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ABSTRACT
Renewable energy can help India’s economy and society. Solar 
energy is everywhere and can be used anywhere, making it 
popular. Solar energy’s drawbacks are weather and environ
mental dependencies and solar radiation variations. Solar 
Radiation Forecasting (SRF) reduces this drawback. SRF elimi
nates solar power generation variations, grid overvoltage, 
reverse current, and islanding. Short-term solar radiation fore
casts improve photovoltaic (PV) power generation and grid 
connection. Previous promising SRF studies often fail to general
ize to new data. A biogeography-based optimization artificial 
neural network (BBO-ANN) model for SRF is proposed in this 
work. 5-year and 6-year data are used to train and validate the 
model. The data was collected from India’s Jaipur Rajasthan 
weather station from 2014 to 2019. This work used biogeogra
phy-based optimization (BBO) to optimize and adjust the inertia 
weight of artificial neural networks (ANN) during training. The 
BBO-ANN model developed in this study had a Mean Absolute 
Percentage Error (MAPE) of 3.55%, which is promising compared 
to previous SRF studies. The BBO-ANN SRF model introduced in 
this work can generalize well to new data because it was able to 
produce equally accurate autumn and winter forecasts despite 
the great climatic variation that occurs during the summer and 
spring.
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Introduction

Because people are becoming more aware of the environment, steps have been 
taken to reduce the bad effects of traditional energy production methods and 
increase the use of renewable energy sources. Renewable energy research is 
growing because fossil fuels are running out and people want clean, green 
energy (Ajayi et al. 2014). It is essential to discover alternative energy sources 
with low ecological effect (Benmouiza and Cheknane 2019). By adding 
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renewable energy sources to the power system, users can get high-quality, 
reliable electricity at an affordable price (Khare, Nema, and Baredar 2016; 
Marquez and Coimbra 2011).

The amount of sunlight that reaches the Earth’s surface is affected by factors 
like latitude, altitude, and climatic conditions Guermoui et al. (2020). 
However, forecasting solar radiation requires knowledge of climatic variables 
such as solar irradiance, air temperature, wind speed and direction, atmo
spheric pressure, humidity, and cloud cover. Solar radiation forecasting is thus 
challenging. Obtaining precise demand and supply figures is essential for 
a grid operator. The electricity grid operators have a tough time adjusting 
for power shortages and surpluses caused by the use of traditional energy 
sources. A more assured grid is maintained with the help of accurate solar 
radiation forecasts, which also improves system reliability, maintains power 
quality, reduces the need for massive backups of energy storage, and increases 
the penetration of solar-powered systems. Solar radiation forecasting has 
a wide range of potential uses, depending on the time frame considered.

To better integrate solar photovoltaic (Solar PV) systems into the existing 
grid; to more accurately track the daily load; and to ensure that owners of solar 
photovoltaic power plants can more easily enter the market and raise their 
income, researchers have spent the past decade conducting extensive research 
on solar radiation forecasting. Solar energy systems provide energy that is 
secure, independent, and location-based. Solar energy systems give you the 
energy that is safe, free, and based on your location. Solar energy systems are 
used by many people and help the economy grow (Dinpashoh et al. 2019). The 
biggest problem with solar energy systems is that they are unstable and 
primarily depend on the prevailing weather and climate. Because of how 
these factors affect the performance of a single source system, its source 
equipment must be made bigger (López, Batlles, and Tovar-Pescador 2005). 
Consequently, incorporating renewable energy sources into the system 
requires weather forecasting (Marquez and Coimbra 2011). Darkness, cloudy 
weather, and rain make it hard to use solar energy. This is similar to the case of 
Wind energy, where wind turbines cannot work if there is no wind or if there 
is too much (i.e., hurricanes). For renewable energy and grid performance to 
be at their best, reliable forecasting methods are needed (Guermoui et al. 2020; 
Peled and Appelbaum 2013).

