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Abstract

Furnace tube rupture is a critical safety and reliability issue in high-temperature industrial
systems, often leading to unplanned shutdowns, severe economic losses, and safety inci-
dents. Conventional monitoring approaches based on threshold alarms and single-variable
diagnostics are frequently inadequate for detecting early degradation under complex mul-
tivariable operating conditions. This study proposes a multiclass predictive maintenance
framework using a decision forest algorithm to predict furnace tube rupture severity from
industrial operational data. The dataset comprised 10,957 observations and 56 furnace
operating parameters collected from industrial historian systems. Following preprocessing
and Pearson correlation-based feature selection, 19 significant parameters were retained
for model development. The proposed framework integrates data preprocessing, feature
selection, hyperparameter optimization, and validation using unseen operational data from
2021. The results demonstrate that the model effectively captures rupture-risk trends and
provides early warning signals more than 14 days before rupture events, with high-risk clas-
sifications exceeding 70% predictive probability. Unlike conventional binary classification
methods, the proposed multiclass framework enables risk-based maintenance decision-
making, including targeted inspections, load reduction, and scheduled shutdown planning,.
The findings, based on validation against a single industrial furnace system, highlight the
effectiveness of ensemble machine learning techniques in improving predictive mainte-
nance, operational safety, and reliability engineering for this class of industrial furnace;
broader generalization across furnace configurations and sites remains to be confirmed
through multi-installation validation.

Keywords: predictive maintenance; furnace tube rupture; decision forest; machine learning;
industrial safety; feature selection

1. Introduction

Industrial furnaces are widely used as thermal processing systems in the petrochemical
refining, metallurgical processing, and manufacturing industries. They directly control
productivity, product quality, and energy efficiency in their operation. Furnace tubes are
one of the most vulnerable parts of these systems that are subjected to high-temperature
creep, oxidation, carburization, sulfidation, and cyclic thermal fatigue [1]. The damage
caused by these degradation mechanisms causes the loss of structural integrity of the
tube and can lead to catastrophic rupture events [2,3], which cause unplanned shutdowns,
substantial economic losses, equipment damage, and safety incidents.
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The operational consequences of furnace tube rupture are severe and significant, with
impacts that include economic losses, environmental risks, equipment damage, and safety
risks. In November 2023, a furnace tube burst during startup operations at the Marathon
Martinez Renewables Facility in California, causing a major fire and an extended plant
shutdown [4]. Investigation reports found that tube degradation was a major contributing
factor and that inadequate monitoring practices were a significant cause of the failure [5].
Likewise, the U.S. Chemical Safety and Hazard Investigation Board (CSB) reported in-
stances of tubes deforming too much before the outer diameter exceeded 3% of the original
outer diameter before being identified, meaning the degradation was not detected in time to
prevent failure [6], as shown in Figure 1. These incidents expose a fundamental limitation
of conventional monitoring approaches, which remain largely reactive and rely on periodic
visual inspections, single-variable temperature monitoring, and threshold-based alarm
systems that are structurally incapable of detecting early-stage degradation under complex,
multivariable operating conditions [7,8].

Figure 1. Surveillance footage of the heater fire source [6].

Operational data from distributed control systems (DCS), supervisory control and
data acquisition (SCADA) systems, and plant historians are generated continuously and
on a large scale in modern industrial plants. However, a significant portion of this data
remains underutilized for predictive reliability applications [9]. Machine learning (ML) has
become a promising approach for uncovering predictive intelligence from high-dimensional
industrial data, capturing nonlinear relationships among process variables that traditional
statistical methods do not model well [10,11]. In the industry, ensemble learning techniques
such as decision forest models have been found effective for fault prediction tasks because
they are robust to noisy data, can work with process variables different scales, and do not
suffer from overfitting [12,13].

Most conventional furnace monitoring approaches remain reactive rather than pre-
dictive. Traditional maintenance systems are mainly based on scheduled inspections or
monitoring of a single variable, like the tube metal temperature (TMT) measurement.
While widely adopted in industrial practice, the TMT-based monitoring generally detects
abnormalities only after significant degradation has already occurred [14]. Similarly, rule-
based alarm systems are not able to perform well in identifying nonlinear and complex
relationships amongst operational variables that can indicate early failure mechanisms.

Machine learning (ML) has improved the field of industrial process monitoring and
predictive maintenance over the last few years. In particular, machine learning techniques
are well-suited for the analysis of high-dimensional datasets from the industry, for the
detection of indicated correlations, and for the modeling of the nonlinear behavior of
processes, which cannot be described adequately by conventional statistical methods [10].
In the field of chemical engineering applications, the ML models are good predictors
for process optimization, fault detection, soft sensing, and assessment of the reliability
of equipment [11]. In particular, the use of artificial neural network (ANN) models to
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predict olefin yields in hydrocarbon cracking processes has been demonstrated to be
successful, where the complex relationship between the operating conditions and the
reaction performance is learned [15]. These studies highlight the growing importance of
data-driven intelligence in industrial thermal systems.

