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Solar radiation forecasting is important in solar energy power plants (SEPPs)
development. The electrical energy generated from the sunlight depends on
the weather and climate conditions in the area where the SEPPs are installed.
The condition of solar irradiation will indirectly affect the electrical grid
system into which the SEPPs are injected, i.e. the amount and direction of the
power flow, voltage, frequency, and also the dynamic state of the system.
Therefore, the prediction of solar radiation condition is very crucial to
identify its impact into the system. There are many methods in determining
the prediction of solar radiation, either by mathematical approach or by
heuristic approach such as artificial intelligent method. This paper analyzes
the comparison of two methods, Adaptive Neuro Fuzzy Inference (ANFIS)
method, which belongs into the heuristic methods, and Multiple Linear
Regression (MLP) method, which uses a mathematical approach. The
performance of both methods is measured using the root mean square error
(RMSE) and the mean absolute error (MAE) values. The data of the Swiss

Basel city from Meteoblue are used to test the performance of the two
methods being compared. The data are divided into four cases, being
classified as the training data and the data used as predictions. The solar
radiation prediction using the ANFIS method indicates the results which are
closer to the real measurement results, being compared to the the use MLP
method. The average values of RMSE and MAE achieved are 123.27 W/m?
and 90.91 W/m? using the ANFIS method, being compared to 138.70 W/m?
and 101.56 W/m? respectively using the MLP method. The ANFIS method
gives better prediction performance of 12.51% for RMSE and 11.71% for
MAE with respect to the use of the MLP method.
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1. INTRODUCTION

Economic growth and development of a country is always accompanied by an increase in electrical
energy consumption. Based on the World Energy Agency projection up to 2040 it is known that the world
energy demand increased by 30% with an average increase of 1.6% per year [1]. The projected percentage of
electricity demand from 2016 to 2030 has increased significantly as shown in the following countries: China
190%, Africa 29%, Europe 24%, and North America 7% [2]. While in Indonesia, electricity demand growth
will reach an average of 8.5% per year, with an average peak load growth of 8.4% per year [3]. With an
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estimated average customer growth rate of about 2.7 million per year, the electrification ratio may increase to
94.4% by 2024 [4].

To meet the electrical energy need, new generating plants have been constructed, with the
composition of power plants still dominated by thermal power plants, while new and renewable energy
(NRE) sources compositions are still relatively limited. Therefore, the use of NRE plants still needs to be
improved because it has low environmental impact.

Various renewable energy resources have been continuously explored to alleviate the undesirable
burden on the environment engendered by the use of fossil energy resources. Solar energy is one form of
renewable energy resources which is abundantly provided by the nature and takes an important role to
achieve a sustainable development in a country. It generates electricity from the conversion of photon energy
brought by the sunlight to the solar panels or photovoltaic (PV) cells. The development of solar energy power
plants (SEPPs) as one of NRE sources is rapidly implemented. However, the SEPPs as a source of solar
energy has not been widely used in Indonesia, being compared to the condition in advanced countries such as
China, USA, Europe, and Australia, where the SEPPs have been massively implemented [5].

The electrical energy generated from the sun depends on the weather and climate in the area where
the SEPPs are installed. The solar radiation conditions of the SEPPs will affect the steady-state and dynamic
conditions [6], [7] of power systems into which the SEPPs are injected. They influence the number and
direction of balanced [8] [9] or unbalanced power flow [10], voltage profile [11], frequency, power quality
[12], [13], and the system reliability [14]-[16]. Therefore, the prediction of solar radiation conditions is very
important to identify the impact into the power system.

Since the availability of solar sources depends on weather and climate parameters which may
change over time, to obtain an optimal power supply system from SEPPs sources it is necessary to predict the
availability of solar sources based on previous historical data. There are many methods in determining the
prediction of solar radiation either by mathematical approach or by heuristic approach such as artificial
intelligent method. Some methods which can be used to predict the availability of solar sources are based on
the probabilitic methods [17], network monitoring data [18], artificial neural network and linear regression
methods [19], fuzzy logic method [20] [21], mathematical approach using the atmospheric and geometric
theory [22], several other approaches [23].

To get a more accurate solar radiation prediction, a combined system of artificial intelligence using
the fuzzy and neural networks called Adaptive Neuro Fuzzy Inference System (ANFIS) becomes the main
concern in this paper. Adaptive Neuro Fuzzy Inference System (ANFIS) is one of the most commonly used
methods for prediction or diagnosis, with fairly good accuracy [24]. The ANFIS method itself is a composite
of the fuzzy inference system mechanism introduced in the artificial neural network. The advantage of a
fuzzy inference system is that the knowledge of experts can be transformed in the form of rules. However,
the establishment of the membership functions may need more extra times [25]. Therefore, with the learning
technique improvement of the artificial neural network by reducing the time processing and seaching, the
ANFIS method is introduced in this paper to predict the intensity of solar radiation.

