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Abstract: The topic of this review paper is "Machine Learning Approach for Short-Term and Long-Term Solar Power
Forecasting Using Satellite Data.” It looks at three well-known journal pieces that all talk about the same thing. It compares
similar pieces of work, looks for gaps in the study, and gives a full account of what was found and observed. This well-planned
study tellsuseful things about the issues and progress in predicting solar power, and it also sets the stage for future research. With
an emphasis on dependability and accuracy, this study wants to add to the academic discussion about useful ways to guess how
much solar power will be used. Among the main data sources used, this review paper applies machine learning based on satellite
data to identify both short- and long-term solar power forecasting. Additionally, it focuses on solar power forecasts because of
the quickly rising share of renewable sources. Establishing machine learning algorithms and ensuring that good quality satellite
data exists are among the hurdles. To make solar power forecasting accurate and efficient and speed up the transition to clean
energy sources, concluding remarks highlight in such a way that a set of standardised evaluation metrics must be implemented,
and the exercised has to be done in a team.
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1. INTRODUCTION

As the need for renewable energy sources grows around the world, more attention is being paid to solar power as a
realistic and eco-friendly option. As more and more governments and businesses around the world switch to green
energy, it is very important that solar power works well with the current energy grid. A big part of this mix is how
accurate solar power projections are, since they affect the business, grid security, and how the energy market works.
ML is very helpful for making predictions about solar power because it can look at very large datasets and find
complex trends. A study of how machine learning can be used to guess both short- and long-term solar power needs,
focusing on how satellite data can be a key part of the process. Scientists want to use the huge amounts of data that
satellites send them to make estimates about solar power more accurate. With this, the normal ups and downs that
come with solar energy flow will be lessened.

Fig. 1: Hourly evolution of irradiance centred in the target location
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A lot of study has been done in the last few years on how ML algorithms and data from satellites can be used
together to improve models that make predictions. These models can make good short-term predictions that are
needed to run the grid. They can also be used to spit out long-term predictions that help politicians and people who
plan energy use make smart choices. What this study wants to do is show all the good and bad points of the various
machine learning methods that were used in this case. It will also see how well they compare. Now that there are a
lot of new papers on how to use machine learning to make solar power predictions more accurate, it's time to put
them all in a way that makes sense. This review paper tries to fill that gap by giving a well-organized look at what is
being studied in the field right now. It shows how things are changing and gives ideas for new things to learn more
about. It is expected that the review results will add to the current conversation about how to use advanced
prediction methods to make the combination of solar power more dependable and efficient. The reason for this is
that the world is committing itself more to clean energy.

2.METHOD

To fully look into machine learning (ML) methods for short- and long-term solar power predictions, along with
adding satellite data to the mix, need a strict and well-made plan. This part talks about the main parts of the study
method that was used for this review. The most important things are to find appropriate studies, get data from them,
and then compare them side by side. A thorough review method was used to make sure that all the literature was
carefully read. Scholarly sources like IEEE Xplore, ScienceDirect, and PubMed were searched thoroughly using
search terms like "solar power forecasting," "machine learning," and "satellite data." Works that were written in
English, came out in the last ten years, and used machine learning to predict solar power with a focus on data from
sensors were chosen [57].

Reviewing the literature
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Fig. 2: Flow chart of the study

It was very important that the studies that were chosen were useful and of good quality. The ways each
study used them helpedlearn more about the machine learning methods, the kinds of satellite data used, and the
length of time used to make predictions about solar power (short-term or long-term). A lot of different machine
learning models were carefully grouped together, along with their pros and cons. Some of these models are support
vector machines, neural networks, and ensemble methods. Satellite data was used to add things like radiation, cloud
cover, and weather factors to the process of extraction. These traits were very important for teaching ML models and
making them better.
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Data Collection

It say that should focus on short-term predictions of sun radiation and understand how important past data is for
building correct models [2]. Meteorological data, readings of solar energy, and past data on solar intensity are
gathered to help train and test the model.

Preprocessing

It takes a lot of work to clean up and normalise the data that has been collected. If want the model training process to
work, need to deal with lost or odd data points.

LSTM Network Architecture

In this research, Long Short-Term Memory (LSTM) networks are utilised. There is a type of neural network called
LSTM networks that is good at seeing how things change over time. Tests are used to improve the LSTM design so
that it can best guess what will happen in the near future.

Performance Metrics

As ways to check how well their model works, use mean absolute percentage error (MAPE) and root mean square
error (RMSE) [3]. A full picture of how well the model projects short-term sun energy can be seen from these data.
Integration of Satellite Data

It says that estimates for the middle of the day should be added, and short-term changes in sun energy should be
written down. It helps people figure out where things are in space by adding estimates of cloud cover, weather, and
sun energy from space.

