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Abstract: Under variable load conditions, machine learning-based gear fault diagnosis models
face the challenge of relying on specific target condition samples for training. To overcome this
limitation, the feature components in the signal that can reflect the health status of gears and
remain invariant to load variations were solved based on the gear fault mechanism, thereby
constructing a fault frequency waveform convolution module and embedding it into the
convolutional neural network. Additionally, to enhance the network’ s feature extraction
capability, a multi-scale attention module was introduced. Based on these modules, a variable
load gear fault diagnosis model named FWaveNet was constructed and applied to the gear fault
dataset from Northeastern University. The results showed that its diagnostic accuracy is
significantly better than that of existing models. Through specific signal processing techniques
and network architecture design, precise identification of gear health status under load fluctuations
is achieved, and a solution for engineering applications in the fault diagnosis of variable load
gears is provided.
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Fig. 1 Spectral characteristic components of the
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Table 3 Accuracy of the ablation experiments for different models %
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Table 4 Accuracy of different models
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Fig. 8 Visualization of features for various comparison

models under C—A tasks
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