In recent years, efforts have been made to expand machine learning applications for
furnaces. Ref. [14] showed that the accuracy of the tube metal temperature estimation was
higher than that of the traditional monitoring methods by using a soft-sensing method
based on neural networks. Likewise, ensemble learning algorithms, including the random
forest model, the gradient boosting model, and decision forest models, have been found to
perform well on industrial fault prediction problems due to their robustness, interpretability,
and their ability to deal with process variables of mixed scales [12]. Ensemble tree-based
methods are especially well-suited for industrial process data applications, where these
nonlinear interactions, noise, and multicollinearity are typical issues.

In addjition to thermal systems, predictive machine learning models have proven useful
in various engineering and industrial applications. In industrial settings where Industry
4.0 is being adopted, ML-based predictive maintenance systems have enhanced operational
efficiency by providing a way to diagnose faults in systems early, optimize industrial
processes, and manage industrial assets intelligently [16,17]. Random forest and artificial
neural network (ANN) models provided better performance than formula-based methods
in predicting the optimal tracheal tube depth for a pediatric population, highlighting the
flexibility of machine learning for safety-critical prediction tasks in healthcare engineering
applications [18]. The interdisciplinary achievements indicate the potential of machine
learning frameworks for making a substantial contribution to the reliability management
of industrial furnaces.

Despite these advances, existing machine learning approaches for furnace monitoring
share a critical limitation: Most research uses a binary furnace fault classification, which only
categorizes faults as failures and normal working conditions. The operational resolution
issue in binary models is that industrial degradation is a continuous and progressive
process rather than a discrete event [19]. Furthermore, binary models often trigger too
many false alarms or insufficient warning periods for desired maintenance scheduling.
The practical applicability of existing models is further constrained by the absence of
prospective validation on independent unseen industrial operational data [3,9]. This study
proposes a multiclass decision forest model to address these limitations for furnace tube
rupture prediction. Rather than conventional binary classification, the proposed framework
classifies operational risk into three actionable severity levels: low-, medium-, and high-risk
rupture levels defined by quantitative lead time to failure thresholds [20]. These categories
correspond to specific maintenance intervention strategies such as routine monitoring,
targeted inspections, and planned shutdown [21].

This study makes three practical contributions. First, the proposed framework catego-
rizes furnace operating conditions into three desirable levels of actionable risk, based on
quantitative lead-time-to-failure thresholds that were determined using historical furnace
rupture data, and directly supports risk-based maintenance decision-making. Second,
the framework incorporates feature selection using Pearson correlation and explainability
analysis using XGBoost (version 2.1.4), which ensures that the model predictions are physi-
cally interpretable and traceable to the known furnace degradation mechanisms, such as
overheating, creep damage, oxidation, and thermal fatigue. Third, the model was validated
on a second, independent set of industry operational data for 2021, demonstrating that its
predictive performance holds beyond the original training periods for this furnace system.
The model offered an early warning lead time of more than 14 days before a rupture event,
with high-risk classifications having predictive probabilities of more than 70%, which is
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operationally useful for maintenance scheduling and/or safety planning. As discussed in
the limitation section, these contributions reflect the applied combination of established
feature selection and ensemble learning techniques with a lead time-based multiclass risk
scheme, rather than a new algorithmic method.

2. Methodology
2.1. Research Framework and Data Description

This study proposed a machine learning—based predictive maintenance model to pre-
dict the severity of industrial furnace tube ruptures. The proposed methodology combined
historical operational data, feature engineering, multiclass classification, and predictive
validation to form an intelligent early warning system for furnace operation. The data
were obtained from furnace operating conditions recorded by the PI Process Book system,
which operates in an industrial environment. Operational parameters were measured
every four hours, yielding 10,957 observations and 56 initial process parameters. These
variables were the key furnace operating parameters related to tube integrity, thermal
behavior, combustion stability, and process efficiency. The overall process was divided
into six key steps: data acquisition, preprocessing, feature selection, model development,
hyperparameter tuning, and predictive validation.

The framework was developed specifically to categorize the severity of any rupture
into one of the following actionable operational risk categories to aid predictive mainte-
nance planning as shown Figure 2.

| Data Collection |
| Feature Selection |

L 2

Run models in Multiclass Decision Forest classification

! §
Evaluate Confusion Matrix
L 2

Performs and select the best Tune Model
Hyperparameter for model accuracy enhancement

$
| Model Deployment |
p 2
Performs demo of the model and evaluate result |
¥
| End |

Figure 2. Flowchart of model deployment and prediction process.

