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Abstract—Ethanol is as one of Brazil’s primary biofuels,
with two main types: i) hydrous ethanol, used directly as
vehicle fuel, and ii) anhydrous ethanol, blended at 27% into
regular gasoline. In 2023, data from the National Agency of
Petroleum, Natural Gas, and Biofuels (ANP) indicated that over
28 million cubic meters (m3) of ethanol were sold in Brazil,
making up nearly 22% of the total volume of liquid fuels sold
in the country. Just six states account for approximately 90%
of Brazilian ethanol production. The logistical challenge arises
from seasonal production and the need to transport ethanol
from production sites to distribution networks. Typically,
econometric models like ARIMA are used for that prediction.
However, with advancements in Artificial Intelligence models
(AIM), the question arises: Can AIM improve monthly ethanol
production predictions for Brazil’s key producing states?
How should data be prepared for this? This study aims to
contribute to logistical planning by employing D-AI2-M —a
Data-Centric Artificial Intelligence (DAI) methodology—to
aid in selecting AIM for ethanol production time series in
the principal Brazilian-producing states. Our quantitative
evaluation shows D-AI2-M’s superior forecasting performance
in two approaches: i) Local: where different D-AI2-M models
outperform benchmarks depending on the time series, and
ii) Global: where a single D-AI2-M achieves the best mean
performance across all evaluated series.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/9079

Index Terms—Ethanol production, Data-Centric Artificial In-
telligence, Time Series Forecasting.

I. INTRODUCTION

The significance of ethanol as a fuel for light vehicles
in Brazil is quite substantial. Ethanol is marketed in

Brazil as hydrous ethanol, used directly as vehicle fuel, or as
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anhydrous ethanol, which is currently blended in a proportion
of 27% in regular gasoline [1]. In 2023, the total volume of
ethanol marketed in Brazil corresponded to almost 22% of the
total volume of fuels sold in the country [1], illustrating the
importance of this biofuel.

In addition to Brazil, several other countries produce ethanol
as a vehicle fuel to be mixed with gasoline, with the blend-
ing percentages varying according to the country or region.
Among these countries are the USA, members of the European
Union, India, China, Canada, Thailand, and Argentina [2]. The
primary motivations for utilizing ethanol blended with gasoline
include reducing dependence on oil and lowering greenhouse
gas emissions, particularly with higher ethanol concentrations
in the mixture [3, 4].

Brazilian ethanol production is predominantly based on
using sugarcane as raw material. However, ethanol production
from corn has recently intensified [5]. Because ethanol produc-
tion uses agricultural raw materials, it has a strong seasonal
component. The monthly variation in Brazilian ethanol pro-
duction is presented in Fig. 1, prepared from data provided by
the National Agency of Petroleum, Natural Gas and Biofuels
(ANP) [6].

Fig. 1. Brazilian monthly production of anhydrous and hydrous
ethanol between 2012 and 2023 [6].

The Brazilian states of São Paulo (SP), Goiás (GO), Minas
Gerais (MG), Mato Grosso (MT), Mato Grosso do Sul (MS),
and Paraná (PR) are prominent in ethanol production volume,
collectively accounting for over 90% of Brazil’s production
[6]. The ethanol distribution and resale network is complex.
It often does not only directly relate to the producing and
consuming states. Even so, Table I provides an illustrative
comparison, based on the period between 2019 and 2023,
of the volumes of ethanol produced and consumed by state.
The volume of anhydrous ethanol consumed was estimated
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to be 27% of the gasoline consumed during the period.
Analyzing Table I, we can observe a significant surplus of
ethanol production compared to consumption in the two largest
producing states (SP and GO), as well as in MT and MS.

TABLE I
ETHANOL PRODUCTION AND CONSUMPTION BY

BRAZILIAN STATE BETWEEN YEARS 2019 AND 2023
(DATA FROM ANP [6, 1])

Federation Unit Production
(x1000 m3)

Consumption
(x1000 m3)

São Paulo (SP) 68,861 58,375
Goiás (GO) 26,350 9,319
Mato Grosso (MT) 19,025 5,332
Mato Grosso do Sul (MS) 15,706 1,783
Minas Gerais (MG) 15,696 17,256
Paraná (PR) 6,440 9,745
Alagoas (AL) 2,249 953
Paraíba (PB) 1,898 1,619
Pernambuco (PE) 1,720 3,114
Bahia (BA) 1,559 5,353
Tocantins (TO) 938 677
Maranhão (MA) 810 1,552
Rio Grande do Norte (RN) 560 1,182
Rio de Janeiro (RJ) 547 5,985
Espírito Santo (ES) 498 1,585
Sergipe (SE) 482 713
Pará (PA) 273 1,938
Piauí (PI) 221 1,137
Amazonas (AM) 37 1,486
Rondônia (RO) 5 668
Rio Grande do Sul (RS) 2 4,916
Acre (AC) 0 226
Amapá (AP) 0 248
Ceará (CE) 0 2,536
Brasília (DF) 0 2,110
Roraima (RR) 0 235
Santa Catarina (SC) 0 4,193

