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Abstract: One important element influencing the efficiency of automated timber harvesting
is harvester maintenance. However, the understanding of this effect is limited, which
can lead to more frequent harvest interruptions and consequently higher production
costs. Data modeling can be used to evaluate how mechanical aspects affect harvester
maintenance in plantation forests, which can help with forest planning. This study aimed
to ascertain if mechanical harvester characteristics may be utilized to develop a high-
performance model capable of properly forecasting harvester maintenance using machine
learning. A free web application to help forest managers implement the approach was
also developed as part of the study. For the modeling, we considered eight mechanical
features and the mechanical status as the target feature. In default mode, we ran 25 popular
algorithms through the database and compared them based on accuracy and error metrics.
Although the combination models performed well, the Random Forest model performed
better in the default mode with an accuracy of 0.933. In addition, the generated model
makes it possible to create a harvester maintenance prediction tool that provides a quick
visualization of the mechanical status feature and can help forest managers make informed
decisions. Along with the data from the experimental research, we will make available the
complete file containing the predictive model, as well as the software, both developed in
the Python language.

Keywords: artificial intelligence; timber harvesting; plantation forests; mechanical
maintenance plan; predictive maintenance

1. Introduction

In several countries, planted forests play a crucial role in both the socio-economic
and environmental spheres, and their management ranges from planting seedlings to
harvesting timber. To avoid delays in timber delivery, it is essential that the machines used
in harvesting have a proper mechanical maintenance plan. In this sense, the time and cost
of developing mechanical maintenance plans can be reduced by applying machine learning
techniques to large amounts of data.

To meet the growing demand of the forest industry, 7.0% of the world’s total forest
area is made up of planted forests [1]. They occupy 9.7 million hectares in Brazil, most of
which, 78.1%, are planted with genus Eucalyptus, totaling 7.6 million hectares [2]. These
trees are known for their rapid growth and high productivity, which are mainly attributable
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to the advantageous environment and the use of genetic and silvicultural methodologies
and the high mechanization of harvesting [3].

Timber harvesting in planted forests refers to a number of tasks, including branch re-
moval, pruning, tracing, loading, transport, and supplying raw materials to the forest indus-
try. Cut to length is one of the main harvesting methods for the genus Eucalyptus in Brazil
and is often performed by self-propelled forestry equipment in forestry companies [4-7].

In the cut-to-length technique, planted forests are often harvested using a forestry
harvester capable of falling, delimbing, debarking, and bucking. The machine can be
equipped with a rigid track system and a rotary head consisting of a cutting bar, delimbing
knives, feed rollers, and sensors to quantify the diameter and length of the timber [8-10].

Modern forest harvesters have the ability to generate and record a great deal of data
about the mechanized harvesting operation using on-board sensors and computers. This
provides a navigation tool to assist the machine operator and creates opportunities for
maintenance reports and machine productivity. These reports may be utilized to modify
forest management and attain higher yields [11-13].

The proper implementation of a mechanical maintenance plan results in high machine
availability, which is fundamental to reducing costs and increasing efficiency in the pro-
duction process, avoiding the need to correct machine defects during shift work, and also
avoiding damage to the entire supply chain [14,15].

It is common practice to base the maintenance intervals only on the estimate provided
by the manufacturer or maintenance manager. Since this increases the cost of operating the
machine—too short maintenance intervals increase maintenance costs, and excessively long
maintenance intervals raise expenses since the production equipment is in poor technical
condition—it is critical to find out how to better reduce these costs [16].

Over the past few decades, the conception of maintenance has undergone a tremen-
dous change, transitioning from a corrective approach, which entailed repairing failures
after they occurred, to a preventive strategy that anticipates failures through proactive
maintenance. With the rapid expansion of computing, predictive maintenance has replaced
preventative maintenance in maintenance methods, i.e., those that use sensors to track
the actual condition of the machine to alert the system in advance and assess whether
corrective maintenance is needed [17-19].

Predictive maintenance has not yet been applied in Brazil’s planted forests, despite
the fact that many scientists have recognized its importance and impact. The main reason
for this could be the inability of the process to evaluate the huge amount of data collected
by the equipment itself.

Although harvester data are readily available and easily accessible to users, they are
still large and underutilized in many regions. Therefore, large data analysis is an area that
warrants continued development and testing of various methodologies (e.g., data mining,
machine learning, predictive modeling, etc.) [20]. To date, it has been most commonly used
in productivity studies, particularly with a focus on regression analysis [21-25].

