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Non-intrusive load event detection algorithm based on Bayesian information criterion
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Abstract: User load data monitoring is the basis of demand side management. Non-Intrusive Load Monitoring (NILM) is
an important development direction of load monitoring, and event detection is a key point in NILM. In this paper, the
Bayesian information criterion which is suitable for the model selection problem is modeled and applied to event
detection for the first time. Fast event detection algorithm is used to reduce the false alarm rate of event detection
algorithm based on Bayesian information criterion, which can solve the problem of missing detection point in CUSUM
algorithm. Finally, a real data set is used for testing. The experimental results show that compared with CUSUM
algorithm, the event detection algorithm based on Bayesian information criterion can achieve better detection accuracy
and can significantly improve the speed of computation.
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I TP FN FP Frer Fv/%
0.5 45 16 0 0.068 8 84.9
1 45 16 0 0.068 8 84.9
1.5 42 19 0 0.0970 81.6
2 41 20 1 0.1070 79.6
2.5 41 20 1 0.1070 79.6
3 42 19 1 0.0970 80.8
3.5 41 20 1 0.1070 79.6
4 39 22 2 0.1300 76.5
45 38 23 1 0.1420 76.0
5 36 25 1 0.168 0 735
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Table 3 Threshold sensitivity of original BIC algorithm

ke TP FN FP Frer Fvl%
140 55 6 20 0.009 67 80.9
150 55 6 14 0.009 67 84.6
160 55 6 12 0.009 67 85.9
170 54 7 13 0.0132 84.4
180 54 7 12 0.0132 85.0
190 53 8 12 0.0172 84.1
200 53 8 11 0.0172 84.8
210 51 10 12 0.026 9 82.3
220 49 12 11 0.0387 81.0

230 46 15 10
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Table 4 Window sensitivity of CUSUM algorithm

T R TP FN FP Frpr Fu/%
10 27 34 0 0.311 61.4
20 38 23 0 0.142 76.8
30 42 19 0 0.097 81.6
40 42 19 0 0.097 81.6
50 41 20 1 0.107 79.6
60 45 16 0 0.068 8 84.9
70 47 14 0 0.052 7 87.0
80 44 17 1 0.077 7 83.0
90 46 15 1 0.060 5 85.2
100 45 16 1 0.068 8 84.1
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Table 5 Window sensitivity of modified BIC algorithm

T K TP FN FP Frpr Fu/%
10 0 61 0 1 —
20 12 49 0 0.6453 329
30 38 23 0 0.1422 76.8
40 50 11 0 0.0325 90.1
50 58 3 0 0.002 4 97.5
60 54 7 0 0.013 2 93.9
70 56 5 1 0.006 7 94.9
80 55 6 2 0.009 7 93.2
90 56 5 4 0.006 7 92.6
100 52 9 3 0.0218 89.7
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