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Abstract: Existing defect detection algorithms for power equipment are difficult to ensure both detection accura-
cy and speed, and the large scale of model parameter redundancy is a challenge for deployment in edge-side em-
bedded devices. In this paper, we propose a power equipment defect detection technique based on federated gra-
dient score correction(FedGSC) algorithm and real-time-detection Transformer(RT-DETR). First, the lightweight
backbone network GhostNet is used to replace the original backbone network of the model in RT-DETR, and the
model volume is further compressed using channel pruning, which significantly reduces the redundant parame-
ters and improves the inference speed; on this basis, the federated learning architecture is introduced into the
cloud server for the distributed training of the lightweight RT-DETR model at the edge end in order to solve the
problem of non-independent homogeneous distribution(NID) in the federated learning training process. Non-in-
dependent and identically distributed(Non-1ID) data exists, FedGSC is introduced to correct the gradient of each
round of model update. Comparing the lightweight RT-DETR with traditional RT-DETR and YOLOVS, the algo-
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rithm model size is only 47 MB, and the mean average precision(mAP) is 90.46%, which can quickly and accu-

rately identify the defects of power equipment; and the FedGSC algorithm reduces communication costs by ap-

proximately 40% and 20% compared to the FedAvg and FedFV algorithms, respectively.
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score correction algorithm
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Fig. 9 Accuracy of each algorithm under different non-
independent co-distribution degree
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Tab.3 Communication overhead for different algorithms

on the dataset
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