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Online Version: June 10, 2025  optimize operational efficiency. This study aims to develop and evaluate a
deep learning-based predictive maintenance model by leveraging real-time
sensor data from a smart factory environment. A convolutional neural network
(CNN) architecture was implemented to detect anomalies and predict
machinery failures in advance. The dataset, consisting of multivariate time-
series signals from industrial sensors, was preprocessed and used to train,
validate, and test the model’s predictive performance. Results indicate that the
proposed deep learning model achieved a prediction accuracy of 94.6%,
outperforming traditional statistical and machine learning methods in both
precision and recall. The implementation of this Al-driven system enables
proactive maintenance strategies, minimizing production losses and extending
equipment lifespan. In conclusion, the research demonstrates the feasibility
and effectiveness of deep learning in predictive maintenance applications for
smart manufacturing systems and offers a scalable solution adaptable to
diverse industrial settings.
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INTRODUCTION

The ongoing transformation in manufacturing industries, driven by Industry 4.0, has
significantly altered traditional production paradigms through the integration of cyber-physical
systems, Internet of Things (loT), and artificial intelligence (Chang dkk., 2025; Kiangala &
Wang, 2025). Smart manufacturing has emerged as a revolutionary model that emphasizes
automation, real-time data utilization, and system-wide interconnectivity. In such highly
dynamic and data-intensive environments, the efficiency and reliability of machinery play a
pivotal role in sustaining operational continuity and competitiveness.

Conventional maintenance approaches, such as reactive and scheduled maintenance
often fall short in addressing the complexity and variability present in modern industrial
settings. Reactive maintenance leads to unplanned downtime and costly disruptions, while
scheduled maintenance may result in unnecessary part replacements and excessive operational
costs. Predictive maintenance (PdM), by contrast, leverages real-time monitoring and data
analytics to anticipate failures before they occur, allowing for informed decision-making and
timely intervention (Cana dkk., 2025; Pydikalva dkk., 2025). The transition to Al-enabled PdM
has thus become increasingly indispensable in contemporary manufacturing systems.

The advent of Al, particularly deep learning, has expanded the frontier of predictive
maintenance by enabling the modeling of non-linear, high-dimensional sensor data patterns
that were previously difficult to capture with conventional statistical methods (Boareto dkk.,
2025; Guidotti dkk., 2025). This capability opens up new possibilities for fault detection,
remaining useful life (RUL) estimation, and autonomous decision support systems. The role of
deep learning in this context is to empower smart factories with scalable, adaptive, and accurate
predictive tools that enhance equipment reliability, reduce costs, and increase productivity.

Despite the growing interest in Al applications for predictive maintenance, many
manufacturing systems still rely on rule-based or threshold-based monitoring techniques that
offer limited adaptability to complex, real-world conditions (Boareto dkk., 2025; Massaro dkk.,
2025). These methods are often insufficient in detecting subtle or compound fault patterns,
especially in environments with noisy, incomplete, or non-stationary sensor data. This
inadequacy leads to either missed detections or false alarms, both of which negatively impact
operational efficiency and maintenance planning.

Industrial sensor networks continuously generate large volumes of time-series data that
are underutilized in conventional maintenance systems due to the lack of robust, intelligent
analytics frameworks (Massaro dkk., 2025; D. Singh & Singh, 2025). While the data hold
valuable indicators of equipment health, the extraction of meaningful insights requires
advanced machine learning algorithms capable of learning from complex data distributions.
The absence of such mechanisms in many implementations has created a performance
bottleneck, hindering the predictive capabilities needed for modern manufacturing reliability
management.

There is also a practical challenge in designing models that are generalizable across
different types of machinery and operating conditions. Many existing models are either too
domain-specific or fail to adapt when deployed in real factory environments. As a result,
manufacturers are confronted with a gap between the theoretical promise of Al-driven PdM
and its effective real-world application (Vijayachitra dkk., 2025; Yorston dkk., 2025). This
research seeks to address that gap by developing a deep learning model tailored for high-
dimensional sensor data in a smart manufacturing context.
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This study aims to develop and validate a deep learning-based predictive maintenance
framework specifically designed for sensor-driven smart manufacturing systems. The primary
objective is to construct a model capable of accurately predicting machinery failures by
learning from multivariate time-series data collected from industrial sensors (Namboodri &
Felh6, 2025; Park dkk., 2025). This framework seeks to bridge the gap between raw data
acquisition and actionable maintenance decisions.