Temporal and Spatial Considerations

Time and place are both looked at by this method. Links between times can be picked up well by LSTM networks,
and satellite data helps the model understand space better. It's meant to take into account changes that only happen
in some places and make predictions for the next day better.

Performance Evaluation

It uses RMSE and MAE to keep track of how well their guesses are doing. In these ways, can see how good and
trustworthy the hourly forecasts model is.

Ensemble Framework

It's best to use a method called "ensemble," which combines the best parts of deep learning and statistical methods.
LSTM networks and ARIMA, which stands for autoregressive integrated moving average, are at the heart of their
ensemble model.

Spatial Diversity

According to the study, different types of land cover are important. To learn more about the details of landscape,
smart devices could be used. It feels more like in space when use good sensor data, like sun energy and weather
conditions.

Performance Metrics

MSE is the main way that AlKandari and Ahmad check to see how well the ensemble method works. The main
point of the study was to find better ways to make short- and long-term solar power, and this MSE choice meets that
need.

Integration of Statistical Methods:

To get the most out of both models, ensemble techniques combine statistical methods like ARIMA with LSTM
networks. The study shows that these two approaches work well together to guess what will happen with solar
power when there are a lot of unknowns.

3. COMPARISON OF RELATED WORK
There are a lot of things to think about when use machine learning (ML) to guess solar power properly. This is
especially true when data from satellites is added. Because of these issues, need to learn a lot about the current
issues in order to find new answers and move the field forward.
3.1 Comparison of Related Work:
There are a lot of different tools and ways to do things that can be seen in the related work in ML-based solar power
predictions [2]. The pros and cons of different methods are carefully weighed in this comparison to find patterns and
places where things could be better. Satellite data and machine learning (ML) techniques have been used in new
studies to look into predictions about solar power. Every study has added its own tips and ideas. When compare
three important books in this area, can get a good idea of their methods, strengths, and flaws.

It suggested a deep learning-based short-term sun radiation projection model and gave a detailed case
study. The study stresses how important it is to make correct forecasts of sun intensity for good energy management.
The authors were very good at making short-term predictions by using deep learning algorithms [4]. On the other
hand, the main focus is still on the radiation part, and satellite data isn't really used for a more complete look at solar
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power forecasts. In order to created a deep learning model for predicting sun radiation during the day, especially
using estimates from satellites. The study recognises that satellite data is very important for making forecasts more
accurate. The model does a good job of recording changes in sun radiation throughout the day by using deep
learning. Still, the focus is only on radiation. It would be helpful to look into how to make a more accurate weather
prediction model that takes into account a wider range of atmospheric factors.

The study tooks a different approach when they suggested a model for predicting solar power output that uses

both deep learning and statistical methods together. This study is unique because it uses a lot of different predicting
methods, recognising that mixing the best parts of different models can be helpful. The ensemble model, which uses
both deep learning and statistical methods, takes into account the fact that solar power predictions is inherently
unreliable. However, the study is mostly about the ensemble idea and doesn't go into detail about the machine
learning methods that were used [5].
In generalmakes important contributions to using deep learning to make short-term estimates about sun radiation.
However, tend to focus more on radiation and not fully use the wider range of satellite data. It shows how useful
ensemble methods can be [6]. However, they don't go into enough detail about the machine learning methods that
make them work. On the success scale, it's possible that future research will find a way to combine the best parts of
these approaches. For a full solar power projection model, it is important to mix different machine learning methods
and look at more than just radiation. This way, the model can fully understand how the many things that affect solar
power production work together [7].
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Fig. 3: Auto-GRU block diagram

3.2 Comparative Analysis:

In this part, we'll look at the pros and cons of different machine learning (ML) methods used in solar power
predictions. Some of the machine learning models being looked at are support vector machines, neural networks,
and ensemble methods. Researchers and practitioners can learn more about the pros and cons of each technology by
carefully reviewing it. This helps them make better decisions about which model to use and how to apply it [8]. By
looking at the three chosen journal papers, which all talk about using machine learning for short- and long-term solar
power predictions with satellite data, it is clear that each study brings something new to the field in the form of a
different method, development, or point of view.

