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The prediction of the general national electricity plan has stated that Indonesia's electricity
needs in 2038 will increase to 1,000 TWh or the equivalent of 3.3 MWh per capita. If this
trend continues, then by 2050, per capita energy consumption is expected to reach 7.7
MWh or 2,600 TWh. This prediction is important because it is to prepare power plant
infrastructure throughout the region for the coming period.By applying and adding
learning algorithms based on Convolutional Neural Networks (CNN) to developing solar
power plants, CNN-based Forecast can increase accuracy by up to 30% and has the ability
to train models up to 2 times faster than currently available algorithms. This new algorithm
can more accurately detect leading demand indicators, such as pre-order information,
increased product demand, price changes, and promotional spikes, to build more accurate
forecasts.That before the discovery of CNN there was no algorithm that provided the most
accurate estimates for all types of data. Traditional statistical models have been useful in
predicting the demand for products that have regular demand patterns, such as summer or
winter electricity production. However, statistical models cannot provide accurate
forecasts for more complex scenarios, such as frequent changes in energy prices,
differences between regional versus national demand, products with different selling
speeds, and additions of new products.As for CNN, it is appropriate to predict the power
from the panel, with a MAPE performance value of 18.7633%, MAE of 0.0176 and RMSE
of 0.0466 so that the prediction system built has fulfilled the prediction of the targeted

system.

1. INTRODUCTION

Solar panels can generate electricity depending on the
intensity of sunlight. In addition, temperature, humidity and
other environmental parameters affect the energy conversion
process. Commercial solar panels are widely available in the
market. The price depends on the selling capacity of diesel and
materials that determine the performance of the generator.
Monocrystalline and polycrystalline based solar panels are
made of semiconductor materials. Taking into account the
environmental parameters on solar panels will then be
evaluated. The results show that monocrystalline outperforms
polycrystalline. Monocrystalline output voltage, current and
power are higher than polycrystalline. Monocrystalline solar
panels are also more stable against environmental changes.
This is how efficiency stability is concerned. To design a
reliable prediction system, a relatively new and Al-based
methodology, namely CNN, is needed. Currently Forecast
with CNN can improve accuracy by up to 30% and train
models up to 2X faster than currently supported algorithms.

Indonesia is committed to achieving net zero emissions. In
this case, Indonesia has announced that it will meet the
maximum net zero emission in 2060. The Indonesian
government promises that the amount of CO, will be reduced
through the National Determined Contribution (NDC). This
ambitious commitment needs the contribution of the energy
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sector. Indonesia officially launched the Energy Transition
Mechanism (ETM) Country Platform during the last G20
Summit. The government said, a platform that creates an
accelerated transformation while remaining fair and affordable
in the energy sector. In addition to ETM, commitment to
energy transition is realized through policy revitalization to
create the right investment climate for the upstream industry.
By increasing the ability to produce the right energy mix in
Indonesia. A successful transition for Indonesia will definitely
require coordination between policy, technology, science and
capital. Fossil energy is a source of energy that comes from
dead organisms that have been buried in the ground for
thousands of years. Fossil energy consists of petroleum,
natural gas, and coal [1].

Fossil energy itself has several weaknesses, including
limited amounts as an energy source [2]. In addition, burning
fossil energy will produce greenhouse gases, such as CO,, CHa,
and N>O and water vapor, which can cause global warming [3].
Therefore, we need alternative sources of energy that are more
environmentally friendly to reduce human dependence on
fossil energy. Currently, energy needs are dominated by
electrical energy. This is supported by data from the
Indonesian Ministry of Energy and Mineral Resources, that in
2016 Indonesia's electricity consumption has reached 956
kWh per capita. Meanwhile, in 2018 electricity consumption
in Indonesia has increased to 1,064 kWh per capita and as of
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September 2021 it has increased again to 1,203 kWh per capita
[4]. The ever-increasing consumption of electricity triggers the
urgency of using large amounts of power plants, of which 63%
of the world's power plants use fossil fuels [3].