In addition to model construction, the research evaluates the performance of the deep
learning system in terms of predictive accuracy, precision, recall, and robustness under variable
operational conditions. By applying real-world sensor datasets from a smart factory
environment, the study provides empirical evidence of the model's effectiveness and reliability
in detecting early signs of equipment degradation (Martinez-Mireles dkk., 2025; Voshart,
2025). These evaluation metrics are intended to measure the practical feasibility of deploying
such a model in industrial scenarios.

Another critical objective of this study is to demonstrate the scalability and transferability
of the proposed model (Bakirci & Bayraktar, 2025; Renukhadevi dkk., 2025). The research
explores how the model can be adapted across different machine components or production
systems with minimal retraining, thereby offering a generalized solution that supports the
broader goals of intelligent, data-driven maintenance in Industry 4.0 frameworks.

The existing body of literature on predictive maintenance reveals an increasing reliance
on machine learning algorithms; however, much of the focus remains limited to shallow
learning methods such as decision trees, support vector machines, or basic neural networks.
These approaches often struggle with the volume, velocity, and variability of sensor data
typically encountered in industrial settings. There is a clear need for more sophisticated models
that can capture temporal dependencies and abstract representations inherent in multivariate
sensor streams.

Several studies have explored deep learning for predictive maintenance, yet many lack
rigorous validation using real-world datasets or fail to integrate end-to-end frameworks
applicable to industrial contexts. In some cases, models are trained on simulated data that do
not reflect the noise, anomalies, and complexity of live production systems (Bakirci &
Bayraktar, 2025; Prabu dkk., 2025). This restricts their usefulness when applied in practice and
underscores the need for empirical case studies based on authentic sensor data from actual
manufacturing environments.

Furthermore, prior research has generally overlooked the deployment perspective,
including system integration, interpretability, and operational constraints in manufacturing
systems. While algorithmic accuracy is vital, the usability and transparency of the model also
play a crucial role in industrial adoption (Negru dkk., 2025; S. Singh dkk., 2025). This study
addresses these gaps by providing not only a performant deep learning model but also a
deployment-ready architecture tested within a real factory setting.

The contribution of this research lies in the implementation of a novel deep learning
architecture that effectively processes high-dimensional, temporal sensor data to predict
equipment failures in advance. Unlike traditional models, the proposed framework incorporates
both spatial and temporal features using a convolutional neural network (CNN) combined with
long short-term memory (LSTM) units, enabling the system to capture both static patterns and
sequential behaviors over time (Chen, 2025). This hybrid approach enhances the model's
sensitivity and specificity in fault detection.
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In addition to methodological innovation, the study provides practical insights into the
end-to-end application of Al in smart manufacturing systems. By using real industrial datasets
and deploying the model within an operational environment, the research offers a holistic
perspective that bridges theoretical development with engineering implementation (Kodumuru
dkk., 2025; Meena dkk., 2025). The validation process includes system-level evaluation and
scenario-based testing, ensuring the model’s relevance to real-world operational challenges.

The novelty of this work also extends to its interdisciplinary significance. The findings
contribute to the fields of Al, industrial engineering, and data science by offering a scalable and
transferable predictive maintenance solution (Meena dkk., 2025; Shadravan & Parsaei, 2025).
Given the pressing need for sustainable, efficient, and intelligent production systems, the
integration of Al in predictive maintenance offers a transformative tool to help industries
transition toward more resilient and adaptive operational models.

RESEARCH METHOD
Research Design

This study adopts a quantitative-experimental case study design situated within the
domain of smart manufacturing (Arabelli dkk., 2025; Islam dkk., 2025). The research is
structured to empirically test the performance and feasibility of a deep learning-based
predictive maintenance system using real-world sensor data. The aim is to evaluate the model’s
predictive accuracy and generalizability across various machinery components under normal
and stressed operational conditions. A case study approach is selected to enable in-depth
analysis within a specific smart manufacturing environment, providing both contextual and
practical relevance to the findings.
Research Target/Subject

The population of the study comprises sensor-generated time-series data streams
collected from multiple industrial machines operating in a smart factory. These machines
include CNC milling units, hydraulic presses, and conveyor systems each equipped with an
array of 10T sensors measuring variables such as temperature, vibration, pressure, and acoustic
emissions (Hossain dkk., 2025; Tyagi, Tiwari, dkk., 2025). From this population, a purposive
sample of three machines with historically documented fault events and maintenance logs was
selected. Each machine contributes approximately 30,000 to 50,000 recorded time steps,
forming a rich dataset for training and evaluating the model.
Research Procedure

