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Fig. 8 Three classification results based on normal samples
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Fig. 10 Comparison of recognition effect between Mask R-CNN model and MASK LSTM-CNN model ( blue represents
the actual value of samples,red represents Mask R-CNN, green represents MASK LSTM-CNN)
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Tab. 1 Comparison of recognition effects between the two models such as mAP, mRecall and mEAO
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Tab.2  Comparison of the recall rate of three models
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Tab. 3  Time required for identify pictures of three models
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Fig. 11

Comparison of circuit breaker recognition effect under different models( blue represents Faster-RCNN,

yellow represents R-FCN,red represents MASK LSTM-CNN)
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Fig. 12 Comparison of transformer identification results under different models( blue represents Faster-RCNN,

yellow represents R-FCN, and red represents MASK LSTM-CNN)
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Recognition of efficient electrical components based on deep learning
OU Jiaxiang' ,SHI Wenbin’ ,ZHANG Junwei' ,DING Chao'
(1. Electric Power Research Institute of Guizhou Power Grid Co. ,Ltd. ,Guiyang 550002 Guizhou,China;

2. Shanghai University of Electric power, Shanghai 200090, China)
Abstract: The traditional image recognition method cannot effectively detect the specific position of the power component, and the
recognition accuracy is low in the scene with many interferents. In view of the above problems,this paper proposes a method based on
MASK LSTM-CNN model for power component inspection image recognition. Combining with the existing Mask R-CNN method, the
MASK LSTM-CNN model is constructed by using the long-short-term memory neural network ,and the context information is constructed
by the fusion of the context information. Then,the optimization algorithm is used to optimize the parameters of the model by combining
the specific characteristics of the power components. The model can accurately identify the power components in the field environment
with more interference information,and successfully solves the problem that the power components existing in the existing methods have
low recognition rate under the occlusion condition, and greatly improves the accuracy of component recognition. Combined with the
actual collected power component inspection image dataset, a large number of tests are carried out on the proposed model. The
experimental results show that the proposed MASK LSTM-CNN model is better than R-FCN and faster R-CNN. The recognition accuracy
rate is improved by 9% -12% ,which effectively solves the component identification problem in the power field with more interference
information.

Key words : power component identification ; model ; recognition rate ;image identification
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