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Abstract

Gas consumption is a critical aspect of the pelletizing process, directly influencing op-
erational costs and environmental impact. This study investigates the application of a
multivariate time series forecasting pipeline for predicting gas consumption in pelletizing
plants. The pipeline comprises: (i) data preprocessing, (ii) converting the dataset into a
tabular format using a sliding window technique, (iii) applying feature selection methods,
and (iv) employing machine learning tuned via AutoML. The methodology was tested
on a dataset with 45 operational parameters collected over 90 days from an industrial
plant, with predictions evaluated using Root Mean Squared Error (RMSE). In step (iii),
twelve features were identified as the most relevant based on the RF importance index. In
the final stage, two AutoML approaches were employed: neural architecture search using
AutoKeras and the DEAP (Distributed Evolutionary Algorithm) framework. The neural
network architectures tested included MLP, RNN, LSTM, and Conv1D. The best per-
formance was achieved by the DEAP framework combined with LSTM networks, which
yielded an RMSE of 0.33. Although AutoML did not outperform the statistical model in
terms of RMSE values, regarding training time, AutoML models were significantly more
efficient than the statistical approach, optimizing computational resource usage and en-
abling faster model adjustments. These findings confirm the generalization capability of
the pipeline, demonstrating its applicability across different industrial environments.

Keywords: Neural Networks, Feature Selection, Machine Learning, AutoML, Evolutionary Algorithm.

1 Introduction

A univariate time series consists of a sequence of data points for a single variable, collected at regular
intervals over time. This type of modeling enables the analysis of seasonality, growth rates, and trends,
as well as the forecasting of a variable’s future values based on its historical data [1]. A multivariate time
series incorporates multiple dependent variables. In this model, each variable is influenced not only by its
past values but also by the past values of other variables involved. This arrangement becomes particularly
challenging when complex interdependencies and nonlinearities exist between the variables.

A commonly adopted pipeline for multivariate time series prediction involves four main stages, as outlined
in the methodologies used by [2] and [3]: (i) data preprocessing, which includes cleaning the initial dataset,
data normalization, removal of variables with missing information for extended periods, and elimination
of constant variables; (ii) converting the processed dataset into a tabular format using a sliding window
technique; (iii) feature selection, as described by [4]; and (iv) applying regression algorithms for modeling and
forecasting, which can be tuned using AutoML. A machine learning (ML) pipeline is a structured workflow
where a sequence of steps is applied to data to transform, train, and generate predictions or insights. Each
step is interconnected, with the output of one step serving as the input for the next [5].

Previous research by [6] used the following the described pipeline for forecasting gas consumption in
pelletizing plants, demonstrating its potential using data from a specific industrial furnace. However, a
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key limitation of this study was the lack of validation across different plants, raising questions about the
generalizability of the pipeline. This study addresses this gap by applying the pipeline to data from a furnace
operated by another company, collected over 90 days, to evaluate its performance in a new context.

The production of iron ore pellets involves three main stages: raw material preparation, green pellet
formation, and thermal processing. The thermal processing stage, carried out in moving grate furnaces,
significantly impacts operational costs and energy efficiency, with natural gas consumption being a key
factor. Natural gas accounts for approximately 10% of total production costs and represents 34% of the
energy matrix costs in the pelletizing process [7]. Beyond the financial aspect, there are also environmental
concerns associated with natural gas combustion. As highlighted by [8], approximately 20% of the carbon
dioxide (CO2) emissions across the entire production chain result from burning this fuel. Consequently,
predicting gas consumption is a crucial step toward implementing measures to optimize its use.

The initial dataset undergoes a data cleaning process. Subsequently, feature selection is performed
to identify the process variables most relevant to specific gas consumption, utilizing importance indices
calculated by the algorithms. The Random Forest (RF) method was employed for feature selection [9].
The subset obtained through RF serves as input for the statistical VARMAX model (Vector Autoregressive
Moving Average model with eXogenous variables) [10]. This result acts as the baseline, serving both as
a proof of concept and as a standard for comparison with results generated later using machine learning
methods. The analysis is conducted using the Root Mean Squared Error (RMSE) metric and training time.

