The accurate prediction of environmental conditions is important as it
guarantees the safe operation and accurate estimation of solar PV performance, and hence
allowing the economic integration of solar power systems into the grid.

Studies have investigated and developed different methods of estimating environ-
mental conditions in Nigeria, such as statistical, mathematical, empirical and spatial in-
terpolation models [9,10]. One of the recently developed methods is the application of
artificial neural networks (ANNs), a subgroup of machine learning models, which was
developed because of their accuracy and ability to model different and complex data [11]
much more efficiently than conventional theoretical models [12]. Artificial neural networks
(neural networks in short) are computational systems that are inspired by the biological
thought process of the human brain, making them learn hidden trends in training data
and making them able to accurately forecast data points outside of a given dataset [13].
Artificial neural networks have been applied in the past to forecast environmental weather
parameters [12,14] and solar photovoltaic power output in different countries [15,16];
however, neural network models have been scarcely developed to accurately predict the
environmental weather parameters of the Nigerian climate.

Bamisile et al. [17] developed an artificial neural network to predict the solar irradiance
and PV power output operating in six locations in Nigeria. The artificial neural network
was based on the general Levenberg–Marquardt algorithm, and the number of neurons
varied from 200–2500, while the number of hidden layers varied from 1–4. The authors
concluded that the developed model could accurately predict the solar irradiance and
power output in Nigeria with a very high regression correlation of 0.98. The findings of this
work were very commendable; however, the model only focused on predicting the solar
irradiance levels in the states considered in the study. It has already been established that
the output performance of a solar panel operating under outdoor conditions is dependent
on other environmental factors such as the ambient temperature [18], wind speed [19],
relative humidity [20], and even rainfall [21]. It was observed that the effects of these
parameters on the power output and the performance of solar panels were not considered
in the previous deep neural networks. The work assumed that solar irradiance was the
major input parameter responsible for the PV’s performance; hence, little attention was
paid to other crucial parameters in the forecasting of the developed neural network.

Ogunrinde et al. [22] predicted the monthly mean air temperature, solar irradiation,
and precipitation obtained from five stations in Nigeria for a 12 month variation spanning
1985–2008. The training process was governed by the conventional Levenberg–Marquardt
algorithm, and the transfer functions were based on the Tansig activation function. They
reported that the optimum network had eight neurons in the hidden layer and that the
root-mean-squared error during the testing period ranged from 0.28 to 0.82. The findings
of these authors were very noteworthy; however, the resolution of the dataset they utilised
during the training process was not large enough to give good insights regarding the
hidden trends in the environmental weather parameters for the supposed data range. The
paper reported that the training data was collected monthly over a monthly time step size
for a period of 23 years (viz. 1985–2008). This implies that for each parameter, 12 × 23
= 276 datapoints were generated. These values were not enough to establish a precise
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artificial neural network, since the previous work in [17] on weather forecasting methods
used an hourly time step spanning 12 years (2007–2018), which resulted in the generation
of 105,120 data points for each parameter. It is also a general rule that larger datasets give
higher neural network forecasting accuracies and are more reliable [23–25].

Ojo and Ogunjo [26] predicted monthly and annual rainfall amounts in Nigeria using
two multivariate polynomial regressive models and twelve machine learning models
including an artificial neural network model. The training data were obtained from 31
years of spatially distributed data recorded in Lagos, Nigeria, covering 16 climatic zones
in Nigeria. The data were arranged in terms of monthly and annual time variations, and
it was reported that the proposed models were very accurate in predicting the spatial
rainfall distributions in Nigeria with a high-performance index of 0.906–0.996. The results
provided by this study were quite commendable; nevertheless, only the rainfall amount was
predicted by the proposed machine learning models. Other parameters that greatly affect
the power output of solar photovoltaic systems were not considered in the model, making
the model incapable of being applied to determining the solar photovoltaic performance
in the studied locations in Nigeria. Similarly, Eichie et al. [27] developed a simple one-
hidden-layer neural network based on the popular Levenberg–Marquardt algorithm to
forecast the mean monthly air temperature recorded from ten weather stations covering
different climatic zones for 34 year time span. The authors found that the optimum network
comprised 37 neurons in the hidden layer, and the mean-squared error was 2.23, with
the correlation coefficient ranging from 0.97 to 0.88. The results of the authors were very
commendable; nevertheless, the resolution of the data was very small, spanning monthly
air temperatures recorded every month for 34 years (34 × 12 = 408 datapoints only). This
implies that the training data were not comprehensive enough to build the appropriate
model needed to predict the air temperature.

