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Abstract: There are a large number of abnormal data in switch machines in industrial practice, which seri-

ously affects the health status prediction of switch machines. The traditional Local Outlier Factor (LOF)
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algorithm based on local density is suitable for single cluster data environments. However, in multi-
cluster environments, it tends to misclassify normal points at the cluster boundaries as outliers. In
response to this deficiency, a study was conducted on railway switch machines, selecting 5 000 oil pres-
sure data from start-up to connection for analysis, and a new density based influenced outlierness algo-
rithm (INFLO) was proposed by introducing reverse k-nearest neighbor to improve the LOF algorithm.
A threshold was set based on the distribution of INFLO, and the number of outliers at the threshold was
quantified and identified according to different % values. The number of outliers identified was increased
from 8.92% to 10.6% compared with traditional Quartile, KNN, and LLOF algorithms. Finally, a Long
Short-Term Memory (LSTM) network model was designed to input the data after removing outliers into
the network. Comparative experiments were conducted with the above methods and the original data to
verify the effectiveness of the proposed data cleaning method. The results show that the RMSE curve of
the improved method is closer to that of the original data, indicating better prediction performance. The
proposed new method can better eliminate outliers in the oil pressure dataset of the switch machine, and
improve the performance of fault detection and data prediction, indicating that this method has a better
effect on clearing outlier data than other methods.

Key words: INFLO; switch machine; data cleaning; anomaly detection; LSTM
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