Managing these data is made possible by machine learning, which is defined as the
ability to apply supervised or unsupervised learning algorithms to a dataset to extract
knowledge without the need for rigorous programming, enabling analytics such as anomaly
detection [26,27].

Detection identifies data that do not conform to expected notions of the set’s behavior,
known as anomalies. Quantifying these patterns can prevent anomalies from occurring
and reduce the costs associated with downtime. When applied to the detection of mechan-
ical failures, it allows for better management of spare part inventory and periodicity of
maintenance [28-30], as well as maximizing the productivity of the harvester. However, a
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major obstacle to advancement in this crucial field of study is the paucity of papers on the
application of machine learning methods to automated harvesting.

Unlike traditional approaches, such as corrective maintenance, often used in studies
of mechanized timber harvesting, which are based on repairing after a failure, predictive
maintenance is an innovative technique that represents a novelty in the scientific literature
because it aims to use sensors to monitor the state of the machine to be able to notify the
system in advance and help management make more precise decisions, that is, to determine
the best time to perform preventive maintenance on harvesters through an application
based on machine learning and capable of providing rapid responses.

The goal of this research is to ascertain whether mechanical harvester features can be
used to develop a powerful model that uses machine learning to precisely predict harvester
maintenance. This research also intends to offer a free web application to help forest
managers use the approach.

2. Materials and Methods
2.1. Data Processing

The data used in this study were provided by a pulp and paper company located
in the state of Sao Paulo, Brazil. The company uses mechanized harvesting in Eucalyptus
forests planted with 3 m x 2 m spacing. The relief in this region was characterized as flat
and gently rolling, with slopes ranging from 0.0% to 5.0% [31].

The Koppen—Geiger classification for the region was Cfa, humid subtropical zone,
with an oceanic climate, dry winter, and hot summer. This region saw an average yearly
temperature of 19.7 °C, with winter temperatures ranging from 16.5 °C to 22.6 °C. The
annual rainfall reached about 1372.7 mm [32-34].

Over the course of two months, the timber was harvested using a cut-to-length (CTL)
technique. This included a number of operations such as bucking, debarking, topping,
delimbing, and felling, which were performed by four self-propelled forest harvesters
(model Komatsu PC200F-8, Tokyo, Japan) equipped with a rigid track system, an engine
with 116 kW of rated power, a mass of around 23,260 kg, an overall length of 9400 mm, and
an hour meter with 1056 accumulated hours of operation. They had a rotary head (model
Komatsu 370E, Tokyo, Japan), an 82.5 cm guide bar, three pairs of delimbing knives, and
two infeed rollers with a maximum saw motor velocity of 40 m s~! and felling diameter of
700 mm.

There were 102 mechanical characteristics and 232,914 occurrences in the original
dataset. To eliminate missing values, insufficient information, unusual characters, charac-
teristics without variation, and outliers, we used the data wrangling technique. The main
process for reducing the attributes of the initial dataset was the criterion of features without
variation. Then, in order to determine the distribution of the data and to eliminate inaccu-
rate data, we used an exploratory data analysis. The dataset now exhibits 12,212 instances
and 8 attributes: amber warning lamp (yes/no), battery potential (V), ECU temperature
(°C), fuel rate (L h™ 1), intake manifold pressure (bar), oil temperature (°C), oil pressure
(bar), and red stop lamp (yes/no).

2.2. Unsupervised Machine Learning for the Identification of Data Anomalies

In the initial stage of our study, we used five algorithms commonly applied in anomaly
detection analysis (Table 1) for an input dataset obtained from the harvester’s Controller
Area Network (CAN). Instances identified as anomalous were those in which at least
three algorithms were subsequently classified as anomalous (Supplementary Materials—
Table S1).
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Table 1. Unsupervised algorithms for anomaly detection analysis supplied by the scikit-learn package
in Python v. 3.8.

Description

Model

Used with a linear complexity in the number of samples to approximate the solution of a
kernelized One-Class SVM.

One-Class SVM

Uses the same technique as the One-Class SVM, but adds stochastic gradient descent. SGD One-Class SVM

Fits a robust estimate of covariance to the data by discarding points outside the central
mode and fitting an ellipse to the core data points.

