Eng. & Technol. Horiz., vol. 43, no. 3, 2026, Art. no. 430305 Research article

Machine Learning—Driven Predictive Maintenance for Smart
Beverage Manufacturing Systems

Peerawit Pongtananikorn ! and Kunlapat Thongkaew !> *
! Department of Industrial and Manufacturing Engineering, Faculty of Engineering, Prince of Songkla University, Kho
Hong, Hat Yai, Songkhla, 90110, Thailand
2 Smart Industrial Research Centre, Faculty of Engineering, Prince of Songkla University, Kho Hong,
Hat Yai, Songkhla, 90110, Thailand
*Corresponding Author E-mail: kunlapat.t@psu.ac.th
Received: Mar 12, 2026; Revised: May 18, 2026; Accepted: Jun 05, 2026

Abstract

This study proposed a machine learning-based predictive maintenance system in a beverage manufacturing
process to enhance failure prediction accuracy and support improved maintenance planning. The approach focused
on the beverage filling line, captured short-term temporal process dynamics using rolling-window feature extraction,
and addressed the strong class imbalance between normal operation and breakdown events. Significant sensor
variables were initially identified through correlation analysis, and the selected sensors and breakdown criteria were
subsequently analyzed using various classification models. A 60-minute decision horizon was defined as a
classification-based early-warning window derived from the time-to-failure (TTF) variable. Observations were
labeled breakdown-proximate state when the next breakdown occurred within 60 minutes (TTF < 60 min) and as
normal operation when the next breakdown occurred after 60 minutes (TTF > 60 min). Therefore, the model classifies
a breakdown-proximate state rather than predicting the exact remaining time to failure. Model performance was
evaluated using precision, recall, Fl-score, ROC-AUC, and chronological walk-forward validation. Based on
correlation analysis and process relevance, 15 sensors were selected as key features associated with process
breakdown. The Random Forest model was the best performer, achieving an accuracy of 0.990, precision of 0.918,
recall of 0.722, Fl-score of 0.808, and ROC-AUC of 0.995 at the optimized threshold of 0.45. The recall result
indicates acceptable detection of breakdown-proximate states, although 27.8% was missed as a false negative.
Considering the balance between recall and precision, the precision exceeded 90%, showing that false alarms were
maintained at a low level. These results demonstrate a practical trade-off between reducing missed breakdown
warnings and avoiding excessive unnecessary inspections. Thus, the Random Forest is suitable for predicting
breakdowns with accuracy, stability and robustness. Future work will extend the predictive maintenance results
linked with failure-risk predictions to reliability metrics of time between failures (TBF) and mean time between
failures (MTBF), improved alignment between maintenance actions and actual machine conditions.
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PM uses established routines or usage-based intervals,
which might result in wasteful maintenance or
disregarding condition-dependent breakdown under
variable operating circumstances. Due to these
restrictions, PAM has grown in popularity, as it forecasts
rates of failure based on equipment condition rather than
time intervals. [1-4].

Predictive maintenance (PdM) has developed as a
critical strategy for increasing operating dependability by
using operational and sensor data to forecast the
probability of failures leading to equipment breakdowns.
Within the Industry 4.0 paradigm, the integration of
cyber-physical systems, artificial intelligence (Al), and
machine learning (ML) has facilitated the change from
reactive and time-based maintenance policies to data-
driven decision-making frameworks, enabling continuous
condition monitoring and timely intervention [5-8].

1. Introduction

Beverage production operations are frequently
automated and managed by machinery, which works
under a range of circumstances monitored by several
sensors. Despite comprehensive sensing and monitoring,
system alarms and process abnormalities are often hard to
detect with certainty. Even when there are no actual
mechanical problems, this might cause unanticipated
process interruptions or system breakdowns, resulting in
increased downtime and production expenses. As a resul,
beverage manufacturing systems in industrial production
environments must meet stringent quality requirements
while operating at high throughput rates. Even minor
machinery faults in such severe circumstances may
quickly cause production losses and quality deviations,
frequently resulting in equipment breakdowns that affect
the entire operation. Comprehensive maintenance

planning is therefore critical to avoiding unplanned
downtime and maintaining optimal operating efficiency.
Corrective Maintenance (CM), Preventive Maintenance
(PM), and Predictive Maintenance (PdM) are three
common types of industrial maintenance techniques.
CM causes unpredictable downtime and high
maintenance costs, especially for continuous operations.

Despite substantial progress, deploying ML-based
PdM systems in real-world manufacturing environments
remains difficult. The process data in beverage
manufacturing is generally complex, nonlinear, and time-
dependent, with significant interactions between
important operational variables and machine dynamics.
Such characteristics impede quick breakdown detection,
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necessitating multivariate, data-driven monitoring
systems designed specifically for food and beverage
manufacturing facilities [9—11]. Furthermore, many
high-performance models, particularly complex ML and
deep learning approaches, can operate as black boxes,
providing limited insight into the underlying process
mechanisms associated with equipment failures and
limiting industrial adoption where transparency and trust
are required [12—14].

