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Research on anomaly detection of integrated transmission based on dynamic

cating regulation GRU
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Technology University, Beijing 100192, China)

Abstract: To address the issue of low accuracy in anomaly detection for integrated transmission devices caused
by high data complexity during operation, this paper proposes an integrated GRU-CNN anomaly detection model
based on dynamically gated regulation. The model dynamically generates regulation factors for the update gate and
reset gate of the GRU through a gating mechanism, enabling flexible adjustments at each time step. This achieves the
combined effect of the dynamically gated regulation mechanism and the GRU. By preprocessing sensor monitoring
data and partitioning datasets to clean redundant data, the dynamically gated regulation mechanism selects critical
features, assigns appropriate weights, and adjusts these weights in real-time according to operational states.
Validation through two anomaly detection case studies on integrated transmissions shows that, compared to

traditional methods, the proposed method significantly improves detection accuracy—achieving 99.40% and 98.36%

x  WFSEH:2025-03-05
HEEW B Jb i R A TR BFE — 0 H (KM202311232006) , Beijing Municipal Commission of Education Science Research Program
General Science and Technology Project(KM202311232006)
EER N BI9R(1989—), 55, WALIRE N, JLRU(F BRHL A RIATIE O, WL
T IFEC R A, E-mail : chentao@bistu.edu.cn



543

BEIRAE FET BT 11T GRU M 2545 % 3 S Rl 5 135

—thus verifying its effectiveness. The dynamically gated GRU-CNN approach provides a novel solution for anomaly

detection in integrated transmission devices.

Key words: fault detection; neural networks ; operating condition information ; dynamic weights; gated recurrent

convolutional neural network
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Fig.1 Flow chart of abnormal detection method for comprehensive transmission device
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Fig.8 Visualization distribution of characteristic space for

comprehensive transmission devices
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Tab.3 Evaluation metrics for clutch fault detection

fiA W% HRR%  KEFRI%  F 5%

LSTM 94.10 93.08 95.25 94.15
CNN 92.75 93.39 92.08 92.73
GRU-CNN 94.71 93.77 95.76 94.75
DGGRU-CNN 98.36 98.40 98.06 98.23
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