The study is mostly about radiation, which is a very important factor for making correct predictions about
solar power. The model did a great job of making short-term predictions by using deep learning methods, especially
long short-term memory (LSTM) networks [9]. The writers used past light data, weather factors, and time-related
features to make the model better at making predictions. But the study only looks at short-term predictions, so it's
not clear how solar power creation will change in the long term. The writers used estimates based on satellites
because they knew that satellite data was important for making forecasts more accurate. The deep learning model,
especially a convolutional neural network (CNN), did a good job of predicting changes in light throughout the day.
The study goes into detail about how to make intraday predictions, but it doesn't go into long-term predictions at all.
The model's ability to work with longer time frames is still something that needs to be thought about [10].

It used a unique ensemble technique to predict solar power output. They combined deep learning and
statistical methods in this way. This study stands out because it takes into account the possible benefits of combining
different predicting methods. The group, which included long short-term memory (LSTM) networks and
autoregressive integrated moving average (ARIMA), was created to reduce the uncertainty that comes with
predicting solar power. The research showed that the ensemble method can find trends in both the short and long
run. But the study could have been better if it had gone into more depth about the machine learning methods and
what they added [11].

If look at how machine learning and satellite data are being used together in these studies, can easily see
how predictions about solar power are changing [12].0On the other hand, are the first to use an ensemble method to
make predictions about both the short and long run.
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Technolgy Advantage Disadvantage

Support Vector Machines High accuracy in high- Computationally intensive, sensitivity to
dimensional spaces, effective in noise in data
nonlinear domains

Neural Networks Capability to learn complex Proneness to overfitting, challenging
patterns, adaptability to diverse interpretability
datasets

Ensemble Methods Improved generalization, Increased computational complexity,
robustness to individual model potential for model redundancy
weaknesses

Table 1: Comparative Analysis
4.METHODS

There are more than just certain ML models that are looked at in a comparison method study. It also looks at the
ways that studies on solar power predictions are done [13]. Time series analysis, feature engineering, and data
preparation are some of the methods that are looked at in this study. The goal of comparing these methods is to find
the best one while also pointing out the pros and cons of each. When combined machine learning methods with
satellite data to read three journal papers, they gavethree different points of view on the different ways that solar
power can be predicted. Different people have tried to solve the hard problems that come with making accurate
predictions about solar power in a number of different ways[14].

For the writers to train the model, they use old information about things like light, weather, and traits that

come with time. It's simple for the LSTM system to remember how things are related in order. In this way, the
programme can find trends in how light changes quickly [15]. There are no standard statistics methods used here.
Instead, deep learning is used. It is clear that this move towards data-driven ways of predicting solar power is
happening.
[16] say that should use deep learning and statistics together in a new way to figure out how much solar power will
be made. This one-of-a-kind method takes the best parts of long short-term memory (LSTM) networks and
autoregressive integrated moving average (ARIMA) to make better plans for solar power. Deep learning is used to
look at short-term changes, and statistical methods are used to look at long-term trends. This is called the ensemble
method. This model stands out because it is a mix [17]. This shows that it might be good to use more than one way
to make predictions.

LSTM and CNN are the deep learning models that mostly compare when talk about techniques [18].
Changes in the way solar power is made, both short-term and long-term, can be bad. These things are taken into
account by this all-around method [19].

Technique Advantage Disadvantage

Captures temporal Limited adaptability
Time Series dependencies, suitable for  to complex non-linear
Analysis sequential data relationships

Enhances model input Requires domain
Feature relevance, improves expertise, time-
Engineering predictive performance consuming

Sensitive to parameter

Data Mitigates noise and outliers, choices, potential loss
Preprocessing  enhances data quality of information

Table 2: Comparative Method Analysis

When researchers compare things in this way, they can learn more about how technology works now.
Because of this, they can figure out how to make good machine learning models for predicting solar power[20].
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5. RESEARCH GAP

Over the last few years, a lot more research has been done on how to use machine learning (ML) to figure out how
much short- and long-term solar power will be needed by looking at data from space. But a close look at the study
that has already been done shows that more work needs to be done and some knowledge gaps need to be filled [21].
A lot of research has been done on how accurate guesses are when different machine learning methods are mixed.
Not as much research has been done on more than one model being used together. Tools for groups, like bagging
and boosting, have been shown to work well in a lot of situations. Still, not a lot is known about how they can be
used to guess what will happen with solar power. It would be interesting to learn more about how these methods can
be used to mix the good things about different models and make their flaws less noticeable [22].

