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Abstract

In the recent few years, the conscious approach towards green energy has gained significant momentum. These green sources, a
noteworthy amount of power is generated through them and integrated into the grid. Hence, the need of forecasting these energy
sources; especially solar energy, for the most efficient utilization is very crucial. Hence, measuring the accurate solar radiance,
precise load management and efficient solar energy usage can be ensured.

This research utilizes the use of ML algorithms; through which hourly, daily and monthly prediction of solar generation is
possible. Concurrently, shift towards smart grid concept and solar energy by Indian power system will be benefited by use ML
algorithms, that will fulfill an important aspect; load forecasting. This in turn will assure an economic operation as well as
planning of the power system. In addition, sort term planning along with future expansion of generation can be pre-determined

with high accuracy.
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1. Introduction

Globally, the shift towards clean energy in a sustainable
manner is a challenging task. It is predicted that global energy
need will double in the upcoming 25 years; and latter double
again in the upcoming 50 years. Load forecasting plays a vital
role in ensuring reliable and adequate power supply to the end
users. Load forecasting is defined as a procedure used for
predicting the future electricity demand using historical data to
be able to manage the electric generation and electric demand
of electric utilities [5]. In the present scenario the load
forecasting is essential task in smart grid. The smart grid is an
electrical grid which uses computers, digital technologies, or
other advance technologies for real time monitoring,
maintaining generation and demand, also to act on particular
information (information such as behavior of electric utilities
or consumers) for improving efficiency, reliability,
sustainability, and economic [1].1t is evident that power system
will be surfaced/disrupt with instability/stability as solar
energy is integrated into; as it is not a constant source of energy
and its out varies accounting of many aspects. The output to
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solar energy varies due environmental conditions, installation
site geographical coordinates. This research describes the use
of Adaptive Boost and Random Forest model of machine
learning to predict the solar generation with and without solar
radiation for weekly data analysis.

Solar Energy based power generation; which is subject to be
influenced by various factors. This research utilizes the use of
Adaptive Boost and Random Forest model to predict the solar
generation, allowing better energy demand planning. Solar
generation data of past 4 years is stored in one sheet taking the
base of which another sheet is generated, containing values of
generation that are predicted in terms of week. The Adaptive
Boost method calculation fabricates a model and gives
equivalent loads to every one of the data of interest. It then
allocates higher loads to focuses that are wrongly classified.
Presently every one of the focuses which have higher loads are
given more significance in the following model. It will
continue to prepare models until and except if a lower mistake
is derived [7]. Random forest is a classifier that uses a variety
of choice trees on various subsets of the provided dataset and
uses the normal to operate on the dataset's predictive accuracy.
The raw data used in this paper is available through smart grid
competition-forecast, Portugal [8].
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This research paper flow contains four sections. Introduction
in first section, following which methods used in prediction are
described in second section. Third section is dedicated to
results and comparison between both the methods [6]. At last,
final section elicits the conclusion, further prospects of the
research and references.

2. Methods Used In the Research of Solar Radiance

2.1 Adaptive boost: There are numerous machine learning
algorithms accessible right now. The use of ensemble learning
in practical settings is widespread. In particular, almost all
high-scoring teams use ensemble learning while playing.
Ensemble learning can often do better than any other single
learners, especially single "poor learners," because it involves
several learners. A learner who performs poorly is referred to
as a weak learner. [2]

We use a voting approach for ensemble learning, in which
more than half of the base learners' results are taken as the
classification results in the case of a binary classification
problem with the parameters yyyy {-1, +1}, a real function f,
and an individual learner (or base learner) hii whose m (odd
number) error probabilities are independent.[2]

H(x) = sign(i B (X)) #eeeeeeeneesnneses (1)

P(H (x) = f(x))sexp(—%M(l_ze)z) ...... ?)

After ensemble learning, the error probability for a large M of
base learners with an independent error probability is near to
0, which is consistent with the following core belief: It's
unlikely that the majority of people will commit mistakes at
the same time. The premise behind each of the aforementioned
assumptions is that base learners make mistakes on their own.
In actual applications, these learners can't be independent of
one another. In this regard, the fundamental problem to be
solved for assemble learning is how to make base learners
"relatively autonomous" (i.e., an increase in the diversity of
base learners). [2]

Based on whether there is a dependency between base learners,
there are two forms of assembly learning.

Boosting is the representative algorithm when there is a strong
dependency between base learners and when there is no strong
dependency, a series of base learners can be generated in
parallel. Bagging and Random Forest are the representative
algorithms when there is no strong dependency between base
learners. [2]

When a series of base learners can be generated in parallel, an
ensemble technique called "boosting" is utilised to transform a
weak base learner into a strong learner. [2]
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Following is a description of the steps:

o First, the training set's initial base learner is trained using
it, with each sample's weight being equal.

e Using the learner obtained in the previous round of
training, the weight of samples in the training set is
adjusted based on the performance of the training set
forecast (for example, an increase in the weight of
misclassified samples causes the samples to receive an
increasing amount of attention in the next round of
training), and a new base learner is trained on this basis;

e Repeat Step 2 until you have m basis learners, and the
ultimate ensemble result is the m base learners combined.