Recent research has focused on explicable artificial
intelligence (XAI) as a method of integrating predicted
performance with interpretability in PdM systems.
Explainability approaches are increasingly being used to
ascribe failure-risk estimates to influential process factors,
which aid diagnostic reasoning and human-machine
decision-making [12—14]. For example, Sinnah et al. [15]
have shown how applying predictive models with
explainability could decrease process safety hazards in
safety-critical industrial equipment. Nonetheless, much
present research concentrates on generic industrial assets,
with limited domain-specific adaptation to beverage
production processes [9—11]. Furthermore, temporally
inconsistent validation techniques are still frequent, which
can lead to unrealistic performance predictions that do not
represent actual deployment conditions [15-21].
Consequently, the lack of PAM frameworks that satisfy
these criteria for beverage production systems is an
obvious research gap.

2. Literature Review
2.1 Applications of Predictive Maintenance in

Manufacturing Systems

Predictive maintenance is growing increasingly
popular in production systems as a data-driven strategy to
predict equipment breakdowns and improve operational
performance. PdM is especially important in beverage
manufacturing considering the high production throughput
and tightly linked process conditions, where multivariate
interactions among operational variables impact both
equipment condition and product quality [9-11].
Continuous operation under such conditions exposes
filling and packing equipment to dynamic impacts,
frequent operational changes, and progressive wear,
preventing the identification of issues early when using
established maintenance methods [1-2],[4]. According to
studies in the food and beverage industry, breakdown
events seldom occur because of rapid changes in
individual variables; instead, they occur as a result of
related adjustments across many process signals. This
behavior has motivated the use of multivariate, sensor-
based monitoring systems able to identify interactions
between process variables [9-11]. As a result, new
predictive maintenance studies focus more importance on
data-centric methods for detecting early-stage decline
trends before failure occurrences  [7],[10],[22].
Nonetheless, the challenges of continuous filling
operations and deployment-oriented validation remain
unsatisfied, necessitating the implementation of
application-focused  predictive maintenance ~ studies
specific to beverage production systems [9],[11].

2.2 Challenges of Machine Learning-Based Predictive

Maintenance

There are various ML techniques applied with
maintenance strategies, such as, Decision Tree, Random
Forest, Nearest Neighbors, XGBoost (eXtreme Gradient
Boosting), LightGBM (Light Gradient Boosting
Machine), Logistic Regression, Extra Trees, and a MLP
(Multilayer Perceptron) [11]. Recent research shows that
ensemble learning approaches, such as Random Forest
and boosting-based models, are well suited for industrial
predictive maintenance due to their noise opposition,
capacity for expressing nonlinear connections, and ability
to capture complex feature interactions [7],[17-18].
Advanced machine learning algorithms have
outperformed conventional techniques for defect
identification and condition monitoring in a variety of
industrial systems [15], [17-21],[23]. However, effective
PdM performance is dependent on algorithm selection
and the design of an integrated learning framework that
involves feature engineering, class imbalance handling,
decision threshold calibration, and temporally consistent
validation [15-21].

The quality and structure of industrial data provide
an important obstacle for ML-based PdM. Sensor
measurements are often noisy, incomplete, and
affected by drift, while failure labels are confusing
because of gradual breakdown processes [4],[7].
Feature engineering is therefore crucial, with time-
aggregated and rolling-window features extensively
utilized to capture loss dynamics that are not obvious
in immediate sensor measurements [4],[16—17]. A
further frequent problem is a major imbalance
between normal operation and failure events, which, if
not addressed, can lead to false results. Imbalance-
aware learning algorithms and evaluation metrics,
including accuracy, recall, and F1-score, are essential
for effective rare event identification and false alarm
management [7],[15-21].

Finally, interpretability and practicality are critical for
industry acceptance. To make intelligent choices,
maintenance engineers must understand the factors that
contribute to greater failure-risk forecasts. Black-box
models have the potential to undermine reliability,
especially in safety-critical scenarios. As a result,
explainable artificial intelligence (XAI) solutions are
increasing in popularity for enhancing transparency,
human-centered maintenance planning and practical
factors involving computing effectiveness and integration
with current industrial systems [12—14], [22-24].

2.3 Research Gap and Study Contributions

Despite significant progress, current PdM research
focuses primarily on generic industrial assets and fails to
address the combined challenges of multivariate sensor
integration, temporal dependency, interpretability, and
deployment-oriented validation in beverage manufacturing
environments. To fill this gap, this study presents a
machine learning-based predictive maintenance
system developed particularly for beverage
production operations. The suggested technique
combines multi-sensor data collection, structured
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database-driven data mining, ensemble machine
learning models, and IoT-enabled alert systems. The
purpose of this research is to construct and assess a
predictive maintenance system capable of improving
failure-risk prediction accuracy under realistic
operating conditions for beverage production systems.
The subsequent sections provide a full overview of the
research methodology and framework.

3. Research Methodology

This paper provides a predictive maintenance strategy
to prevent breakdowns in an industrial beverage filling
system. The methodology is intended to mimic real-world
operational situations and employs a systematic, time-
based, deployment-focused approach. It combines process
knowledge, breakdown description, multivariate sensor
data analysis, machine learning-based breakdown
classification, and validation under realistic time
limitations. Figure 1 depicts an overview of the research
methodology, including the beverage filling process, data
collecting, breakdown definition, machine learning
modeling, and deployment-oriented validation.
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« Decision-support for predictive maintenance
Figure 1 Framework of the proposed predictive
maintenance method for the beverage filling system.