Ethanol production is influenced by several factors beyond
seasonality, including (1) climatic conditions impacting crop
productivity, (2) ethanol and sugar prices affecting production
priorities, and (3) oil prices influencing ethanol’s compet-
itiveness with gasoline [7]. The COVID-19 pandemic also
significantly reduced fuel demand, including ethanol [8]. De-
spite these influences, this study relies on the autoregressive
assumption that such information is already incorporated into
autoregressive terms [9], which means that models are built
solely on monthly ethanol production time series, without
using exogenous variables. Furthermore, while some regions
in Brazil are more suitable for growing sugarcane or corn,
and cultivation areas vary by state, this work does not aim
to analyze spatial relationships in ethanol production across
states. In this work, such an assumption is already incorporated
into the autoregressive terms of the time series [9].

Given the inherent seasonality of production, variations in
production scale among states, the necessity for storing and
transporting ethanol from production hubs to end consumers,
and the influence of climatic and market factors, the prediction
of ethanol is commonly supported by econometric models,
such as ARIMA. The ARIMA algorithm optimizes the model
by considering the entire time series used in its training, focus-
ing on linear relationships between observations. In contrast,
Artificial Intelligence Models (AIM) can improve forecasting
performance by employing advanced techniques which enable

the capture of complex patterns and nonlinear relationships
within the data. Furthermore, AIM can improve forecasting
performance by using methods such as sliding windows to
process time series by intervals rather than considering the
time series as a whole.

The research problem can be articulated as follows: How
can AIM be introduced to support predictions that outper-
form state-of-the-art models such as ARIMA? Furthermore,
can Data-Centric Artificial Intelligence (DAI) initiatives [10]
enable techniques to support such a goal? This study aims
to explore D-AI2-M, a DAI methodology, to build AIM to
improve forecast accuracy and operational efficiency [10].
This work seeks to analyze the results obtained from two
different perspectives: i) local performance analysis, focused
on identifying the best model for each time series individually,
and ii) global performance analysis, which aims to identify the
best model considering the complete set of all time series used
in the experimental evaluation [11].

Little emphasis has been given to works concerning the
importance of data preprocessing for aiding the performance
of predictive models. This paper addresses this gap by inves-
tigating integrating DAI techniques with autoregressive AIM.
Specifically, this approach is applied to the analysis of monthly
ethanol production time series in the major ethanol-producing
states of Brazil. The objective is to identify the combinations
of data preprocessing techniques and AIM that yield the best
performance in each evaluated scenario.

The remainder of this paper is organized into six more
sections. Section II provides a theoretical review of the main
concepts and techniques applicable to ethanol production
prediction. Section III delves into the existing body of work
in the field. Section IV presents the methodology followed in
this paper. Section V records the steps of the experimental
evaluation, while Section VI examines and discusses the
obtained results. Finally, Section VII presents the conclusions
of this paper.

II. BACKGROUND

This section presents a theoretical review involving the main
concepts, statistical methods, and AIM applicable in predicting
the production or demand of fuel ethanol.

A. Time Series

Time series are data sequences ordered and collected at
regular and known time intervals [12]. Time series can have
one or more of the following components: i) Trend: Observed
behavior when the time series shows an increasing or decreas-
ing behavior over time, not necessarily linear; ii) Seasonality:
A pattern of repetition noticed within a certain periodicity and
iii) Cycle: Cyclical patterns that occur as fluctuations around
the trend due to economic, environmental, or other factors.
These cycles are not of a fixed duration and can vary in length,
differing from seasonality, with a fixed and known frequency
[13].

A time series can be decomposed using Equation 1. In
such a case, yt represents a time series composed by the
combination of the trend component βt and seasonality st.
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Besides, et represents the part not captured, termed error or
residual.

yt = βt + st + et (1)

B. DAI
DAI is a concept that emphasizes the importance of han-

dling and improving the input data for AIM. This approach
offers an effective alternative for performance improvement,
complementary to the refinement of algorithms [10].

