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Fig.1 Process of model construction and load decomposition
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Fig. 2 Internal structure of memory unit
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Table 1 Comparison of load decomposition accuracy with different algorithms

co/ % e/ %
L ARCHED CHR[6]  CER[7] SciEk[10] Sc#k[12]  BILSTM MLP A3 SCHR[10]  CHk[12]  BiLSTM
kA 99.20 80.03 97.44  95.12 94.87 96.23 98.99 96.59 93.25 89.87 93.32
i, fi 97.80 90.31 72.30  95.37 97.56 97.31 83.41 95.11 92.18 93.21 94.17
HOK 2R 98.97 95.31 98.91  92.51 96.25 96.53 94.11 96.04 92.53 90.46 91.25
PEAHL 98.12 85.42 95.47  96.00 93.17 95.71 90.79 97.90 92.22 90.05 91.96
ficipe e 99.74 95.64 83.11 95.80 96.71 93.04 98.51 97.23 92.07 94.88 90.02
Pemibl 99.17 75.04 90.65  95.64 96.35 94.68 98.55 96.00 93.34 92.34 90.05
fib 2 IR AT 99.91 98.10 99.17  88.31 95.62 98.05 99.60 99.24 85.81 91.05 96.28
RITIRBIAT 99.80 100.00 90.11  85.02 96.17 98.47 99.14 99.09 80.38 93.21 96.59
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I 55 1 A 99.71 98.43  100.00 94.25 95.28 98.30 98.43 99.05 86.19 91.30 95.98
T 99.14 91.78 92.71 93.40 95.71 96.72 94.49 97.52 89.72 91.65 93.60
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Table 2 Performance comparison of proposed
algorithm before and after hyper-parameter

optimization
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A - . - .
AT AR AL AL E
UKAE 97.22 99.20 94.43 96.59
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YA 98.09 98.12 96.34 97.90
T 97.69 99.74 96.25 97.23
BEBIHL 96.14 99.17 94.25 96.00
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Table 3 Comparison of identification accuracy of
electrical appliances with different load characteristics
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Fig.3 Comparison of anti-noise ability among
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Table 4 Scalability comparison of different algorithms
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Non-intrusive Load Decomposition Based on Operation State of Electrical Appliances and Deep Learning

LUO Ping', FAN Xingchi®, ZHANG Jianmin', LI Junjie'
(1. School of Automation, Hangzhou Dianzi University, Hangzhou 310018, China;
2. School of ITMO Joint Institute, Hangzhou Dianzi University, Hangzhou 310018, China)

Abstract: According to the number of operation states of different electrical appliances, electrical appliances are divided into two
types: complex-state and simple-state. Complex-state electrical appliances have multiple working states, and the prior and
subsequent states are logically related. Therefore, a non-event-based method is adopted and the bidirectional long short-term
memory network considering past and future operation state changes is chosen to decompose the load. In order to improve the
training accuracy, the hyper-parameters of the network are chosen by using the tree-structured Parzen estimator algorithm. The
simple-state electrical appliances only have on or off state, so the switching states are obtained by the event-based method. Then,
the multilayer perceptron network is selected to identify the corresponding electrical appliance type. Finally, the maximum
likelihood optimization model is used to solve the power sequence of the electrical appliances. The proposed method is verified by
using the reference energy disaggregation data set. The results show that the method enhances the scalability and anti-noise ability
of the load decomposition model, and improves the accuracy of the load decomposition to a certain extent.

This work 1s supported by Zhejiang Provincial Natural Science Foundation of China (No. LYZ20E070004) and National
Natural Science Foundation of China (No. 51777047).
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