2.2. Data Preparation and Preprocessing

The dataset was pre-processed thoroughly before developing the model to deal with
the data analytically and to make the model reliable. Industrial process data are often
incomplete, have inconsistent sensing data, and contain noise in the operational signals
because of sensor limitations and interruptions in the process. Hence, preprocessing of
data for cleaning and normalization was essential before the application of ML algorithms.

In the event that missing observations were initially flagged using placeholder identi-
fiers during data extraction, they were subsequently treated during preprocessing to avoid
bias in model training. The dataset was then filtered for inconsistencies and abnormal
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process data. To minimize the number of dimensions for calculation and performance
efficiency, feature selection was performed using the “compute linear correlation” function
in Azure Machine Learning Studio. The relationship between furnace parameters and the
rupture conditions was analyzed by correlation analysis to identify and understand the
correlation between the parameters and the most influential parameters in the furnace that
are associated with the furnace rupture condition. A Pearson correlation coefficient was
computed as in Equation (1):

r=) (x—X)(y;=y)/ )/ [\/Z(Xi -%)% \/Z(Yi -9 (1)

The mean values of x and y are denoted by (xi) and (yi), respectively, where (xi) and

(yi) refer to individual observations of these variables, and (n) indicates the number of
observations. The correlation threshold of Ir| > 0.30 was applied to identify parameters
with meaningful linear association with the rupture-risk label. This threshold reduced
the feature set from 56 to 19 operational parameters, retaining those most physically and
statistically meaningful for rupture-risk classification.

2.3. Feature Selection and Explainability

Feature importance analysis was conducted using the XGBoost classifier to improve
model interpretability and support practical deployment. The results indicated that fur-
nace air register control is the most significant predictor of the rupture-risk classification,
followed by TLE outlet temperature, TLE A inlet pressure, north cross over pressure, and
floor burner north flow. These variables are directly linked to combustion stability, heat
transfer efficiency, thermal loading, and pressure fluctuations in the furnace system. The
dominance of temperature and pressure parameters confirms that abnormal conditions in
these variables are strongly associated with degradation mechanisms in furnaces. While
Pearson correlation captures linear associations between operational parameters and the
rupture-risk label, it is acknowledged that process variables may also exhibit nonlinear in-
teractions. To address this, XGBoost-based feature importance analysis was also employed
to validate the selected features from a nonlinear ensemble perspective. The XGBoost
importance scores confirmed that the 19 parameters identified through Pearson correlation
are also the top predictors in the nonlinear model, providing cross-validation of the feature
selection outcome. Future work will explore mutual information and SHAP-based methods
to further capture nonlinear variable interactions as shown in Table 1.

Table 1. Selected operational parameters, measurement units, and relevance to tube degradation.

No Parameter Name Unit Location Relevance to Tube Degradation
Abnormal draft pressure disrupts combustion
Furnace Draft . . . .
1 mmH,O Furnace draft airflow, causing localized overheating and uneven
Control o .
heat distribution across tube coils.
Coil outlet temperature (COT) directly reflects
2 North COT Control MW Coil outlet thermal load on process coils; sustained elevation
accelerates creep damage in tube walls.
TLE Outlet Elevated transfer line exchanger (TLE) outlet
3 °C TLE outlet temperature indicates insufficient heat recovery,
Temperature o
contributing to downstream thermal stress.
High-pressure steam product flow reflects furnace
4 HHPEli"lz\(l)duct t/h Steam header heat balance; deviations indicate energy imbalance

and potential overloading.
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Table 1. Cont.

