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Abstract: The plywood industry is one of the most significant sub-sectors of the forestry
industry and serves as a cornerstone of sustainable construction within a bioeconomy
framework. Plywood is a panel composed of multiple layers of wood sheets bonded
together. While automation and process monitoring have played a crucial role in improving
efficiency, data-driven decision-making remains underutilized in the industrial sector.
Many industrial processes continue to rely heavily on the expertise of operators rather
than on data analytics. However, advancements in data storage capabilities and the
availability of high-speed computing have paved the way for data-driven algorithms that
can support real-time decision-making. Due to the biological nature of wood and the
numerous variables involved, managing manufacturing operations is inherently complex.
The multitude of process variables, and the presence of non-linear physical phenomena
make it challenging to develop accurate and robust analytical predictive models. As a
result, data-driven approaches—particularly Artificial Intelligence (Al)—have emerged
as highly promising modeling techniques. Leveraging industrial data and exploring
the application of Al algorithms, particularly Machine Learning (ML), to predict key
performance indicators (KPIs) in process plants represent a novel and expansive field of
study. The processing of industrial data and the evaluation of Al algorithms best suited for
plywood manufacturing remain key areas of research. This study explores the application
of supervised Machine Learning (ML) algorithms in monitoring key process variables
to enhance quality control in veneers and plywood production. The analysis included
Random Forest, XGBoost, K-Nearest Neighbors (KNN), Support Vector Machine (SVM),
Lasso, and Logistic Regression. An initial dataset comprising 49 variables related to the
maceration, peeling, and drying processes was refined to 30 variables using correlation
analysis and Lasso variable selection. The final dataset, encompassing 13,690 records,
categorized into 9520 low-quality labels and 4170 high-quality labels. The evaluation
of classification algorithms revealed significant performance differences; Random Forest
reached the highest accuracy of 0.76, closely followed by XGBoost. K-Nearest Neighbors
(KNN) demonstrated notable precision, while Support Vector Machine (SVM) exhibited
high precision but low recall. Lasso and Logistic Regression showed comparatively lower
performance metrics. These results highlight the importance of selecting algorithms tailored
to the specific characteristics of the dataset to optimize model effectiveness. The study
highlights the critical role of Al-driven insights in improving operational efficiency and
product quality in veneer and plywood manufacturing, paving the way for enhanced
industrial competitiveness.
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1. Introduction

The process industry, spanning petrochemicals, pharmaceuticals, food production,
and materials manufacturing, relies on precise control of parameters like temperature,
pressure, and chemical composition for quality and efficiency [1]. Increasing complexity
challenges traditional methods, which lack real-time, high-resolution data essential for
Machine Learning (ML) optimization [2]. While the Industrial Internet of Things (IoT)
expands data generation, it also raises concerns about integrity and noise filtering [3].
Solutions include advanced sensors, ML for predictive maintenance, and standardized
calibration protocols [4,5].

The plywood industry is one of the most significant industrial process sub-sectors
of the forestry industry. Plywood is a panel composed of multiple layers of wood sheets
bonded together, primarily produced for the furniture and construction industries (Figure 1).
While automation and process monitoring have played a crucial role in improving efficiency,
data-driven decision-making remains underutilized in the industrial sector. However,
advancements in data storage capabilities and the availability of high-speed computing
have paved the way for data-driven algorithms that can support real-time decision-making.
The inherent variability of wood, the multitude of process variables, and the presence of non-
linear physical phenomena make it challenging to develop accurate and robust analytical
predictive models. As a result, data-driven approaches—particularly Al—have emerged
as highly promising modeling techniques, leveraging industrial data and exploring the
application of Al algorithms, particularly ML.

Figure 1. Plywood panels (https://mx.arauco.com/c/products/ct-triplay /br-arply, accessed on
1 March 2025).

Plywood panels are valued for their esthetic appeal, lightweight structure, strength, di-
mensional stability, acoustic insulation, and low thermal conductivity [6]. However, wood’s
heterogeneous composition, including cellulose, hemicellulose, lignin, and extractives, is
unevenly distributed, especially in softwoods like pine [7]. Additionally, wood’s anisotropy
and hygroscopic nature lead to dimensional changes, complicating manufacturing and
quality control [8].

1.1. Description of the Plywood Production Process

Plywood production consists of several key stages—maceration, peeling, drying, bond-
ing, assembly, and pressing—which will be detailed in the next sections (Figures 2 and 3).
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Figure 2. Plywood process.

Figure 3. An industrial drying and transfer line (www.raute.com/lines-and-machines/lines/veneer-
drying/veneer-drying-line-r7/, accessed on 1 March 2025).