Neural network models have shown promise in handling nonlinear relationships among variables in mul-
tivariate time series, which are not easily addressed by statistical models [11]. Achieving good results with
neural networks depends on selecting the architecture most suitable for the problem, and numerous studies
have focused on comparing and proposing different architectures for various tasks [12]. Although it is possi-
ble to optimize parameters through experimentation, studies like [13] argue that a trial-and-error approach
is too costly for neural networks, which can involve hundreds of thousands of hyperparameters. AutoML
(Automated Machine Learning) has been presented as one solution to this challenge. AutoML refers to a
set of techniques and tools that automate the process of building machine learning models. AutoML tasks
are primarily divided into two categories: NAS (Neural Architecture Search), which focuses on finding the
best architecture; and hyperparameter optimization, which aims to identify the best hyperparameters for a
given neural network architecture.

Two forms of AutoML were employed in this study: NAS using AutoKeras [14] and the DEAP framework
(Distributed Evolutionary Algorithm) [15]. The neural networks chosen for evaluation included MLP (Mul-
tilayer Perceptron), RNN (Recurrent Neural Network), LSTM (Long Short-Term Memory), and Conv1D
(1D Convolutional Neural Network). As a result, eight models were generated and evaluated. Finally, us-
ing statistical methods as a baseline reference, the various results obtained from machine learning methods
leveraging hyperparameter and architecture optimization techniques will be compared. By analyzing the
performance of AutoML techniques against statistical methods, it will be possible to evaluate whether the
generalizability of the pipeline. Figure 1 illustrates the pipeline used in this study.

Figure 1: Pipeline for multivariate time series prediction using statistical method and neural networks with
AutoML.

The following text are organized as follows: Section 2 presents related works; Section 3 describes the
methods, metrics, and dataset investigated in this study; Section 4 presents the results and discussion; and
the conclusions are provided in Section 5.
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2 Related work

The methodology proposed by Gonzalez-Vidal, Jimenez, and Gomez-Skarmeta [2] focuses on optimizing
multivariate time series forecasting through a systematic machine learning pipeline. The process begins with
rigorous preprocessing, including handling missing data, scaling, and smoothing techniques to reduce noise.
Feature selection is a critical step, where methods like Recursive Feature Elimination (RFE) and feature
importance rankings from RF are employed to identify the most relevant variables. The pipeline uses a
sliding window approach to convert temporal data into tabular form, enabling it to leverage algorithms such
as Gradient Boosting, RF, and LSTM networks. A key strength of their approach lies in the inclusion of
hyperparameter optimization using grid search and Bayesian optimization to maximize model performance.
The methodology was validated using datasets from energy consumption forecasting in industrial plants.
Specifically, the pipeline achieved a 13% reduction in RMSE compared to traditional ARIMA models and
outperformed standard machine learning techniques like SVR and Decision Trees by 7%–10% in MAE and
RMSE metrics, demonstrating robustness across varying conditions and datasets.

The methodology of Papadopoulos et al. [16] addresses the challenges of high-dimensional and noisy
data in multivariate time series forecasting by integrating advanced preprocessing, feature selection, and
hybrid modeling techniques. The preprocessing phase employs missing data imputation using K-Nearest
Neighbors (KNN) and seasonal decomposition to capture both short- and long-term patterns. Dimensionality
reduction techniques are applied to minimize redundancy and computational complexity. Feature selection
combines mutual information and feature importance scores derived from Gradient Boosting algorithms. The
modeling phase leverages hybrid architectures, combining machine learning models (e.g., SVR, RF) with deep
learning techniques such as Temporal Convolutional Networks (TCN) and LSTM networks. Hyperparameter
optimization is conducted using Genetic Algorithms, fine-tuning both model architecture and parameters for
optimal performance. When tested on financial time series datasets, the proposed approach demonstrated
a 1% reduction in RMSE compared to VARMAX and ARIMA. The methodology proved effective across
different domains, highlighting its scalability and ability to generalize to diverse time series forecasting tasks.