This research used Python for data preprocessing,
feature construction, model training, threshold
optimization, validation and visualization. The main

Filtration Unit

Raw Water

libraries selected for data analysis and vitalization
were Pandas and NumPy, while Scikit-learn was
implemented for preprocessing [25]. Python was also
used for model development and evaluation.
3.1 Beverage Filling Process

This study focuses on an industrial beverage filling
line that operates under continuous, high-throughput
manufacturing circumstances. The line is made up of
several sequential and interdependent equipment that
perform depalletizing, empty container inspection,
cleaning, filling, sealing, pasteurization, drying,
inspection, packaging, and weight checking prior to
storage and distribution. Because of its central location
and continuous operation, the filling machine has a
considerable impact on line stability, production
throughput, and product quality. Figure 2 displays a
diagram of the beverage filling process, focusing on
the filling machine.

Beverage Process

(OOGFEEERE=> Q @ -~Fo-ci-E- €5

Rinser Filler Filler Can | CO, Sensor | CO, | Pasteurizer ~Printer

Sensor (FC2) ‘ Flow
- Meter T
Empty Depalletizer Filler Can Filler Filler Can Sensor 1 FC2 FC2 CO, Sensor Packaging Palletizer
Can  FCl  Timspection CanSensor 1 FC2 FC3  FC4 s @D

Figure 2 Beverage filling line process with emphasis
on the filling machine

3.2 Data Collection and Breakdown Definition

3.2.1 Sensor Data Collection

Real-time sensor measurements from the filling
machine are the focus of the operational data gathered
from an industrial beverage filling line. All sensor
signals are continuously collected through typical
manufacturing processes and time-stamped to ensure
exact temporal timing. A total of 18 input sensor
variables were collected from the filling machine and
related subsystems, as illustrated in Figure 3.These
sensors relate to monitor five key operational
characteristic groups of the filling process, including
speed, pressure, flow rate, temperature, and gas
parameters. Thus, these variables were used to analyze
breakdown indicators, which will be discussed in the
next section on breakdown definition and labeling.
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Figure 3 Sensor layout of the filling machine
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3.2.2 Breakdown Definition and Labeling

In this study, a machine breakdown was defined as
an unexpected stoppage of a filling machine that
affected normal output and required corrective action.
Manufacturing systems recorded such events, with
each breakdown assigned a unique start timestamp.
This timestamp served as a reference point for failure
analysis, and timestamp synchronization was applied
to align breakdown records with sensor data. Each
time-stamped sensor observation was associated with
a time-to-failure (TTF) variable to aid predictive
modeling. TTF was defined as the time between the
observation time and the start of the next record
breakdown event [4],[22]. This transformation
converted raw breakdown logs into a supervised
learning target that measures the time between
breakdowns. Predictive maintenance was considered
as a binary classification based on the estimated TTF
variable [18],[22].

Horizon-based labeling strategy is commonly
adopted to convert time-to-failure prediction into a
practical classification framework [19]. The decision
horizon (t) directly influences class imbalance and
predictive performance [20]. A shorter horizon
provided a more immediate warning window but
generated fewer positive samples, whereas a longer
horizon increased the number of positive samples but
included observations farther from the actual
breakdown event [20]. In this study, three levels of t
including 30, 60 and 90 were investigated under
identical preprocessing procedures, rolling-window
feature construction, and chronological validation
settings to ensure comparability across alternative
early-warning windows. The dataset was conducted
from one month of operational data collected in March
2025, comprising a total of 2,676,013 time-indexed
observations. From the analysis, the number of
positive samples increases as T expands, yielding
111,919; 135,507; and 257,697 positive samples,
respectively. The T of 60 minutes was selected for this
study as implying a balanced compromise between
operational utility and modelling robustness. It also
provides a sufficiently practical early-warning period
in the filling process, while preserving time relevance
for maintenance planning, consistent with [21]. From
Table 1, observations with TTF values exceeding a
predefined decision horizon (TTF > 60 min) are
classified as Class 0 (normal operation), whereas Class
1 (breakdown-proximate state) refers to those having
TTF values less than or equal the decision horizon
(TTF < 60 min). For clarity, the decision is intended to
identify a breakdown-proximate state within 60
minutes rather than to directly predict the exact failure
time. Based on the selection of T = 60 minutes, the
resulting class distribution is imbalanced with
breakdown-proximate observations accounting for
5.06% of the dataset. Although this imbalance could
rise issues of modelling, it is acceptable for actual
production situations, where breakdown events occur
rarely.

Table 1 Class distribution based on TTF analysis at
T = 60 minutes.

Class Description Operational Samples Percentage
State
Normal
Negative  operation o
0 Class (TTF > 60 2,540,506 94.94%
min)
Breakdown-
Positive  proximate N
! Class  state (TTF < 135,507 5.06%
60 min)
Total 2,676,013  100%

3.3 Classification-Based Breakdown Prediction Using

Machine Learning

Machine learning was employed as a unified
decision-support system for predicting breakdown-
proximate states of the filling machine. The proposed
approach establishes a complete classification pipeline
that integrates feature construction, preprocessing,
model training, probability estimation, and decision
calibration, as shown in Figure 4.