Boosting is a sequential procedure as a result. The Adaptive
Boost boosting technique is the most widely used boosting
clustering algorithm.

2.1.1 Adaptive boost principle: Using the linear weight sum
approach, the weight of the samples that were incorrectly
identified during the previous round of training is increased
while the weight of the samples that were correctly classified
is decreased. The weight of based learners with a low error rate
is higher, whereas the weight of based learners with a high
error rate is lower.

The Adaptive Boost structure is depicted in the following
figure.

Weight update

Weighted Classifier

Figure 1. Adaptive boost structure

2.2 Random forest: Due to its simplicity, RF is one of the most
used machine learning techniques. It can be applied to
classification and regression problems. It belongs to the same
group as the naive Bayes algorithm and other tree-based
algorithms like Adaptive boost, which is the class of
supervised learning algorithms and SVMs [3].

In general, the more trees in the ensemble, the more reliable
the findings are. RF is made up of integrated decision trees that
produce a more accurate and consistent forecast. Instead of
splitting a node, this model seeks out the best feature from a
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random group of features, increasing the unpredictability of
the decision tree model and growing the trees [3].

Out-of-bag error, or OOBE, also known as the generalisation
error, is a type of cross-validation that is already included into
the algorithm and refers to the average prediction error of the
first observations. It is a key feature used in this project. The
OOBE is used to calculate how generalizable the algorithm is

[3].
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The variable importance measure (V1), the last characteristic,
is created by permuting a feature and summing the difference
between the OOBE before and after the permutation over all
the trees. [3]

V'(xj)zéi((TBE,—OOBE,) .......... 4

Where the estimated OOBE is the average of those estimates.
The general architecture of the RF algorithm's functioning is
shown in figure.
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Figure 2. Random forest structure

3. Results and Comparison between Both Methods

This research paper will describe the accuracy of the results
through:

e The Root Mean Square Error (RMSE). RMSE is nothing
but the square root of the calculated Mean Square Error
(MSE). It means the average magnitude of the error. Here,
the reason for taking root is to error same as the actual
value unit.
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MSE= > (Actual - Forecast)?

Where Pi is the predicted values and Oi is the observed or
actual values. n is the length of the forecasted values.

e The Mean Absolute Percentage Error (MAPE). It is a
statistical measure of how accurate a forecast
model/method is. The MAPE is the simple average of
absolute percentage errors and the measure is in relative
percentage. The MAPE is not affected by the unit of actual
values. Also, the closer the value of MAPE to zero, the
better the prediction results. This measure is given by

A-R

MAPE: 1<
b3 A

N

Where, at is the actual values and Ft is the forecasted values,
and n is the length of the forecasted values.

3.1 Implementation and results: The results in both these
methods have common implementation. In the very first stage
the raw data of the solar generation is collected and
distinguished through various factor affecting generation. This
raw data is fed to the algorithm through two different sets.
First, testing data set which trains the algorithm and second
one being training data set; in which algorithm acts through
results achieved by performing calculations on testing data. As
both the methods may encounter error; the algorithm used by
both the methods tries to minimise the error to the best possible
extent.

3.1.1 Results of both the methods with RMSE and MAPE error
when solar generation is zero (Counting in night hours and
unpredictable weather condition):

Table 1. Results of accuracy of both the methods when solar
generation is zero (counting in night hours and unpredictable
weather condition)

Methods RMSE MAPE
Adaptive Boost 1171.4293 6.8456
Random Forest 1389.8614 9.8585

3.1.2 Results of both the methods with RMSE and MAPE errors
when there is energy generate through solar only:

Table 2. Results of accuracy of both the methods when there
is energy generate through solar

Methods RMSE MAPE
Adaptive Boost 2331.766 12.6518
Random Forest 2671.307 15.4923
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3.2 Graphs:
3.2.1 Accuracy of both the methods when solar generation is

zero (Counting in night hours and unpredictable weather
condition):
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Figure 3. Predicted vs actual solar power generation through
the day with random forest
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Figure 4. Predicted vs actual solar power generation through
the day with adaptive boost

3.2.2 Results of accuracy of both the methods when there is
energy generate through solar:
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Figure 5. Predicted vs actual solar power generation during
peak hours with random forest
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Figure 6. Predicted vs actual solar power generation during
peak hours with adaptive boost

4. Conclusions

From this paper, it was clear that random forest has better
prediction in comparison with Adaptive Boost. The error
correction in both the methods is commendable but random
forest still has an edge over Adaptive Boost since the level of
error rectification it offers is extensively accurate. Hence this
algorithm can be of great help for the expansion of solar system
and for load forecasting.
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