Oliveira, Komati, and Andrade [6] proposed implementing models to forecast gas consumption in the
pelletizing process, emphasizing financial optimization and reducing the environmental impact associated
with gas combustion. The study was conducted at a plant in Serra, Esṕırito Santo, Brazil, using real-world
data from 36 operational variables collected over 90 days at 4-hour intervals. The primary goal was to evalu-
ate and compare neural networks optimized through AutoML techniques while investigating whether feature
selection, following the application of a sliding window technique, would constitute a necessary step in the
pipeline. The raw dataset underwent a cleaning process to remove inconsistencies before being subjected
to classical statistical methods such as ARIMA, VARMAX, and GARCH. These methods established base-
line performance metrics. The data were then transformed into a tabular format using the sliding window
technique and subsequently passed through three feature selection methods: Pearson Correlation, Adaboost,
and RF. The resulting datasets, including the one without feature selection, were used as inputs for three
machine learning models (MLP, Adaboost, and RF), generating 12 combinations of datasets and models.
Performance was evaluated using RMSE and execution time. The best-performing configuration at this stage
served as the basis for the AutoML experiments. Four AutoML approaches were employed: NAS, including
a custom implementation developed by the author, NAS with AutoKeras, DEAP, and NeuroEvolution of
Augmenting Topologies (NEAT). These techniques were applied to explore and optimize hyperparameters
and neural network architectures (MLP, RNN, LSTM, and 1D-CNN), resulting in a total of 11 tested con-
figurations. The results demonstrated that AutoML-optimized neural networks outperformed the statistical
methods, with the RNN model optimized by NEAT achieving a significant RMSE reduction from 0.7 (best
statistical model) to 0.32. RF excelled among the feature selection methods, and MLP emerged as the best
regressor when feature selection was applied. Although the results are promising, the study has limitations
that pave the way for future research. First, the generalization of the models to different pelletizing plants
or other industrial applications has not been extensively validated. Future studies could explore the appli-
cability of these models in various industrial contexts, considering differences in data types and operational
conditions.

The study of Melo, Andrade, and Komati [17] investigates the impact of the sequence between feature
selection and sliding window techniques on multivariate time series forecasting, specifically for gas consump-
tion prediction in iron ore pelletizing plants. The dataset consists of 45 operational variables collected hourly
over 90 days. Two approaches were evaluated: (1) applying the sliding window technique before feature se-
lection, and (2) applying feature selection prior to the sliding window transformation. Three feature selection
methods were tested—Pearson Correlation, AdaBoost, and RF—combined with regression models including
AdaBoost, RF, and MLP. Results showed that the sliding window-first approach effectively reduces dataset
size while maintaining accuracy. Additionally, the study highlights the advantages of MLP in handling
increased variable counts in the second approach, making it a robust choice for complex industrial datasets.
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RF was chosen for feature selection due to its effectiveness in ranking feature importance and its robust-
ness against noise and irrelevant variables. Previous studies [2, 6, 17] have demonstrated the advantages
of RF-based feature selection in optimizing multivariate time series forecasting. Additionally, research has
shown that RF enhances both model interpretability and computational efficiency [16].

VARMAX was chosen as the baseline model in this study due to its extensive use in time series forecasting.
Papadopoulos et al. [16] demonstrated that statistical models like VARMAX serve as strong benchmarks for
evaluating deep learning models in industrial applications. MLP, RNN, LSTM, and Conv1D were selected
to enable direct comparison with Oliveira, Komati, and Andrade [6], who evaluated these models for mul-
tivariate time series forecasting of gas consumption. Using the same architectures ensures methodological
consistency and facilitates performance assessment across different optimization strategies.

NAS with AutoKeras was employed due to its automated optimization capabilities. Truong et al. [18]
compared several NAS frameworks, including AutoKeras, H2O-AutoML, TPOT, Auto-sklearn, Ludwig, and
Darwin. Their findings indicate that AutoKeras offers stability across various tasks, with consistent per-
formance, particularly in multiclass classification and regression problems. While its binary classification
performance was inferior to some other frameworks, AutoKeras demonstrated rapid convergence and ef-
ficiency within moderate time constraints. Although its effectiveness varies depending on the dataset, it
remains a competitive option for specific machine learning applications.

DEAP was selected for NAS due to its flexibility, efficiency in handling large and complex datasets, and
its ability to incorporate evolutionary optimization techniques [19]. Unlike traditional NAS approaches that
rely on grid search or Bayesian optimization, DEAP leverages Genetic Programming (GP) and Evolutionary
Algorithms (EAs) to explore a diverse range of neural network architectures and hyperparameters.