Further research efforts have been made to predict environmental weather parameters
for the Nigerian region using machine learning algorithms. Adams and Bamanga [28]
proposed a seasonal rainfall forecasting model for Abuja, Nigeria, using a seasonal au-
toregressive integrated moving average method with data obtained from the Nigerian
meteorological agency for the 1996–2018 time frame, and the analysis was conducted using
the probability seasonal time series modelling method. The results indicated that the
proposed model was able to forecast four years into the future, thus showing the efficacy of
the model. Ighile et al. [29] predicted areas susceptible to flooding in Nigeria using artificial
neural network and logistic regression models to build a flood susceptibility map. The
artificial neural network (ANN) model had a 76.4% higher performance and a 62.5% higher
flood prediction than the logistic regression model. In summary, the efficacy of the machine
learning techniques in identifying regions prone to flooding was shown. AbdulRaheem
et al. [30] compared three classical machine learning techniques—the decision tree (DT),
k-nearest neighbourhood (KNN), and logistic regression (LR) models—in terms of their
ability to model weather conditions for datasets obtained from the Kaggle website. The
findings showed that the DT approach outperformed the KNN and LR models by 78% and
93%, respectively. Danbatta et al. [31] compared the performances of a proposed (ANN,
polynomial, and Fourier series fitting) and a classical model (polynomial and Fourier series
fitting models) in predicting the seasonal rainfall in northern Nigeria faced with insecurity
challenges. The proposed models were also used to forecast the rainfall seasonality from
2022–2026 in selected regions of the nation. Edwin and Martins [32] forecasted the monthly
rainfall seasonality of Ilorin, Nigeria, using four modelling schemes, i.e., the decomposition,
square root transformation–deseasonalization, composite, and periodic autoregressive
modelling schemes. It was concluded that the use of ANNs was more reliable, robust, and
appropriate for rainfall seasonality prediction.

It is obvious that previous efforts have been made to build diverse artificial neural
networks to predict the environmental weather parameters of the Nigerian climate due to
the few and dysfunctional meteorological weather stations in the country. Nevertheless, it
was observed that there have been very few efforts in the literature targeted at building



Energies 2023, 16, 1603 4 of 20

accurate weather forecasting models based on artificial neural networks for the Nigerian
climate. Furthermore, several previous efforts failed to consider all the environmental
weather parameters that are needed to estimate the solar photovoltaic performance when
cited in these locations, hence making the developed neural networks incomprehensive
and incapable of being deployed in forecasting the solar potential in the Nigerian climate.
Finally, it was noticed that some of the previous efforts relied on insufficient datasets
with very low resolutions to develop the neural network models used in forecasting the
environmental weather parameters for the Nigerian climate, hence casting doubts on the
reliability of these models in accurately predicting the Nigerian weather conditions.

To fill the research gaps in the literature review, the current work sought to develop a
comprehensive artificial neural network model to forecast the daily air temperature, relative
humidity, pressure, wind speed, rainfall, and solar irradiance of Enugu, Nigeria for a period
of 19 years (viz. 2004–2022), resulting in the collection of 6663 high-resolution data points.
Furthermore, a hyper tuning of the network length was carried out by developing six
neural network models comprising 10, 500, 1000, 1500, 2000, and 2500 neurons in a single
hidden layer to select the network that best minimized the loss function while providing
a good correlation between the targets and outputs, and at the same time, preventing
overfitting. The current network should be able to fill the gaps present in the literature and
accelerate the deployment of even more sophisticated neural networks such as deep neural
networks in forecasting the solar photovoltaic potential in the Nigerian climate.

2. Methodology
2.1. Study Area

Enugu is situated in a tropical rainforest and descending savannah in the southeast
geo-political zone of Nigeria with coordinates of 6.4483◦ N and 7.5139◦ E as shown in
Figure 1. The yearly average rainfall in Enugu is about 2000 millimetres (79 in), which
falls in sporadic amounts but intensifies throughout the rainy season. The only seasons
that recur in Enugu are the rainy and dry seasons. The highest point of Enugu’s hills is
1000 metres (3300 ft). Generally speaking, sandstone underlies the highlands surrounding
Enugu, while shale underlies the lowlands [33].

