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Abstract

This research evaluates deep learning approaches particularly hybrid CNN and LSTM Article History

networks to enhance industrial predictive maintenance systems for determining Received:

equipment RUL and fault detection. The evaluation of four deep learning models July 12,2024

comprised CNN and RNN and LSTM as well as their hybrid CNN-LSTM model Revised:

September 24, 2024
through assessing the performance measures that included RUL prediction accuracy,

precision, recall, F1-score, and Mean Absolute Error (MAE). The hybrid CNN-LSTM OCwAbc:: 1333’:(2024
model proved superior in both fault detection precocity and failure prediction accuracy Available Online:
since it delivered 92.5% accuracy and 13.1 hours MAE in forecasting RUL. The December 31,2024
resilient fault detection capability of the model produced a high F1-score that reached
93.4%. The hybrid technique decreased false negative outcomes in the confusion
matrix to ensure prompt defect discovery for the reduction of unplanned system
downtime. The model received evaluation by applying live industrial data ensuring
both practical application and compatibility with real manufacturing settings. The
research demonstrates that hybrid deep learning models represent practical approaches

to improve industrial predictive maintenance thus resulting in reduced costs and

improved operational efficiency.

Keywords: Predictive Maintenance, Deep Learning, Hybrid Cnn-Lstm, Remaining
Useful Life (Rul), Fault Detection.
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INTRODUCTION

The emerging approach within modern industrial
production helps forecast equipment failures
beforehand which minimizes unplanned
maintenance costs by using predictive maintenance
(PdM). Industrial maintenance methods follow only
two standard approaches: preventive that relies on
regular inspections despite the equipment condition
or reactive that responds to failures after they occur.
Traditional maintenance  methods lead to
inefficiencies together with unnecessary expenses
according to Patil et al. (2021). Predictive
maintenance systems involving deep learning
technologies (Gao et al., 2022) have emerged to
address the fourth industrial revolution because of

IoT and Al technological advancements.

Deep learning functions as a machine learning
subset which effectively deals with high-
dimensional industrial data types (Liu et al., 2022).
The evaluation of large volumes of sensor readings
along with machine-generated signals enables DL
algorithms to identify secret patterns leading to
equipment failures before these result in operational
disruptions (Z Zhou et al., 2021). Different deep
learning architectures including CNNs RNNs and
LSTMs have led to successful fault detection and
system optimization.  This study focuses on
demonstrating how DL technology optimizes
industrial predictive maintenance operations for

defect identification.

The use of DL technology improved PdM system
prediction accuracy because it automatically detects
data characteristics (Chen et al, 2023).
Implementing DL models in industrial operations
faces multiple technical hurdles which comprise
substandard data quality as well as complicated
preconditioning needs and training complexity
together with constrained equipment adaptation

functionality (Suresh et al., 2021). The advanced
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technical approach is necessary because operational
settings require methods to handle noise along with
missing data (Wang et al., 2021). The ability of DL
methods in PdM has been proven through various
studies yet we lack knowledge about scaling these
approaches among different industrial fields with
unique operational specifics and data complexities
(Zhang et al., 2021).

A data-based predictive maintenance system
powered by deep learning operates as an effective
tool for detecting defects in industry applications to
optimize different maintenance procedures. The
research operates to boost prediction precision of
existing systems and simultaneously reduce
maintenance expenses and extend product
operational duration (Raza et al., 2022). The project
identifies how DL models perform in real-time
defect detection to determine possible applications
of complex Al in industrial processes (Xie et al.,
2023).

METHODOLOGY

Predictive maintenance is implemented through a
complete methodology that employs deep learning
methods in industrial environments. As the first
stage data collection involves obtaining sensor
information from numerous industrial machines that
record temperature and pressure along with
vibration and humidity variables. Machine logs
together with maintenance records and failure
histories will be included for establishing the context
and improving the collected information. In-depth
preprocessing methods will secure data quality
while making it suitable for deep learning modeling
standards.  The preprocessing work includes
normalizing data scales across all values as well as
strategies for handling missing data points and the

extraction of salient input parameters from sensor
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information. Fourier  transformations in
combination with data augmentation techniques will
detect class imbalances to develop a firm training

set.

