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LSTM - MCNN Ensemble for Low—-Speed Rolling Bearing Fault
Diagnosis in Elastic Yarn Creel Tension Control Systems
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Abstract

Elastic yarn creel tension control systems operate at low speeds of tens to hundreds of RPM, so the bearing fault
frequencies (BPFO, BPFI, BSF) form in the low-frequency band, making fault detection difficult with conventional
threshold-based methods. This study applies a two-stage validation framework consisting of model training and validation
using physics-based synthetic data, followed by spectrum analysis of measurements from an actual creel device.
In 5-fold cross-validation on the synthetic data, the proposed LSTM-MCNN ensemble model achieved an accuracy of
79.2% at 100 RPM and 99.2% at 1,797 RPM, demonstrating superior performance in the low-speed range compared
with seven existing benchmark models. In the field spectrum analysis, the anomaly indicators of the proposed algorithm
detected anomalous signatures consistent with the fault patterns derived from the synthetic data, thereby confirming its
applicability in a real creel environment.
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Fig. 2. Actual photos of elastic yarn creel tension control
system (a) Overall composition and yam arrangement,
(b) servo motor and vibration sensor installation
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Fig. 1. Creel tension control system configuration and vibration sensor placement
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(a) R? Variation by STFT Window Size per RPM

(b) Optimal R? Parameter Selection Results by RPM
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