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Table 1 Comparison of assessment indicators for Wiki-Energy No.22 household load decomposition

EIELY Tk 251 VKA ey PEAHL VEmiL
KNN 34.376 28. 875 3.733 16.291 1. 186

DAE 75.414 43.828 5.527 8.531 2.312

RF 37.631 30. 655 2. 864 16. 944 1. 152

MAE/W XGBoost 32.855 31.256 3.253 9.365 1. 889
SVR 34.936 36. 698 4.823 12. 887 1. 547

LSTM 38.225 37. 465 3.478 13.264 1.333

CNNs-s 33.897 36. 789 2.988 10. 598 1.387

CNNs-p 33.569 38.139 3. 680 9.792 1.253

ARNN 31.569 32.139 2. 680 7.792 1.142

KNN 0. 004 0.020 0. 063 0.283 0. 839

DAE 0. 043 0.072 0. 306 0.128 0. 586

RF 0. 005 0. 021 0. 047 0.310 0.597

SAE XGBoost 0. 021 0. 036 0.233 0.336 0.336
SVR 0.033 0. 054 0. 456 0. 452 0.571

LSTM 0.012 0. 028 0. 365 0.239 0.515

CNNs-s 0. 008 0.018 0. 504 0.254 0. 632

CNNs-p 0. 005 0.024 0.716 0. 201 0. 544

ARNN 0. 006 0.014 0.043 0. 101 0.494
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% 2 Wiki-Energy 22 SR EH B TR ST IEHRRT EE

Table 2 Comparison of evaluation indicators for load operation status of Wiki-Energy No.22 household

EELY Jik | VKF ey PEAHL VEmiL
KNN 0.982 0. 883 0. 442 0. 357 0. 023

DAE 0.999 0.951 0. 483 0. 304 0. 366

RF 0.982 0. 964 0.343 0.275 0.342

XGBoost 0.975 0. 875 0. 498 0.322 0.362

Recall SVR 0. 986 0. 786 0.382 0. 355 0.378
LSTM 0.938 0. 899 0. 456 0.323 0. 359

CNNs-s 0. 945 0.928 0. 489 0.331 0.322

CNNs-p 0.972 0.911 0.422 0.343 0.325

ARNN 1. 000 0.924 0.522 0.333 0.425

KNN 0. 969 0.873 0.133 0.415 0.039

DAE 0.873 0. 896 0.444 0. 628 0.023

RF 0. 968 0.877 0.173 0. 406 0.013

XGBoost 0.933 0.874 0.264 0. 622 0.032

Precision SVR 0.954 0. 865 0.216 0.456 0. 041
LSTM 0.875 0.873 0.298 0.554 0.033

CNNs-s 0.923 0. 836 0. 355 0.517 0. 028

CNNs-p 0.743 0. 823 0.221 0. 548 0.019

ARNN 0.923 0. 906 0. 456 0. 688 0. 044

KNN 0.977 0. 857 0. 996 0.928 0. 986

DAE 0. 930 0.784 0.998 0. 965 0. 942

RF 0.976 0. 883 0.997 0.928 0.916

XGBoost 0. 852 0. 852 0. 897 0.923 0. 945

Accuracy SVR 0. 874 0. 887 0. 854 0. 965 0. 963
LSTM 0. 896 0. 821 0.812 0. 944 0.912