2.2. Data Gathering

The Modern-Era Retrospective analysis for Research and Applications (MERRA-2)
version 2 web service [34] and Copernicus Atmosphere Monitoring Service (CAMS) radi-
ation web service [35] were used to obtain the environmental weather data for a period
of 19 years (viz. 2004–2022). The csv files obtained from the National Aeronautics and
Space Administration (NASA) web services were imported to MATLAB R2020a using the
csv read function, and the contents of the files were read and stored as variables in the
workspace. The various parameters obtained were ambient temperature (2 m above ground
level), relative humidity (2 m above ground level), pressure (at ground level), wind speed
(10 m above ground level), rainfall (kg/m2), and beam and direct horizontal irradiation
components (Wh/m2).

2.3. Data Analysis

Microsoft Excel was used to clean the data from the MERRA web service, while Python-
PyCharm was used to sort the beam and diffuse horizontal irradiation data from CAMS to
show the daily data distribution of the environmental parameters for the 19-year period.
The global irradiation component was determined from the recorded beam, and the diffuse
irradiation components were determined using the famous Lui–Jordan correlation [36]. The
global irradiance was obtained by dividing the recorded global irradiation by 6, assuming
6 average hours of effective sunshine in the year range covered for Enugu, Nigeria [37].
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2.4. Artificial Neural Network

In building a neural network for training our model, the MATLAB built-in nftool was
used to train, test, and validate our network. To generate enough data points for the model
training, 6664 data points derived from the number of days were used as the inputs. A
MATLAB algorithm was developed to sort the data; thus, the data were normalized and
unnormalized to develop a good model for training the outlier. The Levenberg–Marquardt
backpropagation algorithm was utilized in this study to construct the network because of
its great speed and effectiveness in learning. A total of 6 different networks with 10, 500,
1000, 1500, 2000, and 2500 neurons in a single hidden layer were constructed to achieve
the optimum network architecture with a near-perfect regression plot, a very low mean-
squared error, and a reduced overfitting tendency. The plots showed a comparison between
the NASA dataset (target) and the ANN prediction (output).

The mean-squared error was used as the loss function in the present work. It was
estimated using [38]

MSE =
1
n ∑n

i=1(Yi − yi)
2 (1)

where n is the total number of observations/rows in the dataset, Yi indicates the NASA
input values, and yi indicates the neural-network-predicted values.

The regression correlation between the neural network predictions and the NASA
input data was calculated using the Pearson correlation coefficient. This is a statistical
parameter that determines how strong the relationship between 2 continuous variables
is [39].

R =
∑n

i=1

(
Yi − Ỹi

)
(yi − ỹi)√

∑n
i=1

(
Yi − Ỹi

)2
∑n

i=1(yi − ỹi)
2

(2)
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where Ỹi and ỹi are the mean values of the NASA data and neural-network-predicted
values, respectively.

The list of parameters used for developing the neural network training process is
listed in Table 1.

Table 1. Network hyperparameters.

Network Type Feed-Forward Back Propagation Network

Number of neurons 10, 500, 1000, 1500, 2000, and 2500

Performance Mean-squared error (MSE)

Training algorithm Levenberg–Marquardt algorithm

For training the process, measured samples for ten years (2004–2022) were used for
training the ANN model, which totalled to 6664 data points; 70% of the dataset was used
for training, 15% was used for testing, and 15% was used for validation.

2.5. Feature Normalization

During the data arrangement and cleaning, a normalization approach was used to
convert the values of the dataset’s noise to a common scale of 0–1. When the ranges of the
features in machine learning models are changed, it helped the mean-squared error (MSE)
to look less noisy. The data should be normalized between values that are slightly off, such
as 0.1 and 0.9. Scaling the input and output variables between (0.1, 0.9) is one method.
Hence, according to ref. [40], feature normalization was carried out using the formula:

Pn = 0.1 +
(0.9 − 0.1)(P − Pmin)

(Pmax − Pmin)
(3)

where Pn is the normalized value of P, and Pmax and Pmin are the maximum and minimum
values of P, respectively.

