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Visual Detection Method of Abnormal State of Insulating
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Abstract: At present, the power grid has an increasingly strong demand for abnormal state monitoring, abnormal
detection can be used to detect whether the power grid staff correctly wears safety equipment. Especially when the
staff is in the maintenance of the power grid, it can avoid electric shock injury.The insulated gloves whether be
worn correctly is still a major safety issue that needs to pay attention to. Unfortunately, the vast majority of
current power detection tasks are for helmets and safety belts, and there is no research work for insulated gloves.
The RetinaNet target detection algorithm can better solve the positive and negative sample imbalance problem
while maintaining a smaller computational resource occupation. It can solve the occasional abnormal state
detection during the maintenance process. Therefore, this paper proposes the first visual detection algorithm for
the abnormal state of insulated gloves, and apply the RetinaNet network with improved feature extraction part to
monitor the abnormal state of insulated gloves worn by power grid operators. The experimental results show that
the proposed method has a high rate of accuracy and a fast speed of detection.
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