Previous scientific studies on empirical, statistical, machine learning, and 
satellite-based ways to estimate solar radiation (Mohanty, Patra, and Sahoo  
2016). Most research done today uses hybrid models to predict solar radiation. 
Generally, the methods are characterized as empirical methods (Allen et al.  
2005; Prescott 1940; Rensheng et al. 2004; Wu, Liu, and Wang 2007; Zhao, 
Zeng, and Han 2013), statistical approach (David et al. 2016; Ghimire et al.  
2019; Jiang 2008; Shamshirband et al. 2016), machine learning techniques 
based methods (Benghanem, Mellit, and Alamri 2009; López, Batlles, and 
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Tovar-Pescador 2005; Voyant et al. 2017), and satellite-based methods (Allen 
et al. 2005; Feng et al. 2018; Pinker, Frouin, and Li 1995; Samani et al. 2007). 
While promising forecasting models have been reported in previous studies, it 
is worthy appreciating the continued need for better forecast models that are 
able to generalize to new data.

Artificial Neural Network (ANN) is a popular AI-based technique due to its 
ease of implementation as well as its effectiveness in handling nonlinear data. 
The input variables, weight combinations, architecture, and training proce
dure are the primary determinants of an ANN’s performance. ANN is a great 
way to forecast events in time series data because it is based on the relationship 
between the input and output data sets. The training process affects ANN’s 
performance, and it can understand complex, nonlinear interactions 
(Premalatha and Valan Arasu 2016). ANN is made by first figuring out the 
inputs, designing the network structure, learning about the network, and then 
using the learned ANN to make forecasts or predictions of the correct outputs. 
Non-linear forecasting or prediction is used to predict meteorological para
meters (such as temperature, humidity, wind speed, solar radiations, etc.) at 
different time scales (hourly, daily, and monthly). The ability of ANN to learn 
and generalize depending on its application makes it a significant method. 
However, training neural networks is challenging and requires much compu
tational time (Antonopoulos et al. 2019).

Even though it takes a long to converge, the back-propagation training 
algorithm is the most popular way to train ANN (Jiang 2008). Building ANN 
and choosing which ones to use is a complex optimization problem. Some 
researchers have examined the optimization strategies for choosing the right 
structure, training algorithm, transfer learning, and tuning hyperparameters 
based on training data (Renno, Petito, and Gatto 2016). Due to its gradient- 
based learning method, a back-propagation-based neural network (BPNN) 
works slowly and takes a long time to train (Khan and Sahai 2012). Using bio- 
inspired training approaches may significantly improve the training phase of 
ANN-based models, resulting in more precise and quick estimates (Yaghini, 
Khoshraftar, and Fallahi 2013; Zhao, Zeng, and Han 2013). Recent research 
has used soft computing approaches for ANN training and structural optimi
zation (Yadav and Chandel 2014).

Various ANN based methods (Yadav and Chandel 2014), such as the multi- 
nonlinear regression algorithm (Ozgoren, Bilgili, and Sahin 2012), radial basis 
function techniques (Hejase, Al-Shamisi, and Assi 2014), kernel extreme 
learning machine model (Shamshirband et al. 2015), NN-ARX method 
(Shamshirband et al. 2016), adaptive neuro-fuzzy inference system, Elman 
recurrent network, feed-forward neural network (Sfetsos and Coonick 2000), 
wavelet neural network (Sharma et al. 2016), transform K-means (Azimi, 
Ghayekhloo, and Ghofrani 2016), long short-term memory model (Abdel- 
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Nasser and Mahmoud 2019; Srivastava and Lessmann 2018) have been pre
sented for projecting sun radiation at various sites.

Most previous efforts in solar radiation forecasting have focused on build
ing models on a single time scale. Therefore, additional research into solar 
radiation forecasting that takes into account a variety of scales is required. 
Since the new energy sector has more stringent criteria for forecasting speed, 
intelligence, accuracy, controllability, and planning. This paper’s main con
tribution is the proposal of a solar radiation forecasting (SRF) model which 
addresses the common forecast problems of being able to achieve accurate 
short- to medium-term solar radiation forecasts, particularly when dealing 
with a vast disparity in time scales.

In this research, a new technique utilizing biogeography-based optimization 
ANN (BBO-ANN) is built to forecast solar radiation using meteorological 
station data from India’s Jaipur weather station. The data was gathered using 
sun radiation measurements. The performance of the BBO-ANN SRF model 
built in this work is evaluated and resulted compared with previous SRF 
models in literature.

