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Table 1 Classification by CDAEN for
different datasets

PYETTE S PllEY S MitsE  FEIEME/ %
Iris 100 50 98.41
Synthetic 750 250 96.78
Fourclass 500 200 97.48
Diabetes 500 250 97.89
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Table 2 Status codes of transformer

A5 FEARAS i
1EH (0,0,0,0,0,1)
LRE(RITEUE2 (0,0,0,0,1,0)
1o 2 44 (0,0,0,1,0,0)
SR YN (0,0,1,0,0,0)
I fg kR (0,1,0,0,0,0)
1 BB (1,0,0,0,0,0)
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Fig.3 Transformer fault diagnosis model

based on CDAEN
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Fig.4 Results of fault diagnosis for different AE layers
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Table 3 Results of fault diagnosis for
different quantities of pre-training set

P BlgE RoEE IHKE CPIIEsE/9%
1 100 200 100 80.75
2 500 200 100 86.67
3 1000 200 100 89.92
4 1500 200 100 90.86
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Table 4 Results of fault diagnosis based on BPNN and
SVM, for different quantities of training set

Ji ik ZH RS MiE EHE/%
50 100 57.67
BPNN 5,=1500 100 100 62.33
n=0.01 150 100 78.56
200 100 80.34
50 100 61.23
SVM C=2048 100 100 77.78
v=0.03 150 100 84.43
200 100 86.21
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Transformer fault diagnosis based on deep auto-encoder network
SHI Xin',ZHU Yongli',NING Xiaoguang', WANG Liuwang',SUN Gang’,CHEN Guoqiang®
(1. School of Control and Computer Engineering,North China Electric Power University, Baoding 071003, China;
2. State Grid Corporation of China,Beijing 100031, China)

Abstract: A CDAEN(Classified Deep Auto-Encoder Network) model is built based on the DAEN(Deep Auto-
Encoder Network). Combined with the on-line monitored data of DGA (Dissolved Gas-in-oil Analysis) for power
transformer,a method of transformer fault diagnosis based on CDEAN is proposed,which optimizes the
parameters of CDAEN model by the pre-training with massive unlabeled samples and adjusts them with a few
labeled samples. Results of case analysis show that the proposed method has higher diagnosis accuracy than
those based on the BPNN(Back Propagation Neural Network) and the SVM(Support Vector Machine).
Key words: deep auto-encoder network; power transformers; fault diagnosis; dissolved gas-in-oil analysis;
back propagation neural network; support vector machines
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Precise model of bus-fed static excitation system and simulation

DONG Jiuchen', WANG Xitian',LIU Minghang®,ZHANG Chenxiang®
(1. Key Laboratory of Control of Power Transmission and Transformation,Shanghai Jiao Tong University ,Shanghai
200240, China;2. Shanghai Electric Power Equipment Co.,Ltd. Generator Plant,Shanghai 200240, China)
Abstract: Since the power unit and exciting power source of transfer function model for excitation system are
currently simplified in the transient stability study of power system,the requirements for the precise analysis of
transient stability and excitation characteristics could not been satisfied. A more perfect model of bus-fed static
excitation system considering the power unit,exciting power source and field suppression characteristics is
proposed. An electromagnetic transient simulation model is established in PSCAD/EMTDC to analyze the
impact of generator terminal fault on the transient stability of power system and the characteristics of excitation
device. Simulative results show that,it is necessary to apply the proposed model for analyzing the transient
stability of power system and the characteristics of excitation device during the serious grounding fault near
generator terminals.

Key words: bus-fed static excitation system; precise model; transient stability; field suppression
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