3 Materials and methods

The evaluation metric chosen for this study was RMSE, which is a commonly used measure to assess the
accuracy of predictive models, particularly in regression tasks. This metric quantifies the discrepancy between
the values predicted by the model and the actual values, reflecting the average magnitude of the error. The
closer the RMSE value is to zero, the better the prediction performance. The RMSE is calculated by taking
the average difference between predicted and actual values, squaring these differences, and then applying
the square root. Mathematically, RMSE is expressed as shown in Equation 1.

RMSE =

√√√√ 1

N

N∑
i=1

(y′i − yi)2 (1)

where y′i represents the predicted values from the model, yi the observed values, and N the total number of
observations. This metric is particularly sensitive to outliers, as larger errors are significantly penalized due
to the squaring of the differences.

3.1 Data and preprocessing

This study analyzed operational data collected over 90 consecutive days, from April 15 to July 15, 2023, at
a pelletizing plant in Esṕırito Santo, Brazil. The data were recorded hourly, resulting in a dataset of 2,208
raw records and 45 operational variables. The variables were selected based on expert knowledge and their
relevance to the pelletizing process and include:

• Granulometry percentages of the pellet bed (10 variables): Representing the size distribution of pellets,
these variables affect airflow and heat transfer efficiency during combustion.

• Fan speeds (12 variables): Measured in rotations per minute (RPM), these control the air circulation
across different process stages, including drying, firing, and cooling. Each fan is equipped with a valve
known as a Damper, which regulates the airflow.

• Pressure measurements (5 variables): Captured at critical process points to monitor and regulate
combustion dynamics.

• Temperature metrics (3 variables): Including drying temperature, firing temperature, and cooling
temperature, these directly influence the efficiency of thermal processes.

• Thermal profile and mean firing temperature (2 variables): Key indicators of the thermal stability and
uniformity of the pelletizing process.

• Pellet bed height (1 variable): Influences airflow resistance and heat distribution during firing.
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• Grate car speed (1 variable): Affects the exposure time of pellets to the heat source.

• Pellet type and fixed carbon content (2 variables): Reflect the quality and combustion properties of
the pellets being processed.

• Additives and feed composition (5 variables): Includes quantities of limestone, material input, and
return material, as well as pellet feed characteristics, which impact chemical composition and process
stability.

• Production metrics (2 variables): Hourly production rate and total return of pellets, representing
operational efficiency.

• Loss factor (1 variable): Used in the transformation from raw ore to sintered ore.

• Gas consumption (1 variable): The target variable, measured in cubic meters per hour (m³/h), which
reflects the energy input for the process.

Records containing granulometry variables with negative values or whose sum exceeded 100% were dis-
carded. Additionally, inconsistencies in pellet production data were identified: values below 900 or above
1,400 tons per hour (t/h) were deemed outliers by process experts, as they do not reflect actual production
rates. These records were also excluded, leaving a preprocessed dataset with 2,178 valid records.

3.2 Sliding window technique

Seasonality in time series refers to cyclical and predictable patterns that recur at specific intervals, such
as days, weeks, months, or years. A time series y(t) can be decomposed into three components, y(t) =
T (t)+S(t)+R(t), where T (t) represents the trend component, S(t) corresponds to the seasonal component,
and R(t) denotes the residual component, typically characterized as a stochastic signal in time series analysis.

Figure 2: Seasonal decomposition of gas consumption (target variable).

Figure 2 presents the seasonal decomposition of the time series for actual gas consumption. The up-
permost plot shows variations in gas consumption itself, represented by the target variable “ConsumoH”.
The “Trend” plot captures long-term movements, while the “Seasonal” plot reflects periodic fluctuations,
and the “Resid” plot represents the residual component. The seasonal component exhibits low values, gen-
erally within the decimal range, indicating minimal influence on overall variability. In contrast, the trend
component shows more pronounced oscillations, suggesting a significant role in data variation and possible
non-stationarity in the time series. To verify stationarity, the Augmented Dickey-Fuller Test was applied,
which evaluates the degree of stationarity in the series. The test revealed a high degree of stationarity, as
indicated by an extremely low 9.053× 10−13, confirming that the series is stationary.