An important DAI preprocessing to support AIM is trans-
forming a time series into a sliding window (SW). Instead of
considering the entire data vector, this approach divides it into
SW segments of length p. Let a time series X be a sequence
of n observations < x1, x2, x3, . . . , xn >, where x1 represents
the value assumed by the series in the oldest observation and
xn represents the value of the series in the most recent obser-
vation. A sub-sequence of size p obtained from X that ends at
position i can be represented by seqi,p(X) which is equivalent
to the sequence of values < xi−p+1, xi−p+2, . . . , xi >, where
|seqi,p| = p and p ≤ i ≤ |X|. SW is an approach to explore
all possible sub-sequences of size p of a time series [14].

Another important DAI preprocessing is data normalization.
Combined with SW, normalization might significantly improve
AIM [15]. There are many preprocessing methods available,
such as global min-max (GMM) [16], differentiation (DIFF)
[9], and adaptive normalization (AN) [14].

GMM normalizes the values of a given vector of variables
based on their current maximum and minimum values and
the new maximum and minimum values after preprocessing.
This process is illustrated in Equation 2 where x represents
the original data vector, x′ the normalized vector, newmax

represents the new maximum value, and newmin the new
minimum value of the normalized vector [14].

x′ = (newmax − newmin)×
x−minx

maxx −minx
+ newmin (2)

DIFF is a method used to transform a non-stationary time
series into a stationary series. This is done by calculating the
differences between consecutive values in the time series. This
process can be repeated to obtain the second difference, the
third difference, and so on until the series becomes stationary.
If stationarity is required, this technique is applied before
model training to ensure the input data are appropriate for
the model in question, improving the prediction quality.

AN is a preprocessing method for non-stationary het-
eroscedastic time series. Unlike traditional sliding window
techniques, AN transforms time series into data sequences
where global statistical properties derived from a sample set
are integrated to support the normalization. This enables AN
to represent varying volatilities within its sliding windows
effectively. The methodology of AN is structured into three
distinct stages: (i) transforming the non-stationary time series
into a stationary sequence through the creation of disjoint
sliding windows, (ii) the removal of outliers, and (iii) the actual
normalization. This approach offers a comprehensive solution
for handling the complexities inherent in non-stationary het-
eroscedastic time series [14].

C. AIM

AIM encompasses a broad range of data-driven models.
It includes, among others, Multi-layer Perceptron (MLP),
Extreme Learn Machine (ELM), Long Short-Term Memory
(LSTM), 1D Convolutional Neural Network (Conv1D), and
Support Vector Regression (SVR). The MLPs are computa-
tional models inspired by the structure of brains, consisting of
interconnected processing units (called neurons), which work
together to analyze data and make predictions. Each neuron
applies a function, usually nonlinear, to the weighted sum
of the received signals to determine its output signal [17].
This function is referred to as the activation function. The
most common activation functions are the sigmoid, ReLu, and
softplus [18].

During the model training, the process where signals flow
from the input layer, passing through intermediate layers until
reaching the output layer, is known as feed-forward. At the
end of each feed-forward cycle, the algorithm calculates and
performs the back-propagation of the error (the difference
between the predicted outputs and the actual outputs) and
adjusts the weights of the connections between neurons. This
process is repeated, usually supported by an optimization
algorithm such as Gradient Descent, until the ideal weight
values are found, and the model is considered trained [19, 17].

There is a type of single hidden layer artificial neural net-
work called Extreme Learning Machine (ELM) characterized
by being trained more quickly than a conventional artificial
neural network. The main feature of the ELM is that the
neurons’ weights in the hidden layer are initialized randomly
and remain fixed. Only the output layer weights are adjusted
during the model training, which favors the training speed [20].

Deep learning models utilize artificial neural networks [21].
Unlike conventional neural networks, deep learning models
contain multiple hidden layers, enabling them to learn complex
patterns. The Long Short-Term Memory (LSTM) is a deep
learning network specifically for time series processing. It
includes memory cells that retain important information for
longer periods. These cells use a decision-making system
to selectively remember or forget information based on its
relevance. The cells have three gates: i) the input gate for
receiving data; ii) the forget gate, which manages information
retention; and iii) the output gate, which controls information
transmission [22].

Another deep learning technique with applications in time
series is Conv1D, which incorporates the technique of convo-
lution in data processing. In this context, convolution applies
a filter (or kernel) to extract important features from a data
sequence over time. This filter slides over the time series,
which can capture specific characteristics and more complex
patterns more accurately [23].

The SVR method is a regression-focused extension of the
Support Vector Machine (SVM). The main advantage of SVR
over other regression methods is the adoption of the principle
of structural risk minimization, which aims to minimize an
upper bound of generalization error rather than training error,
thereby favoring the model’s generalization [24]. SVR seeks
to find a hyperplane that has the maximum number of output
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y points around it within a pre-determined margin ϵ (called
the ϵ-tube) while minimizing the magnitude of the weights w
(to reduce model complexity). For SVR to find the separa-
tion hyperplanes, the algorithm uses functions called kernels.
These functions typically map the input space to a higher-
dimensional form to enhance separability of data that is not
linearly separable in its original space. Common kernels used
in SVR are linear, polynomial, radial, and sigmoid [25].

