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Fig. 1 Overall process diagram of IRelief-F method
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Fig. 2 TCN network and TCN residual block structure

5% 22 L AT i AR — R A 1 AR p, 2 SR
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Ap.0—RZE M h,—— % Z A ; Activation
() — W pR %L
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B2 I 35 < =) I 1 o< R = SV & G (T 5
h={h b, ), he RV EE O B 6T 01 N (6 2 4 45 4E i il
¥ 3 a,={al.al,--al} WA 8, hy={hlL k- h] ) AE N
RFAM-TCN BRI g A, Hirfi=1, 2, -, m, (o m R
A B 12 P P RRIE AR T SRR R ) . AL
AN Shi i O AN 3 R

B R JRT 1 9 SRR A SR R RHAIE , 2 4R A 18] 1 3
R AT (1 388 TEAF DG R 48T A5 ) i D)4 7 4 A ]
BZs AR e . i 2 55 7 IRelief-F £ 501 MIC-Pearson #f
S RB LA VEN 18 b5 DL Ko SENet BRI 4 i 5 38 18 A = ik
AT ARFAIE F 77 35 11 HE 1) S5 90388 T TR] (9 TR, (LA 2 ] J2 T A
FER D ALHIIN R 5 S BN RRORACT , 2300 ) 25 A3
R T AT AR SZ BT N 1 223 TR R F 4 v T 4 M i

xﬂ. ’ 'xl’V*»l. ' 'xl. ’ 'xf\'

17 51(T)

(16~ 32+ 64--)

HR/INB)

K3 W HEAL B TON fi A K Az B 1 5 D Pl
J R B IR
Fig. 3 Schematic diagram of sliding window method
processing TCN input data and RFAM
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1B ReLUC ) —Z MR x RS i x 3414
U I——E B R s Norm—— 10— b B A —— =
F—— B3 MIFHIER]

" CxBXT

W ARIE B O b 1 R A SR A 7 BT 2 ]
FRAE Fr AHFRZAS . RFAM MINATE S ORI 5T 42 2% BE 7 T
W AT 3, (H BB A%t 25 B i M 4 TE B A IR B SR R A
B B 43 FIUER SN BE
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Table 2 Relationship between number of decomposition

layers of MODWT and regression results

IMRER DARIEREI/MH,  RY% IR IEs
1 375~750 81.09 5.13
2 187.5~375 88.72 5.68
3 93.75~187.5 95.64 6.27
4 46.88~93.75 95.82 8.09
5 23.44~46.88 93.77 10.78
6 11.72~23.44 90.09 14.01
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Fig. 5 Results of multi-scale maximum overlapping discrete

wavelet transform for bus active power
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Fig. 6 Regression results of identification by mRMR method
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Fig. 7 Regression comparison between TCN and

RFAM-TCN for transient data
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Table 3 Regression comparison between TCN and

RFAM-TCN for transient data

INETINIE S R*% E W  EJW  E,JW
TCN(EZ) 91.07  21.091 4592 4.112
RFAM-TCN (%) 96.52 7286 2699 2378
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Table 4  Comparison of different decomposition model

identification methods under same input features

Vay 28 RAE RECR %
HMM 86.09
CNN 91.91
TCN 92.11
BiLSTM 84.23
S $RAE Y 97.21
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Table 5 Comparison of identification effects and regression rates of different decomposition models

Woy e S REE SR R*% E\y /W E W E,JW BT 5 B[R] /s
HMM 8 90.08 13.982 3.739 3.441 5.82
CNN 7 91.90 8.702 2.949 2.673 5.38
TCN 8 94.57 6.451 2.540 2.182 6.35
BiLSTM 10 93.74 9.710 3.116 2.763 13.57
Fr iRy 7 97.21 4511 2.228 1.873 6.27
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Table 6 Load decomposition effect of residential integrated

new energy dataset

GRS R*% E W EJW  E,W
VKA 97.23 6.011 2452 2.191
THBAT R 98.11 0.989 0.994  0.603
25 94.82 5.189 2278 1.972
DeIZ 97.43 8.302 2.881 2.571
POk A 98.32 5.826 2414 2.198
iR 96.60 101.445  10.072 8.671
e R 97.32 20.153 4489  4.007
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NON-INTRUSIVE LOAD DECOMPOSITION APPROACH BASED ON
RFAM-TCN MODEL AND MULTI-MODAL
FEATURE OPTIMIZATION

Wu Zhengtao', LiZichen®, Xia Yanghong®, Ni Yini’
(1. Polytechnic Institute of Zhejiang University , Zhejiang University, Hangzhou 310015, China;
2. College of Electrical Engineering , Zhejiang University, Hangzhou 310027, China)

Abstract: To achieve accurate load awareness and efficient device control, this study proposes a novel non-intrusive load
decomposition (NILD) method by combining multi-modal feature selection techniques with an improved time convolutional network to
enhance identification accuracy and efficiency. In this method, the load multi-scale maximum overlapping discrete wavelet transform
results are introduced as input features, and the feature is combined with the mRMR algorithm to ensure the effective integration of
multi-modal features. At the same time, the adaptive receptive field attention mechanism (RFAM) is added to the TCN method,
improving the ability to extract features at different time scales. Finally, the algorithm is validated on datasets such as PLAID. The
results show that the proposed method can achieve more accurate and efficient load decomposition with fewer features , which is higher
than the regression accuracy of the traditional BiILSTM model of 5.31%, and the detection rate of new energy household equipment such
as photovoltaic power has also reached over 96.6%.

Keywords: electric load management; wavelet transforms; feature selection; non-intrusive load decomposition; receptive field

attention mechanism; temporal convolutional network



