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Table 3 Groups before and after clustering

under proposed algorithm
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Table 8 Stability and global optimization ability
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A novel active power filtering method based on harmonic

magnetic potential balance of transformer
XU lJiazhu, WANG Tao,CUI Guiping, LIU Yuxing
(College of Electrical and Information Engineering, Hunan University , Changsha 410082, China)
Abstract : To reduce the voltage withstand capability of APF ( Active Power Filter) switch, exploit the capacity poten-
tial of both low-voltage large-current switches and devices, save the cost of boosting transformer which connected with
APF and grid-side lines,and reduce the nominal voltage of DC stabilized voltage capacitor effectively,a novel active
power filtering approach based on the harmonic magnetic potential balance of transformer is proposed. The active
power filtering device is connected to the middle of the secondary side winding tap of transformer in this approach,
the harmonic current magnetic potential produced by the device and load cancels out each other at the secondary
side of transformer consequently, hence the grid-side harmonic current is significantly decreased. The detailed filte-
ring mathematical principle associated with the harmonic magnetic potential balance in the secondary side winding of
transformer is analyzed. Filtering simulation on widely used 10 kV/380 V Y/ A and A/Y transformers at the distribu-
tion network side is performed. Finally,the effectiveness of the proposed filtering approach is verified by experiments.
Key words:active power filter; power transformers ; harmonic suppression ; magnetic potential balance
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Power time series curve clustering method combining improved spectral clustering
and genetic algorithm
DING Ming' ,HUANG Feng',ZOU Jiaxin>,LIU Jinshan®,SONG Xiaowan'
(1. Anhui Key Laboratory of New Energy Utilization and Energy Conservation, Hefei University of Technology , Hefei 230009, China;
2. Key Laboratory of Photovoltaic Power Generation and Grid Integration, State Grid Qinghai
Electric Power Research Institute , Xining 810008, China)
Abstract; To improve the clustering effect of traditional clustering algorithms on power time series data,a genetic
spectrum clustering algorithm using selected optimal feature vectors is proposed. According to the characteristics of
the application data structure ,the extraction process of the feature vectors in the spectral clustering algorithm is opti-
mized to avoid possible lack of data information suffered from traditional approaches. Then,the genetic clustering op-
timization algorithm is used to cluster the optimized feature vectors, and map the final division results back to the
original data. The UCI standard synthetic time series data and the daily load data provided by the USA regional po-
wer grid operator PJM are employed as an example. Test results obtained from the traditional clustering algorithm
and the proposed algorithm are compared and analyzed in terms of cluster validity indicators and morphological fea-
tures. These results indicate that the proposed algorithm has remarkable classification effect,high clustering quality
and robustness, which exhibits promising engineering applications.
Key words :time series data;spectral clustering;genetic algorithm ;feature vector extraction ;load clustering



40 40
o 0

() BERrka
B AL RS B B FI R
Fig. Al Standard synthetic control chart time series

"
6210 r - - : - r -

HAF MW

L . L L L L . L
1000 2000 3000 4000 5000 6000 7000 8000
IR/

B A2 24 B ArEE
Fig. A2 Annual load data curve



15
0:00 5:00 10:00 15:00 20:00 24:00 0:00 5:00 10:00 15:00 20:00 24:00
E RN I EN Gy %2 /I

HTIMW
BiAIMW

0:00 500 10:00 1500 20:00 24:00 0:00 500 10:00 1500  20:00 24:0C
2% 3 I Ja W

Bl A3 K-means B A BEER
Fig. A3 Clustering results of the K-means algorithm
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Fig. A4 Clustering results of the FCM algorithm
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Fig.A5 Clustering results of the Hierarchical algorithm

15
0:00 500 10:00 1500 20:00 24:00 0:00 500 10:00 1500 20:00 24:00
ES V) X2 NN



2
0:00 500 1000 1500 20:00 24:00 000 500 10:00 1500 20:00 24:00
%3 WA % 4 N

E A6 SOM HEAEBREER
Fig.A6 Clustering results of the SOM algorithm



