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Motor commutator defect detection based on YOLOv5m

XU Yuntao, JIAO Peigang” , LIU Jiaqi

School of Construction Machinery, Shandong Jiaotong University, Jinan 250357, China

Abstract : To reduce the detection cost of motor commutator defects, and improve detection efficiency, and meet
the balanced requirements of detection accuracy and speed in practical engineering, an optimized and improved
surface defect detection algorithm based on the YOLOv5Sm model is proposed. The collected data is enhanced
through Mosica data augmentation to enhance the robustness of model. In other layers, the bidirectional feature
pyramid network ( BiFPN) layer is used instead of the path aggregation network ( PANet) layer, introducing
bidirectional connections and cross-layer feature fusion mechanisms, and adding a Criss-Cross attention
mechanism to better capture relevant information in the input sequence, and enhance network feedback at
different scales, and verified through ablation experiments. The results show that compared to the traditional
YOLOv5m model, the average precision ( AP) , accuracy, and recall of the optimized and improved YOLOvSm
model increases by 17%, 28.3%, and 8. 2%, respectively. While ensuring detection accuracy, the detection
time for defects is shortened, better meeting the balanced requirements of detection accuracy and speed in defect
detection engineering.
Keywords : motor commutator; surface defect; YOLOvSm; attention mechanism; feature fusion
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model of the two-wheel balanced wheelchair is established based on the Euler-Lagrange equation, and the
motion relationship is established through the differential geometric model. The Pure Pursuit algorithm is used to
plan the target motion state of the system, and model predictive control (MPC) and linear quadratic optimal
control( LQR ) are used to balance and track the motion state of the two-wheel balanced wheelchair. The
simulation system for the control of the two-wheel balanced wheelchair is built through software Simulink to
verify the trajectory tracking effect and tracking stability of the two-wheel balanced wheelchair system when LQR
and MPC controllers are used. The simulation results show that the dynamic response speed of the MPC
controller is faster than that of the LQR controller, and the MPC controller can quickly restore the stable state of
the vehicle body when acting on the vehicle body; when tracking the trajectory, the MPC controller has better
stable control of the vehicle body inclination angle and speed at the starting and ending positions than the LQR
controller.

Keywords: two-wheel balanced wheelchair; LQR controller; MPC controller; trajectory tracking
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