One more important study gap is that ways to measure error are not used enough in estimates about solar
power. To get correct guesses about how much solar power will be produced, have to deal with mistakes that come
from many places, like bad data from satellites and weather that changes over time [23]. Understanding and
measuring errors in predicting models is very important, but many current studies don't look into uncertainty
estimate methods in depth. In the future, researchers should focus on making strong ways to measure
unpredictability. This will help make statements that are more accurate and useful for people making decisions in
the green energy industry [24]. There is also not a lot of study that looks into how different satellite data sources and
resolutions affect the accuracy of forecasts in a planned way. Using satellite data is an important part of predicting
solar power, but different data sources and levels can have a big effect on how well ML models work. A thorough
look at the pros and cons of various types of satellite data, like infrared, visible, and thermal images, along with an
investigation into the effects of different temporal and spatial levels, would help improve numerical predicting
models. Also, most of the studies that have been done so far have focused on short-term expectations for solar power
and not so much on long-term predictions [24]. Long-term predictions are important for managing the grid, planning
energy storage, and making policy. Long-term predictions, on the other hand, get less attention in the study world
than short-term predictions. In the future, researchers should try to close this gap by creating and testing machine
learning models that are especially made for making correct long-term estimates about solar power.

6. PROBLEM STATEMENT

As using green energy becomes more important in global energy plans, the field of solar power predictions has
grown a lot. This is very true when satellite data and machine learning (ML) methods are used. Still, organised study
is needed to solve a number of important issues. Ensemble learning methods haven't been used for solar power
predictions very much, which is a big problem [25]. Researchers have mostly only looked at one machine learning
programme at a time in the past. This means that the benefits of using more than one programme at the same time
might not have been seen. It's important to keep in mind that there aren't many in-depth studies on how ensemble
learning can improve the safety and accuracy of forecasts [26].
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Fig. 4: Solar PV power prediction model

How to measure error is another big issue in making predictions about solar power. It's hard to say for sure
how much solar power will be made because the weather changes quickly and monitor data isn't always correct [27].
There aren't many full ways to estimate uncertainties in this study, even though it is known how important it is to
understand and measure errors. Because of this hole, it's harder to make models that can not only guess correctly but
also measure the unknowns that come with those guesses to help people make better choices. Also, there is a big
hole in the research that looks at how different satellite data sources and levels affect the accuracy of forecasts [28].
Since satellite data is what solar power predicting models are built on, differences in the types and levels of data can
have a big effect on how well the models work. It's hard to make predicting models that work well and can be
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changed because different types of satellite data, like infrared, visible, and thermal images, and different levels of
spatial and temporal resolutions haven't been thoroughly studied [29].

7. OBSERVATIONS

The three chosen journal papers on machine learning techniques for short-term and long-term solar power
predictions using satellite data make some interesting points about different parts of the methods, datasets, and
performance measures [30]. Each study makes a different addition, and a full review of these facts givesuseful
information about the present situation and recent progress in predicting solar power. With the help of satellite
estimates, [31] shows a new way to guess how much sunlight there will be during the day. The study looks at how
adding location data from satellites can help people make better guesses during the day. It is very important to know
about space if want to find small changes in sun energy [32].

[33] show a model that uses deep learning and statistical methods to guess how much solar power will be
produced. The study looks at what can be gained by putting together long short-term memory (LSTM) networks and
autoregressive integrated moving average (ARIMA). The ensemble method does a good job of dealing with the
unknowns that come with both short-term and long-term plans. This shows the value of using a mix of methods. It's
clear from this point that using more than one way of prediction could lead to better results generally[34]. Set up
standard datasets for future study. This would allow a more organised comparison of various predicting models and
help researchers better understand their relative strengths and flaws.The writers use long short-term memory
(LSTM) networks and look at how well they work with old data on sun energy.

Several key observations emerge

Temporal Dependencies: The study stresses how important it is to record temporal dependencies in solar light data,
since solar energy trends happen in a certain order. The use of LSTM networks works well for dealing with short-
term changes.

Dynamic planning: The results show that short-term planning that focuses on instant changes is very important for
getting used to the fact that solar energy supply is always changing. This shows how important it is for predicting
models to be able to change in real time. [35] gives new information on how to predict the amount of sunlight during
the day, focusing on using estimates from satellites. When it comes to spatial issues and model accuracy, the study
makes some important points:

Integration of Spatial Information: The study looks at how important it is to use spatial information from satellite
data to make intraday forecasts more accurate. To find small changes in sun energy, need to know about space [36].
This shows that methods based on satellites could help make things more detailed.

When look at spatial data, it makes sense that regional forecasting is important for making good daytime
predictions, since the sun's energy trends can change a lot in small areas. show a model that uses deep learning and
statistical methods to guess how much solar power will be produced.

Synergistic Group: The research looks at what happens when AIMA networks and long short-term memory
(LSTM) networks work together. The ensemble method does a good job of dealing with the unknowns that come
with both short-term and long-term plans. This shows the value of using a mix of methods [37].