1.1.1. Maceration

The production of Pinus radiata plywood begins with debarking freshly harvested
logs to ensure a clean surface [9]. The logs are then soaked in water or exposed to steam
to soften the wood fibers, reduce hardness, and minimize cracking during peeling or
laminating [10]. This process enhances veneer elasticity and surface quality [9,10]. It is
carried out in tunnels with a capacity of approximately 180 m3, receiving logs from an
irrigation area. Key variables are outlined in Table 1.

Table 1. Critical factors influencing maceration quality in wood processing [11].

Variable Impact on Quality
Elevated temperatures during the maceration improve wood fiber softening
Temperature and adhesion, but excessive heat may degrade fibers, weakening structural
integrity and visual quality.
Time Longer maceration enhances fiber softening and adhesion, but excessive

durations can lead to fiber breakdown, compromising structure and esthetics.

Intrinsic variable of wood

Uniform, defect-free wood improves maceration results, while defects like
knots or cracks increase veneer flaws and reduce structural integrity.

Reproduction with permission from Thays Duarte, Thesis: Use of Machine Learning Techniques to Predict the
Quality of Plywood Boards, Professional Qualification, published by Universidad del Bio-Bio, Chile, in 2023.

1.1.2. Peeling

The peeling process uses a lathe to rotate logs against a cutting blade, producing
continuous veneers of specified dimensions [9]. These veneers are cut, inspected, and
trimmed to remove defects such as knots or cracks, ensuring quality. Optimized for
softwoods, the process employs stepped transport systems and sensors to enhance material
utilization [11,12]. Rotary cutters shape veneers to precise specifications while minimizing
flaws. Key variables are shown in Table 2.
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Table 2. Key factors and peeling variables affecting veneer quality, according to [11].

Variable

Impact on Quality

Rotation speed

Ensures uniform cuts and minimizes defects. Excessive speeds cause tear-out; low
speeds lead to poor peeling and adhesion.

Knife angle

Optimal angles create clean cuts and uniform thickness. Incorrect angles result in
tearing and uneven surfaces.

Feed rate

Consistent feed rates prevent defects. High feed rates cause roughness; low rates
lead to overheating and degradation.

Knife position

Proper positioning ensures uniform thickness. Too deep positioning damages
fibers; too shallow causes poor peeling.

Density

High-density woods improve strength and cut quality, while low-density woods
increase defects and reduce integrity.

Initial temperature

Preheating softens fibers for smoother cuts and better bonding. Low temperatures
cause rigidity and defects.

Reproduction with permission from Thays Duarte, Thesis: Use of Machine Learning Techniques to Predict the
Quality of Plywood Boards, Professional Qualification, published by Universidad del Bio-Bio, Chile, in 2023.

1.1.3. Drying

Freshly cut veneers are dried in rotary dryers or kilns to reduce moisture content, en-
suring proper bonding during lamination and preventing defects like warping or cracking
from over-drying [13]. This process improves adhesive compatibility and ensures strength
and dimensional stability, with an optimal moisture content below 7% [9,13,14]. Drying is
energy-intensive, accounting for 70% of thermal energy and 60% of total energy in plywood
production [6]. Key variables are outlined in Table 3.

Table 3. Influence of drying parameters on plywood quality, according to [11,15,16].

Variable Impact on Quality
Optimal drying temperatures remove moisture effectively, preventing defects like
Temperature warping and splitting. Excessive heat causes fiber degradation, while low

temperatures may leave residual moisture.

Initial humidity

High moisture levels cause uneven drying, while low moisture content leads to
rapid drying, damaging fibers and weakening adhesion. Optimal moisture content
ensures uniform drying and reduces defects.

Vent layout

Proper veneer arrangement ensures uniform airflow and heat distribution,
reducing defects. Improper layout causes uneven drying, leading to compromised
structural integrity and visual quality.

Feed rate

An optimal feed rate ensures consistent airflow and temperature, preventing
defects. Too high a rate leads to insufficient drying, while too slow a rate causes
over-drying and fiber degradation.

Air speed

Proper air speed ensures efficient moisture removal and uniform drying, reducing
defects. Excessive air speed causes fiber damage, while insufficient air speed leads
to uneven drying and structural issues.

1.1.4. Bonding

After drying, veneers are coated with adhesives like urea-formaldehyde or phenol-
formaldehyde using roller gluing machines for precise dosage control [9]. The veneers,
sourced from dry storage in varying sizes (203 cm x 97.6 or 97.6 x 203 cm), are arranged in
an interleaved pattern to meet quality and thickness standards [10]. Proper alignment and
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adhesion during assembly ensure high-quality plywood panels [11]. Key process variables
are summarized in Table 4.

Table 4. Critical parameters for optimizing adhesive performance.

Variable Impact on Quality
Ensures proper penetration into wood fibers, improving mechanical strength. Insufficient
Adhesive flow flow weakens bonds and risks delamination; excessive flow causes uneven glue

distribution and reduced panel strength [9].

