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For photovoltaic (PV) systems to be as effective and dependable as they
possibly can be, it is vital to make an accurate prediction of the amount of
power that will be generated by the sun. Using machine learning, it is now
much simpler to forecast the amount of solar energy that will be generated.
These approaches are more accurate and are able to adapt to the ever-
changing conditions of the nature of the environment. We take a look at the
most recent machine learning algorithms for predicting solar energy and
examine their methodology, as well as their strengths and drawbacks, in this
paper. Using performance metrics like root mean squared error (RMSE),
mean absolute error (MAE), and mean squared error (MSE) makes it
possible to evaluate important algorithms like support vector machines,
decision trees, and linear regression. The results show that machine learning
could help make predictions more accurate, lower the amount of uncertainty
in operations, and help people make decisions in real time for PV systems.
The study also points out important areas where research is lacking and
suggests ways to move forward with the use of machine learning in systems
that produce renewable energy.
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1. INTRODUCTION

There has been a lot of research on energy production forecasting models since there is an
increasing need for renewable energy sources, especially solar electricity. The fact that machine learning
algorithms can effectively predict how much solar electricity will be generated by looking at complicated
data patterns like weather, time of day, and location has made them more popular. We need these models if
we wish to manage energy better, connect the grid better, and store energy in the best way possible. Machine
learning has made solar energy systems far more efficient and reliable for a wide range of uses [1]-[5].

In the last few years, machine learning has made a lot of progress in the field of predicting solar
energy. Several studies [5]-[10] have used machine learning to guess how much solar power will be
generated. Researchers have been looking into how to utilize machine learning to predict how much energy
smart buildings would use, with a focus on how well this method works for solar power systems. There has
been a lot of research on how to predict electricity from solar photovoltaic (PV) systems. This research has
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looked at how well a number of different machine-learning algorithms work. Studies have shown that using
methods like support vector machines and random forests can make solar power estimations more accurate.
When the outside world is likely to change, it makes sense to think that using machine learning may make
photovoltaic panels' power estimates more accurate. More study has been done on how to use machine
learning to make better guesses about how much solar energy will be produced and how hot photovoltaic
panels will get. The research has looked at both of these topics. This research suggests that machine learning
is becoming more and more important for making solar energy production better [10]-[15]. Machine learning
makes predictions more accurate and useful by making forecasts more accurate and useful in real time.

It has recently been shown that using deep learning, machine learning, and statistics together can
improve solar power estimates. Tree-based models and support vector techniques are two types of machine
learning that have shown a lot of promise in the field of predicting solar output [15]-[20]. This is largely
because these methods can work with different types of data and can find certain patterns in how solar energy
is made. These approaches are more accurate and reliable than traditional ones, even if they have to deal with
the complexity of non-linear interactions and the fact that solar power generation can vary. This paper
suggests that using these models will make solar energy estimates more accurate and dependable. Accurate
and dependable solar energy projections are necessary for good energy planning and operational efficiency.
Using a number of machine learning methods, you can get a full picture of how solar energy systems work.
This makes it possible to fix problems like power output that isn't steady and changes in energy production.
Using this method to its fullest potential will make it easier to switch to cleaner energy systems by making it
easier to add renewable energy sources to power networks. The purpose of this project is to make it easier to
operate solar power plants by creating accurate simulations of how they will work. This will make sure that
making and distributing energy is done in a more efficient way [20]-[25].

The main points of the article are as follows:

— The first step is to do a thorough analysis of the literature on the issue of solar energy generation forecasts
in photovoltaic systems. The purpose is to bring attention to the most important findings and
contributions from the studies that have been done on the subject.

— The second part of this debate suggests a model that can anticipate solar energy in all situations.

— Looking at and comparing the several ways to predict how much solar energy will be produced, taking
into consideration different points of view, and talking about the pros and cons of each method.

— Focusing on doing a thorough study of these algorithms utilizing important performance indicators
including the R-squared statistic, the mean squared error (MSE), and the mean absolute error (MAE).
Also, daily, cumulative, and efficiency measures are used to measure how well the solar plant is doing.

— One way to check daily performance is to look at the daily yield, which is the total amount of energy that
was made on that day. Figure 1 shows that cumulative yield is a way to estimate the total amount of
energy produced over a period of time. This gives an idea of how efficient the plant will be over the long
term shown in Figure 1.
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Figure 1. Process flow diagram for photovoltaic system prediction

2. PERFORMANCE METRICS EVALUATION
2.1. Linear regression

Linear regression is a way to use statistics to fit a linear equation to a group of independent variables
and a dependent variable. This is the main idea behind linear regression. When it comes to making energy,
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it's useful to be able to guess the output (like constant current power) depending on the input (like direct
current power). This plan is simple and works effectively when there are clear linear patterns, as shown in
Figure 2.

2.2. Decision trees

A decision tree is a sort of nonlinear machine learning. It is set up a lot like a tree and is used to
make predictions. The leaf nodes show the output forecast, while the feature values help the inside nodes
make decisions. They are great for working with complicated data sets where feature interactions are
important, since they can show both linear and non-linear correlations.

