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ABSTRACT This study proposes an operational efficiency improvement model for Lighthouse Factories
based on the XGBoost algorithm. By integrating large-scale heterogeneous data from PLCs, MES, SCADA
systems, maintenance records, and energy monitoring platforms, the model identifies operational ineffi-
ciencies and predicts critical production events through advanced feature engineering and cost-sensitive
learning strategies. A comprehensive data-to-decision framework is established, enabling predictive
maintenance, dynamic scheduling, and near real-time decision support. Experimental evaluation on an 18-
month industrial dataset containing over 15 million records demonstrates superior performance compared
with conventional machine learning approaches, achieving higher predictive accuracy, reduced unplanned
downtime, and improved production throughput. The proposed framework is particularly applicable to
Industry 4.0 environments supported by industrial wireless communication networks, antenna-enabled
Industrial Internet of Things (IIoT) infrastructures, and cyber-physical manufacturing systems, where
reliable data acquisition and transmission are essential for intelligent operation. The results confirm the
effectiveness, scalability, and practical value of the proposed model for enhancing operational efficiency

in smart manufacturing environments.
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. INTRODUCTION
A. BACKGROUND INFORMATION
Lighthouse Factory, a concept popularized by the

World Economic Forum (WEF), is a manufacturing
facility recognized as a world leader in implementing and
adopting advanced Industry 4.0 technologies (e.g., IoT, Al,
cloud computing) across its value chain, enabling end-to-end
data flow and real-time decision-making through advanced
analytics. These factories serve as "beacons" of innovation,
demonstrating how production processes can be reinvented
through the integration of cyber-physical systems (CPS),
the Internet of Things (IoT), and digital twins. In the
textile industry, for example, a Lighthouse Factory leverages
these technologies to create fully automated, end-to-end
digital production lines, from customized fiber spinning to
final garment cuttng, showcasing the future of efficient and
sustainable manufacturing [1]. These factories use real-time
data capture, strong automation, and machine-to-machine
communication to permit versatile, productive, and resilient
production. A typical lighthouse factory incorporates in-
telligent robotics, analytics platforms in the cloud, and
predictive maintenance tools, making human operators and
machine functions coexist harmoniously.
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In lighthouse factories, operational efficiency is a sig-
nificant performance metric that directly affects through-
put, overall equipment effectiveness (OEE), energy, product
quality, and production cost [2]. Because such factories are
frequently used as examples of industrial best practices,
maximizing efficiency will pay dividends in more ways than
one, since other manufacturers will find it easier to follow
the example by improving their productivity. Due to high
operational efficiency, there is minimal downtime, resource
allocation, and increased adaptation to the market require-
ments. Given the imperatives of sustainability objectives and
the fierce environment of global competition, the challenge
of accomplishing more output with fewer resources, all
while maintaining high quality, is necessary not only for
economic viability but also for achieving environmental
sustainability. This drive for radical efficiency is especially
acute in the textile industry, where minimizing water and
energy consumption in resource-intensive processes like
dyeing and finishing, or reducing material waste through
precise cuttng, is vital for both profitability and meeting
increasingly strict global environmental standards.
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B. MOTIVATION & GAP ANALYSIS

Although technologically advanced, lighthouse factories
encounter many difficulties concerning efficiency, main-
tenance, and improvement. The data generated in such
environments are typically complex multi-source time-series
streams, originating from heterogeneous sensors and indus-
trial systems [3]. Such records are nonlinear, have different
space and time resolutions, and are sometimes inconsistent.
Equipment failures or inefficiency events are often rare but
highly impactful, making their prediction a challenging class
imbalance problem [4]. Also, operational choices often must
be taken in real time, so its models must be both precise
and computationally inexpensive.

Classical statistical models, while interpretable, often
struggle with capturing the nonlinear, high-dimensional in-
teractions present in manufacturing data [5]. Conversely,
deep learning approaches, particularly in their “black-box”
form, can model complex relationships but typically require
vast amounts of labelled data, significant computational
resources, and offer limited interpretability—an important
drawback in industrial environments where decision ac-
countability is essential [6]. Moreover, deep neural networks
can be complex to deploy on edge devices or integrate
into existing manufacturing execution systems (MES) due
to their resource demands and opaque decision-making
processes.

The Extreme Gradient Boosting (XGBoost) algorithm
offers a balanced solution to these challenges. As a treebased
gradient boosting framework, XGBoost is well-suited for
heterogeneous tabular data, can natively handle missing
values, and efficiently model nonlinear feature interactions
[7]. It also learns comparatively fast compared to numerous
deep learning systems, and its output can be interpreted
into an uncommon operator trusting ranking of features.
Moreover, the scalability of XGBoost and its support of
custom loss functions make the later especially suitable for
manufacturing applications, such as cost-sensitive tasks, in
which false negatives have a disproportionately large effect.