In dealing with environmental damage caused by fossil
energy, the Government of the Republic of Indonesia is
committed to achieving Net Zero Emissions (NZE) which is
achieved through increasing the use of new renewable energy,
one of which is solar energy [5]. Solar energy is one of the
most important sources of renewable energy due to its
availability, environmental friendliness and low cost [2].
Currently, several uses of solar energy are being developed
and solar panels are of concern to scientists in the world
because of their rapid development. In its use, solar panel
systems pay more attention to the distribution network, the
effect of PV degradation on the stability of the distribution
system, power leakage and reliability [6]. There is a challenge
to maintain the performance of solar panels based on standard
test conditions (STC) amid changing environmental
conditions [7]. Increasing the urgency of designing a solar
panel output power prediction system.

Several previous studies have been proposed, with various
methods such as Long Short-Term Memory, Random Forest
Trees, Artificial Neural Networks, Support Vector Regression
and Convolutional Neural Networks. This research will design
a monocrystalline solar panel electric power production
prediction system using the CNN artificial neural network
method. Correlation values are also calculated using the
Pearson's method to determine the relationship between
quantitative variables in the form of meteorological variables
and output variables in the production of solar panel electricity
[8]. The prediction system that has been created will be
evaluated for performance using the Mean Absolute Error
(MAE), Mean Absolute Percentage Error (MAPE), and Root
Mean Square Error (RMSE).

2. LITERATURE
2.1 Solar electricity

Excessive radiation contact on the panel can increase the
temperature of the solar panel and reduce the production of
electric power due to a decrease in the electric current that is
produced by the solar panel. Efforts to maintain electricity
production according to the panel temperature setpoint can be
controlled by providing sufficient wind and maintenance, so
that photovoltaic reliability is maintained. Solar power is a
power plant that utilizes solar energy to be used as electrical
energy using direct media using solar panels and indirectly by
concentrating solar energy [9-11]. Solar panels or solar panels
are able to convert sunlight into electric current. Solar energy
is used as an energy source because it has unlimited
sustainable properties [12, 13]. Therefore, electricity with
solar power is an alternative energy that is sustainable and can
be used as the main energy.

2.1.1 Solar panels

Solar panels are semiconductor devices that convert light
energy (photons) into DC (direct current) electricity or direct
current using crystalline silicon (Si) semiconductor materials
[14-16]. Solar panels are a combination of photo and voltaic
which means light and voltage [14]. The silicon cells will be
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installed in series in a panel made of stainless aluminum and
protected by plastic glass or self-cleaning material.

The sun emits light with different wavelengths from 250 nm
to 2500 nm in the form of ultra violet (UV), infrared and
visible light. Not all rays can directly reach the earth because
the atmosphere reduces the light spectrum that enters the earth
[17, 18]. The amount of current generated from the solar panel
depends on the amount of light energy (photons) that reaches
the solar panel and depends on the area of the solar panel. In
order for the efficiency of solar panels to be high, photons must
be absorbed as much as possible, then reduce reflections and
increase the conductivity of solar panel materials [19-21].

2.1.2 Working principles of solar panels

Solar panels work using the p-n junction principle which is
found in p and n type semiconductors. In the atomic structure,
the n-type semiconductor has an excess of electrons (negative
charge) and the p-type has an excess of holes (positive charge).
The difference in charge at the p-n junction is known as the
depletion region [22-24]. When the p-n junction is exposed to
sunlight, the electrons will bounce through the photon gap to
the conduction band and leave the proton. Because it is
influenced by intrinsic potentials and junctions which cause
electrons and protons to move in opposite directions and
generate voltages that produce electrical energy in Figure 1 [22,
25, 26].

Front electrode (-)
Sun light

Anti-reflection coating \
N- type silicon (+) —>1
Junction PN / T @ l il
P- type silicon (-) —> G l
Current

Back electrode (+)

Figure 1. Structure of layer solar panel [13]

The solar panel module generates electrical power
depending on the total incident solar radiation on the surface
of the GT solar panel [27-29]. The equation for the solar panel
module to generate power is calculated according to the
following Eq. (1).

Yopy is the capacity of the solar panel module (power output
under STC conditions), fpy is the reduction factor of the solar
panel power introduced by considering the additional factors
affecting the solar panel (lossess, shading, dust) and G(rstc)
is the incident radiation on standard test conditions (STC) [27-
29].