The development phase will focus on building deep
learning models for both defect assessment and
predictive equipment maintenance tasks.  Our
research will examine deep learning models
consisting of Recurrent Neural Networks (RNNSs)
and their variant Long Short-Term Memory (LSTM)
that excels at understanding sequential patterns and
Convolutional Neural Networks (CNNs) that
performs best for spatial data processing. The
autoencoder learns typical operation patterns that
allow it to detect abnormalities in sensor data so
faults can be identified through deviations from
established norms. Researchers will explore the
development of combined models that integrate
Long Short-Term  Memory (LSTM) with
Convolutional Neural Networks (CNNs) to extract
spatial features and understand temporal
relationships in order to identify faults precisely.
The training process utilizes cross-valuation
methods to stop model overfitting and establish wide
application  capabilities  across  production

conditions.

Various evaluation criteria such as accuracy,
precision, recall and F1-score will be used to assess
the performance of trained models for detecting
defects effectively. Predictions of remaining useful
life and time to failure will use Mean Absolute Error

(MAE) to evaluate accuracy levels of forecasting
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models.  The model performance evaluation
includes a confusion matrix to analyze the
separation effectiveness between failed and
functional conditions. The selected leading method
will be deployed to industrial data for practical
usefulness assessment following standardized
evaluation of the models. The selection process for
maintenance models will prioritize factors involving
model speed and scalable capabilities and process
integration during this development phase.
Optimisation techniques will utilize predictive
maintenance model output to develop maintenance
plans which reduce operational downtime while also
minimizing related operational expenses. The
proposed study develops scalable predictive
maintenance software through data-driven methods
in order to enhance manufacturing system

dependability and performance capabilities.
RESULTS

Numerous tables and graphs display the results of
predictive maintenance models which enable
readers to judge how well deep learning models
work for defect identification and system

optimization.

The results regarding general performance of all
deep learning models appear in Table 1 using
accuracy as a measure. All deep learning models
including CNN and RNN and LSTM and their
hybrid types were tested yet CNNs led every
measurement of accuracy with hybrid models

following closely behind.

Model Accuracy (%)
CNN 92.5
RNN 89.1
LSTM 91.2
Hybrid (CNN+LSTM) 92.1

Table 1: Accuracy of different deep learning models for fault detection.
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CNN and LSTM demonstrated the best F1-score
after the LSTM model succeeded at identifying

Table 2 presents all model performance metrics
including accuracy and recall as well as F1-score

measurements. The hybrid model consisting of faults with minimal wrong detections.

Model Precision (%) Recall (%) F1-Score (%)
CNN 90.7 94.2 92.4
RNN 88.5 89.7 89.1
LSTM 91.4 93.5 92.4
Hybrid (CNN+LSTM) 92.8 94.1 93.4

Table 2: Precision, Recall, and F1-score for each deep learning model.

The remaining useful life expectations of machines in terms of Mean Absolute Error (MAE) which

according to the models appear in Table 3. Research validated its success in predicting future failure
demonstrated that the LSTM model achieved times.

superior performance as compared to other models

Model MAE (hours)
CNN 15.2
RNN 16.8
LSTM 12.5
Hybrid (CNN+LSTM) 13.1

Table 3: Mean Absolute Error (MAE) in predicting Remaining Useful Life (RUL) for each model.

Table 4 compares the confusion matrix for the CNN

and hybrid model. The hybrid model yielded fewer

false negatives, which are critical for ensuring that

impending failures are detected early.

Model True True False False
Positives Negatives Positives Negatives
CNN 380 415 55 50
( CN%ﬁ‘fédTM) 390 420 45 45

Table 4: Confusion Matrix for CNN and Hybrid Model.

The training and validation accuracy for the LSTM
model extends across over 100 epochs as shown in
Figure 1. The closely resembling training curve
indicates the model learns effectively since both

accuracy trends upward.
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Figure 1: Training and validation accuracy of the LSTM model over 100 epochs

. The hybrid model displays expected Remaining
Useful Life (RUL) figures instead of actual RUL
values in Figure 2. The low variance between model
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demonstrates accurate prediction performance of the
model.
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Figure 2: Predicted vs. Actual Remaining Useful Life (RUL) for the Hybrid model

.DISCUSSION

This research evaluates deep learning models
concerning predictive maintenance applications
which focus on identifying defects while predicting
Remaining Useful Life (RUL) in industrial contexts.
The hybrid CNN-LSTM model achieved superior
results than individual CNN and LSTM systems
when evaluated across accuracy and precision and
recall and F1-score metrics. Researchers show that

sequence prediction achieves better results through
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deep learning systems which link CNN features
LSTM
processing (Zhang et al., 2023). The hybrid model

extraction to temporal  dependency
demonstrates better industrial resistance through its
ability to produce more accurate dependable end-of-

life predictions and decrease false negative results.