III. RELATED WORK

This section is divided into two subsections: a) Works
related to the prediction of ethanol or other biofuel production,
and b) Works related to the prediction of gasoline or ethanol
fuel consumption.

A. Prediction of Ethanol or other Biofuel Production

Fink and Medved [26] proposed using mathematical models
to estimate how air temperature can affect the production of
crops that serve as raw materials for ethanol and biodiesel
production. An increase in temperature significantly negatively
impacts the production of raw materials for ethanol and a
substantial portion of the raw materials used in bio-diesel
production. They proposed an equation to calculate the amount
of fuel obtainable from sugarcane. The same study concluded
that precipitation effects would not significantly impact biofuel
production.

Badamchizadeh et al. [27] proposed an autoregressive model
based on an artificial neural network with two layers (6 and
3 neurons) to predict a potential annual need for ethanol pro-
duction in Iran, considering three different scenarios of ethanol
blending in gasoline. They observed that such a mixture does
not yet occur in that country. An indirect prediction of ethanol
demand was made based on gasoline demand. Then, some
potentially viable options for sources of ethanol feedstock
from agricultural waste in Iran were presented.

Yu et al. [28] proposes a method for predicting monthly
biofuel production in the USA, involving four steps: i) Em-
pirical Mode Decomposition to break down the data into
simpler components; ii) LSTM to predict the high-frequency
component; iii) ELM to predict the low-frequency component;
iv) Integration of these predictions into a single output through
simple addition. The combined approach was compared with
various prediction models, achieving the best results based on
RMSE (Root Mean-Square Error) and MAPE (Mean Absolute
Percentage Error) metrics.

B. Prediction of Gasoline or Ethanol Fuel Consumption

Melikoglu [29] proposed using semi-empirical models to
predict, among others, the demand for gasoline and fuel
ethanol in Turkey. Turkey’s annual gasoline consumption time
series was used to make both predictions (gasoline demand and
ethanol to be added to gasoline). The predicted percentage of
this biofuel blend in the country’s gasoline was considered for
ethanol consumption prediction.

Wong et al. [30] used econometric models to estimate
gasoline consumption in Minnesota, USA, based on income,

gasoline prices, vehicle market share, energy efficiency, and
mileage. They concluded that income changes are key to
predicting automotive energy demand. Badr et al. [31] in-
vestigated gasoline consumption in Lebanon, considering fuel
prices and car registrations. They confirmed the statistical
significance of gasoline prices on consumption but not on car
registrations.

Jeon [32] used General Circulation Models (complex math-
ematical models used to simulate the behavior of the Earth’s
climate system) to estimate the impact of climate change on
automotive fuel consumption in the USA. The author con-
cluded that hot days increase gasoline consumption. However,
there is no statistically significant effect on cold days, unlike
what occurs in residential energy consumption.

Jaber et al. [33] and Al-Ghandoor et al. [34] carried out
predictions based on linear regressions, where both studies
use the estimated number of light vehicles, income level, and
unit price of gasoline in their predictions. The first study
found that without introducing diesel-powered cars, gasoline
consumption would increase by 88.8% over a 10-year interval
in Jordan and encourages this change. The second paper
estimates that gasoline consumption in Jordan would increase
at a rate of 1.81% per year.

Figueira et al. [35] used the SARIMA (Seasonal ARIMA)
model to predict hydrous ethanol consumption based on
Brazil’s annual biofuel consumption series. For anhydrous
ethanol, they employed a transfer function, an extension of
ARIMA that incorporates exogenous variables, using gasoline
consumption as the dependent variable and per capita GDP
as the exogenous variable. They also evaluated the cross-
correlation between GDP and gasoline consumption to select
the best model. Dey et al. [36] similarly found ARIMA to be
the most accurate for predicting annual gasoline demand in
India.

Marquez et al. [22] presented univariate and multivariate
approaches using LSTM to predict monthly ethanol con-
sumption in Brazil. The univariate model used the historical
hydrous ethanol consumption series, while the multivariate
model included the following time series: i) ethanol consump-
tion; ii) gasoline consumption; iii) flex-fuel vehicle fleet; iv)
gasoline vehicle fleet; v) weighted average ethanol price; and
vi) weighted average gasoline price. Although the multivariate
LSTM model yielded the best results, their proposed prediction
used the univariate model due to the difficulty of predicting
the temporal behavior of the exogenous variables.

