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Mapping of PLC channel status to QoS parameter
HU Zhengwei, XIE Rongyuan,XIE Zhiyuan
(Department of Electronic and Communication,North China Electric Power University, Baoding 071003, China)

Abstract: A method of mapping the PLC(Power Line Communication) channel status to the QoS(Quality of
Service) parameters is proposed,which applies the mathematical derivation to make the PLC channel status
equivalent to QoS parameters,such as time delay,channel capacity, BER(Bit Error Rate) and delay jitter. The
obtained QoS parameters are then used to determine whether the PLC channel satisfies the requirements of
service transmission. A simulation system of P2P PLC in specific conditions is established based on the
proposed method and the simulative results show its feasibility and effectiveness.

Key words: power line communication; channel status; QoS; service transmission; communication; mapping
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Short-term load forecasting based on fuzzy clustering and
functional wavelet-kernel regression
ZU Xiangrong, TTAN Min,BAI Yan
(Department of Control & Computer Engineering,North China Electric Power University, Beijing 102206, China)

Abstract: STLF(Short-Term Load Forecasting) is an important issue of smart grid. The historical daily load
curve is expressed as a set of hourly load segments and a hybrid forecasting algorithm based on the pattern
similarity method is applied,which combines the fuzzy clustering with the FWKNR (Functional Wavelet-
Kernel Nonparametric Regression). FNWKR is applied to express the load curve of the predicted day as a
set of weighted average of the corresponding hourly load segments of historical days,which assigns higher
weight to the segment with higher similarity and uses N-WE (Nadaraya-Watson Estimator) to calculate the
weight based on the shape-similarity measurement of discrete wavelet transform. The daily load is predicted
by the quick forecasting of load segments. Fuzzy clustering is used to pre-classify the historical loads to
typical load patterns for a particular customer and recognize the effective reduced training sample set with
more similar behaviour pattern to the predicted day for the model forecasting. Based on the practical load
data of a region,the experimental analysis verifies the superiority of the proposed algorithm.

Key words: similarity method; fuzzy clustering; wavelet-kernel

short-term load forecasting; pattern

nonparametric regression; nonlinear time series; smart grid



	正文.pdf
	2016-10期.pdf
	正文
	2016-10期.pdf



