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System protection of a pipe corridor power cabin based on multi-source heterogeneous data fusion
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Abstract: There is insufficient use and analysis of the operational and maintenance data of the pipe corridor power cabin.
Also there is a failure to achieve intelligent operation and maintenance based on big data. Thus a new method for
analyzing and judging the status of a pipe corridor power cabin is proposed to protect the integrated pipeline gallery
power cabin system. This is intended to improve safety and enhance the level of operation and maintenance. First, the data
from multiple distributed data sources is integrated using middleware technology for data layer fusion. Secondly, data
with similar characteristics are allocated to the same subspace. Then, in each subspace, a novel Locality Global
Projections (LGP) method that can maintain both the global structure of the dataset and the local structure of the dataset is
proposed to extract features. The extracted features of each subspace are fused, and the Support Vector Data Description
(SVDD) method is used to build a classification model. Finally, through testing on the operational and maintenance data
of the power cabin of the integrated pipe corridor, the effectiveness and superiority over other methods are proved.
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Table 1 Methane measurement data storage table

Jidel B kA KE MY RvEE
1 1D varchar(36) 36 0 N
2 DevicelD varchar(36) 36 0 N
3 UpdateTime datetime 23 0 Y
4 Value float 11 2 N
5 State int 10 0 N
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Fig. 1 Result of the PCA-SVDD method for the testing dataset
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Fig. 3 Result of the SLGP-SVDD method for the testing dataset
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Table 2 False alarm rates of three methods

PCA-SVDD/% SPCA-SVDD/% SLGP-SVDD/%
0.5 3.5 0.5

® 3 ZMFERNIRRE

Table 3 Missed alarm rates of three methods
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