The most pertinent body of related works on the central
theme of this paper is located in Subsection III-A, which
focuses on predicting ethanol or other biofuel production. In
contrast, Subsection III-B focuses on forecasting the consump-
tion of gasoline or ethanol fuel, predominantly employing mul-
tivariate predictive models, with a few studies also integrating
autoregressive models. Notably, both subsections present a
significant gap in the literature concerning the application of
DAI techniques to enhance the efficacy of AIM predictions.

IV. D-AI2-M METHODOLOGY

The D-AI2-M methodology is depicted in Fig. 2. This dia-
gram outlines the step-by-step process for selecting, training,
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and validating time series models tailored for monthly ethanol
production prediction across the main Brazilian states and
ethanol types. It details the data segregation, model training
phases, hyperparameter optimization, and time series cross-
validation techniques.

Step A in Fig. 2 represents the selection of ethanol produc-
tion time series for inclusion in the experimental evaluation.
This data selection considers production segregated by produc-
ing state and type of ethanol. The type of ethanol segregates
the time series because the demand, process, and costs for the
production of each product vary.

Step B describes the criteria for dividing each selected time
series into subsets for training and cross-validation of the
models. The initial training subsets excluded the most recent
thirty-six months (last three years). Three time series cross-
validation subsets were used, each cycle using the following
12 months for validation, with all previous data reassigned as
the training set.

The proposed prediction process considers evaluating differ-
ent autoregressive AIM subjected to different DAI preprocess-
ing. This work refers to each model-preprocessing pair as D-
AI2-M. One of the objectives of the methodology is to measure
the performance of D-AI2-M by adopting a benchmarking
process [37]. Step C1 of Fig. 2 adopts ARIMA as the reference
model proposed by Salles et al. [37].

Steps C2, C2.1, and C2.2 cover the training of D-AI2-
M models. The autoregressive models presented in this ar-
ticle include ELM, MLP, SVR, Conv1D, and LSTM. These
algorithms were trained and evaluated against the training
base using the following preprocessing methods: DIFF, AN,
and GMM. Step C2.2 details the hyperparameter optimization
strategies, both general (applicable to all AIMs) and specific
(tailored to each model type), used in the D-AI2-M.

Step D presents the Rolling Forecast Origin methodology
as the time series cross-validation criterion applied to ARIMA
and D-AI2-M models. This methodology involves creating a
series of validation sets, where each test subset progressively
moves forward in time. Correspondingly, each training subset
includes all data before its respective test subset.

Step E of Fig. 2 consolidates the strategy for organizing
and recording data related to the training and performance
obtained by the trained models, including both benchmarking
and D-AI2-M models. Model performance was evaluated using
the R2 metric, which assumes higher values (close to one) for
better-performing models and lower values (including negative
ones) for poorer-performing models [38]. The performance
of the benchmarking and D-AI2-M models is documented
for each training and testing subset, as defined in Step B.
The performance of each model is determined considering the
testing subset for each selected time series.

V. EXPERIMENTAL PROTOCOL

This section presents the experimental evaluation according
to the concepts and criteria covered in Section IV. This section
is subdivided into two main topics: a) Dataset used, and b)
Implementation.

A. Dataset

The data set used in the experimental evaluation comprised
the time series of Brazilian production of anhydrous and
hydrous ethanol, provided by ANP [6]. This time series has
a monthly frequency, from January 2012 to December 2023,
and includes the following attributes: i) Year, ii) Month, iii)
Federation Unit, iv) Type of ethanol, and v) Production in m3.
To conduct the experiments, data were selected from the six
Brazilian states with the highest ethanol production (SP, GO,
MG, MT, MS, and PR) separated by type of produced ethanol.

B. Implementation

All experiments were conducted using the R programming
language, mainly supported by the DAL Toolbox package
[39]. The repository for this experimental evaluation can
be accessed at https://github.com/cefet-rj-dal/DAI2M. This
experimental evaluation used ARIMA models automatically
adjusted by the Auto-ARIMA [40] function as benchmarking.
The Auto-ARIMA is part of the Forecast package, developed
in the R language [13].

For the D-AI2-M training, hyperparameter optimization was
conducted using the Grid Search methodology. This optimiza-
tion process utilized common parameter ranges for all AIMs,
including sliding windows and input size, as well as specific
parameter ranges tailored to each type of AIM algorithm.
These hyperparameter ranges are detailed in Table II. The
table’s notation ([i: j, k]) indicates a numerical sequence
starting from i to j with a step size of k.

