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Fig.2 Flow chart for predicting stress corrosion crack growth rate of Ni-based 690 alloy based on KBRF model
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Table1l Characteristic values of SCC crack growth data of Ni-based 690 alloy

Characteristic parameter Value
As received condition AR, MA, HTMA
Cold work degree/% 0~32

Processing method
Product form
Orientation
Hardness, HV/MPa
Load type
KIMPa: Vm
Temperature/ C
Dissolved Ho/mL-kg*

CF, CR, HAZ, HT, TS
CRDM, bar, plate
C-L, C-R, L-T, S-L, S-T, T-L, T-S
1550~3210

CK, CL, PPU, bolt
13.5~53
290~360

1~81

Note: AR-as received; MA-mill anneal; HTMA-high temperature mill anneal; CF-cold forged; CR-cold rolled; HAZ-heat affected

zone; HT-heat treatment; TS-tempformed steel; CRDM-control rod drive mechanism, C-circumferential/tangential direction;

L-length/longitudinal/axial direction; R-radial direction; S-thickness/short transverse; T-width/long transverse; CK-constant stress

intensity factor; CL-constant load; PPU-periodic partial unloading



54

MG RaE . 2T KBRF SVARIERAL 690 4 4 07 i MRS R 4 TR A A

1307 -

BE ML AR AR BE R 52 8 | VR RN, T
T AU f ol 2 O PR 2 B B 7 5K
AR, Ry o7 gk R A E T IR &gk
AR B, DR SR FH B g i U 28 s P R (o
NEEFHEE, HRAX (100 “MinMaxScaler” 77
O B AT UH — AR A EER DAY BRAS [ B R IE 5L
P xE H A5 o B 50 .

_ x‘.—min(x‘.) (10)
" max(x,)-min(x,)

o, max () NRFAEEHE x; 1 5 KA, min(x) N EE
TEHE x; B B/ME, X AR ¥ 2 5 BB
2.3 BEHMK

I8 AL A% R B3 DL U SR D B Al , N_estimators(
P IECE D - Max_depth (7B 16 5 k7 A KR B
SR EIEPERE RS B I S8, AW TR A%
R 5% (grid search, GA) i B MLk AR 8 2 $ it 17
ik, ¥ B N_estimators. Max_depth 2% 7t [ 43 5l
9 (0, 200). (0, 100), #& X & 4F N_estimators.
Max_depth, i b8 AS [F] 2 %50 AE 1 155 24 ] B
7, WEMHARNREERESHAE.

3 RS

3.1 4 EENHER

Pl 3 MR FH B ML A PR B0 20 BT 25 I 77 J65 el 2 v A
TR EE 690 & 4 N 1 R rh 24 40P i A B T R 45
Fo ATLLEH, REAFE B2 (s 2K BT HE B K
VNN SRR 7. B BREA SR, BINTREE.
AN R A oyl o N WO I W W =i I = @ )
FAIFNGRFE S5 A o TR U 1 5 o AR AAE T 4R D I8 7 58
K1 B, BMEASE. AITEE. M., Hy
EI W BCTIEE V(8 W W = 2 B B 7 = S S S e e
FAY, X EEHEAE S HIS 0 ) R S R R A A
) F2 B A, 315 i N S B0 F 7 45 SROMH — 5512899,
ane 758 B R 3 K5 BIOR S g v I8 AR S 2R 1
ROy RERE K BT Ry IR+ g &
MBS T o sod 2. FUm IR B Z . MR SRR A
25 LT S R R 1 R B, R I X R
# CGR Mszmi i H 2 7% iR A Rei8 R K 690 & 4
R AL, A R A, ROy R RS, A
IS B0 R SR A SRR L AR SR FE T A
fdi13 SCC B .
3.2 RFEHELZR

