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2 K-means
Table 2 Experimental results of K-means

AR Lamt - Uier
Dyine 0.858 0.837 0.911 7.067
3:1 Dy 0.673 0.701 0.797 5.067
Dg.eq 0.690 0.661 0.809 7.800
Dyie 0.785 0.774 0.871 5.667
5:1 Dy, 0.698 0.716 0.819 5.400
Ds,.q 0.675 0.649 0.805 8.067
Dyine 0.670 0.689 0.808 9.133
10:1 Dy, 0.625 0.649 0.789 4.933
Dgeeq 0.657 0.630 0.802 6.308
0.703 0.701 0.823 6.605

3 RKDP-K-means
Table 3 Experimental results of the RKDP-K-means

ir\RI ir\\” iFVI] iher
Dy 0876 0852 0.922  5.400
3:1 Dy, 0703 0721 0.817  7.000

Dg,.q 0.721 0.681 0.828 6.533

Dyine 0.850 0.824 0.911 4.600

5:1 Dy 0.749 0.752 0.850 4.733
Dgeeq 0.727 0.673 0.837 4.733

Dyine 0.804 0.773 0.890 5.000

10:1 Dy, 0.649 0.668 0.804 5.000
Dseea 0.697 0.647 0.827 6.308

0.753 0.732 0.854 5.479
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Table 4 Accuracy of five clustering algorithms

RKDP-

K-means

K-means DBSCAN AG Sp

Dyipe 0.957 0.732  0.966 0.974  0.964

3:1 Dy 0.854 0.856 0.837 0.823  0.870
Dg,.q 0.881 0.850 0.872 0.875  0.892

Dyine 0.923 0.778 0.944 0.940  0.948

5:1 Dy, 0.838 0.865 0.844 0.799  0.853
Dygeeq 0.869 0.853 0.858 0.861 0.890

Dyie 0.829 0.806 0.881 0.888  0.915

10:1 Dy, 0.808 0.898 0.799 0.778  0.820
Dygeeq 0.847 0.863 0.813 0.843  0.877

0.867 0.833 0.868 0.864  0.892
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Table 5 Results of validity verification of LSTM-AE

K-means [gl]z:n; LARK PCA KPCA AE

D, isc 0.317 0.342 0.463 0.360 0.357 0.346
IpBI 1.552 1.540 1.408 1.515 1.512 1.635

D, isc 0.189 0.219 0.269 0.250 0.249 0.232
iDBI 2.438 2.436 2.220 2.377 2.382 2.586
LSTM-AE RKDP-K-

means LARK o 5
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D, D, 7 3 SC.DBI
isc 0.121  0.05 Table 7 Comparison of SC DBI of three methods
LSTM-AE RKDP-K-means o K-means  LARK
4 LSTM-AE o, isc 0332 0.430  0.475
3 ) ipp1 1.535  1.455 1.414
44 LSTM-CNN b, isc 0.074  0.148  0.192
441 LSTMCNN ipp1 2715 2932 2.887
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6 o 6 3
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6 3
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100 100 100
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Residential user load curve classification method considering data imbalance
ZHANG Huibo' WANG Shouxiang' ZHAO Qianyu' REN Jie> WANG Hai®
(1. Key Laboratory of Smart Grid of Ministry of Education ( Tianjin University) Tianjin 300072 China;

2. State Grid Hebei Zhangjiakou Scenic Storage and Transportation New Energy Co. Lid. Zhangjiakou 075061 China)
Abstract: Due to the diversity and randomness of users” electricity consumption behaviors the imbalance of load data classes is
increasingly obvious. Traditional load curve classification technologies have become ineffective to deal with the im-balanced
class problem of data. Therefore an algorithm combing improved K-means with long short term memory ( LSTM) neural network
and convolutional neural network ( CNN) classification model is proposed. Firstly to improve the classifica-tion accuracy of the
K-means on imbalanced data a method of relative k-nearest neighbor density peaks ( RKDP) based on the density peak
clustering algorithm ( DPC) is proposed to select the initial clustering centre of K-means. Secondly in order to improve the
performance of RKDP-K-means in processing high-dimensional load data an au-to-encoder based on LSTM is used to extract
load characteristics from high dimensional data and com-bined with RKDP-K-means to obtain accurate load profiles labels.
Finally based on LSTM neural network and CNN load characteristics were extracted to construct load curve classification model
to realize the classification of large-scale load curve. Different algorithms are employed to classify Ireland smart meter data set
and London load data set. The results show the proposed algorithm is more effective and practicable in large-scale load curve
classification.

Keywords: load curve classification; imbalanced data; improved K-means; auto-encoder; long short term memory ( LSTM)

neural network; convolutional neural network ( CNN)