TABLE II
HYPERPARAMETERS FOR D-AI2-M OPTIMIZATION

AIM Hyperparameters
All AIM Sliding windows:[9:18,3]; Input size:[1:10,1]
ELM nhid:[1:20,1]; actfun:[sig, radbas, tribas, relu, purelin]

SVR kernel:[radial, poly, linear, sigmoid];
epsilon:[0:1,0.05]; cost:[1:10,1]

MLP size:[1:10,1]; decay:[0:1,0.05]; maxit=700
Conv1D epochs=700
LSTM epochs=700

The criteria for creating the datasets used for time series
cross-validation of the models are detailed in Fig. 3. The
numbers in each rectangle represent the year of the respective
data (12 months set). For each time series cross-validation
cycle, light gray indicates that the rectangle is part of the
training subset, and dark gray indicates that it is part of the
validation subset.

VI. RESULTS

This section presents the results from the ARIMA and D-
AI2-M models during cross-validation. The analysis aimed
to: i) compare the average performance of ARIMA and each
AIM for each time series after cross-validation (Table III);
ii) compare the overall average performance of ARIMA with
DAI (Table IV); iii) compare the local performance (for each
series) of ARIMA and D-AI2-M (Table V); and iv) identify the
best global model, considering all selected series (Table VI).
Starting from the second column of these tables, scenarios
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Fig. 2. D-AI2-M Process - Selecting the best models for Brazilian monthly prediction of ethanol production.

Fig. 3. Details of time series cross-validation (rolling origin evalua-
tion).

are presented, each identified by the state’s abbreviation and
ethanol type (ANH for anhydrous and HYD for hydrous). For
instance, GO ANH represents anhydrous ethanol production in
Goiás.

TABLE III
ARIMA AND AIM COMPARISON RESULTS (MEAN R2 IN

TIME SERIES CROSS-VALIDATION)

AIM /
ARIMA

GO
ANH

GO
HYD

MG
ANH

MG
HYD

MS
ANH

MS
HYD

ARIMA 0.83 0.89 0.89 0.84 -0.34 0.60
CONV1D 0.76 0.91 0.73 0.37 -61.64 0.26
ELM -3.69 0.91 -7.11 0.58 0.41 0.58
LSTM 0.68 0.90 0.80 0.69 0.03 0.15
MLP 0.71 0.90 0.83 -0.52 0.14 0.05
SVM 0.77 0.90 0.79 0.68 0.30 0.38
AIM /
ARIMA

MT
ANH

MT
HYD

PR
ANH

PR
HYD

SP
ANH

SP
HYD

ARIMA -0.77 0.02 0.54 -0.69 0.85 0.71
CONV1D -1.36 -0.63 0.02 -1.18 -0.98 0.09
ELM -0.90 -1.50 0.50 -0.06 0.77 0.45
LSTM 0.26 0.35 0.03 0.11 -2.13 -1.05
MLP -99.6 0.34 0.39 -0.05 0.69 -0.01
SVM 0.33 -0.56 0.35 -0.02 0.64 0.51

TABLE IV
ARIMA AND DAI COMPARISON RESULTS (MEAN R2 IN

TIME SERIES CROSS-VALIDATION)

DAI /
ARIMA

GO
ANH

GO
HYD

MG
ANH

MG
HYD

MS
ANH

MS
HYD

ARIMA 0.83 0.89 0.89 0.84 -0.34 0.60
AN -2.03 0.86 -3.97 -0.13 0.09 0.24
DIFF 0.79 0.93 0.78 0.64 0.30 0.25
GMM 0.78 0.92 0.80 0.58 -36.85 0.36
DAI /
ARIMA

MT
ANH

MT
HYD

PR
ANH

PR
HYD

SP
ANH

SP
HYD

ARIMA -0.77 0.02 0.54 -0.69 0.85 0.71
AN -61.2 -0.84 0.27 -0.15 0.55 0.32
DIFF 0.54 -0.03 -0.06 -0.13 -1.29 -0.39
GMM -0.06 -0.33 0.56 -0.45 0.14 0.06

In Table III, the results of the comparison between ARIMA
and AIMs are presented. It can be seen that the ARIMA
reference models perform better in most scenarios (seven out
of twelve). For the scenario GO HYD, although ARIMA did
not outperform, its performance is very close to that of the
others. It is also worth noting that all models performed well
for this time series. ARIMA did not perform best in the MS
ANH, MT ANH, and MT HYD scenarios, but none of the
models presented good results for these time series.