Data Input

+ Operational sensor data
+ Breakdown event logs

+ Timestamp synchroniza,,,
« Mean imputation

+ Standardization (Siandarsler)

Time-to-Failure (TTF) Construction
and Failure Labeling

+ Compute remaining time o next breakdown

- Assign TTF T to each abservation
Decision horizon = 60 minutes

+ Class 0: Normal (TTF > 7)

« Class 1: Breakdown-proximate (TTF < 1)

i
‘ ‘Walk-Forward Validation Setup |

« Rolling train-test windows

i

Model Training

= Precision f Recall [ Fl-score class 1)
« Confusion matrix (TP, FP, TN, FN)
« ROC and Precision-Recall curves

Decision Threshold Calibration J
NO
Model and Feature YES Validated Predictive

Refinement Model

« Calibrated decision threshold
and parameters

+ Re-train and re evaluate
Model and Feature
Refinement

+ Adjust features and parameters
* Re-train and re-evaluate

Figure 4 Predictive maintenance modeling and
validation workflow

+ Adjust features

3.3.1 Feature Construction and Selection

Feature construction and selection were guided by a
combination of process knowledge and exploration
analysis of sensor behavior prior to failure [26].
Correlation analysis was performed on the initial set of 18
sensor variables to examine the relationship among the
recorded sensor data before examining their association
with the breakdown indicators. The correlation matrix in
Figure 5 uses color intensity to represent the direction and
strength of associations among these variables, where
warmer colors indicating positive correlations and cooler
colors indicating negative correlations [4],[22]. Based on
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Figure 5, three variables, namely setpoint speed, product
counter, and operating hours, were not selected for
breakdown analysis, as they have low correlations and
mainly reflect control settings, cumulative production
output, and cumulative operating time rather than direct
real-time process behaviors.

In order to identify breakdown indications, the
remaining 15 sensor variables (Table 2) that cover

Correlation matrix among the 18 input s

s om an om0 om0

five important behaviors (speed-related, pressure-
related, flow-related, temperature-related, and gas-
related variables) were examined for their association
with TTF, as presented in Figure 6. This analysis was
conducted to determine variables exhibiting
systematic correlations with breakdown-proximate
events using Pearson correlation analysis because all
variables are continuous [27].
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Figure 5 Correlation matrix of the input sensors in the beverage filling process.
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Figure 6 Correlation analysis between selected sensors and TTF breakdown indicators.

Table 2. Lists of selected sensors used as model inputs

Sensor Variable Type Unit
1 Speed Actual Numerical can/min
2 Beverage Flow Meter Numerical L/min
3 Beverage Flow Tank Numerical L/min
4 Beverage Pressure 1 Numerical bar
5 Beverage Pressure 2 Numerical bar
6 Beverage Pressure Rest Numerical bar
7 Tank Pressure Numerical bar
8 CO; Pressure Numerical bar
9 CO, Flow Meter Numerical L/min
10 CO;, Temp Numerical °C
11 Beverage Temp Numerical °C
12 Beverage Conductivity Numerical us/cm
13 0O, Concentration Numerical ppm
14 Alcohol Content Numerical %ABV
15 Tank Level Numerical %
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Figure 6 shows that the variables’ speed and O,
concentration had low correlation coefficients;
however, they remained for the training of the
predictive models. The speed actual directly reflects
the continuity and stopping behavior of the machine,
while the O, concentration implies fluctuations in gas-
balance inside the liquid. As a result, all 15 sensor
variables were retained as inputs for the final
predictive model development. In summary, speed
variables denote machine continuity and stoppage
behavior; pressure and flow variables reflect supply
and filling stability; temperature variables refer to
thermal operating conditions; gas variables (CO; and
0,) display gas-balance disturbances. These
characteristics reveal behavior indication of potential
breakdown. In addition, rolling-window statistical
features were employed to capture short-term

Table 3 Machine Learning Models

temporal dynamics prior to breakdown events in later
sections to confirm whether low-correlation variables
should be avoided [4],[18].

3.3.2 Machine Learning Models

Six multiple classification models are selected for
predictive maintenance analysis, including Logistic
Regression, Random Forest, Extra Trees, XGBoost,
LightGBM, and Multi-Layer Perceptron. Tree-based
ensemble models are emphasized due to their ability
to model nonlinear relationships, handle noisy sensor
data, and perform robustly under severe class
imbalance, which has been consistently reported in
recent predictive maintenance and industrial machine
learning studies [17],[27-28]. Logistic Regression is
included as an interpretable Dbaseline. The
characteristics of each model are given in Table 3.

Model Learqlng Key characteristics Relevance to PdM literature
paradigm
Logistic Linear Interpretable baseline, probabilistic =~ Widely used as reference model in PdAM

Regression classification output

Random Bagging-based Nonlinear modeling, variance

studies [17],[27]
Proven effectiveness in industrial PdM

Forest ensemble  reduction, robust to noise [17],[27]
Extra  Bagging-based Randomized splits, reduced Effective for high-dimensional sensor data
Trees ensemble  correlation among trees [27-28]
XGBoost Grad1gnt Strong bias reduction, scalable Applied in complex PdM scenarios [28],[29]
boosting  learning
. Gradient  Histogram-based efficiency, fast Suitable for large-scale industrial datasets
LightGBM . .
boosting  training [17],[28]
Neural . . . Explored in PAM with mixed stability results
MLP network Nonlinear representation learning [181,[30]

3.3.3 Model Training and Parameter Settings

Model training was performed using a time-separated
training set of 2,140,810 observations (80% of the total
dataset) to ensure temporal integrity. Table 4 shows the
system-level parameters that were consistently applied
across all models. Data preparation techniques, such as
mean imputation, z-score normalization, and cost-sensitive
learning to reduce information loss. The preprocessing
workflow is summarized in Table 5, and the model-
specific configurations are listed in Table 6.