To determine the performance of the ANFIS method in predicting the intensity of solar radiation,
the Multiple Linear Regression (MLR) method is used as a comparison. The performance of both methods is
measured based on the root mean square error (RMSE) and mean absolute error (MAE) values obtained on
each test performed. The testing data used in this paper is based on the Swiss Basel City weather parameters
taken from the Meteoblue website which provides high quality local weather information worldwide [26].
Many climate parameters can be accessed from Meteoblue, for many places around the world such as
temperature, duration of sunlight, wind speed, rainfall data, humadity, solar radiation, and so on.

In this paper, the parameters used to predict the solar radiation are temperature (°c), humidity (%),
precipitation (mm), and sunshine duration (minutes).

2. ANFIS FORECASTING METHOD

There are several steps which must be done to determine the forecast of solar radiation intensity
using ANFIS and MLR methods. In general, the research process conducted by both methods is given in
Figure 1. The parameters such as temperature (°C), humidity (%), precipitation (mm), and sunshine duration
(minutes) and solar radiation need to be prepared in advance with specific of time duration. The design and
construction of a solution system with ANFIS and MLR are further performed to calculate the desired solar
radiation prediction. Existing data need to be grouped into two parts, the first part as training data (on ANFIS
method) or input data (on MLR method) and the other part as the testing data, which are the actual data as a
comparison of the results obtained from both methods.
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Figure 1. Research methodology

The root mean square error (RMSE) and mean absolute error (MAE) values are then calculated for
each test performed using both methods. In each calculation with the standard error model (&) given, and the
error obtained at each iteration (ei, where i=1, 2, ..., n) then the RMSE and MAE calculations are as follows:

RMSE = |*3n &2 1)

n =15

1
MAE = 157 le,| @

Furthermore both RMSE and MAE values are compared for both ANFIS and MLR methods. For a
sample size of n>100 data, the RMSE calculation results indicate that the error distribution is close to "truth"
or "right solution", with a standard deviation of 5% against the truth. If more samples are used, the error
distribution using RMSE will be more reliable [27].

The calculation procedure using ANFIS is given in the flowchart as shown in Figure 2. In general,
this method is divided into several stages: the grouping of the existing data into training and testing data,
forming ANFIS network structure, determining the type of membership function to be used, generating fuzzy
inference system, determining learning methods, performing ANFIS training, and comparing the forecasting
results to the actual data.

The different membership functions have been implemented such as Gaussian, Generalized bell,
Gaussian combination, Pi-shaped, and Trapezoidal. Data are grouped into two parts: training data (as input)
and the remaining data as result data which will be used as comparative data (actual data) from the
calculation result obtained.
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Figure 2. Forecast of solar radiation intensity using the ANFIS method

3. RESULTS AND DISCUSSIONS
3.1. Meteoblue Climatology Data System

For long-term forecasting, the data from an open source weather model, Meteoblue, with the
regional nonhydrostatic weather forecasting model based on a model of the US National Weather Service
NOAA, have been used for validation. It covers the data of solar radiation intensity, temperature, humidity,
rainfall, and duration of solar irradiation. The data used to measure the performance of both ANFIS and MLR
methods is data obtained from the NASA Meteoblue Climatology website, i.e. Basel City, Switzerland [28].

The climatology data of Basel City - Switzerland are quite comprehensive with the amount of data
as much as 43800 hours with the time period from January 2012 to March 2018. The use of this large data
aims to test the performance of both methods used, i.e. ANFIS and MLR, with more independent variables.

To determine the best performance of ANFIS method, the different membership functions such as
Gaussian, Generalized bell, Gaussian combination, Pi-shaped, and Trapezoidal have been implemented. Each
membership function is tested and compared the result based on the RMSE and MAE values. In this analysis,
the Gaussian combination membership function (GCMF) is selected to be used on the overall testing since
the GCMF has given the best result of RMSE and MAE values.

There are four cases for the test to be performed as given in Table 1. Training data and testing data
can be divided by the composition of training data as much as X% of total data and testing data as much as
(100-X)% of the total data. The first three cases used data per hour over five years with 70%, 80%, and 90%
for training data, whereas the fourth case is for short-term prediction, i.e. 24 hours prediction, with one year
data for the training. The results for the above four cases by comparison of the two methods used are given in
the following.

