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Non-intrusive load monitoring based on optimized multi-class Adaboost

ZHANG Shunmiao, CHEN Minglong, HUNG Maosiung
(School of Information Science and Engineering, Fujian University of Technology, Fuzhou 350118, China)

Abstract; Aiming at the lack of research and low accuracy of non-intrusive load monitoring technology in
working status identification of multi-state equipment, non-intrusive load monitoring technology based on ge-
netic algorithm optimization for multi-class Adaboost is proposed. Firstly, the effective features( effective value
of current and its variation, active power and its variation, reactive power) of the original data set are extrac-
ted. Secondly, the genetic algorithm is used to optimize the five parameters of multi-class Adaboost to obtain
the optimal strong classifier. Finally, all the states of two devices ( Joyoung kettle and FUJI laser printer) run-
ning simultaneously are identified by the data set of item A of the 6th “Teddy Cup” Data Mining Race. The
experimental results show that the recognition ability of this algorithm is better than that of decision tree algo-
rithm and SVM algorithm.
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Fig.1 Basic structure of the system
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Tab.2 State classification results of DT, SVM and GA-Adaboost algorithms under different scaled samples

: AL B 2
o Mk % WIS WRREL s ERR/ IR s
DT 93.33 25.757 0.003 6 94.44 26.71 2 0.003 0
SVM 91.85 83.246 0.004 2 90.00 98.55 8 0.004 6

GA-Adaboost 94.81 134 0.056 0 95.56 278 0.069 2
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Tab.3 Precision, recall rate and F1 value of state classification by DT, SVM and GA-Adaboost

algorithms under Sample 1

%
e DT SVM GA-Adaboost cupport
R F1 P R F1 P R F1
0 100 100 100 100 100 100 100 100 100 14
1 100 94 97 93 88 90 100 88 93 16
4 100 100 100 100 94 97 100 100 100 17
6 96 97 97 91 97 94 95 97 96 79
7 33 100 50 50 33 40 50 100 67 3
8 0 0 0 0 0 0 100 25 40 4
9 0 0 0 67 100 80 100 100 100 2
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