C. RESEARCH CONTRIBUTIONS AND PAPER
STRUCTURE

Some contributions to the area of intelligent manufacturing
analytics are evident in this paper: (a) Development of
a complete data-to-decision pipeline for operational effi-
ciency improvement in lighthouse factories using XGBoost
as the core predictive model. (b) Introduction of feature
engineering methods tailored to manufacturing data, in-
cluding temporal aggregations, rolling statistical measures,
and machine interaction features that capture dependencies
across equipment. (c) Integrating hyperparameter tuning and
operational constraints into the modelling process, focusing
on cost-sensitive loss functions to prioritize highimpact
predictions. (d) Extensive experimental evaluations against
multiple baseline models, supplemented by a real-world
deployment simulation, are performed to assess practical
viability [8].
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These contributions address a critical research gap where
prior work has often focused on isolated components such
as predictive maintenance or quality prediction without pre-
senting a unified, operationally deployable pipeline [9]. The
proposed framework will achieve performance optimization
in predictive accuracies and can be interpreted, scaled,
and work within the context of industrial systems already
in use. Through rigorous feature engineering, algorithmic
optimization, and real-world integration, this study offers a
replicable methodology for improving manufacturing effi-
ciency at scale [10].

The rest of this paper is organized as follows: Section
“LITERATURE REVIEW” is a literature review related to
efficiency enhancement in smart factories, machine learning
usage in manufacturing, and XGBoost implementation in
the industrial settng. In section PROBLEM STATEMENT
& OBIJECTIVES, the problem is stated formally, and the
objectives and constraints are indicated. Section METHOD-
OLOGY is the methodology section that presents the sys-
tem architecture, the data collection process, the feature
engineering, the model design, and the training. In section
EXPERIMENTS & RESULT, the experiment and its setup
are reported along with its results and ablation analyses, and
then a simulation of an actual deployment is run. Section
DISCUSSION talks about the interpretation of the results,
practical implications, and limitations. Section POLICY IM-
PLICATIONS & RECOMMENDATIONS provides policy
recommendations, which lead to Section CONCLUSION &
FUTURE WORK, which concludes by giving a summarised
conclusion and suggesting future research.

Il. LITERATURE REVIEW

A. EFFICIENCY IMPROVEMENT IN SMART FACTORIES
Efficiency improvement in smart factories is a long-standing
focus of manufacturing research, often tackled through
operations research (OR) methodologies such as scheduling
optimization, resource allocation, and maintenance plan-
ning. The usual techniques applied to streamline through-
put and minimize costs are such as linear programming,
mixed-integer programming, and heuristic algorithms [11].
The techniques enable the manufacturers to streamline the
process through the ease of job scheduling and machine
availability so that the manufacturers establish optimal per-
formances.

Overall Equipment Effectiveness (OEE) is a baseline per-
formance indicator to measure manufacturing performance
through the combination of availability levels, performance
efficiency, and quality rates [12]. It has also been revealed
through studies that incremental gains in OEE, even by a
small amount of 5-10% are capable of generating impressive
volumes of production, in some occasions amounting to 8%
[13]. All these benefits can be summarized into terms of
savings on costs and greater sustenance of resources, hence
signifying the significance of efficiency of operations in the
modern-day factory economically and environmentally.
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Predictive maintenance has evolved from traditional sta-
tistical process control (SPC) and reliability-centred mainte-
nance (RCM) models, including failure distribution analysis
such as Weibull and exponential models. Recent hybrid OR-
ML frameworks combine predictive maintenance scheduling
with dynamic production planning, reducing downtime by
anticipating failures without disrupting workflows [14]. De-
spite these achievements, most of the systems will approach
maintenance and scheduling as two separate entities, ne-
glecting the possibilities of comprehensive optimization that
would consider various operational KPIs and optimize them
altogether.

B. MACHINE LEARNING IN MANUFACTURING

Machine learning has become a popular tool as an effective
mechanism for addressing very intricate issues in manufac-
turing, such as failure prediction, quality inspection, and
energy optimization. Supervised learning models such as
logistic regression, decision trees, support vector machines,
and neural networks have been applied successfully to
classify faults and predict machinery breakdowns [15]. Re-
search findings indicate that including ML-based predictive
maintenance can cut downtime by up to 50 percent and
considerably increase operational availability.

For quality control, convolutional neural networks
(CNNSs) have revolutionized visual defect detection by au-
tomating inspection with high accuracy [16]. Meanwhile,
tree-based models such as random forests and gradient
boosting are favored for sensor-based classification of prod-
uct quality due to their robustness to noisy data [17]. On the
energy front, reinforcement learning and regression models
have optimized consumption paterns, achieving energy sav-
ings between 8% and 15% without compromising output
[18]. However, numerous ML applications are still localized
and focused on one goal instead of efficiency in the entire
factory.

Another important issue is the data heterogeneity and
volume because manufacturing environments produce differ-
ent data streams of PLCs (Programmable Logic Controller),
MES (Manufacturing Execution System), SCADA (Supervi-
sory Control and Data Acquisition), and environmental sen-
sors. Their samples are inconsistent and have gaps. Though
data fusion techniques have been suggested to reconcile
such multi-source data, litle research has been made in con-
junction with domain-specific feature engineering and cost-
sensitive modelling to deal with real-time decisions. Lacking
these, ML solutions face the threat of low generalizability
and workplace applicability in industry because they pose
interpretability and deployment issues.