Gr
Ppy = Ypy frv < = >

GT,STC

(1)

The solar panel current (I_ph) is directly proportional to the
amount of radiation G and temperature T (Revati & Natarajan,
2020), where the equation for the current of the solar panel
module can be modeled mathematically as Eq. (2).

G 2
c—] @)

L = [ISC (Trep) T Ki(T — Tre) X



Isc(Tref) is the short circuit current of the solar panel at the
reference temperature (Trer). Grer is the radiation provided by

the solar panel supplier. T is the temperature in degrees Kelvin.

K is the current constant which can be seen in the following
Eq. (3).

Lsery = Ise(rrep
ST _T1.. 3)
ref
2.1.3 Solar radiation

Solar radiation plays an important role in the energy
produced by solar panels. The recommended average value of
solar radiation outside the Earth's atmosphere is 13661 W/m?
which is used as the solar constant [30-32]. The total energy
that reaches the earth's surface is the solar constant minus the
radiation due to atmospheric absorption and reflection before
reaching the earth. Solar radiation that reaches the earth is
called direct radiation and scattered radiation emitted by dust,
gas molecules and water vapor in the atmosphere is called
diffuse radiation [22, 33, 34]. Direct and scattered radiation
measurements from the sun can be carried out using the
RK900-11 weather station.

Weather station RK900-11 is a civil integrated weather
station developed by Hunan Rika Electronic Tech Co. This
weather station can measure several meteorological
parameters at once, namely solar irradiation, ambient
temperature, environmental humidity, wind speed, wind
direction, air pressure, and rainfall [34, 35].

2.1.4 Photovoltaic panel

Monocrystalline is a type of silicon-based solar panel that is
widely used with an efficiency of up to 17% -18%. High
efficiency is achieved because monocrystalline produces the
highest electrical power per unit area among other types. This
type has the characteristic black color because it comes from
pure silicon. The distinctive feature of this type is that it has
an octagonal shape (rectangle but all four blades are cut). The
weakness of monocrystalline is that it does not work well
when placed in areas with little sun exposure which causes its
efficiency to drop. The advantage is that at high sun intensity
it can increase its efficiency and work better than other types
and is suitable for relatively narrow land [14, 36].

2.1.5 Factors influencing solar panel performance

The solar panels work by utilizing photon energy. This can
be understood when light is considered as a particle with
energy emitted by light with the speed of light (c) and a certain
wavelength which is formulated in the following Eq. (4) [30].

ALE=hc 4

where:

h = konstanta Plancks (6,62.1073%].s)

¢ = Speed of light in a vacuum (3.10%)

E = Energy

A = the wavelength of light

In solar panels, there are other factors that affect the output
power generated by solar panels, namely the temperature of
the solar panel module, humidity or humidity, and wind speed.

2.2 Temperature

The temperature of the solar panel module has an important
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role to calculate and predict the characteristics of the resulting
current and voltage. In general, solar panel modules under
normal conditions have a temperature of 25°C. However, the
effect of increasing temperature will reduce the voltage value
linearly. Each increase in the temperature of the solar module
by 1°C from 25°C will result in a 0.5% reduction in the power
generated. To calculate the amount of power that is reduced
due to an increase in temperature, the following formula can
be used Egs. (5)-(6). [21, 36].

ftemp = [1 + ap (TC - TC,STC)] (5)
Tenocr — Tanocr Ne
T.=T,+I;| ———|(1——
= Tatlr ( T (1-2) (©6)

where:

Ta = ambient temperature (°C)

Tc,noct = normal operating temperature of the panel (°C)

Ta,noct = ambient temperature under normal conditions
(20°C)

It,noct = amount of sunlight irradiation under normal
conditions (0.8 kW/m?)

2.3 Performance evaluation matrix

In doing the calculation, there are several ways to calculate
the performance level of the model. This method is used
according to the type and form of existing data in Eq. (7).

