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Fig.1 The architecture of RNN
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Fig.2 The structure of LSTM
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Fig.3 LSTM network model for load forecast
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Fig.4 Model training process
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Open-switch fault diagnosis of converters of doubly-fed induction

generator-based wind turbine using deep belief networks
XIAHOU Kaishun', LI Bo®
(1. School of Electric Power Engineering,South China University of Technology , Guangzhou 510641, China ;

2. State Grid Jiangsu Electric Power Co.,Ltd. Research Institute, Nanjing 211103, China)

Abstract ; The stator of doubly-fed induction generator-based wind turbine ( DFIG-WT) is directly connected to the power grid,
and the rotor of DFIG-WT system exchanges power with main grid via a back-to-back converter. The power electronic switches
of back-to-back converter are prone to open-switch fault,which affects the stable operation of the system. A deep belief network
(DBN) based fault diagnosis method for the open-switch faults of converters of DFIG-WT system is present in this paper.
Firstly, the output response of DFIG-WT system with single and double switch faults of rotor-side converter (RSC) and grid-
side converter (GSC) is analyzed. Based on the open-switch fault data of DFIG-WT, multilayer restricted Boltzmann machines
(RBMs) are constructed to extract the deep information of rotor currents and grid currents under various fault and operation
conditions ,which fully takes advantage of excellent pattern recognition ability of DBN to improve the fault diagnosis accuracy.
The simulation results indicate that the proposed DBN based fault diagnosis method is able to precisely detect the single and
double open-switch faults of DFIG-WT system.

Keywords : doubly-fed induction generator-based wind turbine; rotor-side converter; grid-side converter; fault diagnosis; deep

belief network
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Short-term power load forecasting based on LSTM recurrent neural network
PANG Chuanjun'?, ZHANG Bo'”, YU Jianming'**
(1. NARI Group( State Grid Electric Power Research Institute) Co.,Ltd.,Nanjing 211106, China;
2. Beijing Kedong Power Control System Co.,Ltd.,Beijing 100192, China)
Abstract:In order to ensure the safety and stability of the power grid and the efficient operation of the power market, grid
dispatchers and power market participants have put forward higher requirements for the accuracy of power load forecasting.
However,the distributed power and intermittent loads increase the difficulty of predicting loads accurately. In order to solve the
problem that the current load forecasting method cannot simultaneously model the change law of the load itself and its
influencing factors, load forecasting method based on long short-term memory (LSTM) is proposed. LSTM is used to construct
recurrent neural network (RNN) , and comprehensively historical load and various load influence factors are considered to
establish load forecasting model. The method utilizes the feature extraction ability of the neural network and the memory ability
of the LSTM to identify the internal variation law of the load and the nonlinear influence of various influencing factors on the
load in a longer historical time range. The actual load datas are used to verify the prediction performance of different historical
time windows and different network architectures. Meanwhile, compare with other load prediction algorithms. Experimental

results show that the model can improve the accuracy of load forecasting.

Keywords : power system ;load forecasting;long short-term memory ( LSTM) ;recurrent neural network ( RNN) ;machine learning
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