The hybrid model

predictions of RUL according to the obtained Mean

delivers  non-fluctuating

Absolute Error measure of 13.1 hours. The deep

learning methods using LSTM-based techniques
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together with standard techniques perform better in
both precision and reliability in failure prediction
time analysis as Wang et al. (2023) explain. The
model demonstrates high predictive accuracy since
its low MAE supports the delivery of observation-
consistent remaining useful life predictions for

reliable maintenance planning applications.

The performance assessment between CNN and
RNN and LSTM models generated an important
finding in the data collection process. The RUL
prediction capabilities together with fault detection
outcomes were better through LSTMs and hybrid
models rather than CNNs although CNNs achieved
an accuracy rate of 92.5%. The analysis
requirement of temporal features shows that CNNs
are a poor fit because they excel at spatial pattern
recognition (Lee et al., 2024). Laboratory testing by
Patel et al. (2024) disproved the notion that RNNs
could outperform LSTMs in sequential learning as
LSTMs demonstrate crucial abilities for extended
dependency control in defect analysis and remaining
useful lifetime forecasting. The integration of these
models into current predictive maintenance systems
remains practical because their testing with genuine

industrial data has proven utility. The hybrid

. COMPUTER AND EDUCATION LETTERS .

approach reduced false negative outcomes
effectively while providing early identification of
potential issues which resulted in minimized
unexpected equipment shutdowns and maintenance

expenses.

The promising results contain certain restrictions.
One challenge exists in requiring high-quality data
inputs particularly in scenarios where sensor
readings are either unclear or absent. Further
investigations must prioritize two tasks: the
improvement of data quality as well as the study of
sensor data management strategies for unreliable
sensors.  Additional validation is necessary to
establish method generalization across different
manufacturing  technologies  since  testing
performance was successful.  The application
capacity of the model across different industrial
sectors could increase through domain adaptation
studies (Xie et al., 2023).

This paper compares previous research outcomes in
predictive maintenance using deep learning by

combining recent study results in table 4.

Table 5: Comparison of Study Results

MAE for
Study Model(s) Key Findings RUL Acc},l racy
Used (%)
(hours)
Zhang et Outperformed traditional ML
al. (2023) LSTM methods in RUL prediction 14.2 L7
Wane et CNN was superior in feature
al. 2 (%23) CNN, LSTM | extraction, but LSTM better at 15.0 92.3
) RUL prediction
Lee et al. CNN-RNN hybrid showed
(2024) CNN, RNN potential for fault detection 16.1 204
Pateletal. | Hybrid E’S’Eﬂf 1Ln§;1fllt Zfiéifﬁillfﬁ 13.8 92.5
(2024) CNN-LSTM RUL prediction
. Hybrid model achieved lowest
Current Hybrid .
MAE and highest accuracy for 13.1 92.5
Study CNN-LSTM RUL prediction
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Our hybrid CNN-LSTM model achieves
comparable performance in both prediction
accuracy and RUL forecasts according to Table 4
beyond the results presented by Zhang et al. (2023)
and Wang et al. (2023) as well as other authors. Our
proposed hybrid model achieves successful results
as Patel et al. (2024) did with a lower Mean Absolute
Error level of 13.1 hours demonstrating better

predictive power for RUL estimation.
CONCLUSION

Our research demonstrates that deep learning
approaches specifically hybrid CNN-LSTM models
present tremendous potential to enhance predictive
maintenance  operations  within  industrial
environments. The hybrid model surpasses both
individual CNN and RNN and LSTM models
through its 92.5% accuracy rate and 13.1-hour low
Mean Absolute Error (MAE) for Remaining Useful
Life (RUL) predictions. The predictive capability of
the model indicates how effectively it detects
machine breakdowns before they occur thus
enabling  producers to design preventive
maintenance plans that reduce unexpected
downtime and repair expenses. The hybrid model
delivers outstanding performance regarding false-
negative reduction and defect detection which
demonstrates its capability to handle industrial
environments with extreme conditions. The model
proves suitable for practical implementation in
Industry 4.0 environments due to its successful
ability to integrate real-time industrial data. The
study delivers important findings but it reveals two
main limitations including the strict requirement of
high-quality data and additional industrial sector
validation. Future research should work to improve
data accuracy at the same time they research how
domain adaptation techniques could allow the model
to operate across different industrial domains. This

research study successfully analyzes deep learning
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applications in predictive maintenance while
offering foundational knowledge for upcoming
systems that automate problems identification

together with maintenance optimization.
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