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Fig.3 Feature combination method based on
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Fig.5 Examples of combination feature
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Table 2 Identification accuracy of proposed algorithm
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Table 5 Comparative analysis of similar algorithms
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Computational cost optimization of non-intrusive load identification

algorithm based on image classification network
YANG Shuhui, LI Jinghua, WEI Shanyang
(Guangxi Key Laboratory of Power System Optimization and Energy Technology,
Guangxi University, Nanning 530004, China)

Abstract: At present, the non-intrusive load identification algorithm based on image classification network
can achieve high identification accuracy,but there is serious parameter redundancy,which leads to unneces-
sary calculation costs. The computational cost of this kind of algorithm is optimized. Firstly,a device fea-
ture combination method based on grey coding is proposed to reduce the parameter redundancy in device
features. Then,the lightweight image classification network ZFNet is used to construct the device identifica-
tion model, and inception submodule is introduced to reduce the parameter redundancy in the output of
the convolutional layers in the model. At the same time,based on the simulative results,the structure and
parameters of the fully connection layers in the model are adjusted adaptively to reduce the parameter
redundancy of the model. Finally, PLAID data set is used for example analysis,and the results show that,
compared with similar algorithms, the proposed algorithm reduces the parameter number of equipment fea-
tures by 66.7 %~67.5 % ,the parameter number of the model by 90%~97.1 % ,and the change of the overall
calculation amount is —=91.7 %~6.1 %.

Key words:non-intrusive load monitoring;image classification network;gray scale image;feature combination;

device identification
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Table A1 Results of controlled experiment

WAL 1 2 3 Ay
RS0 50,176 | 150,528 | 50,176 | -66.7%
AlexNet 90.6 91.8 923 | +05
— ZFNet 92.3 93.7 945 | +0.8
GoogLeNet 88.0 88.4 87.8 -0.6
i 92.3 94.2 945 | +0.3
AlexNet 1.6 2.8 1.6 | -42.8%
EEE ZFNet 2.4 2.8 24 | -14.3%
(>10°) GoogLeNet 16 1.9 16 |-15.8%
AR 1.3 1.6 1.3 | -18.7%
- Xt EG AlexNet | -18.7% | -42.8% | -18.7%
@%ﬁiﬁ% AFHL ZFNet | -45.8% | -42.8% | -45.8%
%k GooglLeNet | -18.7% | -15.8% | -18.7%

® A2 [EREERXEES

Table A2 Comparative analysis of similar algorithms

(=R7S SCHR[7] | SCHR[5] | SCRR[6] | AC
HE TR E Tk T AR | R Ot | 7 (L gmis | K (0 s
FHIEM 280 150,528 | 154,587 | 154,587 | 50,176
WA B VGG-16 | AlexNet | AlexNet |7 A%
25 79.0 75.8 92.7 95.6
HELT 100 97.0 98.3 8.7
KU 75.5 95.2 93.2 98.2
Uit 47.6 77.8 75.3 88.6
WAL 96.3 93.2 98.8 97.2
BRI | INEE 71.8 92.3 96.5 92.9
HET 96.8 93.2 97.4 98.1
H ki 935 98.4 96.7 98.6
Deia 99.0 100.0 99.5 98.5
W g 100.0 100.0 97.6 100.0
VEAKHL 60.0 81.8 74.7 85.3
Mt 87.1 92.4 94.6 96.7
TR SR (<10°%) 17.1 46.2 58.3 1.7
184 (><10% 15,349.0 | 1,204.5 | 2,821.5 | 1,2785
JHTES +9.6 +4.3 +2.1
| MU | e6.7% | 675% | -67.5%
A SO AR —
FAY | -90.0% | -96.3% | -97.1%
BEE | 917% | +6.1% | -54.5%
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