Methods

Artificial Neural Network

Several neurons or nodes are connected systematically to create an artificial 
neural network (ANN) inspired by the human brain. Nevertheless, neurons in 
an ANN use mathematical functions. There are three layers: input, hidden, 
and output. It processes both inputs to hidden layers and hidden to output 
layers through weighted synaptic connections. If the neural network has more 
than one hidden layer, they have additional connection weights. During the 
training phase, the connection weights are changed to reduce the variance 
between the desired and actual output. The neural network uses the training 
data to learn the relationship between input and output and improve its 
performance. A multi-layer feed-forward neural network, as seen in 
Figure 1, is the neural network topology most often used for time series 
forecasting.

The neural network structure for each given application is determined by 
simulating many possible combinations and then applying the input-output 
data set. The problem definition serves as the inspiration for the network 
structure. The training procedure is very reliant on the training data set. The 
data set is divided into training, validation, and testing. Training set informa
tion is used to change the weights, validation set information is used to verify 
the network performance, and testing set information is used to test the 
network performance.
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Biogeography-Based Optimization

A biogeography-based optimization method was developed by (Simon 2008). 
Biogeography-based optimization (BBO) is a blend of bio-inspired optimiza
tion and population-based evolutionary algorithm (EA) (Bansal and Garg  
2021). Biogeography is the study of species’ behavior in nature concerning 
time and distance, as well as the movement of species across environments. 
The population combines tentative solutions generated by the BBO algorithm, 
represented as a vector of numbers (Mandal et al. 2011). The BBO algorithm 
uses the migration operator to facilitate the transfer of information across 
solutions. The adaptable qualities of the BBO algorithm promote its use for 
resolving complicated optimum sizing problems involving hybrid energy 
systems.

The notion of biogeography stipulates that organisms migrate from one 
island to another based on various conditions. It also investigates how species 
evolve and go extinct. In biogeography, habitats are biological regions that are 
not directly linked to other regions and are inhabited by specific plant and 
animal species. Each habitat is defined by its habitat suitability index (HSI) 
parameter. A habitat is a likely solution to the problem. A high HSI indicates 
the presence of a large number of species, while a low HSI indicates the 
presence of a limited number of species. The appropriateness of the region 
determines species-specific habitat quality. HSI is shown as a function of the 
values of characteristics that determine habitability and are often referred to as 
“Suitability Index Variables” (SIV). As it is readily apparent, HSI is 
a dependent variable, while SIV is an independent variable.

Figure 1. A simple three-layer feed-forward neural network.
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High HIS environments have a high emigration rate μ and a low immigra
tion rate λ due to species saturation (Rahmati and Zandieh 2012). If other 
ecological circumstances are suitable, HSI may increase in low-HSI settings. If 
a habitat’s HIS remains low throughout the iterative process, the immigration 
rate will climb. Habitat HSI, immigration rate, and emigration rate are con
sidered to be linearly related.

Figure 2 illustrates the correlations among the number of species, the 
emigration rate μ, and the immigration rate λ. S indicates the number of 
species in a habitat, indicating the environment’s fitness. Maximum species 
in a habitat is denoted by Smax, while S0 denotes the circumstance when 
emigration rate equals immigration rate. From Figure 2, we may deduce that 
the island with the best performance (S2) has a large μ and a small λ, and vice 
versa. After analyzing HSI of each solution Hk, λk and μk are evaluated by 
Equations 1 and 2, respectively. A high-HIS environment has a high μk and 
a low λk because species in high-HSI habitats tend to move to low-HSI habitats 
(Singh and Kamal 2012)

λi ¼
EK
P
;where Eis maximum emigration rate (1) 

μi ¼ I � 1 �
K
P

� �

where Iis maximum immigration rate (2) 

HSI is the objective function during optimization, and the habitat with the 
highest HSI is chosen.

Figure 2. Biogeography model of immigration rate and emigration rate.
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Oppositional BBO

Opposition-based learning (OBL) is used in EAs to accelerate convergence. In 
OBL, convergence speed is increased by maintaining high-fitness individuals 
or their opposites. The opposite is the replication of any individual across the 
search space midpoint. Figure 3 illustrates, for each population member x, 
there are three opposing members, opposite xo, quasi-opposite xq, and quasi- 
reflected opposite xr across the center of the domain point c. xo is a replica of x 
across c, xq is a random replica point between xo and c, and xr is a random 
replica point between x and c.

