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Fig.1 The schematic diagram of GAN structure
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Fig.2 Structural damage identification framework of offshore
jacket platform based on 1D-CGAN and LSTM
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Tab.l1 Damage condition of jacket platform model
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Tab.2 The main hyperparameters of 1D-CGAN
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Fig.6  The score curve of generator and discriminator

K7 0 00 2 IR FEAS 5 A2 SRR A I S Y o Rl
DI A OREA S AR RE A AR AL, (I AN 58 22 46
(7] , 3 8 A 80 A A B, 1 0T B B A AN ) T RS A
AT LASE SRR I S, T4 R TR 12 L RE

Ry 2 PEAR T bR 5 403 R AS 5 A JORE A 1 4 8L
PE 43 A B L 4B B8k A (t-distributed stochastic
neighbor embedding, fij FX t-SNE) 2 35 [& 4 5] 8 fir
o B AR R 6.7.8.9 BYAEAS 43 B 3R 28 0 bR
2.3 45 FEARR B A . Al LA
ID-CGAN Az i 4 45 475 4 A 010 4 3 B AR 19 2R AT
HRRE S A AE — S, 31X WY A OB AS 1Y O SRR 5
SR IR FEA B AL 43 A o G, ID-CGAN RE 8

0.15

0.10
0.05 i

—~
b
w

(=]

2 -0.05H| ||
S 0.0}
015}
020}

-0.25

0 0204 060810121416 18 2.0
t/s
(a) JBIRFEA

(a) Original sample

(b) Generated sample
P 7 L0 2 AR AR A 5 A A A I el 3 T
Fig.7 The time domain waveform of the original sample and

the generated sample of the second working condition

80
60 [
401
20 4
©n_ “ 2
£ 20 i
-40F :
-60 6
w7
-80 -8
-9
_100 L 1 1 1 1 1 1 i
-80 -60 40 20 0 20 40 60 80
t-SNE,
F'8 tSNER¥KHE

Fig.8 T-SNE clustering diagram
A B AR R AR AR LA RE A
24 HEWHBRGIRANER

O 96 UE 5 BT B 07 5 AT RO L RE SO SF- fl
N 1. = Nauinories/ Nuvajory s T Tt Nowiorey N B — FE i 1
B 5 Nosjory N IE B REAKCRE o NP7 309 B0
TE O~1 Z [8] B2 1, DU AS S A A B/ . B Jg
BE U O AR R R O 1210, B A — 2R R
A5 IEHREAS (RO F B 110,08 5 s DIl 2k 4 v



532 & s KL 5 & W

45 %

A 400 FEAS 4T 1D-CGAN Il %5 |, 3545 4= i 1
FEAS s LU, 1) I G B0 42 8 0 AR B SR R AR, 15
PR PR h 1:4 1280 1: 1 B4 s |
it AN TR]AS - A 232 0 I 2R A2 I 25 LSTM W 2%, I
DN EAS T B2 10 07 ik A U AR o AP A 355 )
T 1B, P 508 4 T HEaf R AR Ak th & an 14 9 i

100

2 0 2(I)0 460 6(I)0 8(I)010IOOIZIOOII4001600
AN/ C
9 A i 4 o AR A AL i £k
Fig.9 The change curve of accuracy under balanced dataset
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Tab.3 The recognition accuracy based on 1D-CGAN

and LSTM
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Tab.4 Recognition accuracy based on different imbalance
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Fig.10 Confusion matrix under different unbalanced methods
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Tab.5 The recognition accuracy under various recogni-

tion networks %
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