Elliptic Envelope

“Isolates” observations by randomly splitting values and performing recursive
partitioning. The path length, a measure of normality in the decision function, is Isolation Forest
determined by the number of splits needed to isolate a sample.

Determines the degree of outlierness of the data by computing a score known as the local
outlier factor. It calculates a data point’s local density deviance in relation to its neighbors.

Local Outlier Factor

2.3. Modeling, Evaluation, and Prediction

In the second phase of this investigation, the output of the previous step was used
to generate the mechanical status feature, which is referred to as Class A, B, and C
(Table 2), and incorporated into the input dataset. We used exploratory data analy-
sis and feature importance (FI) to observe the distribution of instances and features
(Supplementary Materials—Figure S1 and Tables S2 and S3).

Table 2. Generation of a mechanical status feature, based on the features amber warning lamp, red
stop lamp, and anomaly. Class A—no maintenance required; Class B—maintenance required; Class
C—urgent maintenance required.

Amber Warning Lamp  Red Stop Lamp Anomaly Instances Class
no no no 8430 A
yes no no 3623 B
no yes no 19 C
yes yes no 7 C
no no yes 65 B
yes no yes 68 A
no yes yes 0 A
yes yes yes 0 B

Due to the significant discrepancy in the number of instances between categories
within the feature class, we decided to construct a small balanced test set, resulting in a ratio
of training to test datasets of 9.9:0.1 (Supplementary Materials—Table S4). We balanced the
instances from the training dataset by oversampling using the SMOTE technique, resulting
in 8498 instances for each feature class.

Once the necessary test and training datasets were obtained and appropriately bal-
anced, eight supervised learning classification algorithm groups (Table 3) served as the
basis for this investigation.

The database had to be subjected to 25 popular predictive analysis algorithms in their
default configuration in the Python v. 3.8 programming language [35] to determine the best
models for each group, as it is impossible to predict how well the algorithms will perform
(Supplementary Materials—Table S5).
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Table 3. Main categories of models that can be applied to classification analysis in supervised machine
learning. Groups 1-8 were provided by the scikit-learn module in Python.

Description Model Group
A linear combination of the attributes is anticipated to be the target value. Linear Methods 1
Classifiers that have closed-form solutions that are easy to compute, are inherently Discriminant 5
multiclass, and have no hyperparameters to tune. Analysis
The decision function benefits from using a subset of training points in high-dimensional
) A T SVM 3
spaces. The choice of kernel function is likewise open to the individual.
Known as nonparametric and non-generalizing machine learning techniques, the
. . . . K nearest
Euclidean distance, or the separation between the new location and the samples under . 4
. o Neighbors
study, serves as the foundation for the prediction.
Algorithms that use the Bayes theorem with the “naive” presumption that, given the .
. . e o . Naive Bayes 5
value of the class variable, each pair of characteristics is conditionally independent.
A i i h that 1 isi 1 f .
nonp’arametrlc supervised approach that learns decision rules to forecast a target Decision Tree 6
feature’s value.
The generality and ruggedness of the final model can be improved via a single estimator Ensemble -

by combining the outputs of many estimators through a learning process.

One or more nonlinear (hidden) layers that may train and run nonlinear models in real ~ Artificial Neural

time may be included in the input and output layers. Network

According to Pedregosa et al. (2011) [36], these algorithms are mainly based on the
scikit-learning library, namely: linear methods, discriminant analysis, SVM, K nearest
neighbors, naive Bayes, decision trees, ensembled methods, and artificial neural networks.
From the group of linear methods, the following algorithms were used: logistic regression,
passive aggressive classifier, perceptron, ridge, and stochastic gradient descent. This group
has an equation with a typical linear combination of characteristics as a target value,
according to mathematical logic. In the second group, discriminant analysis, the linear
discriminant analysis and quadratic discriminant analysis algorithms were used to identify
a criterion that discriminates between data classes.

From the third group, SVM, the SVM linear kernel, and SVM rbf kernel algorithms
were used to find a decision boundary (or hyperplane) capable of effectively separating
the different data classes. In the fourth group, K nearest neighbors, the idea is to forecast
the outcome based on the outcomes of a predefined number of training samples that are
closest to the new data point. In this paper, the nearest centroid and K nearest neighbors
algorithms were used.