No. Parameter Name Unit Location Relevance to Tube Degradation
Furnace Coil Coil A-specific outlet temperature provides
5 A Outlet °C Coil A exit localized thermal monitoring; hotspots here
Temperature to TLE correlate with early-stage tube degradation.
Wall Burner Imbalanced burner fuel flow can create uneven
6 North Flow kg/h North wall burner heat flux distribution across the radiant section,
causing localized tube overheating.
Furnace SOE CG ) Secondary quenph e.xchanger (SQE) crac.k gas.
7 Outlet Temperature C SQE outlet outlet temperature indicates cracking severity; high
P values correlate with excessive tube temperatures.
Furnace Steam Steam drum level fluctuations can indicate unstable
8 Drum Level % Steam drum steam generation, which affects tube cooling and
thermal equilibrium.
. Air register position controls combustion air
Furnace Air o . . 7. . .
9 Register Control %o Air register supply, incorrect settings produce 1nc0mplete
& combustion and localized high-temperature zones.
North Crossover Crossover pressure reflects process fluid flow
10 Pressure barg North crossover resistance; elevated values may indicate coking or
mechanical restriction inside tubes.
TLE A Tnlet TLE inlet pressure changes indicate flow
11 Pressure barg TLE A inlet restrictions or fouling upstream in Coil A, signaling
accelerated tube degradation.
Furnace Steam Steam drum pressure is directly linked to heat
12 Drum Presstre barg Steam drum generation rate; deviations from set-point indicate
process imbalance and thermal stress.
DMDS (dimethyl disulfide) and dilution steam
Furp ace DMDS to o o flow control the hydrocarbon partial pressure;
13 Dilution Steam %o Dilution steam L "
Flow Control deviations affect coke deposition rate and tube
wall temperature.
Coil A Delta Coil pressure differential is a direct indicator of
14 Pressure ratio Coil A coke buildup inside tubes; increasing AP signals
progressive internal fouling and flow restriction.
TLE A Outlet TLE A outlet temperature monitors heat recovery
15 Temperature °C TLE A outlet efficiency; an abnormal rise indicates tube fouling
p or degradation in the TLE section.
HPS Superheater Superheater outlet temperature reflects the overall
P o furnace thermal output; sustained high values
16 Outlet Temperature C Superheater outlet o .
Control indicate the furnace operating beyond
design limits.
Floor burner fuel flow distribution affects radiant
Floor Burner section heat uniformity; imbalanced floor burner
7 . 7
1 North Flow t/h North floor burner flow creates high heat flux zones on lower
tube sections.
Furnace Coil C Coil C outlet temperature enables cross-coil
18 Outlet Temperature °C Coil C exit thermal comparison; divergence from Coil A
to TLE values identifies asymmetric degradation patterns.
Furnace Draft The control output signal complements the
19 Control % Furnace draft measured draft value, providing insight into
(Output Signal) controller response and draft regulation behavior.

2.4. Model Development and Algorithm Selection

After data preprocessing and feature selection, the data were fed into various machine
learning classifiers, and their performance was compared in terms of classification accu-
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racy. The comparative analysis was conducted using multiclass decision forest, random
forest, SVM, and XGBoost classifiers to evaluate their suitability for rupture-risk prediction.
Studies in the industrial field have also shown that ensemble decision forest classifiers are
superior to some traditional classifiers for predictive maintenance systems because of their
robustness and ability to handle nonlinear relationships in the processes. The developed
model was trained to classify the operating condition of the furnace into low-, medium-,
and high-risk categories for furnace ruptures. These severity classes were correlated with
thresholds for lead-time-to-failure to support maintenance scheduling and operational
decisions. Historical process parameters were used as inputs to the model, and the levels
of rupture severity were used as outputs for classification as show in Table 2.

Table 2. Definition of rupture-risk classes and maintenance responses.

Risk Class Meaning Maintenance Action
Low Risk Normal operating COI’.ldltlon;. lead time > 30 days to rupture; Routine monitoring (4 h intervals)
no immediate concerns
Medium Risk Early degradation indicators detected; lead time 7-30 days  Targeted mspe'ctlon; 'reduce load 10-15%;
to rupture notlfy maintenance
Hich Risk High rupture probability; lead time within 7 days to Initiates controlled shutdown emergency
& rupture; immediate action is required. inspection; ISO 31000 protocol [22]

This multiclass classification structure provided significant operational advantages
over the conventional binary fault detection methods. The three risk classes were deter-
mined using quantitative thresholds for lead-time-to-failure, derived from a historical
rupture database with the assistance of the plant engineers. Observations taken over
30 days before the confirmed rupture event were deemed low risk and considered normal
operating conditions with no immediate degradation concern. Observations made within
7 to 30 days of the rupture event were classified as medium risk, indicating early signs of
degradation and a need for more specific inspection. Observations made within 7 days of
a rupture event were classified as high risk, indicating a high likelihood of rupture and
a need for immediate maintenance action. Requirements for plant operational maintenance
scheduling determined these thresholds, which were then verified against the PI Process
Book historian system’s historical rupture information. All labels were assigned by do-
main experts using known rupture timestamps, and a reproducible, physically meaningful
classification scheme was used, consistent with ISO 31000 risk management principles [23].

2.5. Multiclass Decision Forest Architecture

In this study, the core predictive model was provided by the algorithm known as
Multiclass Decision Forest, a standard ensemble learning component available in Azure
Machine Learning Studio SDK V2. Ensemble learning methods, such as decision forests,
are methods of combining multiple decision trees to increase classification accuracy and
generalization performance [20]. During training, many decision trees are created using var-
ious subsets of the operational data. Every tree reveals a unique pattern and relationships
among the process variables.