MAPE = (ZL )/N

Mean Absolute Percentage Error (MAPE)/ Symmetrical
MAPE. Is the absolute average of the percentage error
obtained from predictions made previously. MAPE can be
calculated using the following Eq. (7), In this equation y(i) is
the actual power data value and y'(i) is the forecast value in
period t, and N is the amount of data forecast. The lower the
MAPE value, the better the performance of the prediction
model used, and there are several MAPE values that can be
used as a benchmark for the performance measurement of the
predictive model as shown in the Table 1.

y(@) —y'(@)

%0 2

Table 1. MAPE value range

Range MAPE Description
<10% Very good predictive model competency
10-20% Competence of good prediction models
20-50%  Competence of predictive models is feasible
>50% Poor prediction model competency

2.3.1 Mean Absolute Error (MAE)

Is the average difference between the actual data value and
the absolute predicted value. MAE can be calculated using the
following Eq. (8).

wag = (3" by -y ol)/w ®

In this equation y(i) is the actual power data value and y'(i)
is the forecast value in period t, and N is the amount of data
forecast. The smaller the MAE value, the better the prediction
performance of the model. In this study, the largest MAE
tolerance limit was determined, namely 0.5 [32].



2.3.2 Root Mean Square Error (RMSE)

Is the average difference between the actual data value and
the predicted value squared. RMSE can be calculated using the
following Eq. (9).

CLiy® -y ®O
N-1

RMSE = )

In this equation y(i) is the actual power data value and y'(i)
is the forecast value in period t, and N is the amount of data
forecast. The smaller the RMSE value, the better the prediction
performance of the model. In this study, the largest RMSE
tolerance limit was determined, namely 1.1 in Table 2 [32].

Table 2. Specifications for monocrystalline solar panels

Description Monocrystalline

Size 1480>670>35mm
Output Voltage 22.1V
Output Current 8.69A
Maximum Power 150W

2.3.3 Relationship the value Pearson
The following table interprets the relationship from the
value of Pearson's correlation coefficient in Table 3 [31].

Teble 3. Relationship between Pearson correlation

coefficient
Coeficien Interval Relationship
0.800-1.000 very strong
0.600-0.799 strong
0.400-0.599 moderate
0.200-0.399 weak
0.000-0.199 very weak

3. MATERIAL AND METHOD

From the experiment it is known that an increase in the
temperature of the panel will result in a decrease in the open
circuit voltage (Voc) and the power generated by the solar
panel decreases. temperature rise in solar panels also affects
the efficiency of solar panel electricity. This is because
Indonesia's position is on the equator and as a tropical country
which causes the sun's rays to be quite large. the performance
of solar panels is influenced by several dominant factors,
namely solar radiation, so that the temperature of solar panels
which increases due to solar radiation is selected for research.
Data transformation is one of the basic steps in the data
preprocessing section. When we first learn about feature
scaling techniques, we are dealing with the terms scale,
standardization, and normalization. Normalization is one of
the most frequently used data preparation techniques. In ANN
and data mining, this process helps us change the values of the
numeric columns in the dataset to use a common scale. If we
have ever dealt with databases, we are probably familiar with
the term "data normalization". One of the challenges in
databases is the existence of attributes with different units,
ranges, and scales.

The choice of the method for predicting electrical energy
needs uses the Artificial Neural Network method because the
ANN method can be applied to non-linear and Multi-input-
multi-output systems with much smaller errors compared to
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the Regression method where predictions are made with this
method is one of the statistical methods used to predict
autoregressive (AR) models with stationary data. With a
limited number of input output connections. This research was
conducted with the help of Microsoft Excel software and also
MATLAB 2023a. The following is a flow chart (flowchart) of
this study on Figure 2.

Problem Identification &
Literature Study

Preparation of Research Tools and
Materials

Modeling Errar
Values
MAPE <20%7
MAE <0,5?
RMSE<1,1?

« Monocrystalline Solar Panel
* Weather Station

+ PZEM-017

+ Thermocouple Sensors

« SCADA

Calibration of Measuring Instrument

|

Data Collection

Predictive Model Testing

Testing Error
Values
MAPE <20%7
MAE <0,5?
RMSE<1,17

Solar Radiation

wind velocity

Air Humidity

» Panel surface and Environment Temperature
Panel Qutput Voltage

Panel Qutput Current

Data Processing

Data Modelling

Result Analysis

Canclusions and Suggestions

Figure 2. Flowchart of the research
3.1 Problem identification and literature study

Problem identification is obtained by conducting literature
studies from reputable journals that focus on problems,
methodology, and conclusions from journals to support the
success of the research to be carried out. Problem
Identification and Literature Study, Problem identification is
obtained by conducting literature studies from reputable
journals that focus on problems, methodology, and
conclusions from journals to support the success of the
research to be carried out.