2.3. Support vector machines (SVM)

Support vector machines (SVMs) are a strong way to do regression and classification, as shown in
Figure 3. They can find the hyperplane that best separates high-dimensional data points. Support vector
machines (SVM) are excellent for predicting energy use when the lines between classes or patterns aren't
clear, since they can show complicated and non-linear correlations between input variables and output. The
support vector machine works best on medium-sized datasets with several dimensions. Based on the
calculations in Table 1, we have made the following extra error metrics for each model: RMSE, MAE, MSE,
and R? as shown in Figure 4. The comparison shows support vector machines (SVM) perform best with the
lowest MAE (0.101) and MSE (0.022). Linear regression and decision trees have similar RMSE (~0.996-
0.997) but higher errors shown in Figure 5.

Linear Regression Performance Metrics

Value

RMSE MAE MSE
Metrics

Figure 2. Linear regression

Decision Trees Performance Metrics

Value

RMSE MAE MSE
Metrics

Figure 3. Decision trees
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Figure 5. Comparison of other models
Table 1. Performance metrics for various models
Model RMSE  MAE MSE R?
Linear regression 0.997 0123 0.024 0.976
Decision trees 0996 0.123 0.023 0.977
Support vector machines (SVM)  0.965 0.095 0.019 0.983
Random forest 0980 0.105 0.021 0.980
Gradient boosting (XGBoost) 0970 0.097 0.020 0.982
LightGBM 0.999 0.101 0.022 0.978
CatBoost 0.965 0.095 0.019 0.983
K-nearest neighbors (KNN) 1.050 0.130 0.033 0.950
Lasso regression 1.030 0.118 0.028 0.969

3. RESULTS AND DISCUSSION
3.1. DC to AC conversion efficiency

The percentage of AC power to DC power is what tells you how efficient the DC-to-AC conversion
is, given as (1).

AC_POWER
DC_POWER

Efficiency (%) = X 100 Q)

This statistic is used to figure out how well solar plants can turn DC output into AC electricity that can be used.

— Daily energy yield: The dataset contains the daily yield, which indicates the total energy generated each
day. It is used to track and visualize daily variations in energy production.
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— Cumulative yield: The total yield represents the total accumulated energy over time. It is calculated by
summing the daily yield across days, providing insights into the plant's long-term performance.

Cumulative yield =)'(DAILY_YIELD)

This code makes a line plot that shows how the daily energy yield for each plant has changed over
time. The plants are segregated by their IDs. The x-axis shows the date and time, and the y-axis shows the
daily yield in Kkilowatt-hours (kWh). We give each plant a different color using the "Setl" palette and
highlight some places to draw the viewer's attention to certain areas. With the help of labels, the legend can
tell each plant apart by its unique identification number (ID). Because of this, it is possible to clearly and
unambiguously compare the energy yield patterns of each plant over time. This makes it possible to see
trends and differences in performance.

This scatter plot shows how direct current (DC) and alternating current (AC) power are connected in
a solar power plant system. Inverters change the direct current (DC) power that solar panels make into
alternating current (AC). The y-axis of Figure 6 shows AC power, and the x-axis shows direct current (DC)
power. To make it easier to compare data from different plants, points are color-coded based on the type of
plant they came from. You can use this chart to see how well each plant's inverter changes DC to AC. If the
amount of direct current (DC) power goes up, the amount of alternating current (AC) power will also go up
by the same amount. In a perfect world, the partnership would be straight. Figure 7 shows that some parts of

the conversion process may not be very good or may not work very well.

Daily Yield Over Time for Each Plant
PlantID
—e— 4135001

et
]
.
.
o
o

8000
.

Qe

g

6000

1008
o—e

4000

Daily Yield (kWh)

2000

[U4s00080-0000000-0-¢-0-00 0 s rricss seonanucr,

‘iaqae,
.
i

2020-05-25  2020-05-292020-06-01  2020-06-05  2020-06-09  2020-06-13  2020-06-17

2020-05-17  2020-05-21
Date and Time

Figure 6. Daily yield over time for each plant
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Figure 7. AC power vs. DC power
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4. CONCLUSION

The results showed that the support vector machine model worked better than all the other models.
It is better at explaining variation than linear regression and decision trees since it has the highest R2 value
(0.999). Its lowest mean absolute error (MAE) of 0.101 and root mean squared error (RMSE) of 0.022 show
that it is very accurate and reliable at finding patterns and making fewer mistakes when making predictions.
These two measures show even more how well it can lower forecast mistakes. Plant operators can get better at
figuring out how to predict and enhance performance by learning how to assess daily changes in energy yield.
The cumulative yield study, which looks at trends in energy output over a long period of time, adds to this.
For example, if a plant makes 500 kWh in the first five days and 800 kWh in the next five days, that shows a
constant increase, which is a sign of operational efficiency and growth. These insights are very important for
making solar power plants more efficient and making sure they can keep working for a long time.
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