Table 1. Case Study and Data Composition for Training and Testing
Case# DataBassel Data Composition Training Data  Testing Data

1 43800 70% - 30% 30660 13140
2 43800 80% - 20% 35040 8760
3 43800 90% - 10% 39420 4380
4 8640 99.72% - 0.28% 8616 24
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3.2. Case #1: Data Composition of 70% - 30%

This testing aims to compare the results of solar radiation forecasting obtained using the ANFIS and
MLR methods. Based on the comparison of both methods, the smallest error value (RMSE and MAE) are
calculated. The composition data used in Case #1 is 70% of the total data (30660 data) as the training data
while 30% of the total data (13140 data) being used as the testing data.

Figure 3 shows the comparison between the predicted solar radiation using ANFIS method (red
line), MLR method (blue line), and actual data (green line) for case # 1. The RMSE and MAE calculations
obtained were 139.34 W/m? and 101.63 W/m? for the ANFIS method, while 150.55 W/m?* and 114.40 W/m?
for the MLR method. The ANFIS method gives results that are closer to the actual value than the MLR
method.
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Figure 3. Comparison result ANFIS and MLR for Case #1: 70%-30%

3.3. Case #2: Data Composition of 80% - 20%

The composition data used in Case #2 is 80% of the total data (35040 data) as the training data
while 20% of the total data (8760 data) being used as testing data. Figure 4 shows the comparison between
the predicted solar radiation using the ANFIS method (red line), MLR method (blue line), and the actual data
(green line) for Case #2. The RMSE and MAE calculations obtained were 138.35 W/m? and 98.46 \W/m? for
the ANFIS method, while 148.27 W/m? and 108.65 W/m? for the MLR method. The ANFIS method gives
results that are closer to the actual value than the MLR method.
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Figure 4. Comparison result ANFIS and MLR for Case #2: 80%-20%

3.4. Case #3: Data Composition of 90% - 10%

The composition data used in Case #3 is 90% of the total data (39420 data) as training data while
10% of the total data (4380 data) being used as the testing data. Figure 4 shows the comparison between the
predicted solar radiation using the ANFIS method (red line), MLR method (blue line), and the actual data
(green line) for Case #3. The RMSE and MAE calculations obtained were 138.35 W/m? and 98.46 \W/m? for
the ANFIS method, while 148.27 W/m? and 108.65 W/m? for the MLR method. The ANFIS method gives
results that are closer to the actual value than the MLR method.
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Figure 1. Comparison result ANFIS and MLR for Case #3: 90%-10%

3.5. Case #4: Short Term (24 hours) Prediction

In this testing, the short-term forecasting is done within one day (24 hours) with input/training data
for one year. The predicted RMSE and MAE results obtained are 81.22 W/m? and 63.67 W/m? for the ANFIS
method, while 108.95 W/m? and 70.13 W/m? for the MLR method. The MLR method gives results that are
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closer to the actual value than the ANFIS method. However, ANFIS provides a more realistic value than
MLR for the calculation between 16:00 to 17:00 where the sunlight starts to disappear.

A summary comparison of the RMSE and MAE error values for the ANFIS and MLR methods is
shown in Table 2. The average RMSE and MAE are 131.68 W/m? and 95.60 W/m? for the ANFIS method,
while 141.18 W/m? and 105.04 W/m? for the MLR method. ANFIS showed better prediction performance of
7.22% for RMSE and 9.87% for MAE compared with MLR method. Figure 6 shown comparison result
ANFIS and MLR for case #4: short term prediction

Table 2. Comparison of ANFIS and MLR Results

Case # ANFIS (W/m?) MLR (W/m?)
RMSE  MAE RMSE _ MAE
1 13934 10163 15055 11440
2 13835 9846 14827  108.65
3 13419  99.91 147.02  113.07
4 8122 6367 10895  70.13

Average 123.27 90.91 138.70 101.56

Figure 6. Comparison result ANFIS and MLR for case #4: short term prediction

4. CONCLUSION

Based on the results obtained from the simulation and analysis undertaken in this paper, it can be
concluded that the forecasting of optimal solar radiation intensity was obtained in Case #3 using the ANFIS
method with 90% training data and 10% testing data. This optimal results can be seen from the smallest
RMSE and MAE values among the other experiments. Based on the simulated type of membership function
curve, the membership function with Gaussian combination is the best result.

The use of ANFIS method gives better results than MLR method when implemented with huge data.
It can be known from the calculation results which give smaller RMSE and MAE values using the ANFIS
method. Contrarily, the results of the calculation using the MLR method give better results for relatively
fewer of data, as shown in Case # 4.

The average values of RMSE and MAE were 131.68 W/m? and 95.60 W/m? using the ANFIS
method, whereas using the MLR method they were 141.18 W/m? and 105.04 W/m? respectively. The ANFIS
method showed the better prediction performance of 7.22% for RMSE and 9.87% for MAE with respect to
the MLR method.
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