The mix type has these pros: The finding shows that using more than one way of prediction together might lead to
better results generally. Because it can use the best parts of both deep learning and statistical methods, the hybrid
model is a strong way to predict solar power [38].

8. RESULT

There are three well-known journal articles that talk about how to use machine learning to use satellite data to make
short- and long-term estimates about solar power. The important findings and results in these studies will help shape
what the future holds for solar energy [39].

It shows a full case study on how to use deep learning to guess short-term sun energy. What they found can
helpfigure out how well the models they used worked:How Well Does Deep Learning Work? Long short-term
memory (LSTM) networks, in particular, are good at finding difficult trends in data about short-term sun energy, as
shown by the study. The new type that uses LSTM works better than the old ones. Deep learning can see how things
change over time [40].

A lot more accurate: It turns out that this model can predict things a lot better than older ones. There are
better ways to find short-term changes in sun energy than with regular statistical methods. Deep learning is better
because it can adapt to changes over time [41].
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What to Look Forward To Based on what know about space: For better daytime guesses, the computer gets
more information about the area by adding predictions from satellites [42]. It does a great job of taking into account
changes in the amount of sun energy at the neighbourhood level. This shows how important it is to know about
geography when try to guess what will happen.

More in-depth: At the fine-grained level, the model can make good predictions. This helpslearn more about how
the sun's energy changes during the day. For projects that need to carefully plan and keep an eye on how solar power
is made, this level of more information is very important [43].

It says that combining deep learning and statistical methods into one system can help figure out how much
solar power will be made. Their joint plan has a lot of good points, as shown by the results:

Better Together Group: It is better to use the ensemble method, which mixes long short-term memory (LSTM)
networks with autoregressive integrated moving average (ARIMA), than to use separate models. The helpful mix
thinks about the unknowns in both short- and long-term predictions, which makes them more accurate.

The mix type has these pros: It works well to use the best parts of both deep learning and statistical
methods together to make predictions. Because the model can change to fit different trends of solar power output, it
is more accurate over a wider range of time periods [44]. One thing that all of the results have in common is how
well deep learning methods, especially LSTM networks, can find complex patterns and time-dependent relationships
in solar radiation data.

9. DISCUSSION

A lot of analysis has been performed on the field's progress, problems, and possible future paths from the three
magazine papers chose. They are about using machine learning for short- and long-term solar power forecasts using
satellite data [45].

Putting together deep learning techniques:

A theme that runs through all of the studies is that they all use both recurrent neural networks (RNNs) and long
short-term memory (LSTM) networks. It shows that the model can pick up on complicated trends [45]. They
improve the deep learning model by combining LSTM networks and autoregressive integrated moving average
(ARIMA) in a group way. This helps them guess how much solar power will be made better.

It say that LSTM networks can predict the short term very well because they understand how time works with
other things. To make the best plans for getting power from the sun, need to know this. Still, the study says that
more work needs to be done to figure out how to set up LSTM networks in the best way and test how well they work
in various settings [46].

People think that the ensemble method is a good way to deal with the unknowns that come with both short- and
long-term planning. This will lead to more accurate predictions about solar power in general [47].

Thoughts on Space and Satellite Data:

Study after study shows how important satellite data is for making better models that predict how solar power
will work.

The need for good, high-frequency satellite data is something that all the studies agree on. When it comes to
short-term predictions, say that how much and how well satellite data is provided is very important [48].

For the best model performance, say that getting the right traits from satellites is important. The study shows how
important it is for satellite technology to keep getting better so that models that make predictions can use correct and
up-to-date information [50].

Methods for making accurate predictions using ensembles:

Group methods are used which shows that more and more people want strong solar power forecasting models
[51]. To deal with factors better, deep learning and statistical methods work better together. This makes the system
for making predictions more accurate.

Metrics for performance and standardisation:

The different success measures used in the studies are something that needs to be thought about in the
conversation. All three papers rate how accurate their models are, but the exact measures used are different [52].
This difference makes it harder to directly compare studies [53].

10. CONCLUSION AND PLANS FOR THE FUTURE
The talk ends with a description of the success and issues with using satellite data for solar power predictions based

on machine learning. As main ideas, they include combining deep learning methods, thinking about space, using
group methods, and the constant need for good satellite data. While all of the studies add useful information, the talk
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stresses how important it is to standardise success measures so that they can be more easily compared and repeated
[54].

It is very important for researchers, practitioners, and other interested parties to work together to solve
these problems and move the field towards more accurate and dependable solar power forecasts solutions. Together,
the results and talks in these studies move the field closer to a future where solar power projection is a key part of
making the best use of energy and speeding up the world's move to clean, green energy sources [55].
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