Time series data is converted into a tabular format using a sliding window of size N , where each window
of N consecutive observations forms a row in the dataset [20]. The hyperparameter N determines how the
data is structured. For seasonality analysis, N was set to 24 periods (approximately 24 hours), representing
a full daily production cycle, including typical process adjustments. Applying this window to each of the
45 variables results in a transformed dataset with 1,080 variables, obtained by multiplying the 45 original
variables by the 24-period window.
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3.3 Feature selection

Establishing criteria for forming feature subsets from a preprocessed dataset aims primarily to prevent
overfitting, reduce processing time, and enhance model performance in target variable prediction [21]. The
RF method, an ensemble of decision trees, was used to assess the relative importance of each feature in
relation to the target variable. This approach provides a quantitative basis for identifying and prioritizing
the most relevant attributes for the predictive model. The importance of a variable is determined by averaging
the contributions assigned by all the individual trees within the forest [22].

The RF algorithm was configured with the maximum number of features set to 98%, while the remaining
parameters were kept at their default values in the Scikit-Learn library. These default values include: 100
estimators, the mean squared error criterion for split selection, a minimum of 2 samples required to split
a node, at least 1 sample per leaf, no restrictions on the minimum weight fraction of leaf nodes, unlimited
depth for leaf nodes, no minimum impurity decrease applied, bootstrap sampling enabled, no scaling applied
to random sampling, and no parallelization or reuse of previous solutions.

After creating the feature selection subset, the data were subjected to a normalization process. Normaliza-
tion ensures that variables have comparable scales, significantly contributing to improved model performance.
In this study, the standardization technique was applied, z = x−µ

s . This formula adjusts each sample (x) by
subtracting the mean (µ) and dividing by the standard deviation (s). The result is a transformation where
the data distribution has a mean of 0 and a standard deviation of 1, eliminating the effects of differing scales
among variables.

In the feature selection step, the result was a subset of 12 features, obtained based on the importance
index provided by the RF algorithm.

• The gas consumption from the three previous periods, representing the amount of gas used in pellet
burning one, two, and three hours prior to the current evaluation;

• Temperatures:

– The actual thermal profile temperatures of the furnace corresponding to process zones (drying,
heating, and heat recovery);

– The thermal profile temperature of the previous hour, based on the current process record;

– The actual recovery duct temperature, which supplies hot gases obtained during the cooling phase
to be mixed with other gases in earlier furnace stages;

– The hourly average pellet burning temperature;

• The actual revolutions per minute (RPM) of fans 1 and 2, which control air circulation in the traveling
grate furnace;

• The actual speed of the grate (m/min) where the pellets move through the furnace;

• The actual pressure in the downdraft drying hood, which is the second and final phase of pellet drying
in the furnace;

• The hourly production of fired pellets exiting the pelletizing furnaces.

Identifying the variables that most influence gas consumption over time enables process controllers to
make more precise adjustments to the involved parameters. This approach allows for more efficient gas
consumption reduction by adopting targeted actions that minimize the risk of ineffective or even detrimental
interventions, both for the process and the environment.

3.4 Machine learning techniques

Based on the subset defined by feature selection, two approaches were implemented for model construction
and evaluation: ML methods and a statistical method. The statistical method chosen to create the baseline
model for comparison with other techniques was the multivariate VARMAX model. The other investigative
path involved applying AutoML methods to optimize models and their results. Two primary AutoML
techniques were employed: DEAP and NAS via AutoKeras (referred to as NAS-AK). These methods were
applied to different regression algorithms for gas consumption prediction: RNN, Conv1d, LSTM, and MLP.

AutoML is described as the task of finding the function f that best generalizes to any dataset T with
minimal human intervention [23]. The function f can be a composition of multiple functions, including input
space transformations, data sampling, predictor combinations, and other processes. The function
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f(x) = νθν (ϕθϕ(x)) (2)

represents a complete model or pipeline, where ν is a classification model and ϕ is a feature transformation
methodology, with θν and θϕ being the corresponding hyperparameters. Each of these components may itself
consist of other functions or models.

In this context, AutoML is understood as the search for the functions ν and ϕ, along with their hyperpa-
rameters θν and θϕ, using the dataset T . This study applies AutoML specifically to the classification model
ν and its hyperparameters θν , Considering that ϕθϕ has already been evaluated during the feature selection
process.

3.4.1 Auto-Keras

AutoKeras1 was developed by the DATA Lab (Texas A&M University) and is based on the Keras module,
referred to by its developers as AK. The AK library allows users to set up neural networks with minimal
lines of code using the Efficient Neural Architecture Search (ENAS) approach, which employs an algorithm
to search for a subgraph within a set of graphs. The AK library offers a variety of models, including those
used in this study: MLP, LSTM, RNN, and Conv1d.