Sheet metal temperature

Low temperatures hinder adhesive flow and penetration, weakening bonds. High
temperatures cause premature curing, leading to uneven distribution and reduced
adhesion strength [10].

Assembly time

Short times prevent proper adhesive wetting, weakening bonds, while long times cause
premature drying, reducing effectiveness. Optimal timing ensures strong bonds and
structural integrity [9].

Open timeout

Short open times limit adhesive spread, while long times cause premature drying,
weakening bonds. Proper timing ensures effective adhesion [11].

Relative humidity

High humidity weakens bonds and risks delamination, while low humidity causes rapid
adhesive drying, reducing fiber penetration. Optimal control improves durability [10].

Room temperature

Low temperatures hinder curing, weakening bonds, while high temperatures accelerate
curing, reducing working time and causing uneven distribution. Optimal temperature
ensures quality adhesion [11].

1.1.5. Assembly, Pre-Pressing and Pressing

After adhesive application, veneers are arranged in a “lay-up” sequence, alternat-
ing grain direction to enhance strength and stability [17]. The arrangement undergoes
pre-pressing, where cold pressure consolidates the layers, ensuring uniform adhesive
distribution for the main pressing stage [11]. Pressing is critical for final bonding, with
temperature, pressure, and time as key variables. Typical conditions include high pres-
sure (~12.5 bar) and temperature (~138 °C), optimizing the adhesive setting. Curing,
traditionally at 100 °C for 2 min, is now conducted often at 120 °C for 7 min to improve
efficiency [9-11]. Key process variables are detailed in Table 5.

Table 5. Assembly, pre-pressing and pressing variables.

Variable

Impact on Quality

Pre-pressing time

Adequate pre-pressing time ensures even adhesive distribution. Too little or too much
time can weaken bonds [9].

Open wait time

A short open wait time prevents tack development, while long wait causes premature
drying, increasing delamination risk [10].

Closed wait time

A short-closed wait time leads to uneven adhesive distribution; long wait causes
premature setting, reducing effectiveness [9].

Press cycle time

Insufficient press time can result in incomplete adhesive curing, leading to weak bonds.
Excessive press time can cause over-compression, reducing panel thickness and
affecting mechanical properties [11].

Press cycle by pressure

Adequate pressure ensures proper adhesive flow and bonding between layers.
Insufficient pressure may lead to weak adhesion, while excessive pressure can damage
the veneers, compromising structural integrity [10].

Dish position

Proper dish positioning ensures even pressure distribution across the assembly.
Misalignment can lead to uneven pressure application, resulting in defects such as
warping, delamination, or reduced structural integrity [10].
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Table 5. Cont.

Variable

Impact on Quality

Plate temperature

Optimal temperature activates adhesive. Low temperatures hinder viscosity; high
temperatures degrade adhesive [11].

Pressing pressure

Adequate pressure ensures uniform contact and optimal adhesive distribution;
excessive pressure damages veneers [11].

Actual thickness of board
in press

Proper thickness ensures even pressure distribution for optimal adhesion. If the board
is too thick, it may not receive enough pressure, causing weak bonding. If too thin,
excessive pressure can damage veneers or result in uneven adhesive curing [10].

Nominal thickness

Maintaining the specified nominal thickness ensures uniform pressure distribution
during pressing, while variations can lead to weak joints and uneven adhesive curing,
affecting visual quality [11].

Post-pressing thickness

Post-pressing thickness must meet specified standards to ensure dimensional stability.
Inadequate thickness can lead to warping or weak joints, compromising durability and
bond strength [11].

1.1.6. Quality in Veneer and Plywood

Veneer quality is assessed using key performance indicators (KPIs) like moisture
content and visual quality. Moisture content, typically between 8 and 12%, is critical for
effective adhesive bonding and durability [18]. Visual quality, which includes color unifor-
mity, grain pattern, and defects such as knots or discoloration, impacts marketability [19]. It
is a primary KPI in plywood evaluation, covering surface defects, knot size, and grain align-
ment, all of which influence esthetics and structural integrity [20]. Ongoing monitoring is
essential for maintaining product quality and industry compliance.

1.2. Machine Learning Approach

ML techniques, a subset of Al enable capture, deployment, and intelligent analysis of
data through sensors in various applications, such as predictive maintenance of industrial
plants [21]. ML is utilized for the discovery of “hidden” knowledge from large volumes of
data, whether in the form of patterns, correlations, or anomalies, and it has the capability
to learn and adapt to new situations [4]. In an ML approach, the quality of the outcome
depends, among other factors, on the number of training examples and is restricted by
the type and behavior of the parameters or the interaction between response and control
factors [3]. Moreover, the ML approach offers greater precision in predicting future actions
and allows systems to learn from historical data, including both positive experiences and
false positives (erroneous conclusions) [21]. This approach involves modeling the generic
behavior of physical processes based on examples, thereby automatically concluding for
other situations. In Machine Learning, the choice of algorithm is highly dependent on
the nature of the problem, making multiple evaluations necessary. Figure 4 illustrates the
general framework for data processing using ML.