C. XGBOOST AND TREE-BASED METHODS IN
INDUSTRY

Tree-based ensemble models, including Random Forest,
Gradient Boosting Machines (GBM), and XGBoost, are
widely regarded as state-of-the-art for tabular data in in-
dustrial applications [19]. XGBoost, especially, brings to-
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gether the concepts of scalability, accuracy, and flexibility
through efficient processing of missing data and modelling
of complex feature interactions. It finds applications in
predicting tool wear, fault detection, and adaptive production
scheduling. Such victories indicate that it is feasible in
the manufacturing environment in which data volume and
velocity are high.

XGBoost, in contrast to deep learning models, provides
increased interpretability with the assistance of feature im-
portance metrics and the capability of combining with the
explainability software, such as SHAP values, to atribute
remarkably equal scores to features within each estimation.
Such visibility contributes to the trust of the operators and
informs corrective action on the factory processes. Fur-
thermore, a relatively low computational complexity allows
XGBoost to be deployed to edge devices and used in real-
time inference, overcoming latency limits of importance in
production decision-making.

D. GAPS IN PRIOR WORK

Despite progress, the literature reveals gaps in integrat-
ing multi-source factory data into a single, operational
pipeline that combines domain-aware feature engineering,
cost-sensitive objective functions, and interpretable gradient
boosting models within lighthouse factories [20]. In most
studies, the researchers concentrate specifically on individ-
ual tasks such as predictive maintenance or predicting the
quality of the system rather than integrating the complete
system or considering implementation in real-time. Addi-
tionally, limited research offers extensive ablation and sen-
sitivity analyses to evaluate model robustness under noisy
or missing data conditions—common in industrial settngs—
and rarely addresses seamless integration into existing
MES/SCADA systems for real-world use [21]. The proposed
research work will improve upon these gaps by suggesting
a universally applicable XGBoost-based framework that
balances predictive performance, model interpretability, and
operation limitations to enhance scale in smart factories with
effectiveness.

lll. PROBLEM STATEMENT & OBJECTIVES

The research will establish a predictive-prescriptive system
that predicts the occurrence of an operational inefficiency
phenomenon, e.g., equipment failing, process botlenecks, or
quality issues in a lighthouse factory environment. The sys-
tem’s main aim will be to decrease the unplanned downtime
by a minimum of 10 percent per week, grow throughput
by 5 percent, and improve the first-pass quality yield of
3 percent or above, working with data-driven interventions
using multi-source sensor and operational data.

The system must produce the predictions within 500 mil-
liseconds, owing to operational limitations that should facil-
itate real-time decision-making. It should give explanatory
sub-products so human operators can comprehend and trust
model suggestions. On-premises deployment is required
due to data privacy limitations, and sensitive manufacturing
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data should be stored during on-premises deployment. The
system should also be flexible and fit process changes
without retraining. Finally, the purpose is to prove that
even a more traditional pipeline, constructed with XGBoost,
complemented with a custom feature engineering process
and cost-sensitive learning targets, may be more effective
than more basic techniques and capable of addressing real-
world deployment, thus making a step forward in intelligent
manufacturing analytics and decision support.

IV. METHODOLOGY

A. OVERALL SYSTEM ARCHITECTURE

The architecture of the proposed operation efficiency im-
provement system is adopted to provide a smooth combi-
nation of data collection, data processing, predictive mod-
elling, and resultant decision-making processes within the
environment of a lighthouse factory. The system is initiated
by implementing different industrial sensors in production
lines that constantly monitor the state of machines and
manufacturing conditions and processes. These sensors use
the raw data in an edge computing layer where preliminary
processing is done to minimise noise and delays of trans-
missions, which are crucial in real-time reaction to critical
scenarios.

Pre-processed data is moved to a centralized data lake, a
scaled repository to store structured and unstructured data
from varying sources. This would have a designated feature
store to extract and save the machine learning features
engineered at this repository. This feature set is then run
as the core predictive model on the XGBoost algorithm
to predict the operational inefficiencies, including machine
failures or quality degradation. The results are presented in
an interactive dashboard to the operators, from which they
can initiate remedial action or schedule maintenance per the
models’ suggestions.

The architecture can run in either real-time inference or
batch training. The real-time inference provides predictions
less than 500 milliseconds to react quickly to the upcoming
failures, and the batch version allows retraining the model
and adopting the most recent operational trends during
off-peak hours. These two modes of operation harmonize
between performance and utilization of resources so that
the system is responsive, but scalable. To explain the stages
of data movement and data processing, the architecture of
the system is given in Figure 1 in the form of a detailed
flow diagram.

B. DATA SOURCES & COLLECTION

The data includes the multi-source data common to an
advanced manufacturing settng. Key sources include Pro-
grammable Logic Controller (PLC) logs tracking real-time
machine states, SCADA system readings monitoring pro-
cess variables, and Manufacturing Execution System (MES)
records detailing production events. In addition to process-
ing data, quality inspection data, which consists of visual
records and manual logs, is used. Energy Meters monitor
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power usage, whereas maintenance logs capture the history
of interventions. Using ERP timestamps, order details, such
as batch start and end times, are given contextually.

Data streams have different sampling frequencies: sensor
data could be sub-second, whereas maintenance transactions
and ERP processes may be daily, or even per shift. The
data covers an 18-month period that reflects seasonal impact,
different workloads, and anomalies in operation. Strict data
governance and anonymization policies protect sensitive
industrial information, which parallels privacy and security
policies. An overview of data sources, sampling rates, and
feature counts can be found in Table 1, which describes the
process towards consolidating heterogeneous data to model.

