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Tab.1 Corrosion rate data of some submarine pipelines
G5 X0 X X, X3 X4 X5 X¢ X7 Xg Xog
1 2.838 5 65.9 2.27 0.0317 5.1 0.64 7 560 26.8 58.5 141
2 2.6218 69.4 2.09 0.0320 4.3 0.69 8 000 23.4 60.3 134
3 2.718 6 67.9 2.11 0.032 5 5.0 0.557 7 260 23.1 57.8 149
4 2.692 4 64.0 2.65 0.0317 6.1 0.365 6 480 232 60.1 141
5 2.9533 68.0 1.78 0.032 4 4.2 0.524 4 800 259 61.5 148
6 29555 64.3 2.22 0.0312 6.2 0.491 5620 29.7 54.2 136
7 2.717 5 64.9 2.23 0.032 6 5.2 0.406 7120 24.5 50.9 150
8 2.6215 65.3 2.35 0.030 5 4.6 0.547 7 680 20.3 57.5 129
9 2.5997 67.7 2.41 0.032 6 4.5 0.628 8 020 19.8 62.3 150
10 2.606 3 66.4 2.31 0.0317 4.2 0.511 8280 20.6 59.8 141

T xo N8 s R (mmea ™), xi I (C), x2 N R GEIE J1(MPa), x3 K CO, 43 JE(MPa), xo 24 pH {8, x5 99 B H (m-s ™), x6 A CLHEJE (mg-L™),

x7 0 COL ¥ (mg- L), x5 M5 7K (%), x9 4 HCOsH¢ ¥ (mg-L ™).

x2 BEMERKEXEKSH

Tab.2 Grey correlation analysis of the influencing factors

f?ﬁ”rﬂ% X1 X2 X3 X4 X5 X6 X7 Xg X9
KRR 0.762 3 0.723 7 0.734 0.641 5 0.667 2 0.637 6 0.709 6 0.695 2 0.755 4
1.0

CO, W BE>F K> B >pH>CL W B, HI7E 0.6
Ph b 25 53R 45 52 ) R 255 8 o 3 48 18] A G 4
R, o LAVE Ay T I ASE 2 ) g A S50
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Fig. 3 Training mean square error of the different values of m
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Tab.4 PSO parameter settings
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Tab. 6 Statistical table of the model prediction errors
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bk BP PSO-BP GA-BP WOA-BP
g W w2 BUNE AEE BUNGL MXHE2E BN B2
/(mm-a™) 1% /(mm-a ) /(mm-a) 1% /(mm-at) /%
I 29533 25525 13.57 2.622 3 11.21 26115 11.57 2.947 4 0.20
2 31054 27880 10.22 3.068 3 1.19 3.179°5 239 2.723 3 12.30
326647 27803 434 2.854 5 7.12 2.839 6 6.56 2724 4 2.24
4 25323 24708 243 2.403 4 5.09 2.809 6 10.95 2.604 1 2.84
5 3.0813 24561 20.29 3.2526 5.56 2.9022 5.81 3.0179 2.06
6 26956 27980 3.80 26198 2.81 2.809 7 4.23 2.6354 2.23
726072 26109 0.14 2.6757 2.63 2.622 8 0.60 2.608 1 0.03
8 26291 26034 0.98 2.665 5 1.38 2.843 5 8.15 2.703 7 2.84
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Fig. 4 Comparison of the prediction results of each model
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Abstract: Many factors affect the pipeline corrosion rate, constituting a highly complex corrosion system; thus,
accurately predicting the pipeline corrosion rate is difficult. A single back propagation (BP) model can easily fall
into the local optimum due to an improper selection of the initial weight and threshold value. To address this prob-
lem, the whale optimization algorithm (WOA) algorithm is introduced for BP neural network optimization to pre-
dict the corrosion rate of a submarine pipeline. Then, it is compared with the GA and PSO algorithms to optimize
the BP prediction model to verify the prediction effect and feasibility of the WOA-BP model. The results show that
the average absolute percentage and root mean square errors of the WOA-BP model are 3.689% and 0.1537, re-
spectively, considerably lower than those of the single BP, PSO-BP, and GA-BP models. It has high prediction ac-
curacy and stability and can provide decision support for corrosion protection in the submarine pipeline and flow

guarantee of the oil and gas pipeline.
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