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ABSTRACT: The injection and production string of the salt cavern gas storage has been in a complex underground
environment for a long time, making it susceptible to a variety of corrosion factors. This work aims to improve the prediction
accuracy of the corrosion rate in the injection and production string of the salt cavern gas storage, thereby ensuring the health
and operational safety of these facilities. To accomplish the above objectives, the solution proposed is to establish an internal
corrosion rate prediction model based on wavelet kernel principal component analysis (KPCA) and an extreme learning machine
(ELM) after improved gray wolf optimization (IGWO). First of all, in the actual operation data of the injection and production

string of the salt cavern gas storage, 10 indicators with larger corrosion factors are selected, such as: partial pressure of carbon
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dioxide, hydrogen sulfide partial pressure, inner wall surface temperature, etc. Subsequently, the internal corrosion index system
of the injection and production string of the salt cavern gas storage was established. Secondly, the wavelet KPCA is used to
extract the key features that affect the internal corrosion rate of the injection and production string, and then IGWO is used to
iteratively optimize the input weight matrix and hidden layer threshold of the ELM model, and stop the loop until the
termination condition is met. Furthermore, a prediction model of corrosion rate in the injection and production string of
IGWO-ELM salt cavern gas storage is established. Finally, numerical simulation and simulation calculation are carried out in
MATLAB software, and the prediction errors of the IGWO-ELM model are compared with the three models of ELM,
PSO-ELM and SSA-ELM respectively. The research results show that the wavelet KPCA effectively extracts the three principal
components that contain 98.61% of the original information in the corrosion data of the injection-production pipe string of the
salt cavern gas storage. Applying the reconstructed corrosion data to the ELM, PSO-ELM, SSA-ELM, and IGWO-ELM models,
their average relative errors are 9.404 8%, 5.061 5%, 1.573 7%, and 0.707 3%. The prediction results of the IGWO-ELM model
are in good agreement with the actual values. The root mean square error of the constructed IGWO-ELM model is 0.008 8, the
average absolute percentage error is 0.260 9%, and the coefficient of determination (R?) is as high as 0.992 5. Its prediction
result is better than the other three comparison models. The kernel principal component analysis with the introduction of wavelet
kernel function has an excellent ability to extract corrosion characteristics of the injection and production string of the salt
cavern gas storage. Within the applicable range of certain working conditions, the established IGWO-ELM model can
effectively predict the internal corrosion rate of the injection and production string of the salt cavern gas storage. It not only
provides a reference basis for the integrity evaluation and risk warning of the injection and production system of the salt cavern
gas storage, but also provides new ideas and methods for the corrosion study of the injection and production string of the salt
cavern gas storage.

KEY WORDS: salt cavern gas storage; injection and production string; corrosion rate prediction; principal component analysis

(KPCA); improved gray wolf optimization (IGWO); extreme learning machine (ELM)
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Fig.2 Internal corrosion index system of injection and
production string in salt cavern gas storage
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Tab.1 Application range of prediction model

Index Lower  Upper
limit limit
Partial pressure of carbon dioxide x;/MPa  0.005 0.210
Hydrogen sulfide partial pressure y,/MPa  0.0002  0.010 5
Inner wall surface temperature p3/'C 25.0 70.0
pH value x4 4.5 8.0
Operating pressure us/MPa 7.0 16.0
Medium flow rate zg/(m-s™) 1.5 5.5
Moisture content /% 6.0 50.0
Chloride ion content 15/% 0.01 0.03
Sulfate content z9/% 0.01 0.07
Wall shear stress 1o/Pa 25.0 115.0
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Tab.2 Internal corrosion data of injection and production string in salt cavern gas storage

Samples u;/MPa  puo/MPa  u3/C m us/MPa ug/(m-s™)  pus/% /% Ho/% wo/Pa V/(mm-a™)
1 0.018  0.000 6 42.6 6.24 10.2 3.3 13.57 0.0141 0.0177 69.9 0.021
2 0.012  0.000 7 45.4 6.19 14.8 2.8 18.28 0.0127 0.0141 58.2 0.059
3 0.034 0.000 7 51.3 6.11 10.7 4.3 32.45 0.0128 0.0361 38.2 0.009
4 0.009 0.000 8 49.1 5.83 9.9 4.5 44.45 0.0242 0.0173 45.7 0.048
5 0.017  0.0010 52.4 6.97 13.6 3.7 4412  0.0121 0.0216 50.1 0.016

