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Abstract

In the tobacco processing industry, the spindle box is a core transmission component. Its failure can
easily lead to production interruptions and increased costs. Traditional maintenance methods are
difficult to adapt to the precise operation and maintenance needs of modern production. This paper
takes the tobacco machine spindle box as the research object, and constructs a data-driven fault
prediction system based on its operating conditions and fault characteristics. Through signal pre-
processing, time-frequency feature extraction, and feature dimensionality reduction to optimize
data quality, traditional machine learning and hybrid deep learning prediction models are designed,

SCEG| BB, BB BT HOREIRAh AL A A AU AT ). S S 4, 2026, 14(2): 236-242.
DOI: 10.12677/iae.2026.142028


https://www.hanspub.org/journal/iae
https://doi.org/10.12677/iae.2026.142028
https://doi.org/10.12677/iae.2026.142028
https://www.hanspub.org/

B, 2R

compared, and optimized. Finally, the effectiveness of the model is verified through experiments.
The study shows that the optimized hybrid deep learning model has high prediction accuracy and
strong robustness, and can realize early warning of faults. It provides and verifies a complete and
efficient data-driven fault prediction scheme for the tobacco machine spindle box, a specific key
piece of equipment, providing technical support for the precise operation and maintenance of the
tobacco machine spindle box and helping to ensure the continuous and stable operation of tobacco
production.
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Figure 1. Schematic diagram of mechanical transmission principle of the main shaft box of the smoke machine
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Table 1. Key hyperparameter settings for each model
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