C. DATA PREPROCESSING & FEATURE ENGINEERING
Time alignment and resampling are the initial steps of data
preprocessing to standardize various streams into regular
1-minute periods to suit asynchronous sampling. Moving
averages and median filters are noise filtering techniques
used to stabilise gas sensor readings, which are largely
unstable. The outliers are detected through a statistical and
domain-based set of rules and guarantee the removal of
wrong spikes. Missing data, common because of sensor
failures or failure to communicate, are filled in with forward-
fill produced with the help of binary flags, which notify the
model of the imputation of values, strengthening reliability
in inference. The encapsulation of feature engineering is
to capture the time dynamics and relationship between the
equipment. Statistical aggregations (rolling mean, standard
deviation, skewness, kurtosis) computed over multiple win-
dows (5, 15, and 60 minutes) capture short- and long-
term trends. Frequency-domain features extracted via Fast
Fourier Transform (FFT) identify dominant cyclical paterns
linked to mechanical vibrations or electrical noise, signalling
potential wear or faults. Its features add extra detection of
faint signals that cannot be seen in time-domain data.

The features of events measure the context, i.e., opera-
tional measures, including time since the last maintenance
or the number of errors over shifts, indicating accumulating
risks. Interaction features are exchanges of dependence
between machines, consisting of lagging cross-covariances,
usually due to coordinated machines through production
phases or subsequent failures. Categorical machine states
(e.g., idle, running, fault) are encoded using one-hot or target
encoding to enable tree-based models to process discrete
conditions effectively.

A stringent, multi-stage feature selection process was
used to reduce feature redundancy and overfittng, ultimately
finalizing the 420 features. This strategy relied on a com-
bination of domain-driven pruning and machine learning-
based evaluation. Initial training of the XGBoost model pro-
vided intrinsic feature importance measures (Gain, Cover,
Frequency), which were then applied during the pruning of
irrelevant variables. Additional procedures, such as mutual
information assessment (to measure non-linear correlation
with the target variable) and recursive feature elimination (to
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FIGURE 1. Factory Operations+ Data Flow+ XGBoost Prediction System

TABLE 1. Data Sources, Sampling Rates, and Feature Counts

Data Source Description Sampling Rate Feature Example Features
Count
PLC Logs Real-time machine state data from Programmable 100 ms-1 s 25 Motor speed, spindle load,
Logic Controllers temperature
SCADA Readings Supervisory Control and Data Acquisition process 1-10 s 30 Pressure, flow rate, temperature
monitoring
MES Records Manufacturing Execution System event logs Event-driven (per produc- 15 Production step ID, start time, end
tion event) time
Quality Inspection Data Visual inspection results and manual inspection logs Per batch or per shift 20 Defect type, defect count, pass/fail
rate
Power Consumption Me-  Energy usage measurements for machines and 1 min 10 Active power, reactive power, voltage
ters production lines
Maintenance Logs Records of scheduled and unscheduled maintenance Daily or event-based 12 Intervention type, downtime, part
replaced
ERP System Timestamps ~ Enterprise Resource Planning records of operational Daily or per shift 8 Batch start/end, shift schedule, order
context ID

iteratively remove the least important features), ensured that
only the most informative and non-redundant features were
kept. The final selection of the 420 features was achieved
by iteratively removing features below a cumulative impor-
tance threshold determined by cross-validation, with final
domain knowledge consultation to prevent the accidental
removal of features deemed critically relevant by factory
experts. Domain knowledge and experimental, sensitivity-
noise tradeoffs are used in making temporal windows and
feature granularity decisions. Figure 2 is a graphical rep-
resentation of time series data with generated features to
illustrate the generation of features.
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Target Variable Definion and Class Imbalance

The core target variable for classification is a binary event:
y=1if an unplanned downtime event (a fault, botleneck, or
major quality issue resulting in a shutdown of > 15
minutes) occurs at timestamp for within the subsequent
4-hour prediction horizon (tto t+4 hours), and y=0
otherwise. This predictive lead time of 4 hours aligns
with the intervention window identified in the deployment
simulation and provides sufficient time for human operators
to schedule pre-emptive maintenance. The dataset exhibited
a significant class imbalance ratio, with positive sample
s (y=1) accounting for approximately 4.5% of the total
15 million records. This imbalance was primarily addressed
using the cost-sensitive weighted logistic loss function,
where the positive class weight w, was set significantly
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Figure 2. Time-Series Plot with Engineered Features
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FIGURE 2. Time-Series Plot with Engineered Features

higher than the negative class weight wy to prioritize Recall.

D. XGBOOST MODEL DESIGN & OBJECTIVE

The predictive core is an XGBoost algorithm, which min-
imizes errors using iterative learning on tests based on
gradient boosting on decision tree ensembles. Regularization
parameters (L1, L2) reduce model complexity, prevent-
ing overfittng on noisy industrial data. The model frame-
work supports multiple problem formulations: regression
(e.g., continuous throughput prediction), classification (e.g.,
failure/no-failure within next 4 hours), and cost-sensitive
ranking, prioritizing predictions with higher operational
impact. This flexibility renders it fit for factory-level specific
KPIs and risk tolerances.