In the fifth group, naive Bayes was used, making it a group of classification algorithms
based on Bayes’ theorem with the simplifying assumption that the predictor variables (fea-
tures) are independent of each other. In this paper, the Bernoulli naive Bayes, complement
naive Bayes, Gaussian naive Bayes, and multinomial naive Bayes algorithms were used.
For the group of decision tree methods, the CART algorithm was used, which applies
nonparametric learning for both regression and classification, using simple decision rules
and inferring values for the target variable.

From the seventh group, ensemble methods, AdaBoost, CatBoost, light gradient
boosting, extreme gradient boosting, histogram-based gradient boosting, gradient boosting,
and Random Forest were used. In this method, different algorithms are used to combine
the results of different predictions to improve the generalizability and reduce the variance
of the model. For the artificial neural network method group, the algorithms of multilayer
perceptron with 1 layer and multilayer perceptron with 2 layers were used, which are
inspired by how the human brain works and are made up of layers of units called neurons.



AgriEngineering 2025, 7,97

6 of 16

To create the tuned model (Supplementary Materials—Table S6), we selected models
with a Matthews Correlation Coefficient (MCC) greater than 0.85 and adjusted the hyper-
parameters using the Optuna framework [37]. Voting and stacking ensemble approaches
(using meta-learning logistic regression, nearest neighbors, and Random Forest) were used
to combine the selected models.

Using the test and training datasets, the following metrics were used to assess the
models’ performance: Fl-score (F1), recall (Rec), precision (Prec), accuracy (Acc), and MCC.
To provide a thorough overview of the predictions, we applied the finished model to the test
dataset (Supplementary Materials—Table S7). To explore how the model features affected
the prediction results, we used the Shapley Additive exPlanations (SHAP) approach [38].

Figure 1 shows the general framework of the procedure.

Ve

Remove missing data and outliers

Data wrangling |

Handle noise values

Data processing
A

Input dataset

(" v
| Anomalous data detection |

[ Generation of class feature |

Anomaly Detection
N

SMOTE
A4
Balanced EvExE) Balanced
on . “« Model >
= < train dataset ode test dataset
g hyperparameters
o adjustment
p=
~ |
~ ' i

| Train performance Test performance

Evaluation
A

€

Final Model

Prediction

Figure 1. Flowchart illustrating the steps taken to develop the model for predicting harvester

maintenance in harvesting operations.

3. Results
3.1. Modeling in Default Mode

The ensemble and decision tree groups of algorithms produced the best results for
the mean between the training and test datasets (Table 4). The Random Forest and CART

models showed the best performance, with a higher value for MCC, Acc, Prec, Rec, and F1
(Table 5).
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Table 4. Performance by group of algorithms, analyzing the mean between the training and test
datasets through the metrics Fl-score (F1), Recall (Rec), Precision (Prec), Accuracy (Acc), and
Matthews Correlation Coefficient (MCC).

Group F1 Rec Prec Acc MCC
Linear Methods 0.52 0.57 0.64 0.57 0.37
Discriminant Analysis 0.74 0.76 0.76 0.74 0.63
SVM 0.52 0.61 0.65 0.57 0.42
K Nearest Neighbors 0.74 0.76 0.77 0.73 0.63
Naive Bayes 0.50 0.58 0.68 0.60 0.42
Decision Tree 0.90 0.90 0.90 0.90 0.86
Ensemble 0.80 0.81 0.81 0.80 0.71
Artificial Neural Network 0.69 0.73 0.77 0.70 0.61

Table 5. Best models for each model group, analyzing the mean between the training and test
datasets through the metrics F1-score (F1), recall (Rec), precision (Prec), accuracy (Acc), and Matthews
Correlation Coefficient (MCC).

Group Model F1 Rec Prec Acc MCC
1 Ridge 075 076 076 075 0.64
2 Linear Discriminant Analysis 075 076 076 074 0.63
3 SVM rbf Kernel 056 065 0.68 0.60 0.49
4 K Nearest Neighbors 076 079 082 0.76 0.69
5 Multinomial Naive Bayes 072 073 074 072 0.59
6 CART 090 090 090 0.90 0.86
7 Random Forest 093 093 093 093 0.90
8 Multilayer Perceptron with 2 Layers 072 075 078  0.72 0.63

3.2. Tuned Model and Combined Models

The best default models (Random Forest and CART) were used to generate the tuned
models after the hyperparameter adjustment process, but the performance of the models
did not improve.

