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Retrospective prototype network based on LVMD and its application in

oil and gas pipeline leakage detection
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Abstract: To address the issues of insufficient generalization ability and low leakage detection accuracy of models under small
sample conditions for oil and gas pipelines, a retrospective prototype network (VRPN) based on learnable variational mode
decomposition was proposed and applied to the leakage detection of oil and gas pipelines.The end-to-end optimization of mode
decomposition and dynamic weight allocation were achieved by using learnable convolution kernels and adaptive parameters.
Introducing a double-layer Inception multi-scale convolutional branch to capture multi-dimensional signals and extract more
precise feature information.Introducing retrospective prototype classification into the historical prototype buffer,the integration of
current and historical prototype network to suppress vibration , improve the identification accuracy.A joint optimization objective
function of cross-entropy loss and prototype separation loss was designed to enhance training stability and efficiency.Experiments
show that the proposed VRPN network framework performs excellently under limited sample and cross condition scenarios ,
achieving an average accuracy of 98.50% , which is 0.67% higher than that of ProtoNet.The research can provide a new effective
solution for oil and gas pipeline leakage detection.
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Fig.1 Structure of feature extraction module
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Fig.6  Comparison of model accuracy distribution
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Tab.3  Multi-index performance quantitative results %

Y T1 T2 T3 T4 TS5 T6 T HER 2
SVM 90 94.12 90.76 79.81 91.11 100 90.97
1D-CNN 100 100 100 30 79 100 84.83
1D-ResNet 100 100 100 29 100 100 88.17
1D-Ensemble 100 94 77 57 93 100 86.83
ProtoNet 100 95 100 99 93 100 97.83
VRPN 100 96 100 100 95 100 98.50

Rt B EGAIE VRPN 7F FL 5237 5 5 A B
£ ERZ ALRE ST, 7E GPLA-12 AT 7 2445 S 408
£ Bt AT RS . I N T R s e 2
5, 2% 0.2,0.4,0.5 MPa. 2 JE /737, LA

Lo e A AR B RGHER A . S5 R 4 TR,
KAIE T VRPN fEHSER U IE 2 00 AL RE
715 TR

T4 GPLA-12HIB&E L T RLIE

Tab.4  Multi-operating condition validation of the GPLA-12 dataset %

Y 0.2 MPa 0.4 MPa 0.5 MPa E VR EL
SVM 79.31 39.22 29.79 49.44 55.26
1D-CNN 72.41 58.82 40.43 57.22 67.11
1D-ResNet 74.14 37.25 23.40 44.93 53.95
1D-Ensemble 75.86 41.18 51.06 56.03 68.42
ProtoNet 63.79 64.71 85.11 71.20 81.58
VRPN 79.31 62.75 72.34 71.47 77.63

4.3 HRERR
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P 1 B R B D RS PR A O RN B e A
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Tab.5 Performance comparison of VRPN and

variant configuration

PR 4ER1% MY R P
VRPN 98.50 0.999 474
ALY 98.00 0.960 697
FEF Prototype Loss 98.00 0.998 307
FT Triplet Loss 98.00 0.989 415
FET Center Loss 97.83 0.981 473
JEPR 96.67 0.977 834
F5 VMD 97.17 0.960 000
JC Inception 98.33 0.996 060
J& Retrospective Loss 98.00 0.997 224

el X el S0 A O R HR A T R R T
0 RRIE R AE AR B MEA R INEARIZ AL RE J155, T
Bt Y A DA AIG BR ) R, B S ) % A B2
VRPN 7£ 2 N tt i FLA% 70 RAE 55 0, 1 312 Wi
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