The final classification is done by combining the results of all the decision trees in the
ensemble using a majority voting approach rather than using only one tree for prediction.
Such an approach is very robust and less prone to overfitting, especially in the case of high-
dimensional industrial process data with high nonlinear interactions and noisy operating
conditions. The multiclass decision forest model has one main advantage in that it can
handle complex industrial data with mixed-size operational variables, as shown in Figure 3.
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Figure 3. Architecture of the proposed multiclass decision forest framework for rupture-risk classification.

The architecture illustrates the flow of operational data from preprocessing and feature
selection through multiclass decision forest classification to rupture-risk prediction.

2.6. Hyperparameter Optimization and Accuracy Enhancement

Hyperparameter optimization was applied to improve the model’s predictive perfor-
mance. Hyperparameters directly influence the model’s behavior and have a considerable
effect on classification accuracy, robustness, and computational efficiency. Various optimiza-
tion techniques were explored, including grid search, random grid search, and random
sweep methods. Grid search systematically evaluates combinations of hyperparameters
across predefined ranges. This method is computationally intensive but can yield the
optimal parameter configuration. Random grid search, on the other hand, explores the
parameter space randomly, thus providing less computation with still very competitive
results. Random sweep optimization is a hybrid method that intelligently combines sys-
tematic and random exploration to ensure faster computation of the results, as shown
in Figure 4.
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Figure 4. Hyperparameter tuning strategies: (Left) entire grid search, (Center) random sweep, and

(right) random grid search.
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The parameters optimized were related to the ensemble size, the depth of trees, the
split criterion for the tree, and the selection of features in the behavior. Hyperparameter
tuning improved the accuracy and reliability of predictions of the models by maximizing
their capacity to generalize and minimizing classification errors.

The multiclass decision forest model employed 200 decision trees with an 80:20 training—
testing split and a random state of 42. Hyperparameter optimization was conducted using
grid search, random grid search, and random sweep strategies, with the final configura-
tion selected based on validation accuracy and generalization performance as reported
in Table 3.

Table 3. Experimental settings and comparative model parameters.

Parameter Value
Training-Test Split 80:20
Random State 42
SVM Kernel RBF
Number of Decision Trees 200
Maximum Tree Depth Auto (controlled by min leaf size)
Minimum Samples per Leaf 1
Feature Fraction per Split All features
Optimization Method Random Sweep
XGBoost Objective Multiclass Classification
Evaluation Metric mlogloss
Feature Scaling StandardScaler

3. Result and Discussion
3.1. Comparative Performance of Machine Learning Models

The comparative performance of all evaluated models is presented in Table 4. Among
the baseline classifiers, XGBoost (version 2.1.4) achieved the highest accuracy of 99.28%,
outperforming random forest version 1.5.2 (98.19%), LSTM Tensorflow version 2.17.0
(98.05%), and SVM scikit-learn version 1.5.2 (95.31%). The boosting mechanism of XGBoost
sequentially reduces prediction error and considers complex nonlinear relationships among
furnace operating parameters, explaining its strong performance among the comparison
models. However, the proposed multiclass decision forest achieved a perfect classification
on the available test dataset (100% accuracy) with zero false alarms, outperforming all
comparison models, including the deep learning LSTM baseline. The ensemble majority-
voting structure of the decision forest provided superior generalization across all three risk
classes, including the minority high-risk class, where detection failure has the most severe
operational consequences.

Table 4. Performance comparison of the evaluated machine learning models.

Model Accuracy Precision Recall F1-Score FAR
SVM 95.31 95.56 95.31 94.77 -
Random Forest 98.19 98.23 98.19 98.08 -
XGBoost 99.28 99.28 99.28 99.26 0.72
LSTM (Deep Learning Baseline) 98.05 97.89 98.05 97.96 1.95
Multiclass Decision Forest (Proposed) 100.00 100.00 100.00 100.00 0.00
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The outcomes confirm the suitability of ensemble-based methods for predictive main-
tenance in furnace systems for industrial applications.

3.2. Confusion Matrix and False Alarm Analysis

The confusion matrix presented in Figure 5 indicates that the proposed multiclass deci-
sion forest model achieved excellent classification performance across the three rupture-risk
categories (low, medium, and high) on the available test dataset. The model correctly classi-
fied all observations in the test set, resulting in class-wise precision, recall, and F1-scores
of 1.00, as summarized in Table 5. However, because the high-risk category contained
only four observations, these performance estimates should be interpreted cautiously and
require validation using larger datasets with a greater number of rupture events.

0 19 2 0 0 200
150
1 ] 0 0
@
e}
©
)
= 100
2 0 0 25 0
50
3 0 0 (1] 4
T T T T —t0
0 1 2 3

Predicted label

Figure 5. Confusion Matrix for Multiclass Risk Classification (XGBoost).