246 0.028  0.001 7 61.0 5.39 11.5 3.5 40.06  0.0205 0.0273 62.5 0.056
247 0.025  0.0020 57.8 6.33 13.0 4.6 32.51  0.0194 0.0195 52.3 0.096
248 0.015 0.002 5 62.4 7.25 11.4 3.9 28.34 0.0137 0.0373 521 0.354
249 0.018 0.001 1 59.2 6.30 10.6 3.2 19.52 0.0144 0.027 2 52.5 0.057
250 0.032  0.0018 48.0 6.09 12.9 2.9 20.61 0.0142 0.0190 44.7 0.084
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Tab.3 Extraction of characteristic variables

Principal Ficen values Contribution Cumulative
components & rate/% contribution rate/%
1 0.363 6 54.19 54.19
2 0.158 5 23.63 77.82
3 0.1395 20.79 98.61
4 0.006 2 0.92 99.53
5 0.001 3 0.19 99.72
6 7.296 7x107* 0.21 99.93
7 3.341 8x10™ 0.07 100
4.818
4.817
. 4816
)
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2
S 4.814
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Fig.3 Fitness convergence curve of IGWO-ELM
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Fig.5 Comparison chart of forecast relative error
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Tab.4 Relative error analysis of prediction results of different kernel functions

Relative error of prediction using gaussian KPCA

Relative error of prediction using wavelet KPCA

Test samples

ELM PSO-ELM SSA-ELM IGWO-ELM ELM PSO-ELM SSA-ELM IGWO-ELM
1 8.903 8 4.2854 2.963 6 1.361 4 6.949 0 3.8173 1.962 2 0.753 8
2 6.459 4 6.149 3 1.9829 0.928 7 43297 3.959 6 0.942 6 0.826 1
3 7.1593 5.956 6 2.704 4 1.338 0 6.2351 4.7515 1.596 3 0.574 7
4 10.634 7 6.543 2 2.690 8 1.2853 7.542 0 5.061 4 1.412 4 0.712 8
5 14.662 8 8.926 3 2.2476 1.4382 9.2354 4.9870 1.752°5 0.683 0
6 17.250 8 12.997 6 3.5207 1.623 9 12.940 7 6.901 9 1.836 7 0.644 7
7 24.627 2 11.106 9 2.0344 1.0156 18.601 5 5.9518 1.5130 0.756 3
Mean relative error/% 12.814 0 7.9950 2.5921 1.284 4 9.404 8 5.0615 1.573 7 0.707 3
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ELM, IGWO-ELM /Y 7l il 4% S 9 42230 T SC PR e, 0L
SREE R, TE 5 MK 4 7T, 2/ KPCA
B RN 1 BRI L T 28 = B KPCA M, H 2
/NI KPCA B ELM . PSO-ELM. SSA-ELM . IGWO-
ELM H-F- S5 AH X iR 22 5308 9.404 8% . 5.061 5%,
1.573 7%. 0.707 3%, MK T L& KPCA -3
AHXT IR 22 40 IR T 3.409 2%.2.933 5%.1.018 4%,
0.577 1%, A /N ik KPCA-IGWO-ELM #5551 i 1 fig
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Tab.5 Comparison of model performance
evaluation indicators

Samples Ermse Enmape/% R
ELM 0.125 4 16.436 0 0.3857
PSO-ELM 0.082 0 8.6715 0.398 5
SSA-ELM 0.081 1 49176 0.436 4
IGWO-ELM 0.008 8 0.260 9 0.992 5
4 L5

1) RN KPCA $EUH A7 98.61%)8 1 &
B 3 TRy, FT IR BN S5 AR 2 BN . &
/N KPCA B ELM ., PSO-ELM . SSA-ELM ., IGWO-
ELM F -3 A X122 73 5120 9.404 8%, 5.061 5%,
1.573 7%. 0.707 3%, T4 = H KPCA 141
PR AT BIFEAR T 3.409 2%, 2.933 5%, 1.018 4%,
0.577 1%.

2) #F DLH #REM A IGWO f#d T ELM
o, b, FEPERAALYESR A IR, 025 F2 T 1 Pt A A
FZ A BE . IGWO-ELM Tl 25 519 Erse 4 0.008 8,
Enare N 0.260 9%, R* 4 0.992 5, #{. - ELM . PSO-
ELM. SSA-ELM Ay Z5 5 . 1k A5 AU GR A2 A7 2L i
DL 7R S R AT FE B N TR, R Ui R
TR R G0 Y S8 B M AN F1RURS: TS A0 2 % 4
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