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Research on CSSVM pipe jam status recognition based on FOA optimization
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Abstract : Aiming at the problem of the accuracy of the recognition of the operating state caused by the unbalanced data acquisition in the
normal and blocked fault state of the drainage pipeline, a method for a pipeline clogging state recognition based on cost-sensitive support
vector machine based on fruit fly optimization algorithm is proposed. According to the unbalanced data set collected under various
operating conditions in the drainage pipeline, the wavelet packet decomposition is first performed on the unbalanced data set. Secondly,
the energy entropy of each decomposition coefficient and the approximate entropy index are used to construct the feature vector set. The
fruit fly optimization algorithm is adopted. (FOA) optimizes the penalty factor Cm and the kernel function parameter g, that is, the cost-
sensitive support vector machine ( CS-SVM) model optimization, and inputs the feature set into the optimized CS-SVM model to
normalize the drainage pipe. Blocking state recognition, by increasing the penalty cost of misclassification of a few types of samples, the
results show that the recognition accuracy of a few classes is improved.
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Fig. 1 Classification schematic
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Fig. 2 Schematic diagram of the FOA search process
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Fig. 9 Identification results of different methods

on different scale sample sets
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Table 2 The diagnosis results with FOA-CS-SVM in

different proportions of imbalance sample

PNHER 2/ %

ENCIES N T = 20 mm 55 mm JEYIN

1:0.8:0.2:0.1 95.564 7 85.546 7 75.5 64.537 8 76.875
1:0.8:0.3:0.2 95.2756 87.8182 76.459 1 78.259 8 80.679 2
1:0.8:0.4:0.3 96.675 6 90.534 2 87.5 86.7 83.636 4
1:0.8:0.5:0.4 97.8182 90.8182 75.672 1 87.2727 83.7659
&3 CS-SVM EREILLBIHEAREHTHIRA SR
Table 3 The diagnosis results with CS-SVM in

different proportions of imbalance sample
PIHE R/ %

NE % 5N
A 1EH =@M 20 mm 55 mm ST

1:0.8:0.2:0.1 92.5647 80.6543 74.438 1 60.8973 74.875

1:0.8:0.3:0.2 94.2756 84.7867 77.4387 75.8732 75.699 2
1:0.8:0.4:0.3 94.6756 86.7652 87.5 80.7435 79.6365
1:0.8:0.5:0.4 95.8182 87.8182 75.3432 82.5362 80.776 9
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Table 4 The diagnosis results with traditional SVM in

different proportions of imbalance sample

TRBIAER R/ %

NE )7% 1
AEZEEEA T = 20 mm 55 mm SNV

1:0.8:0.2:0.1 90.387 6 76.657 8 70.7656 20.4563 60.2727
1:0.8:0.3:0.2 90.427 8 79.2453 75.6578 27.543 6 65.679 2
1:0.8:0.4:0.3 90.654 3 81.8182 77.5324 30.879 6 70.636 4
1:0.8:0.5:0.4 95.6782 83.8182 75.6547 60.7654 72.8767
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