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Research on Non—Intrusive Load Recognition Algorithm Based on
Improved MobileNet V3

ZHENG Xudan, HUANG Fuming
(Department of Information Engineering, Fuzhou University Zhicheng College, Fuzhou 350001, China)

Abstract: To address the challenges in current non—intrusive load identification algorithms such as large parameter sizes , high computational
demands, and poor load identification performance, this paper proposes an algorithm based on an improved MobileNet V3 architecture.First,
the Gramian Angular Difference Field (GADF) algorithm is first employed to convert the one—dimensional time—series dala into two—dimen-
sional load images rich in harmonic features. These images undergo preprocessing and enhancement before being fed as input to the modified
MobileNet V3 image classification model. Second, the spatial attention module is replaced with a Convolutional Block Attention Module
(CBAM) , enabling the model to simultaneously focus on both channel-wise and spatial importance within the input images.Third, the Mish
(x) activation function is adopted to mitigate gradient vanishing and explosion issues in deep network layers.The improved MobileNet V3 mod-
el achieves load detection accuracies of 96.8% on the PLAID dataset and 94.5% on the WHITED dataset. This represents an improvement of
10.1% and 10.4%, respectively, over the original MobileNet V3 model. Notably, these gains are achieved with nearly identical parameter
counts and only a 2.07% increase in computational complexity.The results demonstrate the significant potential of the proposed enhanced Mo-
bileNet V3 architecture for practical applications in non—intrusive load identification (NILM) systems.
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Fig. 2 Architecture of non—intrusive load recognition model based on
MobileNet V3
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Fig.4 Convolutional block attention module
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Table 2 Performance changes of models in ablation experiments
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Fig. 9 Experimental results of baseline MobileNet V3 and improved

MobileNet V3 on public datasets
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