The voting and stacking method paired with the default models produced results
that were comparable to those of the model based on Random Forest, as evidenced by the
higher values of the metrics MCC, Acc, Prec, Rec, and F1 (Table 6).

Table 6. Performance of default models and combined models using Fl-score (F1), recall (Rec),
precision (Prec), accuracy (Acc), and Matthews Correlation Coefficient (MCC) metrics.

F1 Rec Prec Acc MCC Mode Meta Learning Final Model

0.933 0.933 0.933 0.933 0.900 Default Not applicable Random Forest
0.905 0.905 0.905 0.905 0.857 Default Not applicable CART

0.923 0.923 0.928 0.923 0.888 Voting Not applicable CART x Random Forest
0.927 0.928 0.934 0.928 0.896 Stacking Nearest Neighbors CART x Random Forest
0.928 0.929 0.934 0.929 0.896 Stacking Random Forest CART x Random Forest
0.927 0.928 0.934 0.928 0.896 Stacking Random Forest Random Forest x CART
0.927 0.928 0.933 0.928 0.896 Stacking Logistic Regression Random Forest x CART
0.927 0.928 0.933 0.928 0.896 Stacking Nearest Neighbors Random Forest x CART
0.926 0.928 0.933 0.928 0.895 Stacking Logistic Regression CART x Random Forest

3.3. SHAP Dependence Analysis

To show the influence of the features in the best model (Random Forest, in default
mode), SHAP dependency analysis was used. The features that had the most influence on
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the model creation were found to be fuel rate, oil pressure, and intake manifold pressure
(Figure 2).

(a)
Fuel rate
Oil pressure
Intake manifold pressure
Battery potential
ECU temperature

Oil temperature

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Mean SHAP value (average impact on model output magnitude)

(b) High
Fuel rate @ oo oo . e oo oo o
Oil pressure o w% @oss co o :

2
Intake manifold pressure o S I S S
o
Battery potential ceel e feme E
S8

ECU temperature . @ e o 3 oo

Oil temperature -oson S
Low
-0.4 -0.2 0.0 0.2 0.4 0.6

SHAP value (impact on model output)

Figure 2. SHAP dependency analysis of the mechanical harvester features: (a) effect of each feature
(SHAP value) on model results and (b) effect of feature values on model results.

4. Discussion
4.1. Predictive Models

The results of this investigation showed that the decision tree and ensemble algorithms
performed better than the others. As shown in Table 5, this finding was particularly
pronounced for the Random Forest and CART algorithms. These algorithms have been used
effectively in many research projects, such as the study of variables affecting eucalyptus
growth and the identification of forest plantation species [39,40]. In addition, the Random
Forest algorithm continues to be improved [41].

Random Forest and CART algorithms are known to perform well in a wide range
of machine learning tasks. The CART algorithm generates a decision tree that is easy to
visualize and interpret, where each decision node attempts to partition the data based
on the attributes that maximize data separation. The process of splitting the data into
more homogeneous nodes allows the model to be highly adaptive and capture nonlinear
relationships in the data, and it does not require normalization of the attributes. Using
random selections of data and attributes, the Random Forest method merges many decision
trees, improving the generalizability of the model and overcoming many of the limitations
of individual trees, such as overfitting and increased variance. Because of its ensemble
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nature, Random Forest is also more robust to outliers, preventing irrelevant attributes from
dominating the process.

After hyperparameter adjustments through the Optuna framework, it was found that
the tuned process did not show the best performance for either model. Therefore, the
default models were selected for the combined model process. The performance of the
combined models, either by voting or stacking ensemble, did not outperform the default
Random Forest model, as shown in Table 6. Finally, the default Random Forest model was
selected as the final model because it had the highest values for all the metrics used.

Two prerequisites for developing a strong machine learning model that ensures high
prediction performance were met in our study: access to a cloud and web infrastructure
for installing software solutions and trained models, and a large experimental dataset for
training [42].

4.2. Features and Their Effect on the Predictive Model

Predicting the mechanical status of the harvester was significantly aided by each
feature included in the data (fuel rate, oil pressure, intake manifold pressure, battery
potential, ECU temperature, and oil temperature). Figure 2a illustrates how these features
affected the final model using the SHAP approach.

