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Abstract: To address the low prediction accuracy of vibration signal trends in straddle monorail
train gearboxes caused by low-frequency modulation interference, nonlinear coupled harmonics,
and condition-dependent characteristics, this study proposes a vibration signal trend prediction
model that integrates a bidirectional gated recurrent unit (BiGRU) and a temporal information
prediction model (Informer). This model utilizes the gating mechanism of BiGRU to suppress
low-frequency interference, extracts nonlinear coupled harmonic features through its bidirectional
structure, and enhances adaptability to various operating conditions through an adaptive learning
mechanism. By combining the multi-head attention mechanism in the Informer encoder with
dilated causal convolution, the model effectively expands its receptive field to capture long-term

dependency features in time series data, thereby facilitating the trend prediction of gearbox
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vibration signals. Validation of the model is conducted using a dataset of gearbox fault data
collected from a straddle monorail train gearbox test bench. The proposed model achieves average
absolute error, mean square error, and root mean square error of 0. 264 8, 0.116 0, and 0.339 1,
respectively, across different prediction horizons, which are lower than those of the Autoformer,
Informer, and Dlinear models. The prediction accuracy remains stable under four operating
conditions: normal operation, assembly error. inner ring fault, and fatigue wear, with absolute
errors ranging from 0. 21 to 0. 35. The results indicate that the proposed model demonstrates
superior trend prediction accuracy for both short and long time series compared to other
benchmark models, and the experimental outcomes under multiple operating conditions validate

the model’s adaptability and robustness.

Keywords: monorail train; trend prediction; bidirectional gated recirculation unit; temporal information

prediction model; dilated causal convolutional
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Fig. 8 Comparison of model prediction performance under assembly error conditions with step sizes of 0~48.0~192.0~768
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Fig. 9 Comparison of BiGRU-Informer model prediction performance under different fault conditions with step sizes of 0—48,
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