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Abstract: In order to realize the automatic recognition of insulators in inspection images of massive
lines a cross-domain insulator recognition method based on adversarial selfdearning is proposed. The

method consists of adversarial learning and self-training learning two stages. In the adversarial learn—
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ing stage through adversarial learning between the feature extractor and the classifier the model

obtains robust classification features of glass insulators and composite insulators. In the self-training

learning stage firstly the model is pre-irained with labeled glass insulator samples; then the

unlabeled composite insulator samples are input into the pre-trained model and the sample with high

confidence is selected to give the soft label to retrain the model so that the model obtains generaliza—

tion ability in different domains. Compared with the existing methods the proposed method uses insu—

lator samples of different materials to train the deep neural network in two stages which effectively

reduces the amount of sample annotations in the model training phase and solves the problem of

cross-domain identification of different materials.

Key words: adversarial learning; insulators; lines inspection; images; self+raining learning; feature

extractor; glass insulators; composite insulators
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