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Non-intrusive load identification based on
Sparrow Search Algorithm Optimized Support Vector Machine

LI Zitong, YANG Chao
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[ Abstract] In order to solve the problem of low accuracy of current non—invasive load monitoring methods in identifying electrical
products with similar load characteristics, a load identification method based on sparrow search algorithm ( SSA) and optimized
support vector machine (SVM) is proposed. This method not only uses traditional active power and reactive power as features, but
also uses fundamental power factor and harmonic amplitude of current in frequency domain as new features, and then uses sparrow
search algorithm to optimize the core parameters of support vector machine. After that, the load identification model is established to
realize the effective monitoring of household appliances. Finally, the algorithm is tested with AMPds data set, and the effectiveness
of this method is verified by comparative analysis.
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Fig. 1 Non-intrusive load identification process
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Tab. 2 Comparison of identification accuracy of three algorithms
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