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Fig.1 Loss index of electric heater clustering process
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Fig.2 Flowchart of load disaggregation based on HMM
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Real-time disaggregation algorithm of nonintrusive load based on

usage influencing factor
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Abstract: Aiming at the problems of low accuracy,time-consuming,etc.,of traditional nonintrusive load disag-

gregation algorithms, a usage influencing factor based real-time load disaggregation algorithm is proposed
based on HMM (Hidden Markov Model). The self-adaptive iterative K-means clustering method is used to

extract load states,and the load states are combined into super-states. Aiming at the shortage that traditional

HMM does not consider the time characteristic of electricity consumption scenes, the parameters are

learned in time segments. At the disaggregation stage,the influencing factor of users’ electricity consumption

pattern is introduced to improve implicit Markov homogeneous hypothesis, and the real-time states of each

load of users are decomposed by Viterbi algorithm. The accuracy and real-time performance of the proposed

algorithm are verified through public data sets.

Key words:load disaggregation;super-state; HMM ;self-adaptive K-means;usage pattern