3.1.1 Preparation of research tools and materials

The tools and materials consist of a monocrystalline solar
panel with a capacity of 150Wp, a temperature sensor in the
form of a K-type thermocouple as a panel surface temperature
measuring instrument which is then connected to the Autonics
TM-series TM4 temperature controller as a gateway, a weather
station as a measuring instrument for environmental condition
variables in the form of solar irradiation, ambient temperature,
wind speed, and ambient air humidity, and measurement of
current, voltage, and output power from solar panels using the
PZEM-017 sensor [37]. The temperature controller instrument,
weather station, and PZEM-017 will be connected in parallel
with Modbus RS485 so that they can interact with Haiwell's
data acquisition to obtain the desired data on Figure 3.



Weather Station
Temperature gt
Data Acquisition
Controller

Thermocouple

A

‘ Photovoltaic

MPPT Solar Charge
Controller

Figure 3. Block diagram of photovoltaic system

3.2 Data collection

Data collection was carried out at 08.15 to 18.15 WIB with
intervals of each measurement for 5 minutes [38]. Data
collection was carried out for 32 days, so that there were 32
groups of data that would be divided to train the model and test
the model. These data were collected in Microsoft Excel
software.

Data Processing, Data that has been taken in csv format is
processed using the help of Microsoft Excel software to
correct empty data by removing or filling in zeros. Data is also
normalized with a range of 0-1 with the aim of eliminating or
reducing data redundancies. Pearson's correlation test was
carried out on each variable to determine the influence of
changes in wind speed, temperature, and humidity on the
production of electricity generated by solar panels.

3.2.1 Modeling of solar panel electricity production prediction
system

Models or algorithms are created using machine learning to
obtain power production results from solar panels. The data is
divided into 3 consisting of 65% for training data, 15% of the
total data for validation data and the remaining 20% for testing
data. The architecture used is CNN-1D.

3.2.2 Prediction model testing and validation
Evaluation is carried out to determine the accuracy value of

the prediction system that has been made. The use of MAPE,
MAE, and RMSE evaluations has a maximum error threshold
of 20%, 0.5 and 1.1, respectively. If the model has a MAPE
value of >20%, MAE > 0.5, and RMSE > 1.1, then modeling
will be carried out again.

3.2.3 Analysis and discussion and conclusion

An analysis was carried out regarding the effect of changes
in wind speed, temperature, and air humidity on the electricity
production generated as well as the performance evaluation
value of the prediction system. The process of drawing
conclusions and giving suggestions on the research carried out
to be continued in the process of preparing the report.

3.3 Data acquisition

To evaluate the final model which checks whether the
model can generalize well, we usually divide the original
dataset into training, test, and validation sets. Training set The
training set is usually the largest — in terms of size — the set
created from the original dataset and used for the fid model. In
other words, the data points included in the training set are
used to learn the desired model parameters. In the context of
supervised learning, all training examples must include
predictor variables (i.e., features) as well as the corresponding
output variables (i.e., labels). During the training phase, you
can use the correct labels to get training accuracy. It is then
compared to the accuracy of the test to evaluate whether the
model has been overfitted. Now the validation data set is
useful for hyper parameter tuning and model selection. The
validation examples included in this set will be used to find the
optimal hyperparameter values of the model under
consideration. Tests are used to evaluate the performance of
these models and ensure that they generalize well to new,
unseen data points. At this point, you should also compare test
accuracy with training accuracy to ensure that the model is not
overfitted. This is the case when the two accuracies are "close
enough". When training accuracy significantly outperforms
test accuracy, then there is a high probability of overfitting.

Data on measurements of irradiation and panel temperature
as input for CNN as well as data for measuring voltage, current
and panel output power were taken on March 13-April 13 2023
(32 days) at 08.15 to 18.15 WIB. Data is taken at intervals of
every 5 minutes. 65% of the data (21 days) is used for training
input, 15% of the data (5 days) as validation and 20% of the
data (6 days) is used as a comparison of prediction results with
measurements on Figures 4 and 5.
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Figure 4. Irradiation data, and panel temperature for 32 days
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3.4 Data processing

Data that has been obtained for 32 days is then processed
first to facilitate learning of artificial neural networks, so data
normalization is carried out on input and output data. The
following is a visualization of the converted data in the data
normalization process with a scale of 0-1 on Figures 6 and 7.

