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A non-intrusive load detection model based on EDDL

LI Chen, XIA Lidian, ZHANG Chao, YE Yangfeng
(Zhejiang Huayun Information Technology Co., LTD., Hangzhou Zhejiang 310030, China)

Abstract: A load detection model based on Event Driven and Deep Learning(EDDL) is proposed to
address the issue of low detection accuracy in current non—invasive load detection. The current data is
detected through zero crossing, and the key events are discovered from a large amount of data based on
event driven mechanisms. The end—to—end non-invasive load detection is achieved by converting the
current sequence containing key events into image space and incorporating it into a deep learning based
load detection model. The experimental results show that compared with the Multi—class Support Vector
Machine(MSVM), Feedforward Neural Network(FNN), Convolution Neural Network(CNN), and Long Short
Term Memory (LSTM) models, the proposed EDDL model has better overall performance, with detection
accuracy and accuracy of 94.67% and 91.76%, respectively. The simulation results verify that the
proposed model can mine current data based on event driven mechanisms and effectively extract current
data features based on deep learning models, thus achieving high—precision non—invasive power load
detection. This model has certain reference value for the research of non—invasive power load detection.
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Fig.1 Structure diagram of non—invasive power load detection model based on EDDL
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Fig.2 Comparison of losses between training and testing sets of
each model
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Tablel Statistical situation of various indicators in different models(%)

model NRMSE MAPE CV-RMSE ACC PRE
MSVM 13.43 17.31 22.56 79.31 43.69
FNN 11.77 25.49 14.82 83.46 69.35
CNN 9.83 19.62 12.47 86.17 89.85
LST™M 7.81 13.69 11.78 89.62 91.54
EDDL 5.08 8.43 7.85 94.67 91.76
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