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A fault location method for rolling bearing based on FFG-ECNN
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[Abstract] Focusing on the frequency domain characteristics of rolling bearings, this paper proposes a weighted
undirected frequency domain features graph (FFG) to expand the feature dimension. The Mish activation
function and the depth separable module with expansion factor are introduced to propose a lightweight efficient
convolutional neural network (ECNN). The shallow features are fused with deep features to solve the gradient
disappearance problem. Tested on a rolling bearing test rig, results show that the method accurately identifies
fault locations under various speeds and loads, achieving a diagnosis accuracy of 99.2% under sample imbalance
and noise.
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