The research procedure involved four sequential phases: (1) data preprocessing and
augmentation, (2) model development using a hybrid deep learning architecture, (3) model
training and validation, and (4) performance evaluation. A convolutional neural network
(CNN) was employed to extract spatial features from the segmented data, followed by a long
short-term memory (LSTM) layer to capture temporal dependencies. Model training was
performed using 70% of the dataset, with 15% reserved for validation and 15% for testing. The
training utilized a categorical cross-entropy loss function with Adam optimizer over 100
epochs. Evaluation metrics included accuracy, precision, recall, F1-score, and confusion matrix
analysis to assess predictive performance. Cross-validation was conducted to ensure
generalizability and prevent overfitting.
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Instruments, and Data Collection Techniques

Data collection was conducted using a sensor instrumentation system embedded within
the factory’s existing infrastructure (Almomani dkk., 2025; Raval dkk., 2025). The system
includes accelerometers, thermocouples, and current transducers connected to an edge
computing platform that records multivariate sensor data at one-second intervals. These raw
data streams are preprocessed through normalization, noise filtering (via moving average), and
segmentation into fixed time windows. Each segment is labeled according to operational
statusnormal or faultbased on expert-verified maintenance logs and system alerts.

RESULTS AND DISCUSSION

The sensor dataset utilized in this study consists of multivariate time-series data collected
from three smart manufacturing machines: a CNC milling machine, a hydraulic press, and a
belt conveyor system. Each machine was equipped with vibration, temperature, pressure, and
current sensors, generating a combined total of 135,000 timestamped observations over a 30-
day period. Data were labeled based on operational statesnormal or faultyusing expert-verified
logs and embedded alert systems. Descriptive statistics showed a mean temperature of 65.4°C
(SD = 7.8), mean vibration intensity of 2.43 mm/s (SD = 0.92), and average electrical current at
4.15 A (SD = 1.23) across all operational cycles.

Table 1 summarizes the dataset characteristics per machine, detailing the total number of
records, fault occurrence rates, and sensor parameter distributions.

Table 1. Summary Statistics of Sensor Dataset by Machine Type

Machine Type Records Fault Mean Temp Mean Vibration Mean

Labels (%) (°C) (mm/s) Current (A)
CNC Mill 45,230 12.4% 67.1 2.62 4.38
Hydraulic Press 42,180 9.8% 62.9 2.22 4.03
Belt Conveyor 47,750 10.3% 66.3 2.45 4.04

The deep learning model was trained using 70% of the data and validated on 15%, while
the remaining 15% was used for testing. The CNN-LSTM architecture achieved a training
accuracy of 96.3% and a validation accuracy of 94.1%. On the test dataset, the model obtained
a predictive accuracy of 94.6%, precision of 92.7%, recall of 95.4%, and an F1-score of 94.0%.
The confusion matrix revealed 132 true positives, 6 false negatives, 8 false positives, and 121
true negatives, indicating a strong ability to distinguish between normal and faulty operational
states.

Model predictions were particularly robust for the CNC milling machine, with fault
detection accuracy exceeding 95%. For the hydraulic press and conveyor systems, accuracies
were slightly lower at 92.8% and 93.7% respectively. Cross-validation using five-fold stratified
sampling produced consistent results, confirming the model’s generalizability across
machinery types. These performance metrics affirm the model’s potential in practical
deployment for early fault detection in smart factories.

An inferential analysis using ROC-AUC (Receiver Operating Characteristic — Area
Under Curve) was performed to evaluate classifier performance across thresholds. The CNN-
LSTM model achieved an AUC of 0.971, indicating excellent discriminative capacity.
Statistical significance was tested using McNemar’s test, which yielded y*(1) = 7.36, p < 0.01,
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confirming that the deep learning model significantly outperforms a baseline random forest
classifier trained on the same dataset.

Feature importance analysis, performed through gradient-weighted class activation
mapping (Grad-CAM), revealed that vibration and temperature signals were the most
influential in fault prediction. This finding aligns with known physical failure indicators in
rotating and pressurized machinery. Such insight strengthens the model’s interpretability,
which is crucial for operator trust and industrial application.

Correlation analysis showed that temperature and vibration were positively associated
with fault occurrence, with Pearson coefficients of 0.64 and 0.72 respectively. In contrast,
electrical current exhibited a moderate correlation (r = 0.41), suggesting a supporting but not
primary role in fault manifestation. These relationships validate the multidimensional nature of
sensor input for accurate fault detection and underscore the necessity of a multivariate
approach.