The normalized data is divided into 3 parts. The following
is a visualization of the data division on Figure 8.
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Figure 8. Distribution of training, validation, and testing data

3.5 Correlation coefficient between input and output
variables

Pearson's correlation coefficient is calculated with data
from 2 battery conditions, namely the overall data where the
battery in the absorption phase is also float and the filtered data
is only when the battery is in float condition. Scatter graph
visualization between variables using the overall data can be
seen as follows on Figures 9 and 10.

o
Power (Watt)

Voltage (Volt)

Current (Ampere)

Figure 9. The relationship between solar radiation and
voltage, current and power

Power (Watt)

Voltage (Volt)
Current (Ampere)

Panel Temperature (deg. C)

Figure 10. Relationship between panel temperature and
voltage, current and power
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4. RESULT AND DISCUSSION

The method of classifying and knowing cross validation
uses the K-Nearest Neighbor (KNN). K-nearest neighbors or
knn is an algorithm that functions to classify a data based on
learning data (train data sets), taken from k nearest neighbors
(nearest neighbors). Where k is the number of nearest
neighbors. Included in supervised learning, where the results
of the new query instance are classified based on the majority
of the proximity of the categories in the K-NN. The steps of
the K-NN Algorithm are as follows: Determining the k
parameter (number of closest neighbours), Calculating the
square of the euclidean distance of the object to the given
training data, Sorting result no. 2 in ascending order (in order
from high to low value), Collecting category Y (Classification
of nearest neighbors based on k values) and using the nearest
neighbor category with the most majority, object categories
can be predicted.

The intensity of solar radiation and ambient temperature
affect the voltage and current generated by solar panels. The
lower the intensity of solar radiation, the current and voltage
generated by the panel will decrease. The high and low
ambient temperatures around solar panels have contributed to
changes in solar cells. From the test results in Cepu using
monochrystalline silicon solar panels, if there is an increase in
temperature, the electric voltage generated by the solar panel
will decrease. Measurement of stage I at an increase in
radiation of 1 Watt/m2 increases the voltage by 0.4371 volts,
decreases the current by 0.1143 amperes and decreases the
power by 0.0830 Watts. As for the panel temperature increase
of 1 degree Celsius, the voltage produced by the panel
increases by 0.4418 Volts, the current decreases by 0.2040
amperes, the power decreases by 0.1713 watts. In previous
research several other process variables were tried, such as air
humidity, wind speed, it turned out that the correlation value
was relatively small. So in this report the effects of
temperature and radiation are studied further. The intensity of
solar radiation is a source of energy that is converted by solar
cells into electrical energy, the amount of change in the
intensity of solar radiation that arrives at the surface of the
earth every hour/day; determine the relationship between the
intensity of solar radiation with the temperature of the panel;
determine the effect of changes in solar radiation intensity and
panel temperature on the output power and efficiency of solar
cells. The effect of changes in radiation intensity on the power
and efficiency of solar cells is directly proportional.

4.1 Correlation coefficient

The results of the correlation coefficient values are obtained
in the following Tables 4 and 5.

Table 4. Correlation value of each variable throughout the
data for Coefficient Correlation Pearson’s

. Voltage Curent Power
Process Variabel
V) (A) W)
Radiation (Watt/m2) 0.4371 -0.1143 -0.0833
Panel
Temperature(ded.C) 0.4418 -0.2040 -0.1713

Pearson's correlation coefficient is calculated for each input
variable with output variables in the form of voltage, current,
and power from the PV. The greatest correlation coefficient
value was found in the relationship between ambient



temperature and voltage of 0.5754 on float condition data. The
value of the correlation coefficient of radiation with current
increases with the float condition data compared to the overall
data because the current is affected by the battery condition,
the fuller the battery the smaller the current flows causing a
decrease in panel efficiency.