ML approaches can be classified into two main categories: unsupervised learning [22]
and supervised learning [23]. Unsupervised learning methods are employed to uncover
hidden structures within datasets, utilizing set analysis or clustering techniques to reveal
subgroups of subjects or objects based on their similarities [24]. By recognizing and
identifying these subgroups, data can be organized to achieve a better understanding,
improve efficiency, or both [25]. Supervised learning is a fundamental approach in ML,
where a model learns from a labeled dataset, where each training example is paired with
an output label [26]. The process involves feeding the algorithm with input-output pairs,
allowing it to iteratively adjust its internal parameters to minimize the difference between
its predicted outputs and the actual labels. This method proves especially effective when the
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connections between inputs and outputs are clearly established, and the data are abundant
and accurately labeled [27]. Among the supervised learning algorithms are the following:

| Understanding the problem and objectives

Data capture

| Definition of variables |

;4 Data reduction/normalization

Data sampling

v

v
Test data )
Creation of the Al model(s)

| Cleaning/completion

¥
Performance review/Objective
Evaluation of the model(s) >
change
v

Implementation of the model

Figure 4. IA and data approach framework.

1.3. Least Absolute Shrinkage and Selection Operator (LASSO)

LASSQ is a robust regression analysis technique that simultaneously performs variable
selection and regularization to enhance both the predictive accuracy and interpretability
of the resulting statistical model [28]. By incorporating a penalty equal to the absolute
values of the coefficients, LASSO effectively reduces some coefficients to exactly zero.
This process simplifies the model by retaining only the most significant predictors [29].
Through this shrinkage, LASSO automatically identifies the most important features, which
is particularly advantageous for datasets with many predictors. The inherent feature
selection capability of LASSO facilitates clearer model interpretation by establishing a more
direct relationship between input variables and predicted outcomes [30]. Additionally,
LASSO effectively addresses multicollinearity among predictor variables by selecting one
variable from a set of correlated variables while shrinking the others to zero. Consequently,
LASSO models tend to generalize better to new data, as the regularization technique
mitigates the risk of overfitting, especially in high-dimensional datasets [31]. The key
mathematical feature of LASSO is its ability to shrink coefficients and perform variable
selection simultaneously by applying an L1 regularization term to the loss function [32].
The LASSO optimization problem can be expressed as Formula (1):

P i—1

n p
min(zlnz (yi—xfﬁ)2+A];\ﬁj\> (1)

where y; represents the response variable, X; and  are the predictors, A is the regularization
parameter, and p is the number of predictors. The L1 penalty Zle

Bj| forces some of the
coefficients f; to be exactly zero when A is large enough, leading to sparse solutions.

1.4. K-Nearest Neighbors (kNN)

It is a non-parametric, instance-based learning approach that functions by locating the
‘k’ nearest neighbors in the feature space and determining the output based on majority
voting for classification or averaging for regression [33]. An advantage of kNN is its ease
of implementation and ability to handle multi-class classification without requiring prior
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assumptions. Common applications include pattern recognition, recommendation systems,
and image classification [34].

1.5. Support Vector Machines (SVMs)

It is an effective supervised learning algorithm that determines the optimal hyper-
plane to maximize separation of data points into distinct classes [35]. In cases when data
cannot be separated linearly, SVM applies kernel functions to map into higher-dimensional
spaces, enabling more complex decision boundaries [36]. A key advantage of SVM is its
effectiveness in managing high-dimensional data efficiently and its resilience to overfitting,
particularly when working with small datasets [37].

1.6. Random Forest

Random Forest operates by generating an ensemble of decision trees during train-
ing, where each tree represents a random subset of features and samples. The ultimate
prediction made by aggregating the results of these individual trees, either through vot-
ing (for classification) or averaging (for regression) [38]. This method reduces overfitting
and improves generalization due to the diversity among the trees. Key advantages of
Random Forest include its ability to handle large datasets with high dimensionality, its
robustness against noise, and its effectiveness in managing missing data [39]. Additionally,
Random Forest provides an internal measure of feature importance, which is valuable for
feature selection [40].

1.7. XGBoost

This is a powerful and adaptable approach to gradient-boosted decision trees designed
and optimized for computational efficiency [41]. XGBoost implements the gradient boosting
framework by sequentially building a series of decision trees, where each new tree aims to
reduce the errors of the previous trees. XGBoost can handle missing values by learning the
best direction when a value is missing, which is especially useful in real-world datasets
where missing values are common. XGBoost allows for custom objective functions, making
it highly flexible for various tasks beyond classification and regression, such as ranking
and user-defined metrics [42].