Table 5. Class-wise performance metrics of the proposed multiclass decision forest model (proposed
model, test set n = 256).

Class Precision Recall F1-Score Support
Low Risk 1.00 1.00 1.00 227
Medium Risk 1.00 1.00 1.00 25
High Risk 1.00 1.00 1.00 4
Overall/ Weighted 1.00 1.00 1.00 256

The proposed multiclass decision forest achieved perfect classification performance
on the available test dataset (n = 256). However, the high-risk class contained only
four observations. The precision, recall, and Fl-score that were obtained were all
1.00 and these performance measures must therefore be treated with some caution as
they were calculated on a test set that only included four observations with a high risk clas-
sification. Thus, the metrics reported should not be viewed as general performance metrics,
but rather as indicative of success on the set of available industrial data. The proposed
framework, therefore, may also provide a significantly lower false alarm rate (FAR) without
compromising detection of high-risk conditions for rupture. However, more validation
with larger and more diverse industrial datasets is needed to validate this performance in
more operating conditions.
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The proposed model was further evaluated using an independent deployment dataset
comprising 2021 operational data, as discussed in the model validation section below.

3.3. Explainable Feature Importance Analysis

The feature importance analysis of the XGBoost classifier was performed to enhance
the transparency of the model and meet the explainability needs of industrial predictive
maintenance systems. Figure 6 shows the 10 most important variables for rupture prediction
in operation. Furnace air register control had the highest importance score of all variables,
reflecting the importance of regulating combustion air in the furnace to ensure thermal
stability. Due to improper air distribution, overheated areas may be formed, which will
lead to the degradation of tube metal [24]. Temperature at the outlet of the TLE (TLE outlet
temperature) and TLE inlet pressure were also found to be highly influential parameters;
the former causes thermal stress on the furnace tubes, and the latter provides conditions
that favor creep damage mechanisms. North cross over pressure and floor burner north
flow were found to influence rupture-risk classification significantly [25]. The changes in
crossing pressure may reflect the imbalance of the process and the uneven distribution
of heat. At the same time, the abnormal burner flow rate may generate excessive heat
flux, which will lead to the formation of hot spots. The following operating conditions are
well known as factors that lead to tube thinning, metallurgical degradation, and potential
tube rupture.

0.15 0.20 0.25 0.30
Feature Importance Score

0.00

Figure 6. Top 10 operational parameters influencing furnace tube rupture-risk prediction. The x-axis
represents the normalized XGBoost feature importance score (F-score). Parameters shown are: Air
register control, TLE outlet temperature, TLE A inlet pressure, north crossover pressure, floor burner
north flow, DMDS steam flow control, Furnace draft control, Coil C outlet temperature, Coil A delta
pressure, and HPS Superheater outlet temperature.

The results demonstrate that the proposed framework captures meaningful operational
patterns associated with known furnace degradation mechanisms rather than functioning
as a black-box prediction system. Therefore, the model provides both predictive capability
and engineering interpretability, supporting risk-informed maintenance planning and
operational decision-making.
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3.4. Multiclass Decision Forest Performance Evaluation

The algorithm found to be the best predictive model for classifying furnace tube
ruptures is the multiclass decision forest algorithm. A comparative study with other
machine learning classifiers showed that ensemble-based learning techniques are more
accurate, robust, and generalize better. The model divided furnace operating conditions into
three risk categories: low, medium, and high. It is a multiclass structure that is a significant
improvement over traditional binary classification, which only distinguishes between
failure and non-failure, as shown in Figure 7. Although the proposed multiclass decision
forest achieved perfect classification on the available test dataset (n = 256), the high-risk class
contained only four observations. Thus, the reported performance needs to be understood
with caution, as the performance is based on a small minority class sample, which is not
statistically overwhelming enough to demonstrate the actual predictive reliability in the
real world. Given this, the findings are not definitive evidence of the predictive power, but
rather preliminary evidence. These studies should be confirmed in future with larger data
sets including more rupture events from various industrial furnace systems.

Overall Accuracy Comparison
104 -

102 -

100.00%

100 -

98.19%
98 A

96 1

Accuracy (%)

94

92 A

90 1

88 -

SVM Random XGBoost Multiclass
Forest Decision Forest
(Proposed)

Figure 7. Comparative accuracy of SVM, random forest, XGBoost models, and multiclass
decision forest.

Grading of the risk level of the degradation pattern allows detection earlier and
provides actionable information for maintenance planning. Decision forest models have
been extensively shown to be superior in industrial predictive maintenance tasks [21].
Likewise [13] argued that reducing variance and overfitting in the classification process
can be achieved by combining multiple decision trees, thereby increasing the stability of
the classification process, which is also known as ensemble learning.