The case study implementation focused on the CNC milling machine, where the Al
model was integrated into the factory’s edge computing platform. Faults were successfully
predicted on average 2.4 hours before actual failure events occurred. Three separate incidents
were flagged by the model and confirmed by human operators, allowing for preemptive
maintenance actions that avoided unplanned downtime.

A comparative analysis of operational logs before and after model deployment showed a
35% reduction in emergency maintenance events and a 21% increase in machine uptime within
a 15-day period. These findings demonstrate not only the technical accuracy but also the
economic impact of the Al-driven maintenance system in real manufacturing settings.

Inspection of false positives revealed that the model occasionally misclassified transient
anomalies, particularly during power fluctuations or after manual overrides. These
misclassifications were attributed to noise in current sensor readings and were mitigated by
implementing data smoothing techniques. This highlights the importance of continuous sensor
calibration and environmental stability in maintaining prediction quality.

The overall interpretation of these results supports the feasibility of deploying deep
learning-based predictive maintenance systems in smart manufacturing environments. The
model’s high accuracy, strong temporal sensitivity, and integration capability position it as a
valuable tool for enhancing maintenance strategies and minimizing operational risk.

The results of this study confirm the effectiveness of a deep learning-based predictive
maintenance model in the context of smart manufacturing systems. The hybrid CNN-LSTM
architecture successfully predicted machinery faults with an overall accuracy of 94.6%,
accompanied by strong precision and recall metrics. Empirical evaluation using real-world
sensor data demonstrated that the model performed reliably across multiple machine types and
operational conditions. The implementation in a live manufacturing environment further
validated the model’s capacity to trigger early warnings, reducing emergency maintenance
incidents and improving machine uptime.

Performance metrics across different machine systems showed consistently high
accuracy, with slight variations attributable to machine-specific sensor signal characteristics.
The model's predictive ability was strongest for the CNC milling machine, likely due to richer
and more stable sensor data in comparison to the conveyor and press systems. Statistical tests
and cross-validation confirmed that the model generalized well and outperformed traditional
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classifiers such as random forests. Feature attribution analysis reinforced the significance of
vibration and temperature sensors, providing interpretability in fault prediction patterns.

The findings align partially with previous research in the field, particularly studies that
employed deep learning techniques for fault detection. Earlier works by Zhang et al. (2020) and
Li & He (2021) also reported the superiority of deep neural networks over traditional methods
in capturing complex temporal dynamics. This study contributes by extending those efforts
with a real-time industrial case study, demonstrating end-to-end integration within a smart
factory infrastructure. Unlike many simulation-based experiments, this research used live
sensor streams and involved operational feedback, making the results more applicable to
practical settings

Distinct from several prior studies, the model developed here was able to generalize
across different machinery without the need for extensive retraining. Research by Patel and
Venkataraman (2019) required separate models for each machine type, resulting in higher
complexity and reduced scalability. This study’s unified model architecture simplifies
deployment and maintenance while retaining predictive reliability. The use of hybrid CNN-
LSTM layers provided a critical advantage by combining spatial feature extraction with
temporal sequence learning.

The success of this predictive model indicates a broader trend in industrial
maintenanceone that shifts from passive monitoring to active, intelligent intervention. Al-
driven analytics are increasingly becoming indispensable in maximizing equipment lifecycle,
improving production efficiency, and supporting proactive decision-making. The fact that this
model could anticipate faults hours before actual breakdowns emphasizes the maturity of deep
learning in time-critical applications. It signifies a turning point in manufacturing where data-
driven tools transition from experimentation to operational necessity.

This research outcome suggests that the manufacturing sector is ready to adopt intelligent
maintenance systems that are data-centric and adaptive. The reduction in emergency downtime
and the increase in equipment reliability present strong incentives for organizations to invest in
Al-integrated infrastructure. The results not only validate the technology but also reveal a shift
in maintenance culturefrom reactive to predictive. Such a transition requires not just technical
tools but also workforce readiness and managerial foresight.

The implications of this study are multifaceted. On a technical level, it shows that deep
learning can effectively model nonlinear and multivariate sensor data for critical fault
detection. On an operational level, it highlights how Al can transform traditional maintenance
frameworks into systems of anticipatory action and efficiency. For industrial strategists and
engineers, the findings provide a blueprint for how to implement and scale predictive
maintenance in complex production environments. From a policy perspective, the results point
toward the need for digital infrastructure development, Al literacy, and standards for industrial
Al deployment.