Decision-threshold optimization was performed
after model training by transforming predicted
probabilities into binary decisions based on validation
results without retraining the models [18],[22],[29].
Candidate probability thresholds were compared using
precision, recall, and Fl-score for the breakdown-
proximate class, and the selected operating threshold
was used for final evaluation.

Table 5 Data preprocessing steps
Description /

Table 4 Parameter setup for model training Step Strategy Value in code
Parameter Value .DeSCI‘lptl().l’l Missing Mean imputation SlmpleIr_nputer
Time resolution 1 Native resolution of values (strategy = mean)
second sensor data Scaling  Z-score normalization  StandardScaler
Decision horizon 60 Lead time for failure Class .. . Class-weighted
. . . Cost-sensitive learning
(7) minutes labeling handling loss
Rolling window 60 Window for feature Pipeline Unified preprocessing ~ Prevents data
size minutes construction P pipeline leakage
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Table 6 Machine learning model configurations
Parameter Machine Learning Approaches —
Setting Random Forest| Extra Trees | XGBoost Light GBM MLP OBISHC
Regression
Model Type Bagging Bagging Boosting Boosting Neural Net Linear
Est1majtors J 200 trees 200 trees | 300 rounds 400 rounds 300 epochs —
Iterations
Complexity Max depth: | Max depth: ) ) _
Control None None Max depth: 6| Num leaves: 31 |Layers (128, 64)| C=1.0 (L2)
Learning Rate — — 0.05 0.05 Adaptive —
Imbalance Scale-pos- .
el Balanced Balanced weight Scale-pos-weight — Balanced
Variance Random Bias . . Interpretable
Key Property reduction splits reduction Histogram-based Nonlinear baseline

3.4 Model Evaluation and Validation Strategy

Model performance was evaluated on a
chronologically separated test set comprising 535,203
observations (20% of the dataset) under a highly
imbalanced breakdown-risk classification setting.
Overall accuracy can be misleading because
breakdown-proximate events are rare; therefore,
accuracy, precision, recall, and Fl-score for the
breakdown class (Class 1) are emphasized as the
primary evaluation metrics [16],[22]. These metrics
are derived from the confusion matrix, which
quantifies true positives (TP), false positives (FP), true
negatives (TN), and false negatives (FN) and provides
direct insight into the trade-off between missed
breakdown warnings and false alarms. The evaluation
metrics and their operational interpretation are given
in Table 7.

Table 7 Evaluation of metrics used in this study

Metric Description Operational

(Class 1) P focus
Proportion of correctly

Precision predicted breakdown- Control
proximate states among all false alarms
predicted breakdown warnings
Proportion of actual Reduce
breakdown-proximate states .

Recall . missed
correctly identified by the breakdowns
model

. . Primary
Harmonic mean of precision .
F1-score evaluation
and recall metric

Threshold-independent discrimination capability was
further investigated using receiver operating characteristic
(ROC) and precision-recall (PR) curves, which are
recommended for severe class imbalance. A
chronological walk-forward validation technique was
used to simulate real-world deployment conditions
[41,[22]. As shown in Figure 7, in each fold, the model
was trained on earlier observations and evaluated on a
later, unseen time window. No random shuffling was
applied because sensor observations are time dependent,
and adjacent observations may share similar operating
conditions. This procedure preserves temporal causality,

reduces information leakage, and provides a more realistic
estimate of model stability under changing production
conditions. It can be seen from Figure 7 that the seventh
time fold was conducted as the final chronological
validation step, where the training window covered the
longest accumulated historical period and the model was
evaluated on the subsequent unseen testing period.

~: (NN 7/,

e ]

~«> [,/

=+ (N, /////////

=< (N, /////////
(N, 77/

Fold 7 U

27Feb 02 ar 05 Mar 08 Mar 10 Mar 14 M 7 Mar 20 Mar 23 ar 26 Mar 20

Figure 7 Walk-forward validation strategy.

3.5Deployment-Oriented Evaluation of Predictive

Maintenance

An evaluation of the proposed predictive maintenance
system feasibility was performed through a deployment-
oriented prospective testing study. The analysis employed
the use of operational data collected in March 2025, which
consisted 0f 2,676,013 observations recorded in time. This
phase focused on analyzing the developed breakdown
classification model's ability to forecast increasing
breakdown risk prior to the occurrence of actual
breakdowns, compared to only testing its forecasting
accuracy.

4. Results and Discussion

This section describes the results obtained from
applying the proposed machine learning-driven
predictive maintenance framework to an industrial
beverage filling system. The performance of Logistic
Regression, Random Forest, Extra Trees, XGBoost,
LightGBM, and MLP for breakdown classification
was evaluated, with particular emphasis on reliability
under class imbalance, temporal validation robustness,
and deployment-oriented operational considerations.
4.1 Machine Learning Classification Results

This section describes the prediction behavior of
machine learning classification models developed to
detect malfunctions in the beverage filling process. All
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investigated models can extract breakdown proximal
patterns from multivariate sensor data, but with variable
degrees of accuracy. Ensemble-based classifiers
outperform linear and neural network models in terms of
discrimination consistency and robustness under extreme
class imbalance. This superior performance can be
attributed to their ability to capture nonlinear feature
interaction and complex decision boundaries [19-21].
Table 8 presents the baseline confusion matrix results
(TN, FP, FN, and TP) under the default threshold of 0.5,
which show distinct variations in class-separation
behavior among models.

