524 % M FREEER T o2 f i Vol.24 No.1
2026 £ 2 A Journal of Fujian University of Technology Feb. 2026

doi:10.3969/j.issn.2097-3853.2026.01.001
e /NS S
AR NHESREEAN TR T E

AR mA R 2R R FR

(1. BERIRF BT L A5HEE T, A& 4N 350118;
2. B AL B A A FRNE] AN T KR R NG A3 430 350202)

WE. s EARBHAGFLE Kottt B E R a8 E R A AN T R E-LEE
KfES Mt AA LB EERARS, A RE—FZFSKL S TEANEBRAXL S AH
Wl ok, B R BRSBTS AT R ARG AT 2 A RMPEARIE RATHIEN LT 28
Btk £ HE TSI S R E AR A6 A AT 3G iR AR R 3T 51 742 5t F A B X AR A a1, ok
SINGZBHEIERT N M% RABEAS QAT RBFIEG RN E RS WA G Rz &, Hi/é‘,L
WA SRS F T AER Fo BUAS T B A A R EARIRF) R Rt B4R 5 AP, £ UK-
DALE #3E& E#y i 00 45 RISIE T iZ 7 kAR TILA 8 75 ik 42 5L 47 5 A U AT B R 4 £ o)

AR AN BE
KR FRAKX AR S5 F T e R AR DR EE RS
hE 5 EKS . TP391 XHEFRER: A XERS . 2097-3853(2026)01-0001-10

Non-intrusive load monitoring method

integrating wavelet scattering and attention time convolution

YAN Renwu', TIAN Kunlin', WU Huimin', LIANG Cen’, LI Peigiang'
(1. School of Electronic, Electrical Engineering and Physics, Fujian University of Technology, Fuzhou 350118, China;
2. Changle District Power Supply Company, State Grid Electric Power Co., Ltd., Fuzhou 350202, China)

Abstract; The continuous rise in building energy consumption and the growing demand for precise electricity
management have exposed the limitations of existing load monitoring methods, which incur high computational
and storage costs. To address these issues, a cost-effective and easily implementable non-intrusive load
monitoring method is proposed. First, a neural network that integrates wavelet scattering and time convolution
is used to capture the contextual information of total load data accurately. The integration of multi-scale features
is realized by residual connection, so as to enhance the model’ s ability to identify both detailed and overall
load patterns. Second, an efficient channel attention network is introduced to improve the recognition accuracy
of the model for the key features of the load and improve the training efficiency of the network. Finally, the
integration of a multi-task learning framework and threshold analysis method effectively reduces false detection
rates and improves appliance recognition accuracy. Comparative experiments on the UK-DALE dataset
demonstrate that the proposed model outperforms existing models in load disaggregation and identification
tasks.
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Fig.1 Model structure
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Fig.2 Wavelet scattering transform network diagram
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Fig.3 Channel attention network structure
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Fig.4 Results of load decomposition
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Tab.1 Performance of different NILM models on UK-DALE dataset
Ik AT TR Seq2point Seq2seq DAE WST-Seq2point WST-DAE
EELZ MAE SAE MAE SAE MAE SAE MAE SAE MAE SAE MAE SAE
KA 5.825 0.041 6.026  0.053 5.276  0.003 12.531 0.231 14.431 0.199 10.709  0.108
VKR 18.446 0.076 20.894 0.121 24.489 0.373 19.573 0.259 21.344 0.112 22.323  0.121
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P 11.391+ 0.162+ 15.472+ 0.321+ 17.999x 0.423+ 18.869+ 0.336+ 13.879+ 0.193+ 14.124+ 0.182=+
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Tab.2 Classification effects of different models ( empirical value)
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Tab.3 Comparison of classification F-scores of
different threshold methods

F, 38
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([ERES T (EReS B BfEE
K 0.712 0.958 0.939 0.947
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Fig.5 Load identification results ( washing machines)
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Fig.6 Results of ablation experiments ( kettle)
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Tab.4 Results of ablation experiments

" v WIERRS
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[B]/min

WST-FC 69.653 0.856  0.271 2.59

WST-TCN 9.833 0.143 0.923 43.36
WST-TCN-ECA  7.941 0.087 0.947 28.61
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Tab.5 Computing resources of different NILM methods
on UK-DALE datasets
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Seq2seq 3132 8416 2871  119.00
Seq2point 30.71 10.53 1425 117.00
DAE 23.96 489  11.83 91.40

WST-Seq2point  15.39 7.81 5.01 58.80
WST-DAE 6.25 2.06 3.49 23.90
AW SRR A 0.38 24.51 22.29 1.65
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