El 4afl 4b 4 ) N RF BRI )R U5 22 5 1 B I 5
. DR TFM IR FAEKKRER LRI, W

LA Y, RF R RSy 22 B A 1 A 1K) A0 1) 38
T, BT EEX R 30 FURE, JIF 241 )£
EEINAE 141 MRS RE S KT R R E N
141, WERR T HRH TAERRE, KR
A RE 5 22 BE 1A IR e R T AR R B A 8 &2 G T
i E RS, I Rk T A RKIR A B 11

K
Temperature
Dissolve H,
Cold Work
Hardness
Orientation
Processing Method
Product Form
As Received Condition
Load Type Jo. ) ) ) )
0.0 0.1 0.2 0.3 04 0.5

Feature Importance Score

3 HRIE 690 & & M) B MR SUYT R I R AR B SR HE T
Fig.3 Feature importance ranking of stress corrosion crack
growth of Ni-based 690 alloy

Explained_variance
o o o o
=) [N ES o
T T

0 40 80 120 160 200
N_estimators

Explained_variance

20 40 60 80 100
Max_depth

Kl4 WRTEZSTREE. TRMRXTTAEKEREDR
Fig.4 Relationships between explained_variance and

N_estimators (a), Max_depth (b)



+ 1308 -

Wi ElmA RS TR

i 51 %

WA RS Wik, #ix RF BERESHAEN
[N_estimators: 141, Max_depth: 11].

K FH A 14 2 A Ak 5 B BE HLAR MR B RFE X 4R
K 690 &4 SCC LY el AT @1, 4% b
(1 B R 0 45 S WL B Ba, ANk AT L, P 5b~5d
F R H T SR A2 R A vk (Linner) % 38
RN S Fr i BALEVE (SVRY RIS 8 & itk
(56 B 2 TR 25 (GBDT) 1Tl 45 5 . T8
FISZIGME (1) RP FIZR MR P& A 3l B2 1, M AL ¢
ERPE Bk aR . of DU, B2 TR RF 509 . GBDT
AR SVR HIE R ¥ T3 F M1 Linner 51
P, RPEH 690 A& N EMALY REEE %
FREE 2 M 2IE RN IELE LR, Ko, SYRHA
BHBKEREmZE S, KMNARIRmEEKR, 7]
BB H T A% R BAE ) e 4 2 TR S SRR e MR
%o ETWEA RF HiEF GBDT ik @ pish
R?4y 514 0.89 #1 0.90, MAPE 4 % 4 2.05 1 8.17,
AR EZEMRT SYR FIEF Linner Hik, UH
GBDT HiEM RF S35 7E Ab ¥ i 4 FE 405 48 75 T 2
AREMH, ETEFERZ SVR ik BAR A LT
FEARTEOL R AR S, (B2 THASRE T X
JEAEAL, X A S5 R ) SCC R4 fE 3 & K ¥ & il

MR A M5, T RF 54k 5 GBDT HikE T
AR E R B, IR E R E
WX, HiEH T SCC LY J& g 2 4 4E il . i
— SRR I, GBDT 51k 78 Fl i ik 72 rf B0 6 {8
MEAA R &, X2 KN GBDT Hvkill gtk 72 4
AT INER, 3@ T 2 1 IR Rl 3R A5 B bR AE, X
SR UK, M RF SRR ST 2 B R SR R T &5 R
SR, WIS T R .

3.3 KBRF Z#ELR

K 6 & KBRF 1 71 . MRP-386 #5 4 71 il £ £ 690
B G AE R AZ H i S B HE VA HI IR SCC R 4L
R E R R 5N T A TR R
ME A KR4k, T MRP-386 #5848 & A £
SV N TR, K 6b f I MRP-386 14 %Y 11 il
ZE. WLLE M, KBRF A TN 45 B 5 5006 {1 5
N, T MRP-386 151 71 T U 45 S0 2 35K T Sk iR
. X HF MRP-386 i1 3 F SCC R4y g
W a0 B o A B AR B R A5 M AT R, R 4 50 B
8, RHG 0 7 iE T S B AT R . {H
T SCC A o ANZHEMEIEMAT N, &RmE R
IR AL R R T A, BERUER B 22 K, DL o DA
SRR RIL .