Table 8. Baseline classification breakdown under
default decision threshold (0.5)

Table 9. Baseline predictive performance before
threshold optimization

Model Thresh Precisio Recall Fl1-

old n Score

Random Forest 5976 0706 0.801
Classifier

LGBM Classifier 0.5 0.899 0.694 0.783
XGBoost

. 0.5 0.810 0.714 0.759
Classifier

Logistic 0.5 0.637 0.894 0.744
Regression

ExtraTrees 5 856 0300 0445
Classifier

MLP Classifier 0.5 0.000 0.000 0.000

Model TN FP___FN TP
Random Forest - 500 490 12 6 27,095
Classifier
LGBM Classifier 508,078 24 10  27.091
XGBoost — sne e 14 12 27089
Classifier
Logistic - 5e 001 81 18 27.083
Regression
ExtraTrees g 958 18844 214 26,887
Classifier
MLP Classifier 508,102 0 27,101 0

Tree-based ensemble techniques, such as Random
Forest, Extra Trees, and LightGBM, show excellent
discriminative abilities in the face of significant class
imbalance and achieve remarkably low misclassification
rates. Across the models, Random Forest demonstrates
the most equitable separation structure (Table 8),
providing roughly 12 false positives and 6 false
negatives, indicative of consistent detection of
breakdown-proximate states while maintaining strict
control over false alarms. Logistic Regression has a
recall-focused pattern, accurately recognizing the
majority of breakdown-adjacent events while producing
18,844 false positives, thereby diminishing precision. In
contrast, the MLP model fails to recognize any
breakdown-proximate events leading to a total
breakdown of the minority class. These findings further
validate the efficiency of ensemble-based approaches for
industrial breakdown classification tasks.

4.2 Model Evaluation Results

4.2.1 Baseline Breakdown Prediction Performance

This section evaluates the accuracy of baseline
predictions made by machine learning algorithms when
recognizing machine states that are close to breakdowns,
using the TTF-based categorization framework described
in Section 3. From Table 7, all models were first evaluated
using their default decision thresholds to establish baseline.
Table 9 show that the predictive performance was
measured using accuracy, precision, recall, and F1-score.
The results indicate that ensemble-based models,
particularly Random Forest, LightGBM, and XGBoost,
achieved notably high Fl-scores with default settings,
implying an ability to capture breakdown-proximate
patterns in multivariate sensor data.

Logistic regression has a high recall but a lower
precision, indicating a cautious decision-making approach
that prioritizes sensitivity to breakdown-risk conditions,
leading to a higher incidence of false alarms. In contrast,
the Extra Trees model demonstrates limited recall, and the
MLP fails to achieve significant accuracy in ordinary
configuration. These baseline results highlight a critical
issue in predictive maintenance: breakdown events are
infrequent yet expensive. Models that emphasize
sensitivity may generate several false alarms, while more
cautious models may fail to detect early indicators of
breakdown. This trade-off encourages precise of
adjustment decision threshold to enhance the correlation
of predictive behavior with operational objectives.

4.2.2 Decision Threshold Optimization of Predictive

Models

The decision thresholds for each classifier were
adjusted based on validation results to improve the
alignment between model predictions and the
imbalanced distribution of breakdown-proximate
events. In predictive maintenance implementation, the
decision threshold determines the transformation of
predicted breakdown probabilities into practical
maintenance warnings [8],[22]. Decreasing the
threshold increases recall, thus improving early
detection and reducing the probability of missed
failures. Conversely, increasing the threshold reduces
false alarms and restricts interventions to high-
confidence cases, but increases the risk of delayed
detection and unexpected failures [17],[22]. From
Table 9, the recall values were mostly lower than
those of other performance metrics; therefore, the
threshold was decreased. With the post-training
threshold optimization using validation results [29],
the threshold of 0.45 was selected. Table 10 shows
that the predictive performance subsequent to the
threshold adjustment can increase the recall values.
Compared with the default threshold of 0.50 (Table 9)
of Random Forest Classifier, the optimized threshold
improved recall and Fl-score to 0.722 and 0.808,
while maintaining high precision at 0.918. This
indicates that the selected operating point improved
the detection of breakdown-proximate observations
without introducing excessive false alarms.
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Table 10. Model performance after threshold optimization.

Model

F1-

Threshold Accuracy Precision Recall TN FP FN TP

Score

Random Forest
Classifier

XGBoost Classifier
Logistic Regression
MLP Classifier
LightGBM
Classifier

Extra Trees
Classifier

0.450

0.978
0.579
0.735

0.180

0.990

0.990
0.990
0.986

0.982

0.918

0.972
0.917
0.733

0.646

0.047 0.139 0.031

0.722

0.662
0.688
0.813

0.806

0.808

0.787
0.786
0.771

0.717

752,145 1,397

753,131 411
752,197 1,345
747,110 6,432

743,976 9,566

6,035

7,333
6,754
4,043

4,203

15,636

14,338
14,917
17,628

17,468

1.000 0.061 86,400 667,142 0 21,671

The Random Forest classifier showed the most
balanced overall performance among the evaluated
approaches, with the highest F1-score of 0.808, precision
0f 0.918, and recall of 0.722. The recall demonstrates that
the model properly recognized the actual breakdown-
proximate states with acceptable performance, while
27.8% regarded as false negatives. In practice, the missed
failures may be undesirable as undetected breakdowns
may arise in unexpected downtime, production losses, and
increased maintenance expenses. Improving recall may be
achieved by increasing the amount of training data and
including more representative breakdown events, thereby
enhancing the model’s ability to learn failure
characteristics. The balance between recall and precision is
considered according to operational requirements and risk
tolerance. In this study, the predictive model achieved a
high precision of 0.918, indicating strong discrimination
between normal operation and breakdown states while
limiting the cost of false alarms, particularly in cost-
sensitive environments. These results demonstrate a
practical trade-off between reducing missed breakdown
warnings and avoiding excessive unnecessary inspections.

