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Non-intrusive load identification based on the Markov transition field and a lightweight network
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Abstract: Load identification is a key step in non-intrusive load monitoring (NILM). There are limitations caused by a large
number of network parameters and a low identification rate of current identification methods. Thus a non-intrusive load
identification method based on a Markov transition field (MTF) and a lightweight network is proposed. First, the Markov
state transition matrix is calculated using the normalized voltage and current, and the MTF is constructed by arranging each
state transition probability in the time domain. Second, the MTF is downsampled to facilitate the learning of the neural
network, and an RGB color image is obtained using a pseudo-color coding technique. Finally, a SimAM parameter-free
attention module is added to the lightweight network ShuffleNetV2 as a feature extraction network to achieve load
classification identification with fewer parameters. Experiments on the proposed method using the public datasets PLAID and
WHITED show that the identification accuracy of SimAM-ShuffleNetV2 achieves 98.99% and 99.22% respectively in the
two datasets, with the number of parameters of 0.37 M and 0.41 M, respectively. This shows higher identification accuracy
and fewer parameters than existing methods, verifying the validity and superiority of the proposed method.
This work is supported by the National Natural Science Foundation of China (No. 61672032).
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Fig. A1 Confusion matrix plotted from the test results for the appliances on the WHITED dataset
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