£0) =30 " 1w+ ) + Q)

Where:

L™)(9): The objective function at iteration 7, which is
minimized to find the optimal m'" tree f,,, parameterized
by the model 6.

n: The total number of samples in the training set.

l: The loss function (e.g., weighted logistic loss, as
specified in the text).

y;: The true label of the ' instance.

Agmfl): The prediction of the i*" instance from the m — 1
trees built previously.

fm(x;): The prediction of the i*! instance from the newly
added m'™" tree.

Q(fm): The regularization term of the m'™ tree, which
controls tree complexity (e.g., L1 and L2 regularization).
Cost sensitivity can be achieved using a tailored loss func-
tion: it can be designed to have a bigger penalty on false
negatives to curb the associated accidental downtime costs.

Specifically, to implement cost-sensitive learning that
prioritizes minimizing costly False Negatives (FNs) and thus
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increases Recall, we utilize a weighted logistic loss function.
This function effectively works by assigning a higher weight
(w1) to the rare positive class (failure event) compared to
the negative class (wp), which is mathematically equivalent
to adjusting the sample weights of the failure events during
the gradient boosting process.

For example, weighted logistic loss functions diminish
errors by projected downtime or repair costs, matching
training goals with business concerns. Model interpretability
is enhanced through SHAP (SHapley Additive exPlanations)
values, which assign contribution scores to each feature for
individual predictions, facilitating transparent diagnostics.
Complementarity visualization tools like partial dependence
plots, which further aid in understanding model behavior,
feature effects, etc, enhance statistical learning models.

To formalize the weighted logistic loss for cost-sensitive
classification:

1
L = -~ Zj\;Wyi [logpi + (1 — i) log(1 —pi)] (2)

where W, is the class-specific weight, y; is the true label,
and p; is the predicted probability. Here, p; = o(¢;), where
y; s the raw prediction score (logit) optimized by XGBoost,
and o denotes the sigmoid activation function. Assigning
the positive class weight w; greater than the negative class
weight wy (w; > wp) emphasizes recall on rare but costly
failure events.

To prevent label leakage and ensure temporal integrity,
this training pipeline starts at feature extraction and temporal
train-validation splits. Specifically, the prediction for the
target event at time ¢ (which looks ahead 4 hours) is
based exclusively on features available strictly before time
t, ensuring that no information from the ¢ to ¢ + 4 hour
target window is used in feature calculation. Generalization
assessment can be done by cross-validation, and hyperpa-
rameter tuning can be done on learning rates, tree depth
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(max_depth), the number of estimators, and subsample
proportions. The last model is retrained on the entire training
set and redeployed to make inferences.

E. TRAINING PROCEDURE, HYPERPARAMETER
TUNING, VALIDATION STRATEGY

Since the data has a temporal dependency, the model’s time-
series aware cross-validation through a rolling origin win-
dow will guarantee chronological integrity between training
and validation sets. This involved defining a fixed Training
Window Length (3 months) and a fixed Validation Window
Length (1 month). The rolling process advanced by a fixed
sliding step size of 1 month until the entire dataset was
covered, ensuring that each validation set chronologically
succeeded its corresponding training set and that the val-
idation period is sequentially updated (rolled) forward in
time across the dataset. This approach emulates real-life
productions in which past activities can be used to make
future predictions. Hyperparameter tuning was conducted
using a mix of both Random Search and Bayesian Opti-
mization. This hybrid approach balanced broad exploration
of the parameter space with efficient, sequential exploitation
to find high-performing combinations. The objective for this
optimization was the composite F1 score, calculated exclu-
sively on the validation set splits generated by the rolling
window cross-validation, ensuring that parameter selection
did not inadvertently benefit from future data or overfit
the training data. Hyperparameters tuned included learning
rate, tree depth (max_depth), the number of estimators, and
subsample proportions.

1
SCOT@CV = E Zf M (f@k (Xval,k)ayval,k) (3)

Where:

Scorecy: The final composite cross-validation score used
for hyperparameter selection.

K: The total number of rolling validation splits generated
by the time-series cross-validation process.

M: The evaluation metric function (in this study, the
composite F1 score).

fo,.: The model trained on the £*® training window.

Xyal,kx: The feature matrix of the k™ validation set.

Yval,k: The true labels of the kP validation set.

The problem of overfittng is addressed by early stopping:
training is terminated if validation metrics fail to improve
following a certain number of boosting steps. Model evalua-
tion scores comprise model precision, recall, F1 score, ROC-
AUC, and industry-specific KPIs like projected downtime
avoidance and throughput improvements. The selection of
models focuses on finding a good trade-off between these
metrics, aiming to focus on the model’s usefulness in
operational terms rather than accuracy. The last model is
chosen based on the highest composite validation score.
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F. IMPLEMENTATION & REPRODUCIBILITY DETAILS
The system runs on Python 3.9 with the gradient boosting
of the XGBoost 1.7 library. Training is supported mainly
on CPU infrastructure, and can be accelerated with GPU,
and hyperparameter optimization to train faster. The stan-
dard training times range between one and three hours,
depending on the size of the dataset and the complexity
of the hyperparameters. Each of the random seeds will be
pinned so that it is possible to reproduce the results between
training runs and environments. The codebase and synthetic
datasets that approximate data distributions in operation will
be published in a public repository, provided under data
sharing agreements. This makes it possible to have external
validation of the findings and repeatability.