Table IV presents the results of the comparison between
ARIMA and the average results of DAI preprocessing. Once
again, it can be seen that the ARIMA reference models
perform better in most scenarios (eight out of twelve). In
addition to ARIMA, only DIFF emerged as the winner in some
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TABLE V
ARIMA AND D-AI2-M - LOCAL COMPARISON RESULTS

(MEAN R2 IN TIME SERIES CROSS-VALIDATION)

D-AI2-M /
ARIMA

GO
ANH

GO
HYD

MG
ANH

MG
HYD

MS
ANH

MS
HYD

ARIMA 0.83 0.89 0.89 0.84 -0.34 0.60
AN+CONV1D 0.81 0.88 0.79 0.23 -0.54 0.11
AN+ELM -12.8 0.87 -23.1 0.25 0.48 0.46
AN+LSTM 0.71 0.85 0.83 0.76 -0.08 0.42
AN+MLP 0.53 0.91 0.76 -2.48 0.16 0.24
AN+SVM 0.61 0.81 0.87 0.56 0.45 0.00
DIFF+CONV1D 0.72 0.89 0.83 0.31 0.27 0.56
DIFF+ELM 0.86 0.95 0.89 0.87 0.42 0.67
DIFF+LSTM 0.84 0.89 0.71 0.83 0.18 -0.22
DIFF+MLP 0.71 0.94 0.87 0.35 0.44 -0.46
DIFF+SVM 0.80 0.95 0.62 0.82 0.16 0.69
GMM+CONV1D 0.76 0.95 0.56 0.57 -184.7 0.12
GMM+ELM 0.90 0.92 0.87 0.62 0.32 0.61
GMM+LSTM 0.47 0.95 0.88 0.49 -0.02 0.25
GMM+MLP 0.88 0.86 0.85 0.58 -0.17 0.36
GMM+SVM 0.90 0.93 0.86 0.66 0.30 0.46

D-AI2-M /
ARIMA

MT
ANH

MT
HYD

PR
ANH

PR
HYD

SP
ANH

SP
HYD

ARIMA -0.77 0.02 0.54 -0.69 0.85 0.71
AN+CONV1D -4.77 -0.16 0.29 -0.79 -0.08 0.52
AN+ELM -2.94 -4.98 0.29 0.16 0.72 0.44
AN+LSTM 0.45 0.34 0.45 0.34 0.78 0.71
AN+MLP -299.3 0.56 0.01 -0.13 0.74 -0.39
AN+SVM 0.35 0.05 0.31 -0.32 0.61 0.32
DIFF+CONV1D 0.57 -1.91 -0.70 -0.94 -0.45 0.49
DIFF+ELM 0.52 0.47 0.59 0.24 0.81 0.66
DIFF+LSTM 0.62 0.48 -0.98 0.26 -8.02 -4.14
DIFF+MLP 0.52 0.52 0.60 -0.20 0.57 0.24
DIFF+SVM 0.48 0.29 0.22 0.01 0.62 0.80
GMM+CONV1D 0.12 0.19 0.49 -1.79 -2.41 -0.75
GMM+ELM -0.29 0.02 0.63 -0.58 0.79 0.25
GMM+LSTM -0.28 0.24 0.62 -0.27 0.85 0.28
GMM+MLP -0.03 -0.07 0.56 0.17 0.75 0.12
GMM+SVM 0.16 -2.01 0.51 0.25 0.70 0.41

TABLE VI
ARIMA AND D-AI2-M - GLOBAL COMPARISON RESULTS

(MEAN R2 IN EVALUATION AND TIME SERIES
CROSS-VALIDATION)

D-AI2-M /
ARIMA

Selection: Evaluation
± SD (2021)

Cross-validation ± SD
(2022 and 2023)

DIFF+ELM 0.78 ±0.14 0.60 ±0.35
DIFF+SVM 0.63 ±0.24 0.50 ±0.43
GMM+MLP 0.61 ±0.37 0.30 ±0.59
GMM+LSTM 0.61 ±0.48 0.25 ±0.60
AN+LSTM 0.54 ±0.18 0.55 ±0.46
ARIMA 0.52 ±0.50 0.29 ±0.87
GMM+ELM 0.50 ±0.67 0.38 ±0.62
AN+SVM 0.44 ±0.28 0.36 ±0.55
GMM+CONV1D 0.36 ±0.69 -23.41 ±110.78
AN+CONV1D 0.29 ±0.56 -0.48 ±3.02
DIFF+MLP 0.25 ±0.80 0.51 ±0.32
GMM+SVM 0.15 ±1.91 0.44 ±0.37
DIFF+CONV1D 0.07 ±1.06 0.04 ±0.93
AN+MLP -0.37 ±2.61 -37.1 ±127.23
AN+ELM -1.17 ±3.63 -4.43 ±15.99
DIFF+LSTM -1.85 ±7.23 -0.14 ±2.95

scenarios (GO HYD, MS ANH, MT ANH, and PR HYD).
Table V presents the comparison results between the

ARIMA models and the D-AI2-M. In this comparison, the
D-AI2-M models outperform the ARIMA benchmark models
in all evaluated scenarios. This analysis considers local per-
formances specific to each time series [11]. The local results

presented by the D-AI2-M winners were superior to the best
results identified in Tables III and IV. Only two ties existed
between the D-AI2-M and the ARIMA models for the ANI
MG and ANI SP scenarios.