OBL is more efficient than random mutations since it is an intelligent 
algorithm. It is evident that the quasi-opposite number xr is closer than x, 
xq, and xo. To facilitate understanding, the population size is assumed to be N, 
and OBBO generates N opposite individuals. Among the 2N individuals that 
comprise the next population, the top N individuals survive. The OBL 
approach is not processed at each step, but rather with a probability jr, also 
known as the jump rate. In each iteration of the OBBO algorithm, the initial N 
individuals of the population are preserved. Based on the jump rate, the 
opposing population of N individuals is then produced. Now, the best N 
individuals out of a total of 2N, 3N, or 4N are chosen for the following 
generation. This strategy guarantees that every person will be at least as 
excellent as the previous one.

Solar Radiation Components Important to SRF

Solar radiation indicates the amount of the sun’s energy reaching the earth’s 
surface via the atmosphere at a given moment. There are two components to 
solar radiation: beam radiation and diffuse radiation. Beam solar radiation is 
the radiation that travels down the line connecting the surface to the sun. 
Diffuse solar radiation is radiation that cannot reach the surface due to air 
obstructions. If diffuse solar radiation is less than or equal to 25% of total solar 
radiation, the sky is considered clear. A standard “clear sky” condition is used 
for solar radiation forecasting, and total solar radiation is computed under 
cloudless circumstances. Long-term average meteorological data are necessary 

Figure 3. Opposition-based learning members.
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for accurately predicting solar radiation under a clear sky. Long-term meteor
ological data collecting is a complex and time-consuming endeavor.

Designing hybrid energy systems requires knowledge of the total solar 
radiation in a given location. With the increased usage of solar energy and 
the integration of solar energy into the power system, effective modeling and 
forecasting techniques are required. Solar radiation forecasting is required for 
the development and performance estimation of solar energy devices. Solar 
radiation is very crucial for power plant operation planning. The objective of 
the proposed study is to examine ANN utilizing Jaipur’s vast range of solar 
radiation data under clear skies.

ANN Structure Implementation

ANN input parameters include latitude, longitude, month, day, time of day, an 
elevation of the field site season, and solar radiation data from the past 48 
instances. As training data, we utilize the measured data spanning five years, 
from January 1, 2014, to December 31, 2018.

The trained network is validated using data from January 1, 2019, to 
December 31, 2019 (Figure 4). Figure 5 shows a sample of the hourly sun 
radiations recorded for Jaipur (Rajasthan) over a year. During network training, 
the circulate approach is used, whereby each training data set moves the input 
vector and target vector from the first week to the next hour of the following 
week. During training, hidden layers are learned, and their weights are adjusted 
depending on input-output errors. The relu and sigmoid activation functions are 
employed in the hidden and output layers. The activation functions are chosen 
via a system of trial and error. A neural network modifies weights depending on 
the deviation between expected and desired outputs. Solar radiations are mea
sured hourly for a whole year in Jaipur (Rajasthan), as shown in Figure 6. Each 
training data set shifts the data from the first week as the input vector and the data 

Figure 4. Typical average daily solar radiation (kW/m2) for Jaipur (Rajasthan).
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from the second week as the target vector to the following hour using the circulate 
technique.

After attempting many combinations, the ANN used to forecast solar radiation 
settles on having one input layer, one output layer, and two hidden layers. As can 
be seen in Table 1, the input variables are 55. The input layer comprises 55 nodes, 
and the output layer includes one node. As a result of trying several different 
permutations of hidden layer nodes and taking into account the complexity of the 
problem, the number of nodes in the first hidden layer is 36, and the number in 
the second hidden layer is 18. The ANN has arrived at its final structure, “55-36- 
18-1,” as shown in Figure 7.

Figure 5. Hourly solar radiation (kW/m2) pattern for Jaipur (Rajasthan).

