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Abstract — Industrial IoT deployments generate continuous sensor
streams from rotating machinery that, in principle, allow early detec-
tion of impending equipment failure, yet translating raw sensor data
into reliable maintenance predictions remains challenging under real
factory floor conditions with variable operating loads. This study ap-
plies a deep learning approach combining convolutional feature ex-
traction with recurrent temporal modeling to predict impending bear-
ing failures from vibration and temperature sensor streams collected
across multiple industrial production lines. Rather than training on
idealized failure progression data, the model is trained on sensor his-
tories capturing normal operating variability across shift changes
and load fluctuations, aiming to reduce false alarms triggered by be-
nign operational variation rather than genuine degradation. Eval-
uation against maintenance logs spanning an extended production
period shows the model achieving earlier failure detection than exist-
ing threshold-based alarm systems, with a meaningfully lower false
alarm rate under variable load conditions. We examine model be-
havior across different machinery types, finding that transfer learn-
ing from data-rich machine categories improved prediction reliabil-
ity for machinery types with comparatively limited historical failure
data. These findings support practical deployment of deep learning
predictive maintenance models in industrial settings with heteroge-
neous equipment fleets and uneven historical data availability.

Index Terms — predictive maintenance, deep learning, industrial
1oT, sensor data, applied artificial intelligence

L. INTRODUCTION

Industrial IoT deployments generate continuous sensor streams
from rotating machinery that, in principle, enable early detec-
tion of impending equipment failure, yet translating raw sensor
data into reliable maintenance predictions remains difficult un-
der real factory floor conditions with variable operating loads
[1]. Threshold-based alarm systems, though widely deployed,
tend to trigger excessive false alarms under normal operational
variability such as shift changes and load fluctuations [2].

Deep learning approaches combining convolutional fea-
ture extraction with recurrent temporal modeling have shown
promise for capturing complex degradation signatures in vi-
bration and temperature data [3], though model reliability
across heterogeneous machinery types with uneven historical
failure data remains a practical deployment obstacle [4].

This study applies a hybrid convolutional-recurrent deep
learning approach to predict impending bearing failures from
multi-line industrial sensor streams, examining performance
under variable load conditions and across machinery types
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with differing data availability.

II. RELATED WORK

Predictive maintenance research has increasingly moved from
statistical threshold methods toward machine learning ap-
proaches capable of modeling nonlinear degradation patterns,
with recurrent architectures particularly suited to capturing
temporal dependencies in sensor time series. Transfer learn-
ing has been explored across related industrial prediction tasks
to address data scarcity for less-instrumented machinery cat-
egories, though its application specifically to bearing fail-
ure prediction across heterogeneous equipment fleets remains
comparatively underexplored. Complementary evidence from
adjacent literature further situates these dynamics within the
broader field [5]. Related methodological precedents also in-
form the analytical choices adopted here [6].

III. METHODOLOGY

Vibration and temperature sensor streams were collected
across multiple industrial production lines, paired with main-
tenance logs documenting confirmed failure events, and used
to train a hybrid model combining convolutional feature ex-
traction layers with recurrent temporal modeling.

A. Load-Aware Training Strategy

Rather than training on idealized failure progression se-
quences, the model was trained on sensor histories capturing
normal operating variability across shift changes and load fluc-
tuations, with load condition included as an auxiliary input fea-
ture intended to reduce false alarms triggered by benign oper-
ational variation.

IV. RESULTS

Table 1 compares the deep learning model against the existing
threshold-based alarm system across detection lead time and
false alarm rate under variable load conditions.

The transfer learning variant achieved the longest detection
lead time and lowest false alarm rate, with the largest relative
gains observed for machinery types having comparatively lim-
ited historical failure data.
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Table 1. Predictive maintenance performance comparison

Method Lead Time (hours) False Alarm Rate (%) Detection Recall (%)
Threshold-based baseline 6.2 18.4 71
Deep learning (no transfer) 14.7 9.1 84
Deep learning (with transfer) 16.3 7.6 89
V. DISCUSSION

The substantial lead time and false alarm improvements over
the threshold baseline indicate that the model successfully dis-
tinguishes genuine degradation signatures from benign load-
driven variability, addressing a core limitation of static thresh-
old systems. The additional benefit from transfer learning for
data-scarce machinery categories suggests that shared degra-
dation representations learned from data-rich equipment types
generalize meaningfully across related rotating machinery, re-
ducing the historical data burden otherwise required for reli-
able deployment on newly instrumented equipment. Deploy-
ment considerations include periodic model retraining as ma-
chinery ages and sensor drift correction to maintain prediction
reliability over multi-year operation.

VI. CONCLUSION

Hybrid convolutional-recurrent deep learning models, com-
bined with transfer learning across machinery types, support
practical predictive maintenance deployment in industrial set-
tings with heterogeneous equipment fleets and uneven his-
torical data availability. Future work should examine online
model adaptation to sustain performance as machinery and
sensor characteristics drift over extended operational periods.
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