Looking at the features of fuel rate and manifold pressure, it is evident that high values
have a significant negative impact on the predictive model, while oil pressure has a positive
impact on the predictive model, as shown in Figure 2b.

There is a direct correlation between the energy required and the resulting fuel con-
sumption, as reported by ref. [43]. Therefore, by monitoring the fuel consumption rate, we
can determine the efficiency of the machines in different operations [44].

Engine oil pressure is often one of the most important factors in engine functioning,
as low pressure can cause engine damage [45]. In addition, high engine speeds cause an
increase in the amount of oil pumped into the engine, and if the pressure in the system
exceeds a nominal value, there is a pressure limitation in the pump, which can lead to
instability of the engine oil pressure and fuel rate consumption [46,47].

Intake manifold pressure is directly related to several categories of engine operating
conditions. Within the engine, intake manifold pressure is crucial and works in tandem with
the Engine Management System (EMS). The EMS, in turn, modifies the air—fuel mixture
based on engine speed according to feedback from the oxygen sensor. Intake manifold
pressure failures have been shown to result in a decrease in engine efficiency, accompanied
by changes in power and fuel consumption [48,49]. In addition, the use of intake manifold
turbulence with different vane angles has a significant effect on engine performance, which
can result in losses of 22% or gains of 12% [50].

Although oil temperature has a small effect on model output, as shown in Figure 2b, it
has a direct effect on fuel consumption by minimizing friction in engine components when
kept within an optimal and controlled temperature range [51].

Using these six features, battery potential, ECU temperature, fuel rate, intake manifold
pressure, oil temperature, and oil pressure, the models presented in Table 4 were able to
achieve high predictive performance, demonstrating that these features are a good option
for generating a maintenance prediction model.

By providing local and global explanations of the attributes studied, SHAP analysis
has been used in various research areas, providing important considerations for its use and
demonstrating the effects of various attributes on predictive models [52,53]. Therefore, the
SHAP values show that all of the attributes used contribute significantly to the modeling
result, with a greater emphasis on the attributes of fuel rate, oil pressure, and intake
manifold pressure. Like Basu et al. (2022) [54], our study used SHAP analysis to make
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complex and nonlinear “black box” machine learning models interpretable, discover the
most important attributes, and thus increase the reliability of the generated models. SHAP
analysis is based on game theory and uses additive feature imputation, which is a linear
addition of input attributes and satisfies the requirements of local precision, absence, and
consistency [55].

It can be concluded that the most sensitive features in this context are fuel rate, intake
manifold pressure, and oil pressure. Any significant change in these features will have
a noticeable effect on the prediction result. Conversely, the features ECU temperature,
battery potential, and oil temperature are less sensitive, resulting in small changes in the
predicted class.

In practice, one of the primary elements affecting harvesters’ productivity in planted
forests is mechanical availability, which is directly related to maintenance, whether predic-
tive, preventive, or corrective. This maintenance consists of the use of techniques to replace
or repair parts in order to allow the continuity of the forestry activity [56,57].

Unplanned downtime caused by inadequate maintenance scheduling reduces pro-
duction capacity and can increase costs. Similarly, models that produce significant false
positives can lead the forest manager to schedule excessive and unnecessary preventive
maintenance, reducing the mechanical availability and productivity of the harvester [58,59].
For example, research by ref. [60] using an automated CTL system in Russia showed that
improper harvester maintenance can result in significant operational and financial losses.
These authors showed that prompt replacement of worn-out rollers may reduce fuel use by
5% and increase output by 2%, while better maintenance of harvester delimbing knives can
reduce the rejection rate of industrial round-wood by 5%.

On the other hand, ref. [61] showed that the use of diagnostic software in predictive
maintenance reduced machine repair time by 88% and maintenance costs by 93%. It also
reduced downtime, allowing for greater machine availability in the field. The greatest way
to reduce malfunctions and downtime expenses is to optimize the preventive maintenance
schedule. In the study by ref. [62], they optimized preventive maintenance based on a fault
tree-Bayesian network algorithm. The method proved to be a helpful tool; for an unstable
machine, it reduced the operating time by about 31%, although it increased the white sugar
losses by 11.85%.