Finally, it is worth highlighting DIFF+ELM, which excelled
in three scenarios during the local evaluation and achieved the
best global performance in the experimental assessment [11].
This was measured by the R2 metric using two approaches:
i) Selection: with 2021 as the test base, and ii) Validation:
cross-validation over 2022 and 2023. A paired Wilcoxon test
[41] confirmed DIFF+ELM’s superiority with a p-value of
6.387 × 10−5 compared to DIFF+SVM (second best global
performance). An effect size evaluation [42] indicated a high
difference between these models (r = 0.81).

An evaluation of residuals using the Autocorrelation Func-
tion (ACF) and Partial Autocorrelation Function (PACF)
[9] was conducted for both the ARIMA (benchmark) and
DIFF+ELM (best global performance). Such ACF plots are
shown in Fig. 4 (for hydrous ethanol production scenarios) and
Fig. 5 (for anhydrous ethanol production scenarios). In such
figures the horizontal dashed lines show the confidence inter-
vals and the vertical lines the magnitudes of the respective lags.
The evaluation considered the number of lags (excluding zero
lags) that exceeded the confidence intervals for each model as
a criterion. A smaller number of lags beyond the confidence
interval indicates a model better fitted to the respective time
series. The results of this analysis are recorded in Table VII,
where it can be seen that DIFF+ELM showed superior perfor-
mance in eleven of the twelve scenarios compared to ARIMA.
As can be seen in this table, the PACF graphs presented similar
behavior to the respective ACF graphs (in some cases varying
proportionally the number of lags exceeding the confidence
limits and their magnitudes). The PACF graphs were not
shown in this article due to space constraints, but are available
at https://github.com/cefet-rj-dal/DAI2M. Fig. 5 presents the
only scenario (SP Anhydrous) where DIFF+ELM exhibited
a greater number of lags exceeding the confidence intervals
compared to the ARIMA model. However, it can be observed
that, in general, ARIMA displayed larger magnitudes for the
lags exceeding the confidence interval than DIFF+ELM, even
in this scenario.

TABLE VII
ACF AND PACF ANALYSIS: LAGS BEYOND THE

CONFIDENCE INTERVALS

SCENARIO ARIMA
ACF

DIFF+ELM
ACF

ARIMA
PACF

DIFF+ELM
PACF

GO ANH 3 0 5 0
GO HYD 8 0 8 0
MG ANH 3 1 3 2
MG HYD 3 0 6 0
MS ANH 2 0 1 0
MS HYD 2 1 2 1
MT ANH 7 1 6 0
MT HYD 2 1 2 1
PR ANH 2 1 2 1
PR HYD 1 0 1 0
SP ANH 2 3 2 4
SP HYD 2 0 2 0
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Fig. 4. ACF - ARIMA and DIFF+ELM residuals evaluation - Hydrous production scenarios.



907 IEEE LATIN AMERICA TRANSACTIONS, Vol. 22, No. 11, NOVEMBER 2024

Fig. 5. ACF - ARIMA and DIFF+ELM residuals evaluation - Anhydrous production scenarios.
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VII. CONCLUSION

This research shows that using DAI techniques was crucial
in improving AIM performance in the evaluation scenarios.
A key point is the importance of using time series cross-
validation to analyze the models’ robustness. This more robust
analysis enhances the reliability of the results and the conclu-
sions. However, this study did not aim to establish any causal
relationships related to ethanol production.

The results encourage the use of AIM, especially when
supported by an efficient model evaluation and selection
methodology. Finally, D-AI2-M effectively identified the best
DAI and AIM combinations to select the most efficient models
for each scenario (models with the best local performances).
Additionally, the D-AI2-M methodology identified the combi-
nation with the best global performance across all evaluated
scenarios.

It is important to note that during part of the training
period and the cross-validation, the world faced the COVID-
19 pandemic. This event significantly affected consumption
patterns and fuel production, including ethanol. Consequently,
the time series reflected these impacts, influencing the models
to varying degrees. Despite this challenge, D-AI2-M efficiently
predicted monthly ethanol production in Brazil.
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