Table 1 is organized into two sections. The upper section presents parameters related to the neural
network structure, such as the number of hidden layers, neurons, blocks, and filters. These parameters were
defined by the author, with empirically determined ranges, to be explored by AutoKeras. The lower section
lists hyperparameters whose tuning was delegated to AutoKeras. These include values commonly considered
by the tool, such as different activation functions, optimizers, and dropout rates, which are automatically
adjusted to improve the model’s performance, as described in the AutoKeras documentation1.

Table 1: Parameters and values used in the NAS-AK method.
Parameters values
Number of Hidden Layers [0,.., 512]
Number of Neurons [0,.., 128]
Blocks [0,.., 5]
Filters [32,.., 128]
Activation Function [ReLU, Tanh, Sigmoid, Softmax, ELU, LReLU]
Learning Rate [0,1, 0.01, 0.001]
Optimizer [Adam, RMSprop, SGD]
Dropout Rate [0.0,.., 0.5]

3.4.2 DEAP

DEAP is a framework for developing custom Evolutionary Algorithms (EAs), written in Python [15]. Neuro-
evolution is a term encompassing strategies to optimize weights, architectures, and hyperparameters of neural
networks through evolutionary computation, aiming to maximize a chosen performance metric, also known
as the fitness function [24]. In this study, the data structure chosen for DEAP was a list containing the
parameters used to configure the models. Each individual’s genes were represented by the elements of this
list, forming the individual to be evaluated. The fitness function was defined as the minimization of RMSE.
The genome consisted of parameters, as shown in Table 2.

Table 2: Parameters and genome values used in the DEAP framework.
Parameters Genome Values
Number of Hidden Layers [0,.., 512]
Learning Rate [0.01,.., 1× 10−8]
Activation Function [ReLU, ELU, Tanh, Sigmoid, SELU, Softmax,

GELU, Mish, PReLU]
Learning Rate [0.01,.., 1× 10−8]
Optimizer [Adam, RMSprop, ASGD, NAdam, RAdam,

Adamax, SGD, Adadelta, Adagrad]
Dropout Rate [0.1, 0.15, 0.2, 0.25, 0.3, 0.35, 0.4, 0.45, 0.5]

1https://autokeras.com/
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The standard implementation of the DEAP library, available in its official GitHub repository2, does not
allow developers to directly define either the number of neurons in the layers or the number of blocks in the
architecture. Instead, this configuration is handled internally by the library.

The parameters for the evolutionary process were defined as follows: the pairing criterion was a two-point
crossover, where the genes of individuals are mixed to form two new individuals, ensuring that both have
the same number of genes. The chosen mutation method was “Shuffle Indexes”, where, based on a random
criterion, one gene in the individual’s parameter list is selected and swapped with the original gene from the
parent individuals [25]. The probability of this mutation occurring was set to 5%. At the end of the process,
the individual with the best performance in minimizing the fitness function for each model was selected. An
example of genome crossover and mutation is illustrated below. Consider two parent genomes:

• Parent Genome 1: [64, 0.1, ‘tanh’, 0.001, ‘Adam’, 0.25]

• Parent Genome 2: [128, 0.001, ‘sigmoid’, 0.01, ‘SGD’, 0.20]

Applying a two-point crossover results in two offspring, where two genes are swapped between the parents.
The exchanged genes are indicated in bold:

• Offspring Genome 1: [64, 0.1, ‘sigmoid’, 0.001, ‘SGD’, 0.25]

• Offspring Genome 2: [128, 0.001, ‘tanh’, 0.01, ‘Adam’, 0.20]

Suppose a mutation occurs in Offspring Genome 2. One of the genes is altered, as shown in the example
below, with the mutated gene highlighted in bold:

• Mutated Offspring Genome: [32, 0.001, ‘tanh’, 0.01, ‘Adam’, 0.20]

4 Experiments and results

The experiments were conducted using Google Colab, a hosted Jupyter Notebook service that requires no
setup and offers access to computing resources, including GPUs and TPUs.

4.1 Statistical Method Result

The VARMAX model, configured with p = 3 (three autoregressive lags) and q = 1 (one moving average
term), achieved the following results: RMSE = 0.25 and time taken by the VARMAX model to generate
the output = 12 : 31 : 53, with the results obtained through expanding window validation. This approach
allows the model training to be performed progressively, with the training set growing over time as new data
becomes available.

