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Corrosion Thickness L oss Rate Data Enhancement Based on a Small Sample of GAN
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(Southwest Institute of Technology and Engineering, Chongqing 400039, China)

ABSTRACT: The work aims to conduct data enhancement on the corrosion thickness loss rate of small samples to achieve data
expansion, improve the prediction accuracy of the subsequent analysis model, reduce the degree of overfitting and improve the
generalization ability of the model. The Generative Adversarial Network (GAN) was used to expand the corrosion thickness loss
rate data and make the data distribution more comprehensive. Dimensionality reduction visual analysis on the generated data
was conducted. The distribution of generated data and original data samples was explored. The rationality of data enhancement
was analyzed. In addition, the analysis and prediction ability and generalization ability were evaluated from the perspectives of
multiple algorithm models and multiple evaluation indicators. The generated data filled in the weak link of the original data in
the sample space distribution. After adding the generated data, the average MSE obtained by each machine learning algorithm
model was 61.72% to 91.74% of the result without the generated data, and the Pearson average was 99.01% to 113.64 %. The
prediction accuracy was improved. The results were more relevant. And the model generalization ability was enhanced. GAN

can effectively enhance the corrosion thickness loss rate data of small samples. Data expansion provides positive support for
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analysis and prediction. The generated data should not be more than the original data to prevent disturbing the distribution of

training samples. At the same time, there are problems with limited diversity of generated data.

KEY WORDS: corrosion thickness loss rate; small sample; generative adversarial networks; data enhancement; dimensionality

reduction analysis; sample distribution
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Tab.1 Example of pure zinc corrosion loss rate data
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IR CFYRRE R ARG SERRIXREE SRR B IREEY Bk R/

(um-a™) C C C % % h mm
Vi 6.49 24.41 31.19 17.65 85.99 32.55 179.41 162.69
HI 1.96 16.82 27.29 8.47 71.58 24.42 211.65 99.7
TSR 0.59 13.03 19.77 5.73 50.38 26.4 55.08 0.57
A 0.26 8.9 21.62 0.18 40.39 7.56 286.09 45.83

A o AU I e G PR AR AR N A B UMY, T
UIECIR S N (R g he R e SN ) 1IN R S BB u R
ESPE ez IR IS E S G/ INERE SRS SalEA IR 2 D)
RIEAR, NI EA R, & HFAIX 20 ZRIEHREHE
I TR0l SEAT T AR ARG, A SR R I
FEATHEL, BA 8 - 2 By LL B sy I Rt St o i it
I3 A k>R PSS SR UE Y 7 1%, B 22 UE B O 25 4R
SR IATEER T, XA AR ] SE AR

E, RERIE G R . (HIL T A P 25E12k GAN
BERY, FELL GAN RS Je 20 B , TRG A iU 3 5 B
-5 IR BE HEA TR 25 25 B 52 SURIE T 224>
GAN 8, SIABSMEYLE, BEATRIERE R 2,
ARABE ST o R, A5 USR8 M A A K
E, PR R AE T WAL B AT s oA U

TE J5 28 T SR R A o e e b, ol R
Wi 2R BOE A BUE R, RATEEE T3, Bk



- 144 - £ T A

202341 A

FH R[] T PPAR FE AR 0B g 55 45 U2 S B 4 it
P22 | IR 2 | RS FE RN Oy A AR
AR bR, LI I BRERGARCR . 5% e 25
R, B RIRZE | BAFRE | W iR 22 4 b4
AN T AR B0 IE o 2 7% 3 A S IR A O R AU
R, IR EASHE BRI T GRS Aol Y
Jr2: (MSE), ZaXH{HiR2 (MAE ). FE/RiHMHKZR
B, HICHEEC RP 3L 4 AEARE R B 2550004 . B
EER R TEL

