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Tab. 1  Primitive clustering analysis algorithm set

x5 Bk AW Bl BIEAARR gl Ry S
kmeans helust( canberra fE &S, ward J57%) FunCluster
clara hclust ( canberra i 5 | average J7%) 5= mocca
pam helust( canberra B 55 , complete 77 ) ;g nnelust
diana helust( Minkowski B g5, ward 771%) Gl Melust
agens hclust ( Minkowski [ 25 | average J7 %) clustconst
CCFKMS helust ( Minkowski 8, complete 773 ) 5 apcluster
belustvs helust( Euler BF 8, ward 77 P distable
% hclustvar % helust ( Euler 5 & , average J/755) f# MixSim
2{ compHclust ;K\ helust ( Euler & , complete J572%) cluster. test
cmeans cluster. Sim em
celust hybridHelust
bootFlexclust NbClust %
kml %
ewkm
fgkm
SKMEANS

TERESE N 50 LUK 80 2%, Fir AT AR )iz 47
LR R, HERE T s A RO et (B2
E A7 B> LT IR B B X 88CR

B D9 M 280 0 20 F P R AT o 33801
PR B AT SCR R o Bp, — > AR — 1
P 2 T e e vl P BT RAT M R E A
.44 .

— MR —AFE, WTLAE L IZAH P B AT
B W MR oy S DU AR I HLH =N A
UFIX B o SR, 120795 52 B A S AN - RSB Y
SO AT — R ) DA AR/, -5 55— AR A T
SR BT, XL R o B e ey R ad A
BEERENOE £~y RPN AT



o, AR TR Y T AR 5T

clusplot(clara(x = x, k = 4))
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Component 1
These two components explain 60.84 % of the point variability.
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Fig. 1 Cluster analysis effect with sample size of 50
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Tab.2 Residual clustering analysis algorithm after

data set test with data volume of 50
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Component 1
These two components explain 63.9 % of the point variability.
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Fig. 2 Running effect of clara clustering algorithm
with sample size of 200
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Fig. 3 Overlap graph of clara clustering algorithm class area with sample size 200
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Tab. 3 Residual clustering analysis algorithm after data

set test with data volume of 200
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Fig. 4 Hierarchical "tree" of users”electrical load data generation
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Tab. 4  Clustering analysis algorithm set for

generate cluster member
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Fig. 5 Characteristics of typical electrical behavior
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Research of electricity consumption pattern recognition

based on cluster analysis
RAN Ran,CHEN Shuo,LIU Ying,LI Zhao
(State Grid Liaoning Electric Power Co. ,Lid. ,Shenyang 110000 Liaoning,China)
Abstract: It is of great significance to study the user’s electricity consumption model and formulate corresponding control schemes
according to the users electricity consumption habits to ensure the safe and stable operation of power grid and improve the service
quality of users. Firstly,the clustering results and efficiency of different clustering algorithms are compared for a small number of load
data sets, and the clustering algorithms are initially screened. and then the clustering results and efficiency of these algorithms are
compared for a large number of load data sets. The results show that the algorithm based on partitioning has a good clustering effect on
load data sets. By using partitioning algorithm and clustering analysis, the user behavior patterns are divided into eight categories,, which
are bimodal , Shelter type,stationary type,single peak stable type,unimodal type,rear peak type,wave type and forward type;finally,for
cluster analysis results, screened with unimodal type,single peak stable type and bimodal type and used electricity A large number of
power customers are controllable users,and different types of peak-to-peak control schemes have been developed for this type of users,
and the economic benefits brought by different control schemes to users have been compared.

Key words : cluster analysis; effectelectricity consumption mode ;peak load shifting effect
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