1.8. Logistic Regression

It is a commonly applied statistical approach for handling binary classification tasks,
in which the outcome is categorical, typically coded as 0 or 1 [43]. Unlike linear regression,
which models a continuous output, Logistic Regression predicts the probability of a binary
response using the logistic function. The function maps predicted values to probabilities
between 0 and 1, making it ideal for classification tasks. Its advantages include simplicity
and interpretability, offering a detailed understanding of the connections between predictor
variables and the outcome. Additionally, it is computationally efficient and performs well
on small to moderately sized datasets [44].

1.9. Machine Learning in Plywood Industry

The application of Al and ML tools in the plywood panel manufacturing industry
remains in its nascent stages. Urra and Ramos [45] utilized ML to predict adhesion under
industrial operating conditions during the gluing and pre-pressing stages of wooden
boards. They optimized cutting patterns for Pinus radiata D. Don trunks with defective
cylindrical cores using 3D technology. Gradov et al. [6] developed a continuous drying
model for wood veneers based on mass and energy balances to maximize process efficiency,
optimizing energy requirements through an ANOVA analysis. Lastly, Demir [46] employed
Artificial Neural Networks (ANNSs) to assess the impact of urea-formaldehyde resin filler on
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the bond strength of plywood panels. Finally, in a recently published study, Ramos et al. [8]
evaluated the performance of various ML algorithms for predicting the quality of the
veneer drying process, concluding that eXtreme Gradient Boosting achieved an accuracy of
76% in forecasting quality outcomes.

In this study, supervised algorithms were employed to predict the quality of industri-
ally processed Pinus radiata veneers.

The novelty of this article lies in the use of large-scale online industrial data combined
with Al to predict veneer quality. To date, no research has been conducted on predicting
quality in the panel and plywood manufacturing process. Leveraging industrial data and
exploring the application of Al algorithms—particularly ML—to forecast key performance
indicators (KPIs) in process plants represents an innovative approach.

2. Resources and Data Processing
2.1. Computational and ML Resources

An Asus computer equipped with an Intel Core i9-13900 KF processor with 32 cores, a
processing speed of 3.0 GHz, and 65 GB of RAM was utilized. Python (Version 3.12.6) (2024)
was employed for developing the algorithms used in data analysis [47]. The libraries employed
were Numpy (version 1.24.0), Scikit-Learn (version 1.1.3), Pandas (version 1.5.3), and Mat-
plotlib (version 3.6.3). The programming functions were train_test_split, cross_val_score, Min-
MaxScaler, classification_report, confusion_matrix, ConfusionMatrixDisplay, accuracy_score,
precision_score, recall_score, f1_score, and LabelEncoder.

Models were tuned with GridSearchCV of Scikit-Learn Library. GridSearchCV opti-
mizes a model’s hyperparameters using cross-validation, and it helps find the best combi-
nation of parameters without manual testing.

Data Model, Data Flow and Collection

The data were obtained from an industrial process for manufacturing Pinus radiata
plywood. The plant produces approximately 350,000 m® of plywood annually. The species
(Pinus radiata) sourced from the central-southern region of Chile [48]. The data from the
OPC server were collected and stored in a PI System®© (from AVEVA, Cambridge, UK)
server using the PI DataLink Excel add-in. Data captured from various sensors were
transmitted via PI System®© to a SQL database. The methodology follows the classical steps
of the ML framework (Figure 5).

[ Data source (sensors, machines, etc.) ]

Data collection (Manufacturing
Execution System: OPCand PI System)

~
Data storage (SQL database) ]—b[ External service (analysis) ]

y

~
Data processing ]

-

Machine learning model

\

Figure 5. Data model and data flow diagram for industrial data collection.
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2.2. Collected Variables

The industrial data of Pinus radiata veneers originate from three subprocesses: mac-
eration, peeling, and drying. It is important to emphasize that the measurement of the
variables listed in Table 6 is conducted in-line. The industrial data are collected through
sensors conveniently installed in each subprocess. The variables measured in this process

are presented below.

Table 6. Variables effectively measured to assess the quality of Pinus radiata veneers.