From a managerial perspective, the decision
threshold can be interpreted as a control parameter for
warning sensitivity. A lower threshold increases the
opportunity to detect breakdown-proximate states earlier,
but it may increase inspection workload and false alarms.
In contrast, a higher threshold reduces unnecessary
warnings but may increase the risk of missed breakdown-
proximate events. Therefore, threshold selection should
not be considered only as a statistical optimization step,
but also as an operational decision that must balance
missed breakdown warnings, false alarms, inspection
capacity, maintenance cost, and organizational risk
tolerance [8],[17].

4.2.3 Deployment Oriented Predictive Maintenance

Testing

From a deployment-oriented perspective,
predictive maintenance models should be assessed the
stability of their warning behavior through different
decision thresholds. In actual industrial settings,
breakdown-risk classifiers require consistent and
interpretable signals that effectively support in
maintenance decisions. Therefore, receiver operating
characteristic (ROC) and precision—recall (PR) curves
were evaluated, as shown in Figure 8.

ROC Curve (RF)

1.04
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0.4 4
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0.01 —— ROC AUC = 0.995

T r v r r T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

(2)

Precision-Recall Curve (RF)

1.0+ —— PRAUC = 0.892

0.8 4

0.6

Precision

0.4+
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0.01

0?0 0?2 0‘.4 0?6 OTS 1.‘()
Recall
(b)
Figure 8 Stability evaluation (a) ROC curve and (b)
PR curve of the Random Forest classifier for
breakdown prediction.

The ROC curve indicates ROC-AUC (Receiver
Operating Characteristic Area Under the Curve) =
0.995, resulting in robust class separability.
Nonetheless, in the presence of PR-AUC (Precision-
Recall Area Under the Curve) = 0.892 offers a more
insightful assessment of predictive stability. The
results show that ensemble-based models, in particular
Random Forest, XGBoost, and LightGBM, exhibit
resilient and dependable deployment behavior by
maintaining comparatively steady precision—recall
interactions across a wide range of thresholds. In
contrast, the other models demonstrate inconsistent
warning features, resulting in either an abundance of
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false alarms or the failure to detect circumstances near
breakdown due to threshold fluctuations.
4.3 Model Validation Using Walk-Forward Validation
Model performance was assessed across
consecutive folds of the walk-forward validation to
confirm robustness under shifting operational settings,
as shown in Figure 9. The results show that ensemble-
based models, in particular Random Forest,
LightGBM, and XGBoost, continue to perform well
and consistently across validation iterations. This
stability reveals resilience to irregular situations,

Walk-forward F1-score - RF

0.8

o
o

I
IS
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-
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©
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including production rate changes, temporary
disruptions, and short-term process variations. Overall
performance trends show high prediction capabilities
under changing data distributions, despite slight
variances between folds. Models with rigid decision
limits, however, show higher variability between
folds, indicating a sensitivity to change operational
conditions. These findings highlight the significance
of time-consistent validation when selecting
predictive maintenance models for industrial
deployment [4],[11].
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9
o
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o
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Figure 9. Walk-forward validation F1-score across folds for classification models: (a) Random Forest, (b)
XGBoost, (¢) MLP, (d) Logistic Regression, (e) LightGBM, and (f) Extra Trees.

The walk-forward validation results show that
Random Forest and XGBoost exhibit relatively stable
F1-score trajectories across folds, indicating robustness
under time-dependent operational shifts. Random Forest
is recommended for deployment-oriented predictive
maintenance due to high stable performance. LightGBM
exhibits similar stability with moderate fluctuation.
Logistic Regression shows higher variability across
folds, reflecting sensitivity to temporal distribution
changes. Extra Trees presents inconsistent performance,

while the MLP model fails to detect breakdown-
proximate cases, resulting in consistently low F1 values.
These findings highlight the importance of temporal
validation when selecting predictive maintenance
models for real industrial deployment.
4.4 Practical Validation of Predictive Maintenance
A deployment-oriented predictive maintenance was
conducted to validate the practical applicability. The
validated breakdown classification model of Random
Forest with the optimum threshold optimization of 0.450
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in Table 10 was systematically applied to historical
sensor data in March 2025 (2,676,013 time-indexed
observations). This aims to investigate whether higher
risk signals often precede actual breakdown occurrences
and how they might assist preventive maintenance
decisions in contrast to traditional fixed-interval
scheduling, rather than reevaluating prediction accuracy.

The deployment-oriented retrospective test-back
results was illustrated in Table 11 to assess how the
validated model provides effective early-warning

signals prior to actual breakdown events. In Table 11,
five breakdown IDs associated with key senser groups
were discovered. Breakdown ID BD-01 is related to
pressure measurement (i.e. Beverage Pressure 1 and 2,
Tank Pressure Realtime) and flow rate measurement
(i.e. Beverage Flow Meter). Breakdown ID BD-02
refers to COz-measurement (CO: Realtime), and speed
measurement (Speed Actual), while BD-03 concerned
with temperature measurement (Beverage Temp).