Figure 6. Hourly solar radiation (kW/m2) pattern for Jaipur (Rajasthan).
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The BBO-ANN Implementation Algorithm

A downside of backward propagation for artificial neural networks (BPANN) 
is the potential for trapping at local minima and the slow pace of convergence. 
Basically, a hill climbing strategy may be used to understand BPANN learning. 
When the cost function is less than the local minimum in the weight space, the 
network might get stuck at that point. An ANN has several different para
meters, including the quantity of input, hidden, and output nodes, learning 
rate, momentum rate, bias, minimal error, and activation/transfer function. 
The Particle Swarm Optimization (PSO) method is based on the social adap
tation of knowledge, and all individuals are seen as belonging to the same 
generation. The genetic algorithm (GA) algorithm is based on evolution and 
does not account for changes within a single generation. The disadvantages of 
the PSO-based training approach include the fact that the selection of PSO 
parameters has a significant impact on network stability and performance. 
Incorrect parameter selection may result in premature convergence and erro
neous simulation results.

In this paper, the BBOANN is proposed, the suggested training method 
optimizes the training process by increasing convergence speed and the like
lihood of finding a suitable application solution. As described in Algorithm 1, 
the BBOANN method has two key parts: the first is the Neural Network 
prediction phase, in which the ANN performance is assessed using the set of 
weights chosen. The second section is an OBBO method for modifying the 

Table 1. Artificial neural network input parameters for solar 
radiation forecasting.

SN Detail of variable Number of inputs

1 Latitude 1
2 Longitude 1
3 Elevation of the field site 1
4 Season 1
5 Solar Radiation 48
6 Month 1
7 Day 1
8 Hour of the Day 1

Figure 7. Ann − 55-36-18-1.
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ANN weights based on the first section’s evaluation of the ANN’s 
performance.

The BBO-ANN Training and Validation Process
The processes involved in designing the ANN model included the following 
steps: 

(1) Normalize the input and target values.
(2) Partition the dataset for training and validation purposes. This required 

setting the size of the input matrices and generating training and 
validation datasets.

(3) Create a multilayer feed-forward neural network as described above in 
Figure 7.

(4) A training method updates network weights to minimize the network 
performance function (called Mean Square Error). BPANN, GAANN, 
PSOANN, and BBOANN are utilized for training.

(5) After the ANN was trained, the target output was predicted using the 
input data.

(6) In order to calculate the actual predicted value, the output that was 
obtained in step 5 is unnormalized. 

The first eighty-five percent of the input data from each period were roughly 
provided to the network for training purposes. During training, the weight/ 
bias matrix that is formed after the first data set is saved and later utilized as 
the starting point for the future training period. This procedure was repeated 
until all of the periods had been utilized in the subset, and the network weights 
and biases had been continuously adjusted from one period to the next. 
During training, the mean absolute percentage error (MAPE) between the 

Algorithm 1 Pseudo code of BBO based ANN training

1: Initialize ANN configuration
2: Initialize the population
3: Assign weights (habitats) to ANN
4: Evaluate ANN mean square error and equate these as individual’s fitness
5: for 1 to number of iterations do
6: Generate opposite population
7: Set emigration and immigration probability based on fitness
8: for 1 to size of population do
9: Evaluate each individual’s fitness as ANN mean square error

10: if habitat is selected probabilistically based on immigration rate then
11: ⊳ Migration operation
12: Randomly select SIV from habitat
13: Replace random SIV in habitat
14: if habitat is selected probabilistically based on jumping rate then
15: Generate quasi-reflected opposite population
16: Implement elitism by replacing and removing bottom habitat
17: Return solution with best fitness
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network’s internal forecasts and the target values generally started very high 
but quickly dropped and settled near the MAPE minimum after about ten 
epochs. This occurred because the network was learning how to make accurate 
forecasts. The mean absolute percentage error minima are in the single digits, 
indicating that the network outputs closely fit the training data. In most cases, 
MAPE started high (around 100) but rapidly decreased to its lowest point 
(around 2) during the training session.

250 predictions are produced for each period in the subset during testing 
using the network that was trained during the development phase. The neural 
network predictions were contrasted with the competing forecast values 
derived from a distribution with a climatological basis. Persistence forecasting 
assumed that all predicted valid times and the hourly average solar radiation 
would be the same at the projected start time. Mean Absolute Error, Mean 
Squared Error, and Maximum Error was calculated as the indicators of pre
diction performance for the neural network and each of the forecast alter
natives. These errors are disparities between predicted and actual solar 
radiation.