4.2 ML with AutoML Results

All models were trained and tuned using 75% of the dataset, while the remaining 25% was used for prediction
testing. For training the regression models with DEAP, a population of 10 individuals was used across 40
generations. In the case of NAS-AK, the number of epochs was set to 200, and the maximum number of
attempts to find the best model configuration during the training and optimization process was limited to
10 attempts.

The best parameters and configurations for each method and model are presented in Table 3 for the
models applied using the DEAP method and in Table 4 for those applied using the NAS-AK method. The
tables include specific model configurations, such as the number of layers, learning rate, activation function,
optimizer, and dropout rate. Table 4 is divided into two parts: the first details the hyperparameters affecting
the architecture structure, with values explicitly defined for optimization as shown in Table 1. The second
part presents the parameters adjusted by Auto-Keras’s internal optimization process.

Table 5 presents the method/model used in the first column, the RMSE achieved in the second column,
and the training time in the third column, displayed in hours, minutes, and seconds (hh:mm:ss). The rows
are ordered by method, with the first four rows corresponding to DEAP, followed by the results of NAS-AK.
Bold values indicate the models with the lowest RMSE. The analyses were conducted in the Google Colab
Pro environment, utilizing the A100 GPU as a hardware accelerator to enhance processing efficiency. The
best RMSE result was achieved by the LSTM model using the DEAP method, with a value of 0.33 and a
training time of approximately 30 minutes. This RMSE was the lowest among all combinations presented
in the table, indicating that the model provided the most accurate predictions compared to the others.

2https://github.com/deap/deap
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Table 3: Optimal parameters identified by the DEAP method for each neural network.
Hyperparameters MLP LSTM Conv1d RNN
Number of Layers 4 256 4 64
Learning Rate 1× 10−6 0,001 0,001 0,001
Activation Function Selu Sigmoid Gelu Selu
Learning Rate 1× 10−7 0,0001 1× 10−5 0,0001
Optimizer Adadelta RMSprop Adagrad RMSprop
Taxa de dropout 0,3 0,35 0,1 0,25

Table 4: Optimal parameters identified by the NAS-AK method for each neural network.
Hyperparameters MLP LSTM Conv1d RNN
Number of Layers 4 6 6 6
Number of Neurons 12 [12, 32] [12, 32, 64] [12, 32]
Blocks - - - 2
Filters - - - [32, 64]
Learning Rate 0,001 0,001 0,001 0,1
Activation Function Relu Relu Relu Relu
Otimizador Adam Adam Adam Adam
Dropout Rate 0,25 0,0 0,0 0,0

Table 5: RMSE of test dataset and Training Time Results.
AutoML/Model RMSE of test dataset Training Time
DEAP/MLP 0,89 00:04:15
DEAP/LSTM 0,33 00:29:31
DEAP/Conv1d 0,35 00:33:54
DEAP/RNN 0,41 00:07:24
NAS-AK/MLP 0,35 00:02:03
NAS-AK/LSTM 0,48 00:11:44
NAS-AK/Conv1d 0,38 00:02:05
NAS-AK/RNN 0,55 00:05:19

VARMAX 0,25 12:31:53

Although VARMAX achieved the lowest RMSE, it was also the method with the longest response time,
exceeding 12 hours. The machine learning-based model, in comparison, achieved a mean RMSE of 0.35
with only 2 minutes of training. Overall, the training time for the best results obtained using the DEAP
library (approximately 30 minutes) was considerably longer than that of the best-performing models found
by NAS-AK (around 2 minutes). This suggests a trade-off between accuracy and training time, where the
choice of model and methodology should take into account the specific requirements of the problem at hand.

Another way to qualitatively visualize the results is through a scatter plot and a residuals histogram.
The scatter plot displays points based on the predicted and actual values. The less dispersed the points, the
better the model’s performance; in other words, a more concentrated dispersion indicates that the model is
making more accurate predictions with smaller errors. The residuals histogram complements this analysis by
providing insights into the distribution of prediction errors. A well-behaved histogram, with a distribution
close to a normal curve centered around zero, suggests that the model has smaller errors. Conversely, a
histogram with asymmetries or peaks away from the center indicates larger prediction errors.