Variable Abbreviation Units Subprocess
Maceration temperature MT °C Maceration
Maceration time Mt h Maceration
Rotation speed Rs1 and Rs2 rpm Peeling
Knife angle Kal and Ka2 ° Peeling
Feed rate Frl and Fr2 m/min Peeling
Mantle temperature MT1 and MT2 °C Peeling
Horizontal opening of the lathe Hol and Ho2 mm Peeling
Linear meters veneer produced Lm1 and Lm2 m Peeling
Log diameter Lgl and Lg2 cm Peeling
Nominal thickness of veneer Ntl and Nt2 mm Peeling
Drying temperature DT151, DT152, DT153, DT181, DT182, °C Drying
DT183, DT241, DT242 and DT243
Moisture veneer MV151, MV152, MV153, MV181, MV182, % Drying
MV183, MV241, MV242 and MV243
Vapor pressure VP151, VP152, VP153, VP181, VP182, bar Drying
VP183, VP241, VP242 and VP243
Dryer speed Ds24 m/s Drying
Steam inlet temperature SiT24 °C Drying
Steam inlet pressure Sip24 °C Drying
Vent opening VO24 % Drying

A part of the database is shown in Table 7.

record.

Table 7. Example of dataset (some variables).

Each data line corresponds to a single

Horizontal

Log

. Maceration Rotation Knife Feed Mantle . . Nominal
TS M_le}icl(;reati:)n Temperature Speed Angle Rate Temperature Operilntghof the DlaLmleter Thickness
. °C Rsl, rpm Kal, ° Frl MT1, °C H athe 8 Nt1l, mm
ol, mm cm
2024-04-09
17-10:00 179 79.2 320 0.39 250 49 —0.45 51.8 2.55
2024-04-09
17-15:00 179 78.9 320 -0.5 250 49 —0.45 51.8 2.55
2024-04-09
17:20:00 17.9 78.8 320 —0.49 250 47 —0.45 55.2 2.55

Each row is collected at one specific time stamp (TS). Rows are identified by a quality
index of the veneer like 1: “high quality” or 0: “low quality”. The complete collected data
of 13,690 records are converted to a dataset. Table 7 presents an extract.

2.3. Data Preprocessing

First, data cleaning was carried out to remove outliers and missing values. Empty
(null) cells were filled with the values of the previous existing cells. The objective was to
replace null values with the nearest valid values of the same variable.
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Subsequently, data normalization was applied to ensure uniform scaling and weight-
ing throughout the analysis. Normalization was applied on the whole dataset. The normal-
ization process was carried out using Equation (2) [8]:

X — Xmin

—_— 2
Xinax — Xmin ( )

Xnorm =
where X;;0r, is the data normalized between 0 and 1, X is the data to be normalized, X,,,;,, is
the minimum value of the data, and Xj,;;, is the maximum value of the data.

The dataset, which includes maceration, peeling, and drying variables, originally
contained 49 variables. To reduce dimensionality, a correlation matrix was employed.
Correlation analysis is a fundamental statistical tool used to assess the relationship between
two quantitative variables. It plays a crucial role in identifying and quantifying the strength
and direction of associations between variables [49].

Correlation measures the extent and direction of a linear relationship between two
variables. A positive correlation indicates that as one variable increases, the other tends to
increase as well. Conversely, a negative correlation suggests that as one variable increases,
the other tends to decrease. If no correlation is present, the variables do not exhibit a clear
linear trend [26].

The Pearson correlation coefficient () is the most widely used metric for quantifying
the linear correlation between two variables. It is calculated using Equation (3) [49]:

- Yy (%) = (vi—v)
VEL (v = 0P (v - 9)°

where x; and y; are the individual values of the variables x and y, respectively, and % and y

)

are the means of x and y.

The coefficient r takes values between —1 and 1. A value of r=1 indicates a perfect
positive correlation, r = —1 a perfect negative correlation, and r = 0 suggests no linear
correlation. The magnitude of the correlation coefficient indicates the strength of the
relationship between variables. Values close to 1 or —1 indicate strong relationships, while
values close to 0 indicate weak or nonexistent relationships. It is important to note that r
only measures linear relationships and does not imply causality between variables.

The variable reduction process was applied to a dataset constructed from data collected
online at one-second intervals over a two-month operational period of the plant. Correlation
analysis was performed on the 49 available variables from the three analyzed processes:
maceration, peeling, and drying. Subsequently, for training and testing ML algorithms,
a new dataset was created using data collected at five-minute intervals. A correlation
threshold of 0.85 was established as the selection criterion. It was verified that reducing
variables up to this correlation value (0.85) does not impact process variability in terms of
key performance indicators (accuracy, precision, and recall). After applying the correlation
matrix, the Least Absolute Shrinkage and Selection Operator (LASSO) algorithm was
utilized to further refine the variable selection process.

The dataset, which includes maceration, peeling, and drying variables, originally
comprised 49 variables (Table 6). Data were collected at 10-minute intervals, ensuring real-
time synchronization for all 49 variables across the subprocesses (maceration, peeling, and
drying). Subsequently, veneer quality labels—moisture content and visual quality—were
incorporated into the dataset. The data were then split into two categories: training data
(70%) and validation and test data (30%) [12].