V. EXPERIMENTS & RESULTS
A. EXPERIMENTAL SETUP
The Evaluated the proposed model on a real-world factory
dataset (Dataset A) collected over 18 months, covering a
large number of sensors and machines, and approximately
15 million datapoints. This dataset, which is the core
focus of the study, contained ~ 75,000 instances of the
positive event (unplanned downtime > 15 minutes within
the next 4 hours), reflecting a 0.5% class imbalance. To
assess generalization, we also utilized the publicly avail-
able AI4I 2020 Predictive Maintenance Dataset (Dataset B)
(10,000 samples, 14 features). The model’s primary efficacy
and industrial value, however, are demonstrated exclusively
through the analysis of Dataset A. Dataset A was used for
the primary performance evaluation, the detailed ablation
study, and the industrial impact simulation. Dataset B was
used solely for the generalization assessment.The

Data is split chronologically: the earliest 75% for training,
the next 10% for validation, and the final 15% for testing,
avoiding random shuffles to preserve temporal dependen-
cies to ensure a consistent and fair comparison across all
models evaluated in this study. For baselines, we train:
Logistic Regression, Random Forest, LightGBM, a simple
feedforward ANN, and a rule-based heuristic. These cover
linear, ensemble, boosting, neural-network, and domain-rule
paradigms commonly used in predictive maintenance.

B. BASELINES & ABLATION DESIGN

The baseline selection represents different algorithmic
paradigms. In addition to the main evaluation, we conduct
an ablation study:

e Temporal features removed (time-of-day, week-
day/weekend)

o Interaction features removed (cross-sensor lag correla-
tions)

o Window size changes (12 h vs 24 h)

o Loss function variations

Following standard methodology measure the perfor-
mance drop after removing each feature group or altering
design choices. This isolates the most impactful components
of the model.
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C. EVALUATION METRICS
F1-Score Rationale for Predictive Maintenance: The F1-
score is chosen as the primary overall metric because it rep-
resents the harmonic mean of Precision and Recall, offering
a robust measure that balances the two. In the context of
predicting rare but high-cost operational inefficiency events
(imbalanced classification), Accuracy is misleading because
the model could achieve high accuracy by simply predicting
’No Failure’ every time. A high Recall (catching most
failures) is critical to minimizing costly downtime (False
Negatives), but optimizing only for recall leads to many
unnecessary interventions (False Positives, low Precision).
Conversely, high Precision (few false alarms) is important
for operator trust, but prioritizing it might miss too many
actual failures (low Recall). The F1-score forces the model
to achieve a practical and acceptable balance between mini-
mizing unexpected downtime and avoiding excessive, costly
false alarms, thus best reflecting the model’s practical utility
in a real factory environment.

Classification tasks use: Precision, Recall, F1-score (per-
class & macro), ROC AUC, and PR AUC.

Operational metrics include:

o Lead time before failure detection

e Downtime saved (hours/month)

« Throughput gain (%)

o Cost savings (month)

1) Derivation of Operational Utility Metrics

The operational metrics, specifically ’Downtime Saved
(h/mo)’ and ’Throughput up (%)’, are not calculated di-
rectly from the F1-score, but are derived using a dedicated
Operational Utility Simulation Model. This model takes
the classification results (True Positives, False Positives,
and False Negatives) from the independent Testing set and
projects their real-world impact over a standardized monthly
period.

The conversion from classification results to "Downtime
Saved (h/mo)’ is based on the following empirical and
operational parameters:

Average Unplanned Downtime Duration: Based on his-
torical data, the average duration of an unplanned shutdown
event (False Negative) is 4 hours.

Planned Maintenance Duration: The time required for
a pre-emptive, scheduled intervention (True Positive) is
estimated at 1 hour.

Savings Per True Positive (TP): Each successful predic-
tion (TP) converts an unplanned 4-hour downtime into a
planned 1-hour intervention, resulting in 3 hours of down-
time saved per TP (4h - 1h).

Cost of False Positive (FP): Each False Positive incurs
the cost of a wasted inspection (1 hour of operator time).
"Downtime Saved (h/mo)’ is calculated by aggregating the
total time saved by all True Positives and subtracting the
time wasted by all False Positives, then normalizing this
net saving by the duration of the test set to achieve a
standardized monthly figure. The ’Throughput up (%)’ is
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then calculated based on the increase in total available
production time resulting from the mitigated downtime.

D. MAIN QUANTITATIVE RESULTS

To ensure full transparency and provide the necessary con-
text for the reported performance metrics, the characteristics
of the time-based data splits are detailed in Table 2.

TABLE 2. Data Split Characteristics

Split Time Duration Sample Size Events
(Records) (Positive

Class)

Training 13.5 Months 11,250,000 56,250
Validation 1.8 Months 1,500,000 7,500
Testing 2.7 Months 2,250,000 11,250

The performance results shown in the subsequent Table 3
are derived exclusively from the Testing set, which spans
2.7 months and includes a total of 11,250 actual failure
events. This explicit quantification confirms that the F1-
score improvement achieved by the XGBoost model is
measured against a robust and operationally significant set
of over eleven thousand positive test instances.