1.2 EWFHn M E K RE

A BT IR T BRI, LAANAT S A A D e
HEAh R — OB TE M A S L RE AR T
43 & AT LR S B T, & R AR
P IR XA IEZET S, REAEUIZRAS s
R A BRI , AR LR GepLaR S Bk, iz ALk fE
4, AR RS 2 o) BIREAE B RAAE , AT TEAF B
fiEFikae I, GAN IR ML= H Ik, |7z
18 S A GUrf, FEH B AL G 32 |« el

B — A TEARHEZMER SN, 85 7T KRR
MURFIE JE M, R AR B R B B s T, fefgit
FFNT AR B R =AU A pl A A 32 F 5]
PR ARAT (. 2 PG L DL PO 8 & Sk A il T 5%
P2 Y HDR B, ZETHEHLL G J7 1a] Bl 3% o
ZEPUR PR GAN A2 T 1 IEO6 R 2 32
FET R BT BT 28 5 B T A B o 2B UL X 455
W K B AR
GAN Z5HIE 1 R, 2ok 2 SR,

A3 5 R A i #s ( Generator ) A3 51 % ( Discriminator ),
A A A R SR T 2 T BB AR B ST S A R
B, LRA A TCVE TR A B B R AR g
TR ) 2 S B R A S B, R AT R IX 4 LR
Vi o AR BEs A 2 B BT, A& SR T
EY G0 B sl A BRE T o 2 e 2 A B I 4% AR H 1) X 445 1)
PR PREC IR, —MAE BT, BLEH ] 51 I 45 e i —
SEFERE M B, H R A i RN A 2 R O ELER
P, X A R R B 222 5] B ELITRE AR 4
IEREME A WA HE ) R

YILnm )51

B )
(EIE %) M4 SRS
51 R 2% )
HWA Discriminator #Hf&%ﬁﬁﬂ;ﬁ
BEHLIE A R4
s [ A>T Gonerator [ %> B
SUATHHEE A i 4% A R,
A R A T S LSRR S AR
K1 GAN %54

Fig.1 Structure of generative adversarial networks (GAN)
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Fig.2 Generative model process of corrosion loss rate

PRAFUSCER Y A B 45 B0 | SR 1l 2 2R GAN
REALIR BN, i il 5 AR A i 2 R B
RN NE 3 B mihd . B 3, SEREss
1 i B OB, SR B it 2 T 200 1R 10 WREH 1k
AR PREL, Z a5 SOMREH 1 R pR%L, Frld 600
L UGEACTBOR I SEBR 30 000 YRAGER . F1 51255 42 i
AHRURAERIIA 100 Yk CBPSEFR 4 200 18) DLk shaE
WA, 150 EARWEL (RISEFR 6 700 18) J5 &2 0k

S, AU 30 000 RAEFAEE AR ISR . =&
FANE RIS T 0.7 247, AEREHU RIS T 2.3
L, T DL R AR R e B, A s T AR
A, HEEE AL, 74, GAN WILSUREE
SUBH T 10 3 28 5 A o ARS8, [ sl o B 0
FEFN SR AORERE Y RO ME S S A T B, AT
RFNSL. 24 GAN AR BB, 2k B 2
B, M LERRAT , AR e S BUARECH | A3 i (A o



202341 A

- 146 - ¥ % 0
6 -
5L
m 4t
£y
X 3+
K
B b
1+ . FIBIERHIR
0, 1 I I I I I
0 100 200 300 400 500 600
Er AR/ ¢
B3 RS GAN AR R

Fig.3 GAN model loss function of corrosion loss rate
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Fig.4 PCA 3D dimensionality reduction result: a) without label column; b) with label column
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Fig.5 Ramd evaluation indicators before and after data enhancement: a) mean square deviation; b) absolute value error; c)
correlation index R,; d) Pearson correlation coefficient
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Fig.6 Diagrams of evaluation indicators for each algorithm
before and after data enhancement
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Fig.7 Display of results of the gbm algorithm for different
amounts of generated data
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