CNNs-s 0.922 0. 845 0.975 0.932 0. 954

CNNs-p 0. 823 0. 832 0. 995 0. 962 0.992

ARNN 0. 887 0. 894 0.997 0.977 0. 995

KNN 0. 926 0. 877 0. 205 0.383 0. 029

DAE 0.932 0.922 0. 462 0. 409 0. 031

RF 0.975 0.918 0.230 0.327 0.025

XGBoost 0. 845 0. 856 0.345 0.488 0.036

F1 SVR 0. 886 0. 899 0.337 0. 452 0. 028
LSTM 0. 865 0. 848 0.358 0. 359 0. 022

CNNs-s 0. 875 0. 855 0.299 0.315 0. 032

CNNs-p 0. 823 0. 846 0.282 0. 341 0. 032

ARNN 0. 967 0. 878 0. 484 0. 496 0. 037
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Table 3 Comparison of assessment indicators for UK-DLAE No.5 household load decomposition
Bzt itk K VKA [Cea VEARAL BewEbl
KNN 1.413 2.407 0.378 4.032 3.274
DAE 8. 867 8.218 1. 226 14.920 12.756
RF 3.254 5.233 1.254 5.618 8.515
XGBoost 2.988 7.284 1.635 7.952 4.566
MAE/W SVR 3.412 3.451 0.988 15. 369 5. 694
LSTM 5.236 3. 869 1.234 12. 646 6. 566
CNNs-s 8. 829 3. 866 1. 125 20. 696 9. 101
CNNs-p 4.002 4.517 1.159 23. 881 9.747
ARNN 0.703 2.133 0.811 3.618 2.403
KNN 0.076 0. 015 0. 054 0.018 0. 001
DAE 0.377 0. 021 0.748 0. 006 0. 340
RF 0. 945 0. 036 0.299 0.012 0. 069
XGBoost 0. 652 0.051 0. 547 0. 059 0. 165
SAE SVR 0.278 0. 062 0.312 0. 095 0.234
LSTM 0.367 0.033 0. 645 0.212 0. 189
CNNs-s 0.522 0. 032 0. 880 0.315 0.213
CNNs-p 0.242 0.024 0. 845 0.302 0. 154
ARNN 0. 002 0.011 0.237 0. 0007 0. 020
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Fig. 8 Comparison of partial load decomposition for UK-DALE No.5 household
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Table 4 Comparison of load operation status index for UK-DLAE No.5 household
ity Jrid KA VKFE T VEAHL VEBIHL
KNN 0.987 0. 988 0. 944 0.911 0. 968
DAE 0.985 0. 944 0.921 0.921 0.938
RF 0.975 0.982 0.933 0. 900 0. 900
XGBoost 0.978 0.974 0.942 0. 900 0. 900
Recall SVR 0.954 0.983 0. 926 0. 900 0. 900
LSTM 0.988 0. 966 0.915 0. 900 0. 900
CNNs-s 0. 969 0.990 0.917 0. 857 0. 904
CNNs-p 0.993 0.923 0.923 0. 838 0. 928
ARNN 1. 000 0. 996 0.947 0.926 0. 969
KNN 0. 998 0.974 0.933 0.617 0.799
DAE 0. 650 0.932 0.929 0.471 0.813
RF 0. 877 0. 968 0. 956 0. 658 0. 801
XGBoost 0. 945 0.974 0.923 0. 547 0.798
Precision SVR 0. 969 0.936 0.977 0.722 0. 822
LSTM 0. 987 0.975 0. 956 0.734 0. 842
CNNs-s 0. 946 0. 944 0.932 0. 663 0. 835
CNNs-p 1. 000 0. 968 0. 944 0.701 0. 829
ARNN 1. 000 0. 996 0. 989 0.771 0. 850
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F4(4)

e WiReS KA UKAE W VEARAL VEBIAL
KNN 0.999 0. 986 0.983 0.981 0. 996

DAE 0.997 0.955 0.974 0. 967 0. 996

RF 0.958 0. 966 0. 965 0.981 0.991

XGBoost 0.997 0.931 0.932 0. 926 0.989

Accuracy SVR 0. 996 0.932 0.963 0.945 0.993
LSTM 0.997 0. 988 0. 989 0. 969 0.997

CNNs-s 0.999 0.975 0.999 0.983 0. 996

CNNs-p 0.999 0. 961 0.999 0.984 0. 996

ARNN 1. 000 0.992 0.999 0.985 0.998

KNN 0.992 0.981 0.938 0.736 0. 875

DAE 0.783 0.938 0.912 0.623 0.871

RF 0. 854 0.912 0.931 0. 684 0. 897

XGBoost 0.921 0.919 0.926 0.788 0. 847

Fl SVR 0. 889 0.921 0.911 0.712 0. 854
LSTM 0.977 0.989 0.932 0.733 0. 899

CNNs-s 0. 957 0. 967 0.921 0. 748 0. 868

CNNs-p 0. 996 0.945 0. 909 0. 764 0. 854

ARNN 1. 000 0. 996 0. 949 0. 841 0. 905
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Abstract The non-intrusive load decomposition is to decompose the power signal of a single load device according
to the known total power signal. However, deep learning based models are perplexed by problems such as insufficient
load feature extraction,low decomposition accuracy ,large decomposition error for infrequently used load equipment.
Here ,we propose an Attention Recurrent Neural Network ( ARNN) model , which combines regression network and
classification network to realize the non-invasive load decomposition.The model extracts the features of sequence sig-
nals through RNN network ,and uses the attention mechanism to locate the position of important information in the
input sequence,so as to improve the representation ability of network.Experiments on public datasets of Wiki-Energy
and UK-DALE show that the proposed deep neural network is superior to the most advanced neural network under
all experimental conditions.Furthermore , the attention mechanism and auxiliary classification network can correctly
detect the on or off of devices,and locate the high-power signal , which improves the accuracy of load decomposition.

Key words load decomposition ;sequential network ; attention mechanism ; auxiliary classification