2000
m  Predicted data 2000 ®  Predicted data b
y=x y=x
g 15001 . 1500
©
> n
B 1000 -t 1000 £
-8 L] > » - I.l
5 ool 2 ' L
500 - MAPE=2.05 500 . = MAPE=50.72
T R?=0.89 % RP=021
0 : ' - . .
0 500 1000 1500 2000 0 500 1000 1500 2000
2000 - 2000 - d
m  Predicted data = Predicted data
y=x y=x
@ 1500 1500 +
©
>
81000} ° 1000} .
.-g " - (s
x L =' L] [
500" ._ MAPE=357 500 . L MAPE=8.17
L] R?*=0.26 " R?=0.90
0] . Y y b
0 500 1000 1500 2000 00 500 1000 1500 2000
Experimental Vaue Experimental Value
Kl 5 AFEFEIEESRE 690 & 4 N7 h R 403 Fe i I 254 T 45 1

Fig.5 Prediction results of different algorithms on Ni-based 600 alloy stress corrosion cracking growth rate training set: (a) RF,

(b) Linner, (c) SVR, and (d) GBDT
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cold working degree (b), temperature (c), and dissolved H, (d)



Wi ElmA RS TR

i 51 %

+ 1310
% 10°°
£ A MRP-386
% o RF -
B 1g7L = ewF .t .
a4 y=x [ . H
Jg: L} : > . *
§ 108k .
x H A, ta
€ 109 w [ st Chasy .
o A R2o=0.733
g H R?gre=0.811
3 101} R2pp.a96=0.197
£ )

100 10°  10° 107  10°
Experimental Crack Growth Rate/mm-s*
Bl 7 4RJE 690 & <4 SCC R4y Je it A Wl 1 4 i) 45 2
Fig.7 Prediction results of SCC crack growth rate test set for
Ni-based alloy 690

I KBRF a
;%L 2F MSE,(re=0.109 I VIRP-336
MSEyrpa56=1.775
8 1}
3
S 0
o
8 -1t
k=)
2t
5 10 15 20
T KBRF b
~ 2 MSE, e =0.100 I RF
& 1 MSER=0.122
8
o
o wm_ququﬂm
mﬂ.
8
o
ol
5 10 15 20
Data Number

Kl 8 KBRF %5 MRP-386 %! . RF %l 76 & 4 690 &
4 SCC Ry Rl AN XL LR EM

Fig.8 Error values of KBRF model and MRP-386 model (a)
and RF model (b) in stress corrosion cracking test set
of Ni-based alloy 690

4 % ip

D I FENLARRR S BT RS R IR IR
AGE. WINTHREE. X 690 & 416
PR EEEHERT S, AR K=
3 THI 7 52080 o 1 B ATL AR B AT LR 53l 5 AR5 AE X 5 690
EEEANWAY A E I E S AL ON Ry

2) K A% R IR AL BE AL AR AR VA S 4
53 i tE S8 & N[N _estimators: 141, Max_depth:
11], BERBA R T SVR Hik. Linner HiEM
GBDT %k, RF Sk Ab B s 4E B2 R AE ) SCC R 4L

