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Progress in Research on Magnetic Flux Leakage Data Processing and
Defect Identification Quantification Methods

ZHAO Shuai'?, QIN Lin"*, LIN Dong"*, GAO Jian"*, LIU Chang"?*,
LI Chaolang'?, FU Lingdi'*, LIU Yongliang®’, FU Guohua"
(1. Safety, Environment and Technology Supervision Research Institute of PetroChina Southwest Oil
and Gas Field Company, Chengdu 610041, China;
2. National Energy R&.D Center of High Sulfur Gas Exploitation, Chengdu 610000, Chinaj;
3. Northeast Sichuan Gas Field of PetroChina Southwest Oil and Gas Field Company, Dazhou 635000, China;
4. Northwest Sichuan Gas Field of PetroChina Southwest Oil and Gas Field Company, Jiangyou 621700, China)

Abstract: Magnetic flux leakage (MFL) method is one of the most stable nondestructive on-line testing techniques used to
assess the health of oil and gas pipelines. The methods and steps of MFL data pre-processing are described from four aspects:
channel baseline correction, outlier discrimination, data gap recovery and filtering. According to the dominant characteristics
such as the peak-valley value of the defect in MFL data, the essential characteristics of the defect signal under different feature
extraction methods are summarized. The defect inversion models based on support vector machine, neural network, image
processing and morphology are introduced. Finally, the future research directions of MFL signal processing was prospected
from two aspects: data pre-processing and defect identification quantification.

Key words: oil and gas pipeline; magnetic flux leakage testing; data processing; defect identification; defect quantification
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