In order to broaden this discussion, it is important to emphasize that the subject of
“maintenance of forestry machines” in mechanized timber harvesting has been studied
in the literature from several angles, such as productivity, operating time, operational
efficiency, total cost, machine availability, and machine replacement models, as we discuss
in the following paragraphs.

Lopes et al. (2014) [63] studied the impact of different wheel types on the productivity
and cost of Pinus taeda timber extraction, highlighting the significant machine downtime
due to preventive and corrective maintenance, movement between stands, and refueling.
This resulted in an average operating efficiency of 61.6%. Santos et al. (2017) [64] found
that maintenance and repairs accounted for the highest cost (60.21%) of logging and
wood processing activities performed by harvesters in Eucalyptus plantations. Leite et al.
(2013) [65] reported that maintenance and repairs accounted for 40.0% of the total costs,
while Fernandes et al. (2013) [66] found that maintenance and component costs accounted
for 49.0% of the total costs.

Fiedler et al. (2017) [67] conducted an analysis of harvesting operations in a Eucalyptus
plantation. They focused on the distribution of operating time, productivity, efficiency, and
machine availability. The study showed that the most significant unproductive time was
due to waiting for missing components, with the highest concentration of maintenance
activities observed in the machines. In addition, the forwarder showed higher mechanical
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availability (82.31%) and productivity (51.33 m?3 h~1), while the harvester performed better
in terms of utilization (85.01%) and operational efficiency (66.41%).

Diniz et al. (2019) [68] and Diniz et al. (2020) [69] investigated the implementation of
World-Class Maintenance (WCM) in forestry machines used to harvest Eucalyptus grandis
and Pinus taeda, with the aim of reducing production costs. The studies showed improve-
ments of a 60% decrease in hydraulic oil usage and an increase in the mechanical availability
of cutting and skidding equipment. The average time between failures increased from
31.59 h in the implementation phase to 37.01 h in the stabilization phase. Although the
mean time to repair for the skidder and the harvester increased by 25.9% and 18.9%, re-
spectively, this demonstrated that the quality of the maintenance service had improved. In
addition, the proactive index of the machines increased by 31%, resulting in a 9% decrease
in maintenance expenses between the stabilization and deployment stages.

Cantt et al. (2017) [70] examined machine replacement models for forest harvest-
ing in remote areas of eastern Canada and discovered that the inclusion of precise cost
estimates, uncertainty, scheduled inspections, and preventative maintenance techniques
might enhance these models. However, they found that many companies do not use even
basic models, such as those based on cost analysis. The authors suggested that replacing a
particular component or the machine at the suggested time may be the best course of action
(such as the undercarriage or processing head) to extend the life of the machine, which
would raise the average age at which machines need to be replaced to 6.6 years.

Bassoli et al. (2020) [71] evaluated the optimal replacement time for forestry har-
vesting machines using the Equivalent Annual Cost (EAC) method and found that the
optimal replacement time begins in the fourth year of the machine’s life. The expenses
of component replacement and maintenance were the primary determinants of this out-
come. Rodrigues et al. (2024) [72] also studied optimal replacement methods for harvesters
and recommended the use of both the EAC and the chain replacement method, which
considers machine cost and revenue variables. According to this approach, the ideal re-
placement period is seven to eight years, which is in line with what companies in the forest
industry do.

4.3. Harvester Maintenance Prediction Tool

The finished model is available for download and use at https://github.com/
AlmeidaRO/ML_Tools (accessed on 29 January 2025). For ease of use by the average
user, a remotely accessible web application (Figure 3) based on Streamlit is also available
in the GitHub source [73]. Data science and machine learning are the main applications
of Streamlit, a Python-based framework for building web applications. It allows users to
easily and quickly build web applications using Python scripts [74].

To use the application, the user is required to input 10 data samples of each feature
(battery potential, ECU temperature, fuel rate, intake manifold pressure, oil temperature,
and oil pressure) and enter these values into the corresponding fields (periods) to calculate
the total amount of maintenance status (status ratio). The user is then required to set a
value (percentage) for minimum status A (no maintenance required), maximum status
B (maintenance required), and maximum status C (urgent maintenance required) in the
adjustable cut-off point section, thereby adjusting the maintenance requirement to the
user’s desired specifications (Figure 4).
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Feature adjustments

ECU temp (°C) fuel rate (L/h) IMP (bar) oil pressure (bar) oil temperature (°C) battery potential (V) 5
period 1
® 3:5x<9 ® 4<x<19 ® 192=x<223 ® 83<x<86 ® 26<x<26

