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Abstract

In order to better mine the data information from the pipeline network system, scientific mea-
surement of industrial and commercial gas consumption laws, and help gas companies to intelli-
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gently identify abnormal gas consumption behavior of users, a density clustering (DBCSAN) algo-
rithm based on k-nearest neighbor distance graph and Grid search is proposed, which identifies
outliers in noisy data sets by the method of approximate representation based on piecewise ag-
gregation (PAA) to search for the distribution of industrial gas data sets and the change of clus-
tering effect. Firstly, the daily load data of a ceramic factory in south China collected by SCADA and
smart meters are taken as an example, and the data are processed with PAA method. Secondly, the
improved DBSCAN algorithm is used to identify the abnormal data in the monitoring period of
case users. Finally, the algorithm is applied to 325 users’ data in a ceramic industry in south China.
The results show that the average accuracy of the algorithm is over 90%, and the effective applica-
tion of artificial intelligence algorithm in gas field is realized. It has certain guiding significance for
gas enterprises to realize fine management and achieve the effect of reducing cost and increasing
efficiency.
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Figure 1. Algorithm flowchart
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Table 1. Parameter optimization algorithm based on K-nearest neighbor distance graph and grid search method
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Figure 2. Piecewise aggregate approximation representation graph
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Figure 3. K-nearest neighbor distance graph
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Table 2. Grid search method parameter optimization
2. MRRRESHIM
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eps min_samples n_clusters outliners stats
0 40.00 2 4 5 [9743]
36 100.00 2 2 2 [17 9]
37 100.00 4 2 2 [17 9]
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71 155.00 6 2 2 [17 9]
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Figure 4. Daily load curve clustering result graph
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Figure 6. Clustering results of hourly load curve
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Table 4. Parameter statistics table
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