Table 5. Correlation value of each variable throughout
battery Float Charge Coefficient Correlation Pearson’s

. Voltage Curent Power
Process Variabel
™ A W)
Radiation (Watt/m2) 0.4522 0.4510 0.5297
Panel
Temperature(ded.C) 0.4603 0.4858 0.5465

4.2 CNN training and validation process

Several parameters are used in each CNN-1D architecture
to be used. Beginning with the creation of the input layer
matrix data with window size 9, that is, a lot of data is used to
predict 1 data afterwards and many variables are entered,
namely power, irradiation, wind speed, air humidity, ambient
temperature, panel temperature, and time. Then proceed to the
convolution layer as the basic operation of CNN shown by Eq.
(9) where the kernel is 5x1 with 1 stride or it can be called the
number of steps the kernel moves and uses the default 'casual’
padding from the software. The weight on the convolution
layer follows the parameters used, namely 5x9x64 with a bias
of 1x64. After the convolutional layer, there is an excitation
layer as a non-linearity mapping layer with the aim of
increasing (nonlinear) expression in the entire network.
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Figure 11. Arsitekture parameters on CNN

In this layer Re Lu is used to improve nonlinear expressions
in the created network. Furthermore, the pooling layer uses 1-
D global average pooling to average all prediction results
together. Ends with a fully-connected layer as the "classifier"
throughout the convolutional neural network. All neurons
between the two layers have a weight to reconnect, use a
weight of 1x64 according to the number of num filters and
strides of the convolution layer with a bias of 1x1. In
programming, | additional layer is added in the form of
regression output to calculate the performance evaluation
value, namely Mean Absolute Percentage Error (MAPE),
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Mean Absolute Error (MAE), and Root Mean Square Error
(RMSE) On Figures 11 and 12.
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Figure 12. CNN prediction training and validation results

In training using the performance parameter Root Mean
Square Error (RMSE) which has a value of 0.0537 below the
maximum tolerance of 1.1 indicates the prediction system
already has good performance.

4.3 CNN prediction results

After data training, the data is predicted using predictive
data input in the form of irradiation, wind speed, air humidity,
ambient temperature, and panel temperature with 20% of the
total data. While the target is PV output power data of 20% of
the total data. The prediction results can be seen in Figure 13.
From the prediction results it can be seen that the predicted PV
output power (red color) is close to the actual power (blue
color). CNN is suitable for reading patterns from training, with
the MAPE performance parameter value being 18.7633. MAE
is 0.0176 and RMSE is 0.0466 on Figure 13.

0.8 CNN Output Power Prediction
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0 :
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|
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Figure 13. Power production farcases by CNN

5. CONCLUSIONS

With the increasing number of electricity customers and the
demand for electrical energy changing and increasing every
year. To predict short-term electrical energy needs, this study
uses the Artificial Neural Network convolution method. This
research implies benefits for stakeholders to take action on the
supply of electrical energy. With the discovery of the forcase
method for certain locations, duplication of this method can be
applied to solar power plant infrastructure planning in all



corners of Indonesia. So that the efficiency of designer labor
can be saved and the speed of calculations can be carried out
more quickly and accurately. Distribution of new renewable
energy generation can be well planned. Besides the success of
the energy transition program, it is also the implementation of
emission reduction programs.the relationship between
ambient temperature and voltage of 0.5754 on float condition
data. The value of the radiation correlation coefficient with
current increases with the float condition data compared to the
overall data because the current is affected by the battery
condition, the fuller the battery the smaller the current flows
causing a decrease in panel efficiency.The design results of the
PV output power prediction system are close to the actual
power, with a RMSE performance value of 0.0537. Meanwhile,
CNN has correctly predicted the power from the panel, with a
MAPE performance value of 18.7633%. MAE is 0.0176 and
RMSE is 0.0466 so that the prediction system is interpreted to
be good at making predictions.
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NOMENCLATURE

CNN

E
I

MAPE
MAE

)
PV

REF

RM
SClI
T

STC

uv

convolutional neural network
energy

current

Mean Absolute Percentage Error
Mean Absolute Error

power

photovoltaic

reference

root Mean Square Error

short circuit current of the solar panel
the temperature in degrees Kelvin
standard test conditions

ultra violet

SE
S

Greek Symbols

h
C
A

Plancks Constanta (6,62. 1073%].s)
Speed of light in a vacuum (3.10%)
the wavelength of light

Subscripts

a

NOCT

ambient (temperature °C)
normal operating temperature





