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Abstract

The renewable energies have confirmed their potential to reshape the energy matrix of several countries, in the last two decades,
reinforcing the set of actions to better protect the environment. For instance, the solar and wind sources of energy production can
dim the production and release of pollutants associated to electricity production. Unfortunately, the atmospheric temperature
rise has been linked to the increase of the gas emissions, such as Carbon Dioxide (CO2) and Methane (CH4), from manifold
sources, such as the thermal power stations for electricity generation. The Amazon basin has caught special importance for
Brazil and abroad, and more recently, the use of satellites, fixed instrumented stations and airborne surveys has provided data
focused on studies of the environment impact. This work deals with the assessment of the solar irradiation on the Manaus
city, the largest city in the Western Amazon region, using Data Science tools, in a way to help the evaluation of the renewable

energy in that region.
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I. INTRODUCTION

The renewable energies have confirmed their potential to
reshape the energy matrix of several countries, in the last two
decades, reinforcing the set of actions to better protect the
environment. For instance, the solar and wind sources of energy
production can dim the production and release of pollutants
associated to electricity production. Unfortunately, the
atmospheric temperature rise has been linked to the increase of
the gas emissions, such as Carbon Dioxide (CO,) and Methane
(CHy), from manifold sources, such as the thermal power
stations for electricity generation.

The Amazon basin has caught special importance for Brazil
and abroad, and more recently, the use of satellites, fixed
instrumented stations and airborne surveys has provided data
focused on studies of the environment impact [1].

This work deals with the assessment of the solar irradiation
on the Manaus city, the largest city in the Western Amazon
region, using Data Science tools, in a way to help the evaluation
of the renewable energy in that region.

Il. MATERIAL & METHODS

The sun irradiation in Brazil has a non-homogeneous
distribution, being measured as W.h/m? per day. Figure 1 shows
a map of the sun incidence [2].
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Figure 1: Sun incidence in Brazil [2]

The data measured came by land stations are the total solar
incidence, as a function of the sky cloud coverage, the local
temperature (maximum, minimum and mean values), the local
atmospheric pressure, the local humidity, and other variables.
The satellite can also gather the same data, with a different set
of ways of measurement tough. These were the features for the
Data Science (DS) methods too. Therefore, the total sun
incidence can be set as the output or target variable, and all
others variable as the input. As mentioned before, the season
can outline another key factor, due to the atmospheric
characteristics impacting into the total sun incidence
measurement, which varies in time due other physical reasons.

This work focused on a forecast method for the sun
incidence in the city of Manaus: latitude of -3.06 (S) and
longitude of -60,0 (W), using Machine Learning models. The
data came from local land stations and NASA [3,4], between
2013 t0 2022, in a daily basis. As a first approach, the data from
satellites was not concatenated with the data from the land
station, due to the differences of the measuring procedures.
Additionally, the data was aggregate in a month (113 data) and
week (491 data) groups, to know whether there is any
significant difference between them, when applying Time
Series techniques.

Figure 2 shows the “All Sky Insolation Incident on a
Horizontal Surface” in the vertical axel (KW.hr/m? per day), and
the horizontal axel represents time (113 months) from the data
exploratory analysis for the Manaus coordinates.
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Figure 2: All sky insolation incident on a horizontal
surface as a function of time.
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The application of DS techniques considered Decision Tree
(DT) models and Time Series (TS) as well. For the DT option,
the data can be set with the measured total sun irradiance as the
target variable, as a function of other variables. Prior to the use
of the ML models, a feature importance analysis was carried
out, as shown by Figure 3. The features linked to the water
dispersion into the atmosphere explained with more relevance
the output.
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Figure 3: feature importance of the land station
variables

The following methods were applied: Gradient Boost (GB),
eXtreme Gradient Boost (XGBoost), Light Gradient Boost
(LGB) and Adaptative Gradient Boost (AdaBoost). DT tools
were selected because their simplicity to understand, to
interpret and to visualize. The hyperparameters were optimized
using a range of values (e.g.,4 or more, as the number of
estimators etc.), and the cross-validation technique was used in
this task too, with a fold of 5. It is worth noting other DS tools
may also be used in a future work, such as neural networks.

The TS tool selected was the Vector Autoregression (VAR),
once the work considered the hypothesis the variables may
interfere among themselves. The influence between the time
series can be checked whether they are bidirectional. In this
model, each variable is taken as a linear combination of all past
values, of itself and of the other variables. The causality test of
Granger was used to check how strong this situation might be.
Another test to check whether the connection between the
variables was statistically significant was the Cointegration
test.

The Data Science experiment was set in a matrix 2x2: (DT,
TS) x (sat data, land data) and the four outcomes were evaluated
by the mean absolute error (MAE) metric. The computing
means were from the AWS cloud services (SageMaker),
dealing with a 2CPU and 4GB for around 2 hours. Equally
important, the target variable was the four more recent
measurements, for both week and month groups.

1. RESULTS & CONCLUSIONS

The results can be seen in Tables 1 (DT) and 2 (TS). For the
land measurements, the smallest MAE came from the week
group. However, for the satellite group the best MAE were from
the month group. More specifically, for the land station/week
group, the lowest MAE (1.45) came from the LGB and, on the
other hand, the GB method had the best results (0.38) for the

satellite /week group. Focusing the month group, the best MAE
came from the XGB (2.23), for the land measurements, and
from the Random Forest (0.31) for the satellite data. Table 1
summarizes the best MAE. For the TS, the satellite groups had
the least MAE.

Table 1 — Best MAE from Decision Tree (DT) methods

ML model Land/ wk data Sat/ mo data
Random Forest 1.46 0.31
LGB 1.45 0.49
XGB 1.89 0.32
GrB 2.47 0.51
AdaB 2.67 0.41

Table 2 — MAE from the Time Series (TS) application

MAE Week group Month group
Land station 5.82 3.08
Satellite 142 0.40

Figure 4 shows the comparison between the forecast values
and measurements for the TS satellite month group.
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As a general conclusion, the ML models had smaller MAES
than ther TS VAR model, The order of magnitude of the MAE
found in this work is close to other similar cases [5].
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