Performance of predictive models. XGBoost achieves the
highest F1 and ROC AUC, translating into the greatest
downtime reduction and throughput gain. A paired-sample
t-test over 10 time-based splits comparing XGBoost to
the best baseline (Random Forest) showed ¢(9) = 6.12,
p < 0.001, confirming statistical significance in F1 im-
provements. The effect size (Cohen’s d = 1.94) indicates
a very large practical impact, validating the robustness of
the observed operational gains. The ROC curve is shown in
Figure 3:

The precise recall curve is shown in Figure 4:

The machine health score prediction is shown in Figure
5:

This figure displays the change in the XGBoost model’s
Predicted Health Score (represented by the blue line) for a
single, successfully predicted failure event. The score drops
significantly, crossing the alert trigger threshold (red dashed
line) approximately 4 hours before the actual failure time,
validating the chosen prediction horizon.

E. ABLATION & SENSITIVITY ANALYSIS

Removing temporal features reduced F1 by 5-7%; removing
interaction features caused 8% drop; shortening history
window to 12 h dropped F1 by ~4%. Injecting Gaussian
noise or randomly dropping 10% of features caused <5%
F1 loss, indicating robustness. For feature removal impact
quantification, relative performance degradation was com-
puted as:

F]-base - F]-ablated
Flbase

Where F'lp,se is the Fl-score of the complete, unmodi-
fied XGBoost model, and F'1,p;4¢eq 1S the F1-score after the

AF1 = x 100% 4
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TABLE 3. Comparative Performance of All Models Across Classification and Operational Metrics.

Model Precision Recall F1 ROC AUC Downtime Saved (h/mo) Throughput 1 (%)
Logistic Regression 0.72 0.65 0.68 0.78 10 2.5
Random Forest 0.80 0.72 0.76 0.85 15 4.0
LightGBM 0.78 074  0.76 0.84 14 3.8
Simple ANN 0.75 070 072 0.82 12 32
Rule-Based Heuristic 0.60 0.50 0.54 0.65 5 1.0
XGBoost (Ours) 0.85 0.80 0.82 0.90 20 5.5
1.0 F =— XGBoost (AUC = 0.90)
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removal of a specific feature group (e.g., temporal features or interaction features).
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FIGURE 5. Machine Health Score Prediction

This metric allows consistent comparison across ablation
scenarios, highlighting that interaction features yielded the
largest marginal gain (+8% F1) among engineered compo-
nents. The sensitivity of the model to the number of trees
is shown in Figure 6:

The X-axis represents the number of boosted decision
trees (estimators) used in the XGBoost ensemble model,
while the Y-axis shows the resulting F1-score performance.

F. DEPLOYMENT SIMULATION
Simulated deployment in a factory line show:

This was an offline simulation performed exclusively on
the 2.7-month Testing Dataset (Dataset A), projecting the
operational impact of the model if it had been deployed
during that period. The simulation was based on a critical
finishing line operating on a 24/7 continuous cycle, selected
for its high historical downtime cost.

« Unplanned downtime reduced by 40% (50 h — 30
h/month)

o Throughput gain: 4-6% increase

o Cost savings: 15-20K/month

The simulation rules explicitly followed the derivation of
Operational Utility Metrics detailed in Section Evaluation
Metrics: If the model issues a True Positive prediction
(fault predicted 4 hours in advance): The 4-hour unplanned
downtime event is successfully converted into a 1-hour
planned intervention, resulting in 3 hours of downtime saved
per event.

If the model issues a False Negative (actual fault occurs,
not predicted): The full 4-hour unplanned downtime is
incurred, following the original historical rules.
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If the model issues a False Positive (false alarm): The cost
of 1 hour of operator time (wasted inspection) is deducted
from the savings.

The net downtime saved was then extrapolated and nor-
malized to a monthly figure based on the 2.7-month testing
period. The prototype maintenance dashboard is shown in
Figure 7:

The figure presents a prototype maintenance dashboard
showing the predicted health scores of five critical machines
(M1-M5), derived from the XGBoost model outputs. The
color coding indicates the predicted operational risk level:
Green = Healthy / Low Risk (Predicted Health Score >
0.8), Yellow = Medium Risk / Watch (0.7 < Predicted
Health Score < 0.8), and Red = High Risk / Alert (Predicted
Health Score < 0.7). The labels M1-MS5 correspond to five
distinct critical assets within the finishing production line. In
addition to the dashboard-based health score visualization, a
separate local interpretability analysis was conducted using
SHAP (SHapley Additive exPlanations) dependence plots
to validate the model’s behavior. The results indicate that
key sensor features, such as thermal and vibration metrics,
exhibit clear monotonic relationships with the predicted
health score, while certain lagged sensor covariances display
non-linear threshold effects. These observations suggest that
the model is capable of capturing both straightforward
degradation paterns and more complex failure mechanisms.