Evaluation of the BBO-ANN Trained SRF Model

Various criteria are used to assess the solar radiation forecasting algorithms’ 
accuracy. The performance of forecasting techniques is assessed using the 
Mean Absolute Percentage Error (MAPE), Root Mean Square Error (RMSE), 
Normalized Root Mean Square Error (nRMSE), and Mean Bias Error (MBE) 
criteria. 

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
N

XN

n¼1
ŜðnÞ � SactualðnÞ
� �2

v
u
u
t (3) 

nRMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
N
PN

n¼1
ŜðnÞ � SactualðnÞ
� �2

s

1
N
PN

n¼1
SActualðnÞ

(4) 

MAPE ¼
1
N

XN

n¼1

ŜðnÞ � SactualðnÞ
SactualðnÞ

�
�
�
�

�
�
�
� (5) 

MBE ¼
1
N

XN

n¼1
ŜðnÞ � SactualðnÞ (6) 
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Results and Discussion

BBO-ANN

The weight vector of an ANN, with all of its biases, is represented by a population. 
Every population revises its position by computing new migration rates, which 
are then applied to moving individuals to the new location. For BBO, they 
continue to use the extra weights even though there has been no discernible 
improvement. Every population carries out this practice. For solar radiation 
forecasting, the developed BBOANN technique has been utilized in Jaipur, 
Rajasthan (India). The accuracy of the findings ranges from two to six percent 
during the course of the year, demonstrating the dependability of the suggested 
BBOANN. The numerical results obtained using the suggested BBOANN tech
nique are shown in Figures 8, 9, 10, 11 for winter, spring, summer, and fall days.

Figure 8. BBOANN solar radiation forecasting winter season, Jan 3 to Jan 8, 2019.
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When using MATLAB 2020 on a PC with 8 GB of RAM and a 2.1 GHz- 
based CPU, the average calculation time for predicting a whole week is less 
than 1.4 seconds. The values for the criteria to assess the suitability of the 
suggested ANN technique in predicting solar radiation are shown in Tables 2 
and 3. The season is shown in the first column, the MAPE in the second, the 
square root of the SSE in the third, and the SDE in the fourth.

Comparison of Solar Radiation Forecasting Methods

The findings show that all models have acceptable solar radiation forecasting 
accuracy for the winter, spring, summer, and autumn seasons. The forecasting 

Figure 9. BBOANN solar radiation forecasting spring season Apr 18 to Apr 232,019 Hourly Actual 
and forecasted solar radiation, in KW=m2.

Figure 10. BBOANN solar radiation forecasting summer season, Jul 11 to Jul 162,019 Hourly Actual 
and forecasted solar radiation, in KW=m2.
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of solar radiation using artificial neural networks (ANN) is the main emphasis 
of this paper. The results are compared with Convolution Neural Network 
integrated with LSTM (CLSTM) proposed by (Huang et al. 2013), Radial Basis 
Function Neural Network (RBFNN) (Ren, Suganthan, and Srikanth 2015), 
Recurrent Neural Network (RNN) (Chaouachi, Kamel, and Nagasaka 2010), 
Clustered ANFIS network (Benmouiza and Cheknane 2019), and two com
mon benchmark algorithm, clear-sky index persistence (CSpers) prescot
t1940evaporation, Elman neural network (ENN) prescott1940evaporation.

The proposed BBOANN, BPANN, GAANN, and PSOANN approaches are 
compared seasonally to RNN, RBFNN, CLSTM, and ENN in Table 4 for 
MAPE and RMSE. The average MAPE is 3.55% for the BBOANN, 3.97% for 
GAANN, 4.08% for PSOANN, 5.32% for BPANN, and 6.76% for RNN, 5.50% 
for RBFNN, 4.34% for CLSTM, and 6.57% for ENN. Figure 12 compares all 
four neural network types for predicting the sun radiation throughout the 
summer.

Figure 11. BBOANN solar radiation forecasting fall season, Oct. 24 to Oct. 29, 2019 Hourly Actual 
and forecasted solar radiation, in KW=m2.