The simulation data needed to be un-normalized corresponding to the normalization
after the neural network was trained, tested, and validated. This was achieved by making
P the subject of the formula in Equation (3).

P =
(Pn − 0.1)(Pmax − Pmin)

(0.9 − 0.1) + Pmin
(4)

where P is the unnormalized value of Pn.

2.6. Learning Algorithm for Artificial Neural Network

This section discusses the equations describing the back-propagation algorithm and
the famous Levenberg–Marquardt algorithm used to build 1st-generation regressive neural
networks.

2.6.1. Back Propagation Algorithm

Numerous studies have been conducted on artificial neural networks for classification
and optimization issues [23–25]. Back propagation is used in multilayer neural networks
as a training procedure. When applying the back propagation technique, the weights are
altered in the network by moving in the negative direction of the gradient of the sum of the
squared errors with regards to the weight variables. The error vector for a network with
input, x, weights, w, targets, t, and outputs, o, is given as [41]:

[e] = [e]− [t] (5)
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The weights are then adjusted in a back propagation neural network as follows:

wt+1 = wt − η
1
2

∂eTe
∂x

(6)

where η is referred to as the learning parameter. Some related works have suggested using
a momentum parameter µ [41]. When applying a momentum parameter, the weights will
be updated with the following rule [41]:

wt+1 = wt − η
1
2

∂eTe
∂x

+ µ (wt − wt−1) (7)

2.6.2. Levenberg–Marquardt Algorithm

The Levenberg–Marquardt algorithm was adopted for use in our study; it is an
alteration to the Gauss–Newton principle. The following rule was used to change the
neural network training weights in the Gauss–Newton method [41]:

Wn+1 = W(n)− (J(n)T J(n))
−1

J(n)Te(n) (8)

where J is the Jacobian matrix defined as [41]:

J =

[
∂e1

∂w1

∂e1

∂w2
. . .

∂e1

∂wm

∂e2

∂w1

∂e2

∂w2
. . .

∂e2

∂wm

...
...
...

∂en

∂w1

∂en

∂w2
. . .

∂en

∂wm

]
(9)

The matrix inversion product result is dependent on the momentum parameter µ.
This parameter will be determined by how the sum of squared errors is evaluated. The
parameter is split by some scalar if the error is decreased.

3. Results and Discussions

This section portrays the results obtained from the different three-layer fully connected
neural networks and shows the impact of hyperparameter tuning on the accuracy of the
model at predicting future weather conditions. First, the precision of the feature-normalized
ANN models is assessed in Section 3.1. Then, the results of the ANN training and the
prediction of the daily environmental weather conditions in Enugu, Nigeria, using the
different network parameters are presented in Section 3.2. Finally, Section 3.3 shows the
effectiveness of selecting the right ANN model in predicting the weather conditions.

3.1. Error Analysis of the Feature-Normalized Models

The reliability of the different ANN results was determined by comparing the mean-
squared error (MSE) and coefficient of correlation, R, plots of each model with the rest and
selecting the model with the least error and the highest R values, respectively.

The precision of the ANN models needed to be evaluated before it could be deemed
accurate to forecast the future weather conditions of Enugu, Nigeria. Figures 2 and 3 show
the validation results for the ANN models. The results shown in Figure 2 clearly show the
changes in the mean-squared errors of the models with increment in the number of hidden
units in our hidden layer.
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The mean-squared-error plot helped to evaluate the nature of the fit provided by
each ANN model. A training dataset is a dataset that is made of examples that are used
during the learning process to fit the given parameters (inputs). The validation set provides
a balanced assessment of a model’s fit on a given training dataset while modifying its
hyperparameters, which include the number of hidden units (layer and layer widths)
in an ANN. A test dataset is an independent dataset that follows the same probability
distribution as the training dataset. It is used to evaluate the performance of the trained
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dataset. A minimal variation between the training and test errors represents a good effort
in reducing overfitting in an ANN. The three cases of the fitting that an ANN model can
provide are:

1. Underfitting—high validation and training error;
2. Overfitting—high validation error and low training error;
3. Good fit—low validation error that is slightly higher than the training error [8].