The ensemble structure enabled the model to learn complex interactions between
furnace variables that could not be detected by other statistical or linear approaches. The
use of multiple voting in the decision trees greatly enhanced the reliability of prediction
and robustness to noisy input data [19]. The results of this study provide strong empirical
support that ensemble learning, especially based on the majority voting strategy, can solve
uncertainty and changing operating conditions problems in an industrial setting.
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3.5. Optimization of Hyperparameters and Enhancement of Models

Hyperparameter optimization was one of the key steps in improving the predictive
capabilities of the proposed model. Three optimization methods were used in tuning: entire
grid search, random grid search, and random sweep. Various techniques were employed
to determine the best set of parameters for the models, such as their depth, number of
estimators, and feature splitting criteria [2,26].

Grid search systematically searches every possible combination of hyperparameters
within a specific search space. Although this guarantees an optimal configuration, it is
very time-consuming, especially when dealing with large datasets [27]. Random grid
search randomly samples parameter combinations, decreasing computational cost while
still providing reasonable performance [28]. Random sweep is a hybrid compromise that
also explores the parameter space in a structured manner.

Hyperparameter tuning has been emphasized as an effective approach to enhance
machine learning performance in previous studies. Ref. [26] showed that better hyper-
parameter tuning can significantly improve the accuracy of the classifiers and the model
stability using different machine learning algorithms. Likewise, for complex classification
problems, tuning has been shown to lead to greater predictive accuracy, as demonstrated
for high-dimensional data [29].

Random sweep proved to be the most effective approach in the current study, offering
a good balance of computation and prediction. Results obtained from the optimized model
showed more generalization performance and lower classification error rates, especially
between the medium- and high-risk rupture conditions [20]. In industrial applications,
early and accurate failure detection can be a key factor in operational safety and cost
efficiency, making this improvement crucial.

3.6. Model Validation Using Independent Operational Data

The optimized model was validated using an independent set of 1365 observations
collected from the furnace’s operation in 2021, covering the entire year of operation, both at
normal and verified rupture periods. The validation set comprised 1135 low-risk (83.2%),
123 medium-risk (9.0%), and 107 high-risk (7.8%) predicted observations. Seven event
clusters of ruptures were identified through temporal analysis of high-risk predictions
during the validation period. The highest number of observations in a single cluster
(Cluster 4) amounted to 85, which was equal to 340 h of high-risk warnings (14.2 days)
with a high-risk predictive probability of 86.3% on average. This shows that the proposed
framework provides sustained early warning significantly higher than the one-week thresh-
old; 76 out of 107 high-risk observations (71.0%) were greater than the 70% predictive
confidence threshold.

Figure 8 presents the complete validation timeline for the model’s predictions of risk
probabilities and class assignments across all 1365 observations. These results indicate the
practical applicability of the abovementioned framework for maintenance scheduling, load
management, and planning of safety in this furnace operating environment. Ref. [30] em-
phasised that early failure prediction models support cost-effective maintenance solutions
and minimize disruption in process industries. The proposed model extends conventional
monitoring systems based on threshold alarms or single-variable monitoring, such as
temperature, by enabling detection of degradation patterns that are generally not observed
in conventional systems. The validation results indicate that, for this furnace system, the
machine learning-based predictive maintenance approach performed more robustly than
the conventional methods it was compared against [31]; confirming this advantage across
other industrial assets will require further validation.
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Figure 8. Validation timeline—decision forest predictions on 2021 independent operational data.

3.7. Industrial Implications of Predictive Maintenance Framework

This study’s results suggest that machine learning can meaningfully enhance furnace
monitoring in settings such as the furnace system evaluated here, driving enhanced ef-
ficiency, reduced downtime events, and improved safety [17]. Traditional maintenance
methods, such as periodic inspections and rule-based alarm systems, are often insufficient
for early-stage fault detection and typically identify failures only after significant damage
has occurred [32]. The proposed machine learning framework addresses this gap by con-
tinuously processing operational data and dynamically predicting rupture risk, enabling
proactive maintenance activities.

The multiclass classification system developed in this research offers a concrete op-
erational benefit demonstrated on the study furnace: low-risk conditions trigger routine
monitoring; medium-risk conditions prompt scheduled inspection and load reduction, and
high-risk conditions trigger immediate controlled shutdown planning and safety escalation,
in accordance with ISO 31000 risk management principles [30], as summarized in Figure 9.

| STEP 1: Furnace Operational Data Input (Every 4 Hours) |

i

| STEP 2: Multiclass Decision Forest Prediction — Risk Class + Probability Score |

High

Risk Class?