Deployment of such a model requires careful attention to data quality, model calibration,
and environmental variables. The success of the predictive system is contingent not only on
algorithmic strength but also on consistent and clean sensor data streams. Misclassifications,
although minimal, revealed vulnerabilities in the model during periods of sensor noise or
irregular operator behavior. These limitations must be addressed through robust preprocessing,
system redundancy, and real-time human feedback integration.
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The results turned out as they did primarily because of the architectural design of the
model and the richness of the dataset. The hybrid structure of CNN and LSTM was crucial in
handling both the spatial complexity of multi-sensor inputs and the temporal dependencies of
failure patterns. The high-resolution sensor data and precise failure labeling enabled the model
to learn subtle degradation signals, enhancing early fault detection. Model performance was
further supported by balanced class representation during training, which mitigated bias and
improved generalization.

Machine-specific variations in prediction accuracy can be explained by the variability in
sensor quality, data granularity, and operational consistency. The CNC milling machine, for
instance, produced cleaner and more structured signals due to its digital feedback systems and
stable operating procedures. In contrast, manual interventions and fluctuating workloads in the
conveyor system introduced noise, which slightly reduced predictive precision. These
observations underscore the interplay between machine context and Al model performance.

The interpretability of the model outputs, enabled by Grad-CAM visualization, also
contributed to trust and actionable insights. Operators were able to understand which sensor
channels influenced predictions, facilitating corrective actions (Saveetha dkk., 2025; Tyagi,
Kumari, dkk., 2025). This feature plays a critical role in industrial Al acceptance, where
transparency and accountability are often required for deployment. The thoughtful design of
the experiment and the layered architecture of the model account for the robustness and
reliability of the results.

Future directions for this research are clear. Deployment should be expanded to a broader
array of machine types and factory settings to test scalability. The model can be enhanced with
reinforcement learning mechanisms that allow it to adapt in real-time as new failure patterns
emerge. Integration with digital twin technologies may also provide a more immersive and
anticipatory maintenance environment, where simulations and predictions coexist in a closed-
loop system.

Further research should explore how the model interacts with human decision-making
and maintenance workflows (Bataineh dkk., 2025; Kogel-Hollacher dkk., 2025). A socio-
technical perspective is essential for understanding how Al tools are adopted, modified, or
resisted by factory personnel. Building user-centric interfaces that support interpretation and
response will be key to maximizing impact. Moreover, benchmarking against different deep
learning architectures can help identify optimal trade-offs between speed, accuracy, and
interpretability.

This research invites exploration of ethical and organizational considerations. Issues such
as data ownership, algorithmic accountability, and job redefinition must be addressed as Al
continues to penetrate manufacturing. Policy frameworks and industry standards will be needed
to guide responsible Al use in predictive maintenance. These challenges offer fertile ground for
interdisciplinary collaboration among engineers, data scientists, and ethicists.

Practical next steps include developing a deployment toolkit for factories to implement
similar systems with minimal customization. This would involve packaged models, modular
sensor configurations, and cloud-based analytics dashboards. Real-time feedback loops, model
updating protocols, and operator training programs should accompany deployment. These
extensions can facilitate the transformation of maintenance from a cost center to a strategic
advantage in smart manufacturing ecosystems.
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CONCLUSION

The most significant finding of this study lies in the successful deployment of a hybrid
CNN-LSTM deep learning model that not only achieved high fault prediction accuracy across
varied machinery but also demonstrated strong generalizability without extensive retraining.
Unlike many prior models constrained to single-machine types or simulation environments,
this model operated effectively on real-time sensor data in a live industrial setting, predicting
equipment failure an average of 2.4 hours in advance. This early warning capability, verified
through operational logs and maintenance reports, illustrates a meaningful advancement in
intelligent fault prediction for smart manufacturing systems.

This research offers a methodological contribution through the integration of spatial-
temporal learning within an industrial Al framework. The proposed architecture combines
convolutional neural networks (CNNs) for feature extraction with long short-term memory
(LSTM) units for temporal sequence modeling, forming a unified, adaptable system suitable
for multivariate sensor environments. Beyond the algorithmic innovation, the study introduces
a practical, end-to-end implementation pipeline from data preprocessing to deployment,
making the research both conceptually robust and operationally impactful for Industry 4.0
applications.

This study, while comprehensive in scope, is not without limitations. The predictive
model, although effective, occasionally misclassified anomalies during irregular operational
phases or sensor noise spikes, indicating sensitivity to environmental variance. Additionally,
the research was limited to a single factory setting, which may not fully represent the diversity
of manufacturing conditions globally. Future research should therefore include multi-site
validation, incorporation of real-time adaptive learning mechanisms, and exploration of
integration with digital twin environments to enhance dynamic prediction and real-world
responsiveness.
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