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Equipment identification from power load profile
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(1. State Key Laboratory for Novel Sofiware Technology» Nanjing 210023, China ;
2. Department of Com puter Science and Technology s Nanjing University s Nanjing 210023, China)
Abstract: The power load profile of the equipment varies with time, and it is essentially time series data.
A new ensemble learning method for identifying electrical equipment through load power profile is
proposed, which uses convolution neural network (CNN) as base learner to train the multi-granular load
profile to improve the accuracy of classification. First, the raw data with different granularities are divided
and some different new data sets are obtained. Then, these new data sets were used to train different base
learners and get the weight of different base learners according to the accuracy of validation sets. In the
testing process, testing data are divided based on different granularities in the same way as the training
data are fed into base learners and the final results are obtained by weighting the output of each base
learner. The proposed model are compared with a single CNN model on the electrical equipment load data.
The experimental results show that the proposed method has higher accuracy in the identification of

electrical equipment.
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Fig. 2 The training and testing process of our model
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Tab.1 The testing accuracy under five different size training sets HIZ A R Sl ik 67, 10 342K R IAFE 5 AR
500 1000 1500 2000 2500 BT 4 UBOR 2 18 35 1 4 T 881> CNN 43 28
CNN  0.533  0.62  0.626 0.749  0.806 i T 2 WTRAA th, — R i 5650 2 545 T
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Tab. 2 The testing accuracy of ten basic classifiers under five different size training sets
Size 0 1 2 3 4 5 6 7 8 9

500 0. 533 0. 495 0. 536 0. 536 0.474 0. 524 0. 488 0. 436 0. 493 0.5

1 000 0. 62 0. 54 0. 578 0.593 0.51 0. 559 0. 528 0. 493 0. 582 0. 546

1 500 0. 626 0. 581 0.616 0.59 0. 554 0. 585 0.555 0.525 0. 562 0. 37

2 000 0. 749 0. 66 0.733 0. 648 0. 651 0.703 0. 587 0.612 0. 66 0. 657

2 500 0. 806 0. 728 0. 774 0.723 0.7 0.725 0. 65 0.713 0.72 0. 69
scale convolutional neural networks for time series
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