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Abstract: A large amount of data is generated during steam turbine operation. In order to meet the requirements of
high quality data driven by big data and simulation modeling, efficient data cleaning is very necessary. The semi-
supervised data cleaning model of steam turbine is built by using the excellent nonlinear fitting ability of long and
short memory layer for time series data. The model selects three boundary conditions of the unit as input to predict
the cleaning data. Outliers are eliminated according to the residual difference between the predicted value and the
actual value. Then, the predicted value of the model is used to fill the data to ensure the integrity of the data. The
model is used to clean the data of a 650 MW unit in a power plant. To overcome the problems caused by sample
imbalance in the selection of cleaning model indicators, the accuracy rate is improved and taken as the measurement
index of cleaning effect. The results show that, the improved accuracy of the data cleaning model of the deep long
and short memory network is higher than that of the other three common cleaning methods, which can effectively
identify whether the data is abnormal, and can use the predicted value to fill the data to ensure the consistency of
data before and after cleaning.
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Tab.1 The DLSTM model architecture

Layer (type) Output Shape Param

Istm_1 (LSTM) (None, 200, 20) 2080
dropout_1 (Dropout) (None, 200, 20) 0
Istm_2 (LSTM) (None, 200, 20) 3280
dropout_2 (Dropout) (None, 200, 20) 0
Istm_3 (LSTM) (None, 20) 3280
dropout_3 (Dropout) (None, 20) 0
dense_1 (Dense) (None, 2) 42
dense_2(Dense) (None, 1) 3

Total params: 8 685
Trainable params: 8 685
Non-trainable params: 0
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