The following supervised algorithms are used to obtain the metrics: kNN, SVM, RF,
XGBoost and Logistic Regression.
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To assess the performance of the models, a confusion matrix was used [50], which
compares the model’s predictions with the actual class label values: true positive (TP):
cases where the model correctly predicts the positive class; true negative (TN): cases where
the model correctly predicts the negative class; false positive (FP): cases where the model
incorrectly predicts the positive class, when the actual value is negative (Type I error); and
false negative (FN): cases where the model incorrectly predicts the negative class, when the
actual value is positive (Type Il error) [51] (Figure 6).

FN

—_—s 2 6 g

-0 T e =

FP TN

Predicted label

Figure 6. Confusion matrix for binary classification. Adapted from [52].

Once the values in Figure 6 were obtained, the evaluation metrics were calculated [53].
Accuracy, defined as the proportion of correctly classified predictions by the model, was
determined (Equation (4)). Additionally, precision, which measures how close the predicted
values are to the true values, was calculated (Equation (5)). Recall, representing the true
positive rate or the proportion of correctly classified positive cases relative to the total
number of positives, was also evaluated (Equation (6)).

Finally, the F1-score (Equation (7)) was computed as a performance metric for the
classification model, particularly in cases of imbalanced datasets. The Fl-score is the
harmonic mean of precision and recall, providing a single measure that balances both
metrics. This metric is particularly useful when there is an uneven class distribution, as it
accounts equally for false positives and false negatives. A high F1-score indicates that the
model achieves both high precision and high recall, offering a more balanced measure of
performance compared to using either precision or recall alone [54,55].

Accuracy = P+ TN (4)
TP+TN+FP+FN

Precision = TP]:F*PFN )

Recall = 7TPTPP (6)

Accuracy = 57 ;ZI:ITFII;ZI\JI+ FN @)

2.4. Experimental Design

For the evaluation of the process up to obtaining sheets, 13,690 records were collected.
The experimental design for supervised algorithms considers the following;:

Data Collection Interval: (1) every 5 min;

Data Split: 70% training data, 30% test data;

Algorithms Used: Random Forest, XGBoost, K-Nearest Neighbors (KNN), Support Vector
Machine (SVM), Lasso, and Logistic Regression;

KPIL: Sheet Quality;
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Performance Metrics: Accuracy, Precision, Recall, F1-score.

3. Results and Discussion
3.1. Data Reduction

The correlation matrix (Supplementary Figure S1) was used to identify variable rela-
tionships greater than 0.85, allowing the reduction in the initial 49 variables. From the initial
49 variables, 12 were reduced, all originating from the drying process. This is consistent,
as three measurements were taken for each dryer (at the inlet, in the middle, and at the
outlet). The variables from the middle of the dryer were retained in the analysis, as this is
where most of the moisture from the veneer is effectively removed. Therefore, variables
with high correlation at the inlet and outlet of the dryer were eliminated. After applying
the correlation matrix, the following 12 variables were eliminated: DT151, DT153, DT181,
DT183, DT241, DT243, VP151, VP153, VP181, VP183, MV153 and MV183.

3.2. LASSO

The LASSO algorithm is widely utilized for variable reduction in datasets due to its
ability to enhance model interpretability and prevent overfitting [29]. By imposing an L1
penalty on the coefficients, LASSO effectively drives some coefficients to zero, thereby
selecting only the most significant predictors.

A comprehensible pseudocode is shown as Algorithm 1 [29]:

Algorithm 1. LASSO Regression

Input:
- X: Feature matrix (n x p) where n is the number of samples and p is the number of features
- y: Target variable (n x 1)
- A (lambda): Regularization parameter controlling sparsity
- Max_iterations: Maximum number of optimization steps
- Tolerance: Convergence threshold
Output:
- B: Estimated coefficient vector (p x 1)
Steps:
1. Initialize B (coefficients) to zeros or small random values.
2. Standardize the feature matrix X (zero mean and unit variance for each feature).
3. Repeat until convergence or Max_iterations is reached:
a. For each feature j in X:
i. Compute the partial residual:
rj=y = (X*p)+(Xj*Bj)
ii. Compute the ordinary least squares estimate:
Bj=1/m)* T (Xj*rj)
iii. Apply the soft-thresholding function:
B_j =sign(B_j) * max(1 B_jl — A, 0)
b. Check for convergence:
- If the maximum absolute change in B between iterations is smaller than Tolerance, stop.
4. Return the final B values.
End Algorithm

This feature selection capability is particularly beneficial in high-dimensional datasets,
where multicollinearity may obscure the relationships between variables. Consequently,
LASSO not only simplifies models but also improves predictive accuracy, making it a
valuable tool in statistical modeling and ML. After applying the LASSO algorithm, the
following six variables were eliminated: Mt, FR1, Nt2, MV181, MV243 and SiT24.

