$35% 10 HL T 5 AR 2 4R Vol.35 No. 10
2021 410 A JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION - 209 -

DOLI: 10. 13382/j. jemi. B2103861

ETEGZSVM EREBERERRETMNGE"

FxaA B R L B R 4 BEE
(1. EREEd A RA BRSO BEASE 830000;2. Wi KF HASHEETEYRE KUY 410082)

o E AR R AR HAREE LS TAERR S B TR M SE B R B UIMOC, $HxE 2428 |4 M g kR
AR D HE L TR0 (4 1) R8T 5 — R I T 2 S S m B ML ( support vector machine, SVM) % BEHL R IEA IR 22 T Tk, H oL
Xof 4 R L AR AR AL AR T 4307, SR FH B A D A3 B 4R 5 0 R FE R A IR S AR DM SR I IR A i, ARG, il — 2D R
BRI FHE R AR C (8 RASRIE X il i FR AL B - AT 3RS B e AR AR I it o), 2T = A8 1) B A% bR 8 S5
2200 A PR 1 — BB B i SVM BT F AT A R 3R AR AR 22 . 25 B B i X el 3R IR AL B X &2 5 8% SVML A
RUPERBIEATINUE , SEOR 25 SR, &A% SVM BT AT LAMER P 52 Z4 o045 T 0 BE fl R I AR i 22 | LT R aff o6 v - DL 1
B P2 ML T L R 2 8 SVM Tk

KB B REH R B AR ENL U C BE RIS A2 TN

RESES: TM933. 4 SCERERINES: A E RiREF R 5> KK 470. 40

Prediction method of basic error of smart meter based on composite core SVM

Wang Yongchao' Tang Qiu®> Ma Jun® Qiu Wei® Yang Yingying’
(1. State Grid Xinjiang Electric Power Co. , Ltd. Marketing Service Center, Urumqi 830000, China;
2. College of Electrical and Information Engineering, Hunan University 410082, Changsha, China)

Abstract: As the terminal equipment of the power grid, the degradation of smart meters is closely related to factors such as working
environment and running time. Aiming at the problem that the degradation of smart meters under complex variable conditions is difficult
to predict, a smart meter basic error prediction method based on the composite core support vector machine (SVM) is proposed. First,
analyze the degradation data of smart meters, and use Pearson correlation analysis to find environmental variables that are highly
correlated with the basic errors of smart meters. Then, in order to further extract the data degradation features, the fuzzy C-means
clustering algorithm is used to cluster the smart meter degradation data and determine the degradation feature vector. Finally, based on
the Gaussian radial basis kernel function and polynomial kernel function, a new composite kernel SVM model is constructed to predict the
basic error of smart meters. The performance of the composite core SVM model is verified by combining the degradation data of smart
meters in Xinjiang. The experimental results show that the composite core SVM model proposed in this paper can accurately predict the
basic errors of smart meters in complex environments, and its prediction accuracy is higher than that of Bayesian methods. Neural
network method and classic SVM method.
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Table 1 Pearson correlation coefficient between basic

error of smart meter and environmental factors
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Table 2 The pair ratio of prediction performance
evaluation indexes between the single-core

model and the multi-core model
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Table 3 Comparison of prediction performance evaluation
indexes between multi-core model, Bayesian

model and neural network model
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