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Research on prediction method of prestress loss in concrete tank

based on measured data and machine learning

LI Bocheng', YANG Jian', CAI Decheng',SU Juan', CUI Qiyong', WANG Wenwei®
(1.0ffshore Oil Engineering Co.,Ltd., Tianjin 300461, China:
2.School of Transportation, Southeast University , Nanjing 211189, China)

Abstract:To address the difficulty in accurately monitoring and predicting the prestress loss of long-distance prestressing strands in
large-scale structures due to duct friction , anchor deformation, and stress relaxation, a comprehensive prediction method integrating
fiber optic sensing measurement data and machine learning is proposed , based on a liquefied natural gas storage tank project.This
method uses fiber optic sensing technology to conduct long-term monitoring of long-distance prestressing strands in actual
engineering , obtaining prestress loss data.Based on the measured data, a numerical simulation dataset of long-term prestress loss is
established.Multiple machine learning algorithms are used to construct prediction models , and the SHAP interpretability algorithm is
further introduced to analyze the prediction basis and key influencing factors of the models. Experimental and simulation results
show that the total losses of the circumferential and vertical prestressing strands of the storage tank are approximately 390 MPa and
320 MPa, respectively.The average percentage errors of the six established machine learning models in both the training set and the
test set are below 3.5%, among which the XGBoost model has the smallest error, achieving 1.19% on the test set. Through SHAP
analysis of multiple influencing factors, the length of the prestressing strand has the most significant effect on long-term loss ,
followed by the elastic modulus of concrete , the elastic modulus of the prestressing strand , and the tensioning control stress. The
research shows that machine learning models can accurately predict prestress loss and analyze the important factors causing
prestress loss.This study is of great significance for the accurate evaluation of the service performance of prestressed structures.

Key words:prestress strand ; prestress loss ; prestress monitoring ; machine learning ; loss prediction
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125 MPa, K 18 7 458 2K A5 29 9 265 MPa, i
TN AR S AT RAE 28 390 MPa.
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Tab.1  Circumferential prestress loss value of storage tanks

L/ TN 135 K AH/MPa
BT MR R4 RIS
1 100.32 85.31 92.81 95.31
2 130.90 128.24 129.57 135.15
3 182.65 188.10 185.38 192.99
5 200.71 195.85 198.28 203.31
8 221.12 228.31 224.72 232.76
11 246.48 250.86 248.67 256.01
14 263.39 265.68 264.53 271.36
21 289.11 282.16 285.63 290.15
28 312.60 301.77 307.19 310.73
35 334.78 320.53 327.65 330.34
42 341.55 354.19 347.87 357.28
49 356.90 360.32 358.61 365.71
56 350.70 365.23 357.97 367.85
63 365.66 380.00 372.83 382.66
70 382.60 384.00 383.30 389.90
71 384.33 377.73 381.03 385.63
84 391.58 389.66 390.62 396.39
98 389.12 385.73 387.42 392.82
112 392.01 379.52 394.52 393.27
126 392.10 379.57 390.73 391.40
140 401.24 383.39 392.31 394.10
160 401.25 388.49 394.87 397.93
180 391.50 384.74 388.12 392.68
200 389.31 381.20 385.25 389.47
X i 5 1) UL 77 BN 8 2 AT O 8 200 d

ToUSE A7 W, 5 B S Fros . WIS 1,2 BTN
TR RAE ARG AAR R, 77 3 R, £ 70 d J5
K B PR, TS RS TR .
DAL, 5 1 ME MUAE SO B, 76 TR, 7458 2% 4R
ATHAC1~2 d), N F135 95 20 125 MPa, [ 55 W 0 A 18]
iJJn TR I AR BTG 0, H ARk a4~
% 15 BN 2 42 KA TS 348 4B A 205 MPa,
?ﬁ&ﬁ%ﬂé&éﬂamﬁ KAL) 330 MPa; Wil 42,4 1)
W MM B A AE TN, I R AR RTI(1~2 DD,
345 2K 29 125 MPa, B8 35 W 0 B 18] 358 00, P % /5
PSRBT 1 0, FLAR R BT T 2% , 19 BN 48
2 1K BTN, 34 AR 4B N 185 MPa, Tl . /7 4M 45
2R B RAEL 310 MPa; 2 A I A5 1,2,4, 5 1
DUEAR , AT LAAS 380 188 ] T8 77 8N 28 Be 5K 7 58 1 Jm
% IS 451 2 29 9 125 MPa, K 3 30 8 /7 451 A5 20 1
195 MPa, UM J AR 40 R AB 218 320 MPa.

*2 fEEZEPNNIRKE

Tab.2  Vertical prestress loss value of the storage tank

X TRRE 7453 2 AE/MPa

e/ W 0 W5 ) o5 W5 i W5 0
WS M2 M4 BEIIAS S

1 124.67 128.56 128.25 134.65
3 219.00 194.11 208.20 207.40
4 221.50 196.72 210.75 209.99
5 245.00 240.94 244.61 249.03
6 248.89 242.94 247.56 251.50
7 252.13 241.50 248.46 251.23
8 258.33 240.83 251.22 252.28
10 259.83 242.83 252.97 254.15
11 261.56 243.50 254.17 255.08
12 267.83 246.72 258.92 259.07
13 272.17 250.44 262.95 262.95
14 270.89 252.89 263.53 264.46
18 288.39 274.50 283.08 268.49
20 276.50 264.89 272.33 274.86
24 301.56 291.22 298.03 300.88
28 297.50 290.44 295.61 299.28
32 300.83 297.28 300.70 305.24
36 310.06 301.50 307.42 310.71
40 310.16 296.39 304.91 306.90
47 304.00 297.06 302.17 305.86
53 308.39 304.06 307.86 312.21
60 314.89 316.50 317.33 323.17
67 324.44 308.17 325.16 32291
74 327.44 314.33 322.53 320.48
82 321.50 312.39 318.58 321.74
90 319.00 312.28 317.28 328.54
98 325.00 316.22 322.25 325.49
108 317.39 309.67 32251 322.34
120 324.83 311.83 319.97 322.15
133 320.28 310.50 317.03 320.01
149 327.50 314.56 322.67 324.86
161 32228 311.94 318.75 325.43
175 325.78 311.44 320.25 322.10
187 326.21 308.72 319.11 320.16
200 326.00 312.61 320.95 319.42
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Tab.3  Hyperparameter values of machine learning algorithms obtained by grid search optimization
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Fig.6  Performance of six machine learning models on the training set
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Fig.7 Performance of six machine learning models on the test set
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Fig.8 Schematic diagram of the influence of various parameters on the long-term prestress loss of long-distance steel strands
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