Table 2. Performance analysis of BBOANN solar radiation forecasting for 2019.
Season MAPE (%) MBE (W/m2) RMSE (W/m2) nRMSE (%)

Winter 2.98 47.4 48.2 10.5
Spring 2.01 42.9 54.3 10.1
Summer 3.14 29.6 36.8 8.47
Fall 3.41 36.8 43.2 8.98

Table 3. RMSE performance analysis of BBOANN solar radiation forecasting for 2019.
Algorithm Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

BPANN 67 124 87 164 123 96 92 89 102 121 112 78
GAANN 73 92 98 118 103 81 70 67 78 89 78 56
PSOANN 62 75 84 108 82 79 84 58 74 98 108 64
BBOANN 48 43 57 78 41 52 35 41 47 48 58 39
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It is clear from Figure 13 that solar radiation forecasts for the autumn and 
winter months had the lowest mean absolute percentage error (MAPE) of any 
approach. The MAPE readings vary more throughout the summer and spring 
seasons since the weather is most variable during these times. The unpredict
ability of data patterns is the primary cause of MAPE variance throughout four 
seasons. The proposed BBOANN technique has the lowest MAPE overall, 
making it the most precise forecasting method.

The comparison of several approaches shows that no one algorithm is 
superior, with lowest MAPE values year-round. The choice of starting weights 
has an impact on performance and the search space of neural network training 
contains several local minima. The different optimization algorithms that 
draw inspiration from nature enhance the neural networks’ capacity for search 

Table 4. Comparative MAPE (%) and RMSE (Wm-2) results of solar radiation forecasting methods 
on eight days.

Winter Spring Summer Fall

Method Error Jan 3 Feb 7 Apr 18 May 2 Jul 11 Aug 5 Oct 24 Nov 8

BBOANN MAPE 2.98 2.56 4.01 4.21 4.14 4.02 3.41 3.1
RMSE 50.6 47.9 78.3 43.2 35.4 37.3 48.8 55.3

BPANN MAPE 3.48 5.98 4.45 8.87 4.35 6.98 3.86 4.56
RMSE 76.4 147.3 172.7 132.8 92.4 98.5 121.4 112.4

GAANN MAPE 3.56 3.92 4.62 4.24 4.07 4.74 3.32 3.86
RMSE 76.3 98.4 118.4 110.3 70.2 76.7 89.3 48.6

PSOANN MAPE 3.42 3.57 4.28 4.01 4.19 4.78 3.63 3.86
RMSE 64.2 65.5 72.3 77.1 64.1 68.4 78.4 88.2

RNN MAPE 15.48 17.98 19.45 16.87 10.35 9.98 14.86 13.56
RMSE 155.3 142.1 218.4 254.2 132.4 147.8 212.4 201.3

RBFNN MAPE 12.56 15.92 16.62 12.24 8.07 8.74 11.62 10.86
RMSE 194.8 172.5 153.4 143.7 142.3 132.9 98.3 173.2

CLSTM MAPE 7.98 7.56 10.01 7.21 5.14 5.02 7.41 8.1
RMSE 185.8 139.2 132.9 173 155.3 179.9 153.7 155.3

ENN MAPE 5.53 7.39 8.34 10.87 5.35 6.23 5.74 7.33
RMSE 154.3 189.6 216.4 156.3 136.8 124.5 207.4 187.3

Figure 12. Comparison of neural networks of solar radiation forecasting Oct., 2019.
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and forecasting accuracy. In particular, Table 2 makes it clear that accuracy is 
improved by combining an optimization technique with neural network.

Conclusion

Due to the non-linear relationship between input and output, predicting solar 
radiation is not a trivial problem. This non-linear characteristic favors the ANN- 
based techniques for forecasting solar radiation. In the current study, 
a biogeography-based optimization approach of the ANN technique is designed 
and put to use. With the use of MAPE, MBE, RMSE, and nRMSE, the perfor
mance of the BBO-ANN forecasting technique was evaluated. According to the 
findings, BBO-ANN produced the most precise and effective SRF models, 
whereas the regular ANN models underperformed compared to it. BBO-ANN 
model as it was able to forecast solar radiation for given inputs in just under two 
seconds. When BBO-ANN performance was compared to existing benchmark 
SRF methods and other techniques described in the literature, it was clear that the 
BBO-ANN SRF approach introduced in this work, was not only more accurate 
but also more efficient, computation-wise.
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