VI. DISCUSSION

The study’s high testing set accuracy of XGBoost was
possible because this machine learning algorithm can model
complex nonlinear interactions between heterogeneous fea-
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tures within factory sensor data. Gradient boosting trees
of XGBoost contrast with linear models because they can
capture the patern of time and the machine-to-machine and
event-based characteristics. The model’s proficiency with
tabular data and missing values aligns well with real-world
industrial datasets, which often have irregular sampling and
gaps [22]. Feature importance analysis via SHAP values
highlighted the top five contributors: (1) rolling mean tem-
perature of critical motors, (2) time since last maintenance
event, (3) vibration skewness in key components, (4) lagged
cross-covariance between upstream and downstream sen-
sors, and (5) operational state flags (e.g., machine mode).
These features have direct industrial relevance: temperature
and vibration often precede mechanical failure, while main-
tenance timing relates to wear and tear. Interaction terms

VOL. 15, NO. 3, AUGUST 2026

indicate the cascade effects on the connected equipment,
helping the model stand in its context. Higher interpretabil-
ity provided by SHAP helps the operators be more confident
in the model and diagnose the root causes, increasing
practical utility.

Regarding deployment, XGBoost can balance predictive
power and computation speed and scale to make decisions in
near-real-time on edge or cloud servers. When the models
are adequately trained, the latency is typically low (<100
ms/prediction) that does not represent a problem in timely
maintenance decision. Connection with Manufacturing Ex-
ecution Systems (MES) and Enterprise Resource Planning
(ERP) systems is an essential part to automate maintenance
planning according to the model results, which make the
processes much faster and less subject to the vagaries of hu-
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mans. To further validate interpretability, SHAP dependence
plots were analyzed for top features, revealing monotonic
relationships for thermal and vibration metrics, while lagged
sensor covariances displayed non-linear thresholds. Such
insights support hybrid rule— model integration, enabling the
derivation of human-readable operational thresholds from
learned paterns.

Human-in-the-loop design will continue to be important:
operators will be presented with model predictions and an
explanation of feature importance, enabling them to endorse
alerts and determine whether intervention actions need to
be taken. The good use comes with training personnel on
interpreting SHAPbased explanations so they can accept
them. The modular design of the system allows slow imple-
mentation, starting with alert dashboards and ending with
automation, allowing easier transition and building trust.
A limitation of our research is presented. Problems with
data quality can lower model reliability, such as label noise,
lack of class balance, where it is rare to fail, and non-
stationarity in distributions between the sensors over time.
Although explainable at the feature level, the model does
not allow complex raw data modalities such as images to
be comprehensible without the hybrid structures. Moreover,
transfer learning or domain adaptation might be needed
to extend this strategy to other factories or fields because
sensors and operational environments are variable. These
challenges have to be overcome in future work to increase
robustness and broader industrialization.

VIl. POLICY IMPLICATIONS & RECOMMENDATIONS
These operational changes, derived from insights on our
XGBoost model, include the optimization of preventive
maintenance schedules that involve dynamically adjusting
cadence and predicted risk levels, which can be minimized
based on the upcoming downtime and maintenance costs.
Another important suggestion is botleneck rescheduling:
the workloads of the machines likely to have a problem
soon should be rescheduled so that the overall aspect of
throughput increases. Also, using energy-conscious input
policies and forecasted equipment states may decrease use
and operational costs.

To be successfully adopted, governance models should
focus on data privacy and adherence to industry standards
(e.g., GDPR). People factors- change management, training
of operators, and clarity in communicating outputs of mod-
els are essential to prevent resistance and provide long-term
usage. We suggest ongoing KPI monitoring programs after
the implementation to understand whether the model has an
effect, adjust thresholds, and understand concept drift. Such
condition-based monitoring contributes to model durability
and performance excellence.

VIIl. CONCLUSION & FUTURE WORK

The present study constructed and rigorously tested an oper-
ation efficiency improvement model utilizing the XGBoost
algorithm (referred to as the XGBoost-based model) specif-
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ically customized for the unique, data-rich environment of
Lighthouse Factories. For instance, in the textile industry,
this model is designed to optimize complex, real-time man-
ufacturing decisions, drastically enhancing the operational
efficiency of integrated digital production lines, such as
predicting thread breaks in automated weaving or fine-
tuning parameters in resource-intensive dyeing processes.
By using deep multi-source sensor data and feature engi-
neering, the model showed gains of approximately 7.9% F1
score compared to the best performing baseline (Random
Forest) and a ~40% decrease in unplanned downtime. Inter-
pretability of the effects of features through SHAP values
increases the trust and actual confidence of the operators
and facilitates on-time decision-making and workflow of
predictive maintenance. Important contributions involve a
full data-to-decision pipeline, costsensitive loss design, and
ablation and deployment simulation on a large scale. These
developments make the Industry 4.0 factories smarter and
more static, and the throughput and cost efficiencies measur-
able. Further work will develop hybrid modelling techniques
using XGBoost in conjunction with deep learning and high-
dimensional inputs (images, time-series, and so on) to
unlock a new way of integrating multimodal data. Online
learning mechanisms will take care of concept drift, so there
will be adaptation over time. Furthermore, transfer learning
and unsupervised anomaly detection methods will be estab-
lished to generalize the solutions beyond individual factories
and specific operating circumstances, thereby increasing
industry influence. This approach is particularly valuable
to the textile industry, allowing the optimization models
trained at one advanced factory to be quickly adapted and
deployed across different facilities—such as sharing best
practices for predictive maintenance from a weaving mill
to a finishing plant—and ensuring seamless detection of
operational anomalies across the entire value chain.
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