This section discusses the equations describing the back-propagation algorithm and
the famous Levenberg–Marquardt algorithm used to build first-generation regressive
neural networks. Figure 2a,b show that the training, validation, and test errors of our
ANN models with 10 (>10−2 at two hundred and sixty-four epochs) and 500 (~10−2 at
five epochs) hidden units were all close together and were high (underfitting). Figure 2c
displays that the validation and test error of our ANN model with 1000 hidden units was
low (~10−2 at four epochs) and slightly higher than its training error. Figure 2d–f show
that the validation and test errors of our ANN models with 1500 (~10−2 at four epochs),
2000 (>10−2 at five epochs), and 2500 (>10−2 at five epochs) hidden units were considerably
higher than their training errors (overfitting).

Hence, Figure 2c indicates that the ANN model with 1000 hidden units in its hidden
layer presented a good fit of the data since the validation error was low (~10−2 at four
epochs) and was slightly higher than the training error.

The coefficient of correlation, R, is a statistical measure of the strength of the relation-
ship between a given dataset (input) and an ANN’s output data (target). Its value ranges
from 0 to 1. A value of 0 represents no correlation, while a value of 1 indicates a perfect
correlation.

Figure 3a shows the R value for the training, validation, and test sets for the ANN
model with 10 hidden units, with an overall R value of 0.87298. Figure 3b–f display the
train, validation, and test R values for the ANN models with 500, 1000, 1500, 2000, and
2500 hidden units with the best R values of 0.94349, 0.94957, 0.94933, 0.94236, and 0.93868,
respectively.

Consequently, Figure 3c shows that for the model with 1000 hidden units, the vali-
dation, test, and even the best data, the value of R was the highest. The model with 2500
hidden units recorded the highest training data R value; however, the R values for the vali-
dation, test, and best data were significantly low. This confirmed that the model overfitted
the dataset. From the plots, it was evident that the computation of the 1000-hidden-unit
ANN model had the highest accuracy.

3.2. Predictions of Daily Weather Conditions by the ANN Models

The different forecasts of the daily weather condition made by the ANN models based
on their level of accuracy are discussed in this section. The predicted weather conditions
were plotted against the data collected from NASA’s Modern-Era Retrospective Analysis
for Research and Applications (MERRA) online repository and compared.

3.2.1. Ambient Temperature

The ambient temperature plots of the collected NASA data versus the ANN predictions
are shown in Figure 4. Moving from Figure 4a–f, it can be seen that the ANN plot became
more like the NASA data as the number of hidden units in the hidden layer of the neural
network increased.
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3.2.2. Relative Humidity

Figure 5 shows the relative humidity plots of the collected NASA data against the ANN
predictions. It can be seen that the accuracy of the ANN model’s predictions improved as
the hidden neurons increased in number, as shown in Figure 5a–f.
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3.2.3. Pressure

Figure 6a–f display the atmospheric pressure plots of the collected NASA data versus
the ANN predictions. It can be seen that the precision of the ANN model’s predictions
increased as the hyperparameters were tuned accordingly.
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3.2.4. Wind Speed

The plots of the wind speed data collected from NASA is compared with the ANN
model forecasts in Figure 7a–f. It can be seen that the accuracy of the ANN model’s
predictions was affected by the number of hidden units in the neural network as it increased
directly with the addition of more hidden units to the hidden layer.
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3.2.5. Rainfall

The rainfall plots of the collected NASA data versus the ANN predictions are shown
in Figure 8. Moving from Figure 8a–f, it can be seen that the ANN plot became more akin
to the NASA data as the number of hidden units in the hidden layer of the neural network
increased. However, Figure 8d–f indicates some irregularities in the ANN plot, where
the predicted rainfall fell into the negative zone. This was because of the zero-mean step
in our feature normalization process, where days with zero rainfall as represented in the
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NASA data were accounted for with negative integers in the normalized ANN model’s
input matrix.
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3.2.6. Solar Irradiance

Figure 9 shows the solar irradiance plots of the collected NASA data against the ANN
predictions. It can be seen that the accuracy of the ANN model’s forecasts improved as the
neurons in the hidden layer increase in number from Figure 9a–f. On careful observation,
Figure 9f highlights an interesting concern about the upper limit in terms of the number of
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hidden units in the ANN hidden layer used in this study. Whereas in the other weather
condition predictions the ANN model with 2500 hidden units gave a near-perfect plot
compared to the NASA data, in this case, we can see that there was still a significant room
for improvement in the accuracy of the ANN model.
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3.3. Optimum ANN Model Selection

The intuition behind making the right choice for an ANN model is to examine the
validation plots and compare them with the desired goal in mind. In this case, the aim was
to create an ANN model that was as accurate as possible and could make good predictions
for all the weather conditions examined in this study.