Figure 3 illustrates the difference between the results of the LSTM (left) and MLP (right) algorithms,
which achieved RMSE values of 0.33 and 0.89, respectively. The LSTM model demonstrated the best
performance, while the MLP model produced the worst result among the AutoML technique models. In
the left graphic, the scatter plot reveals a pronounced concentration of points in the upper right quadrant,
indicating more accurate predictions. This concentration is more evident compared to the dispersion of
points along the diagonal line. Additionally, the residuals histogram shows significant centralization near
zero, suggesting smaller errors between the actual and predicted values. Conversely, in the right, there
is a greater dispersion of points, highlighting the inferior performance of the MLP model. The residuals
histogram displays peaks away from zero, reflecting a higher margin of error in predictions. The presence of
peaks in negative values indicates that the predicted values are generally lower than the actual ones.

We also present the forecasting charts in Figure 4, using a direct multiple-step forecast approach. A
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forecasting chart displays past data over a specific period and includes a trend line that extends beyond the
historical data. This trend line represents the prediction and includes upper and lower bounds, which form
the confidence interval. In this case, the confidence interval was set to 2 standard deviations, a commonly
used threshold for identifying outliers [26].

Figure 3: Scatter plot and residuals histogram for the DEAP/LSTM model (left) and DEAP/MLP model
(right).

Figure 4: Projection plot generated by the DEAP/LSTM model starting from 06/15/2023.

In this study, the best AutoML result was achieved with DEAP/LSTM, obtaining an RMSE of 0.33,
whereas in Oliveira, Komati, and Andrade [6] work, the best RMSE of 0.32 was obtained with NEAT/RNN.
Both studies similarly identified that MLP performs well and effectively captures complex patterns. Regard-
less of the AutoML-based method used, MLP demonstrated a favorable trade-off between training/execution
time and computational cost compared to other models.

5 Conclusion

This study investigated the generalization and performance of machine learning pipelines for gas consumption
forecasting in industrial processes, using multivariate time series data. The analysis focused on evaluating the
generalization capability of the pipeline developed by [6] when applied to data from a different pelletizing
plant. Specifically, data from a Samarco Mineração plant located in Esṕırito Santo were used, while the
original dataset was obtained from other plant. Although the plants differ, they share structural similarities
in their pelletizing furnaces.

The results presented in this study are relevant from both an industrial and an experimental perspective.
From an industrial standpoint, predicting gas consumption in the pelletization process is crucial, as natural
gas accounts for approximately 10% of total production costs and 34% of the energy matrix costs in pelletizing
plants. Furthermore, optimizing gas consumption directly contributes to cost reduction and environmental
sustainability by minimizing CO2 emissions. The predictive models developed in this study provide insights
that can support decision-making in industrial operations, offering a means to enhance energy efficiency and
reduce operational expenses.

From an experimental perspective, this study investigates the generalization capability of a machine
learning pipeline for gas consumption forecasting across different industrial plants. The findings validate
the applicability of AutoML techniques and feature selection methodologies in real-world industrial settings.
Although the AutoML-based models did not outperform the statistical baseline in terms of RMSE, they
demonstrated significant advantages in computational efficiency, allowing for faster training and adaptation
to new operational conditions. This aspect is particularly relevant for industrial applications where rapid
adjustments to changing conditions are necessary.
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For future studies, the implementation of the investigated pipeline in a real industrial environment is
planned, allowing for the evaluation of its generalization and performance in a continuous and dynamic
context. This implementation will not only validate the results obtained in controlled scenarios but also
uncover additional challenges and opportunities associated with deploying the pipeline under real operational
conditions.

An additional avenue of exploration could be investigating the impact of incorporating external vari-
ables, such as climatic or market indicators, on the pipeline’s performance. This approach could expand
its applicability across diverse industrial scenarios. Another promising direction is the use of continuous
learning techniques, which enable models to adapt to process changes over time without requiring costly and
exhaustive retraining. This is particularly relevant in dynamic industrial processes, where patterns may shift
due to operational or seasonal changes. Finally, integrating predictive systems with industrial automation
tools, such as Digital Twins, could pave the way for more comprehensive solutions, linking gas consumption
forecasting directly to automated control and process optimization strategies. Such integration could amplify
financial and environmental gains by aligning predictions with automated corrective actions.
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