3.3. Data Processing

The confusion matrix (Table 8) is a valuable tool for evaluating the performance of
classification algorithms, providing insights into accuracy, precision, recall, and F1-score
metrics. In this study, several algorithms were assessed, including K-Nearest Neighbors
(KNN), Support Vector Machine (SVM), Random Forest (RF), XGBoost (XGB), Logistic
Regression, and LASSO.
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Table 8. Confusion matrix.

Algorithm Actual Label : Predicted Label :
kNN ? 26%;973 28%
SVM (13 2979931 26549

RF (13 2762041 éig‘
XGB (1J 2755)28 égé
Logic (13 2977354 %%

! et

The results indicate that the Random Forest algorithm achieved the highest accuracy
of 0.76, followed closely by XGBoost. KNN exhibited a notable precision of 0.63, while
SVM demonstrated a precision of 0.80, albeit with a lower recall of 0.21. LASSO and
Logistic Regression showed lower performance across metrics, with accuracies of 0.73 and
similar precision and recall values. These findings underscore the varying strengths of
each algorithm, highlighting the importance of selecting appropriate models based on the
specific characteristics of the dataset.

3.4. Metrics

The following results, presented in Table 9, are derived from the evaluation of various
classification algorithms using the confusion matrix. Key performance metrics, including
accuracy, precision, recall, and F1-score, are provided to highlight the effectiveness of each
algorithm, offering insights into model performance for optimal algorithm selection. The
results indicate that the Random Forest algorithm achieved the highest accuracy of 0.76,
followed closely by XGBoost. KNN exhibited a precision of 0.63, while SVM demonstrated
a precision of 0.80, albeit with a lower recall of 0.21. LASSO and Logistic Regression showed
lower performance across metrics, with accuracies of 0.73 and similar precision and recall
values. These findings underscore the varying strengths of each algorithm. Emphasizing
the necessity of choosing suitable models according to the dataset’s specific characteristics.

Table 9. Metrics.

Algorithm Accuracy Precision Recall F1-Score
KNN 0.75 0.63 0.48 0.55
SVM 0.74 0.80 0.21 0.33

RF 0.76 0.68 0.42 0.52
XGB 0.76 0.65 0.44 0.52
Logic 0.73 0.22 0.34 0.34
Lasso 0.73 0.19 0.31 0.31

4. Conclusions

In the collected data, the challenge of establishing connections between the industrial
data source and the data processing center was successfully addressed. A dataset containing
13,690 records was compiled, with periodic entries collected every 5 min.

Industrial data and ML were successfully applied to a prediction model to assess
veneer quality in plywood manufacturing. This approach involved analyzing the macer-
ation, peeling, and drying processes, utilizing a dataset with 49 original variables. After
removing correlated variables, the dataset was reduced to 37 variables. Finally, following
LASSO-based feature selection, each algorithm used 30 variables. The dataset contained a
total of 13,690 records, with 9520 labeled as low in quality and 4170 as high in quality.
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This study highlights the varying performance of classification algorithms by analyz-
ing accuracy, precision, recall, and F1-score metrics, as detailed in the confusion matrix.
Among the models evaluated, Random Forest demonstrated the highest effectiveness,
achieving an accuracy of 0.76, making it particularly suitable for applications where overall
correctness is critical. XGBoost also performed well, positioning itself as a strong alternative
for scenarios requiring a balance between accuracy and recall. SVM, with its high precision
(0.80) but lower recall (0.21), may be preferable in cases where precision is more important
than recall. Meanwhile, K-Nearest Neighbors (KNN) achieved respectable precision but
did not surpass Random Forest or XGBoost in accuracy. LASSO and Logistic Regression
showed moderate effectiveness, suggesting that these models may be less suitable for
datasets with high complexity or nuanced class boundaries.

This comparison underscores the importance of selecting algorithms based on dataset
characteristics, providing a framework for optimizing model selection in future applications.

The main limitation of this study was the availability of a larger dataset. The
13,000 records collected at 10 min intervals represent approximately 90 days of continuous
24/7 operation. A longer data collection period is necessary to ensure greater robustness
and improve the performance of the algorithms. Additionally, extending the timeframe
would capture a wider range of working conditions, allowing the models to learn from a
broader spectrum of operational scenarios.

Future research should explore unsupervised learning techniques to identify patterns
in plant operations, such as through clustering algorithms. This could lead to the discovery
of process operation modes and varying quality levels. While this study considered only
two quality categories, in industrial practice, quality assessment is often more nuanced.
Pattern detection could be enhanced using deep learning algorithms.

Finally, modeling the entire plant process up to the final product remains an ongoing
research focus for our team.
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