Looking at the mean-squared error and coefficient of correlation, R, plots in Figures 2
and 3, the error and the R value decreased and increased, respectively, for the training
dataset as the number of hidden neurons in the models became larger. For the validation
and test sets however, the mean-squared error and the R value began to increase and
decrease, respectively, after the 1000-hidden-neuron threshold. Hence, it is evident that the
ANN model with 1000 hidden units in its hidden layer was the right choice. This model
performed well on the training, validation, and test sets with a low error for all three groups
that were not too far from each other. This indicated that the model could generalize well
toward any other new data fed into it and could make accurate weather predictions.

The R plot for this model also recorded the highest value among all the ANN models
considered in this paper. This showed that it recognized the highest relationship between
the input data and the output it delivered.

The different forecasts of the daily weather condition made by the ANN models based
on their level of accuracy are discussed in this section. The predicted weather conditions
were plotted against the data collected from NASA’s Modern-Era Retrospective Analysis
for Research and Applications (MERRA) online repository and compared.

4. Conclusions

Six neural network models were built in this paper to accurately forecast the weather
parameters of Enugu, Nigeria, to facilitate the assessment of the solar potential of the region
for possible photovoltaic power generation. The number of neurons in the single hidden
layer varied between 10, 500, 1000, 1500, 2500, and 2500 to find how many neurons were
optimal in accurately learning the trends in the high-resolution daily dataset collected
from NASA spanning 19 years (2004–2022). The input parameter of the network was
the number of days, and the predicted weather parameters were the air temperature,
relative humidity, rainfall, pressure, and wind speed. Based on the analysis carried out, the
following conclusions were made:

• The third neural network with 1000 neurons in the hidden layer was the best in fitting
the given dataset while avoiding overfitting. This network terminated the training
process after four epochs with a minimised mean squared error of 0.007 and high
regression correlations of 0.96, 0.93, 0.92, and 0.95 for the training, cross-validation,
testing, and all processes, respectively.

• Increasing the number of hidden neurons beyond 1000 for a single hidden layer
resulted in an overlearning of the data, leading to inaccurate predictions outside the
given dataset.

• The benchmark first neural network with 10 neurons in the hidden layer provided the
worst fit of the data, with a mean squared error of 0.01 and low regression correlations
of 0.87 for the training, cross-validation, testing, and all processes.

• Increasing the number of neurons was beneficial for the accuracy of the network
depending on the data; however, beyond a specific number of neurons, the network
began to overfit while consuming massive amounts of computational time with poor
performances outside the input data.

• Several avenues for further research still arise from this work. For instance, the
proposed models will be extended to forecast the weather parameters of the six geopo-
litical zones in the country and evaluate the total climatic weather distribution in the
region. Thereafter, the forecasted weather parameters could be employed in directly
estimating the performance of renewable energy devices, e.g., solar panels, operating
in the country and provide reasonable estimations of the devices’ performances far
into the future. These parameters could be used to evaluate the potential of solar PV
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systems operating in the climatic zones, informing renewable energy investors on the
best places to invest in these renewable energy systems.

• It is recommended that a more sophisticated network such as a deep neural network
with multiple hidden layers be used in the learning of the solar irradiance and rainfall
parameters. This is because the selected third neural network was not able to fully
capture the trends in these datasets. This will be the emphasis of a future study.
Furthermore, the use of these parameters in evaluating the performance of a solar
photovoltaic cell operating in the region will be conducted in the future study. Fi-
nally, the solar cell power and efficiency will be forecasted using the proposed deep
neural network while divulging the best number of hidden layers and neurons to
handle the massive data generated. This approach will also be extended to cover the
six geopolitical zones of Nigeria, providing a suitable substitute to the unavailable
and dysfunctional meteorological stations in the developing country with massive
solar potential.
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