Table 11. Deployment-oriented predictive maintenance retrospective analysis

Breakdown Key Sensor Actual Breakdown  Predicted Relative Lead-  Alignment with
ID Group Date Breakdown Date Time Category Actual Breakdown
Beverage Pressure 1/2, Same-da
BD-01 Tank Pressure Realtime, 3/03/25 3/03/25 Short day
detection
Beverage Flow Meter
pp-gz Q2 Realtime, CO:Flow 355 5-6/03/25 Medium  Prior detection
Meter, Speed Actual
Bp-o3 L ressure, Flow, Beverage 75 5 17/03/25 Medium Same-day
Temp variables detection
BD-g4 ~ Beverage Pressure 12,5y 39 21/03/25 Short Same-day
Tank Level detection
BD-05 - 29/03/25 Not detected — No precursor

The retrospective test-back analysis indicates that
the predicted breakdowns were detected either on the
same date (BD-01 and BD-03) or within short lead-
time intervals prior to the actual breakdown events
(BD-02). Only BD-05 exhibited no clear precursor
signal, suggesting that certain sudden stoppages may
not present measurable early-warning behavior under
the current sensor configuration. Table 12 presents the
breakdown event descriptions and dominant process
symptoms according to each Breakdown ID for
maintenance actions. For example, BD-01 exhibits
process symptoms of pressure instability and flow

deviation with respected to the results of beverage
pressure, tank pressure and beverage flow meter. BD-
02 shows CO, imbalance combined with machine
speed fluctuation, while BD-03 demonstrates
multivariate deviation across pressure, flow, and
temperature variables prior to stoppage. Overall, the
findings show that the proposed predictive
maintenance approach is suitable for practice,
although the developed model is limited to binary
classification of normal operation and a breakdown-
proximate, rather than directly predicting the exact
failure time.

Table 12. Breakdown event descriptions and dominant process symptoms.

Breakdown Key Sensor Breakdown Dominant Process
ID Groups Description Symptoms
Beverage Pressure 1/2, Tank Pressure Unplanned machine Pressure instability, flow
BD-01 . .
Realtime, Beverage Flow Meter stoppage deviation
BD-02 CO: Realtime, CO:2 Flow Meter, Speed Filling process interruption CO: 1mbalange, speed
Actual fluctuation
BD-03  Pressure, Flow, Beverage Temp variables Process-related breakdown e
before stoppage
BD-04 Beverage Pressure 1/2, Tank Level Short-duration breakdown Transient p ressure
fluctuation
BD-05 - Sudden stoppage No clear precursor observed

The deployment-oriented framework was validated
by operational experts, and it is scheduled for
implementation in more machines and the actual
production environment. The predictive maintenance
model exhibits feasibility from managerial perspective;
however, additional improvement is advised in advance
of extensive deployment. Extended data collection,
particularly about breakdown behavior, could enhance the
model’s performance to predictive maintenance.

Considering the balance between normal operations and
breakdown states is crucial, as it assist the manufacturer
to decrease both missed breakdown signals and
unnecessary maintenance. In addition, the improving
breakdown indicators, such as dynamic time stamps could
enhance model performance and improve preventive
maintenance, thereby reducing machine breakdown. In
order to improve maintenance planning and operational
decision-making, additional work will integrate
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breakdown-risk estimates with reliability metrics, such as
time between failures (TBF) and mean time between
failures (MTBF). This framework can be further applied
to other machines in the filling line and across different
production lines (e.g., capping, labeling, packaging
processes), as well as other beverage manufacturing
facilities with similar sensor configurations. Future
research may involve integration with computerized
maintenance management systems to enable automated
work orders derived from risk assessments, thus
enhancing scalability and operational adaptability.

5. Conclusion

This study developed a machine learning-based
predictive maintenance framework for beverage
manufacturing, focusing on the filling process to
overcome the shortcomings of experience-driven
maintenance planning. A month of high-resolution
operational data (2,676,013 time-indexed observations
from 18 sensors) was employed to improve predictive
performance. Correlation analysis was performed to
identify critical sensors related to breakdown occurrences,
leading to the selection of 15 significant sensors for
classification modelling. Six classification models,
including Logistic Regression, Random Forest, Extra
Trees, XGBoost, LightGBM, and MLP, were evaluated
within a 60-minute decision horizon. Among the
evaluated models, the Random Forest demonstrated the
best performance. With the optimized operating threshold
of 0.45, the model achieved a well-balanced performance
(accuracy = 0.990, precision = 0.918, recall = 0.722, F1-
score =0.808, ROC-AUC = 0.995), effectively balancing
early breakdown detection with false alarm control.

The developed model, although restricted to binary
classification, distinguishes between normal operation
and breakdown-proximate state with a 60-minute decision
horizon. The results indicate that the proposed data-driven
predictive maintenance framework can support the
identification of breakdown-proximate states and provide
useful information for maintenance decision. The
manufacturer can reduce both missed failure signals and
excessive maintenance by managing a balance between
normal operations and breakdown states. More collecting
data of a longer period and other machines is suggested
for achieving full process deployment. Subsequent
research will associate breakdown-risk predictions with
reliability measures, including TBF and MTBF, to
improve maintenance planning and operational decision-
making.
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