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Monitoring algorithm of non-intrusive industrial loads based on improved

GAF-inception network

LI Hui, GAO Jiajie, XI Rongjun, CHEN Siying, HUANG Yiqun, SHEN Zefan
(Shanwei Power Supply Bureau, Guangdong Power Grid Co., Ltd., Shanwei 516600, China)

Abstract: In view of the existing problems of low recognition accuracy and weak generalization ability in non-intrusive
load monitoring using low-frequency industrial data, a non-intrusive industrial load monitoring algorithm based on the
combination of Gramian angular field (GAF) and an improved Inception network structure is proposed. The one-
dimensional time series information of power is converted into two-dimensional data with temporal characteristics based
on GAF. An improved Inception network is constructed, which leverages its sparse connection characteristics to perform
multi-scale extraction of multi-parameter load characteristics, thereby reducing model complexity, improving
computational efficiency, and achieving high-accuracy identification of industrial loads across multiple scenarios.
Finally, the proposed algorithm is validated using the industrial appliance identification dataset (IAID). The research
results show that the proposed algorithm can effectively improve monitoring accuracy up to 94.48% and enhance
computational efficiency by more than 8% compared to the existing Inception network.
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Figure 2 Improved Inception network structure
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Table 3 Comparison results of different algorithms %
EA ey R (W
Ak

Licc F, Licc F, Lice F, Lice F,
KNN 91.14 89.52 85.18 75.41 92.91 71.37 80.34 76.46
DT 88.03 87.71 78.24 78.32 93.86 68.75 82.13 77.69
RF 90.54 89.82 87.85 79.53 94.19 72.24 83.00 78.49
Ridge 49.56 48.25 38.64 46.59 50.66 32.18 51.69 58.45
CNN-BiLSTM'? 83.61 83.40 49.52 76.96 84.76 81.52 74.94 66.77
SE-Resnet!*! 91.03 87.73 87.15 54.48 93.69 62.34 82.70 78.70
SE-LSTM" ! 91.55 88.62 89.41 54.68 93.69 62.34 82.52 78.31
Multi-GRU"?" 91.26 88.15 94.10 63.38 93.81 89.07 83.04 79.17
GAF-Inception 92.66 92.18 94.24 84.85 94.48 89.53 83.99 79.89
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Table 4 Structure of models before and after improvement
5 A T o Mk i e
24 (L) LRSBI2IN S P
A )2 (None, 300,300,1) 0 0
ERUZ (None, 300,300,16) 224 224
Inception 2 (None, 150,150,512) 119 616 58 176
FeRAL)Z (None,512) 0 0
AR (None,4) 516 516
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L5 AT X LA, I SR FHERG R F 40 BORTTH S R (]
SGUATIRBR AT o T IE R 5 25 SR X L L2 5.

H1 2% 5 AT 0, At I R AR R 4 et i A 7 4
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Table 5 Result comparison before and after algorithm improvement

T Tnce/ % F/% TR /s

KA MR BaE wulbE S dolknr BaE Ml R ek i B E itk e
G| 93.50 91.51 92.66 92.68 92.20 92.18 174857  2093.95 1573.82
IR 94.52 94.33 94.48 93.18 94.50 89.53 1713.56  2168.03 157261
2 94.52 93.79 94.24 85.33 93.78 84.85 1697.08  2161.19  1565.73
1T 84.84 83.50 83.99 77.50 83.95 79.89 172227 210653  1584.87
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