Medium

LOW RISK MEDIUM RISK HIGH RISK
Lead Time: >30 days Lead Time: 7-30 days Lead Time: <7 days
* Continue normal operations * Schedule tube inspection  Initiate controlled shutdown
o Log and trend operational data e Reduce furnace load 10-15% * Alert safety & operations team
* No immediate intervention * Notify maintenance engineer * Emergency tube inspection

© Increase monitoring frequency  Evacuation protocol if required

¥ v i

| Next check: 4 hours | Next check: 4 hrs | Escalate if worsens ‘ ‘ IMMEDIATE response — Do not delay |

‘ Post-Action: Update Maintenance Log + Record Risk Trend + Model Retraining if needed ‘

!

L Return to STEP 1 — Continuous 4-hour monitoring loop ‘

Figure 9. Risk-based maintenance decision flowchart linking each predicted risk class to recom-
mended maintenance actions and lead-time ranges, in accordance with ISO 31000 Risk Management

Principles [23].
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This structured decision-making capability offers operational flexibility while reducing
unnecessary maintenance and improving asset utilization, thereby decreasing production
losses caused by unplanned downtime for the furnace system studied. Extending this
benefit to other furnace types and industrial sites is identified as necessary future work
rather than an established outcome of the present study. Future studies could combine
failure mode and effects analysis (FMEA) with machine learning models to enhance risk
assessment and maintenance strategies.

3.8. Strengths and Limitations of Proposed Framework

The proposed multiclass decision forest framework demonstrated strong capability
for early prediction of furnace tube rupture under complex industrial operating conditions.
A key strength of the framework is its ability to classify rupture severity into actionable
operational risk categories rather than relying on conventional binary fault detection [33].
This multiclass structure enhances operational interpretability and supports proactive main-
tenance planning through risk-based intervention strategies. The integration of feature
selection, ensemble learning, and hyperparameter optimization also improved computa-
tional efficiency, prediction stability, and model generalization performance when validated
using unseen industrial operational data.

Another important strength of the framework is its practical industrial relevance. The
ability to provide early rupture-risk warnings more than 14 days before failure events offers
valuable lead time for maintenance scheduling, load management, and operational safety
planning. Furthermore, the ensemble-based decision forest structure provides robustness
against noisy and high-dimensional industrial process data, making the framework suitable
for predictive maintenance applications within Industry 4.0 environments.

Despite these advantages, the study has several limitations. The predictive frame-
work was developed using historical operational data from a single industrial furnace
system, which may limit its generalizability across furnace configurations and industrial
environments. In addition, the correlation-based feature selection approach may not fully
capture complex nonlinear interactions among operational variables. It should also be
emphasized that the fundamental techniques employed, such as Pearson correlation-based
feature selection and a built-in decision forest ensemble classifier, are well-established
and commonly used techniques, and that the novelty of this work lies in their applied
combination with a lead time-based multiclass risk-labeling scheme and independent-year
validation on real rupture data, rather than in algorithmic novelty. Future research could
explore advanced feature extraction techniques, hybrid deep learning models, and real-time
deployment architectures to improve predictive accuracy and industrial scalability further.
Another limitation is the relatively small number of high-risk observations in the testing
dataset. While the classification results are good, further testing on larger and more diverse
industrial datasets is needed before the proposed framework can be generalized.

4. Conclusions

This study developed and validated a multiclass predictive maintenance system for
furnace tube rupture prediction using a multiclass decision forest model. The proposed
framework aimed to shift furnace monitoring on the studied system from reactive in-
spection practices towards a data-driven predictive maintenance approach that supports
proactive operational decision-making in high-risk industrial environments. The model
used industrial operational data comprising 56 furnace variables, which were reduced to
19 significant parameters through correlation-based feature selection to improve compu-
tational efficiency and interpretability. The multiclass classification structure categorized
rupture conditions into low-, medium-, and high-risk levels, providing greater operational
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relevance than conventional binary fault detection methods. Results demonstrated that the
proposed model effectively identified rupture-risk patterns and provided early warning
more than 14 days before potential failure events.

Integrating ensemble learning with hyperparameter optimization improved prediction
robustness, model stability, and generalization performance under the complex operating
conditions of the investigated furnace. The proposed framework shows that currently
available ensemble learning tools enabled by a risk-based multiclass labeling scheme,
which is triggered by the furnace’s lead time, can support predictive maintenance planning
for industrial furnace systems operating under conditions similar to those investigated
in this study to improve operational safety and minimize unplanned downtime of such
furnace systems. Despite these contributions, the study is limited by its reliance on historical
data from a single industrial system and by the small size of the high-risk test sample.
Future research should focus on real-time deployment, advanced feature engineering,
validation on larger high-risk datasets, and validation across multiple furnace environments
to improve scalability and generalizability.
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