9sx<16 195x<34 235x<254 2%6<x<26 Status: A

16=x<23 34<=x<49 254<x<285 26=x<27

23=x<30 49=x<64 285<x<316 < 27=x<27

30<x<37 64<x<80 316=x<348 27<x<28

ECU temp (°C) fuel rate (L/h) IMP (bar) oil pressure (bar) oil temperature (°C) battery potential (V) 5
) period 2
® 41<x<51 < < 192<x<223 83<x<86 ® 26<x<26
51<x<62 <x< 223sx<254 86<x<90 26<x<26 Status: B
® l6<x<23 <x<d9 ® 254<x<285 ® 90<x<93 26<x<27
23<x<30 49<x<64 285<x<316 Mex<27
30=x<37 64<x<80 316=x<348 27=x<28

ECU temp (°C) fuel rate (L/h) IMP (bar) ol pressure (bar) oil temperature (°C) battery potential (V) q
period 10
41=x<51 3=x<9 ® 4<x<19 192<x<223 83=x<86 26=x<26

51sx<62 =x<16 223<x<254 ® 86<x<90 26=x<26 Status: C
® 62<x<72 ® 16=x<23 < ® 254<x<285 90=x<93 26=x<27

T2=x<83 23=x<30 285<x<316 93=x<97 2T=x<27

83=x<94 30=x<37 =x< 316=x<348 97<x<101 ® 27=x<28

Status ratio Adjustable cutoff Recommendation

Min status A

A I[N 80%

maintenance required

30
B: | | I | 10% Max status B

[}

G 10% Max status C

Figure 3. Harvester Maintenance Predictor, an easy-to-use online tool.

Status ratio Adjusted cutoff
Sample 1 —{ Predicted Status 1 | Status A% [ X
Status B% Y
| Sample 10 —{ Predicted Status 10 | [ Status C% (Z)
Possible results Recommendation
AzX,BsYandC=<Z no maintenance required
AzX,B=sYandC>Z urgent maintenance required

Az2X,B>YandC=<Z
A=X,B>YandC>Z ‘ urgent maintenance required
A<X,BsYandC=<2Z

A<X,BsYandC>Z urgent maintenance required
A<X,B>YandC<Z
A<X,B>YandC>Z urgent maintenance required

Figure 4. Possible recommendations from the Harvester Maintenance Predictor.

5. Conclusions

The use of machine learning methods to predict the mechanical maintenance status of
harvesters showed satisfactory results, successfully achieving the objective of developing
an accurate model for this prediction.

The anomaly detection analysis is critical for generating the mechanical status feature
that enables modeling for data classification. Although combination models perform well,
the Random Forest model performs better in the default mode.



AgriEngineering 2025, 7, 97 13 of 16

The generated model enables the creation of a harvester maintenance prediction tool,
with an interactive dashboard that provides a quick view of mechanical status to help forest
managers make informed decisions.

Although the model created to predict harvester maintenance shows satisfactory
results, some limitations of this study should be considered. Other datasets from other
forest companies and other mechanized harvesting systems were not tested and could be
useful in developing new powerful models to accurately predict harvester maintenance
using machine learning.

It is recommended that further research be conducted to evaluate and compare the
effectiveness of the harvester maintenance prediction tool with the methods currently used
by forest companies. In addition, consideration should be given to incorporating additional
sensor data or extending the tool’s predictive capabilities to other aspects of harvester
performance to better predict harvester maintenance.

Supplementary Materials: The following supporting information can be downloaded at https:
/ /www.mdpi.com/article/10.3390/agriengineering7040097 /s1. Table S1: Process of identifying
irregularities (anomaly data) in the initial dataset; Figure S1: Data profiling based on classes for the
features; Table S2: Main information of the mechanical features dataset: min, mean, max, standard
deviation, and variation, by class, amber warning lamp, red stop lamp, and anomaly features;
Table S3: Feature information procedure used on the mechanical features dataset; Table S4: Number
of instances present in the initial, training, and balanced test datasets; Table S5: Models’” predictive
performance (in default mode) on test and train datasets; Table S6: Hyperparameter optimization
with the Optuna framework; Table S7: Prediction performed by the default Random Forest model on
the test dataset.
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