P e T A T iy T A R E
3) MRP-386 #5 1 Tii I 45 ) o 25 K T S 00 {8
TRR R 22 A AN 2 o JE O Rl BE B AR AR 2 2
SR 5 BT U AT IR MRP-386 2 B B, i
AL T BB 690 & 4 SCC R LY i id . KBRF Tl 44
M, B MRP-386 4 8 B fi 4 ff s e N2 7 5 JRE TR 8
PN AR I AN T R EUSE I R SCC /A J§
MR R T AR S S RO BT, R? R
MSE 743 %5 0.811 #1 0.109, # MRP-386 #5143 Jil
e 311L.7%FIFE1K 93.9%, % RF B4l s
10.6% M1 X 10.7%, Kf N2 AT T F 7 HE A% HL 3 5 0
690 5 < Bl A S L HE ¥ K07 5 AR INE D JE il R AL e
TRETRI
S E M References
[1] Riess R, Ford F P, Lundgren K. Advanced Nuclear
Technology International Krongjutarvagen 2C, SE-73050
[R]. Skultuna: ANTI, 2006
[2] Zhang Jianlong, Cui Yinghao, Xue He. Rare Metal
Materials and Engineering[J], 2020, 49(5): 1496
[3] Hwang S S. Journal of Nuclear Materials[J], 2013, 443
(1-3): 321
[4] Han E H, Wang J Q, Wu X Q et al. Acta Metallurgica
SinicalJ], 2010, 46(11): 1379
[5] Fang Xiurong, Yang Jinhui, Shao Yanru et al. Rare Metal
Materials and Engineering[J], 2019, 48(8): 2424
[6] Meng F J, Wang J Q, Han E H et al. Corrosion Science[J],
2009, 51(11): 2761
[7] Park | G, Lee C S, Hwang S S et al. Metals and Materials
International[J], 2005, 11(5): 401
[8] Andresen P L, Ford F P. Materials Science and Engineering
A[J], 1988, 103(1): 167
[9] Macdonald D D, Lu P C, Urquidi-Macdonald M et al.
Corrosion[J], 1996, 52(10): 768
[10] Macdonald D D. Corrosion Science[J], 1996, 38(6): 1003
[11] Galvele J. Corrosion Science[J], 1987, 27(1): 1
[12] Ford F P. Corrosion[J], 1996, 52(5): 375
[13] shi JB, Wang JH, Macdonald D D. Corrosion Science[J],
2015, 92: 217
[14] Jung Y C, Chung H S, Lee K S et al. Metals and
Materials International[J], 2010, 16(2): 267
[15] Hickling J, Mcllree A, Pathania R. Materials Reliability
Program (MRP): Crack Growth Rates for Evaluating
Primary Water Stress Corrosion Cracking (PWSCC) of
Thick-Wall Alloy 600 Materials, MRP-55[R]. California:



54

MG 5. HeT KBRF HVERIHRAL 690 A 45 71 8 R S0y el S Tl A A

-1311-

Electric Power Research Institute, 2002

[16] Jenks A, White G, Burkardt M et al. Materials Reliability
Program: Recommended Factors of Improvement for
Evaluating Primary Water Stress Corrosion Cracking
(PWSCC) Growth Rates of Thick Wall Alloy 690 Materials
and Alloy 52, 152, and Variants Welds, MRP 386[R].
California: Electric Power Research Institute, 2017

[17] Kamrunnahar M, Urquidi-Macdonald M. Corrosion Science
[J], 2010, 52(3): 669

[18] Mathew J, Parfitt D, Wilford K et al. Journal of Nuclear
Materials[J], 2018, 502: 311

[19] Castin N, Pascuet M |, Messina L et al. Computational
Materials Science[J], 2018, 148: 116

[20] Mei Jinna(t 4 §F), Wang Peng(E ), Han Y aolei (& &k
%) et al. Rare Metal Materials and Engineering(¥i H 4
J&# B S TFE)[J], 2021, 50(7): 2399

[21] Song Q, Kasabov N, Ma T M et al. Artificial Intelligence
in Medicine[J], 2006, 36(3): 235

[22] Yeomans C M, Shail R K, Grebby S et al. Geoscience
Frontiers[J], 2020, 11(6): 2067

[23] Yu T, Simoff S, Jan T. Neurocomputing[J], 2010, 73(13-
15): 2614

[24] Breiman L. Machine Learning[J], 2001, 45: 5

[25] Kuang W J, Was G S. Corrosion Science[J], 2020, 163: 108 243

[26] Chen K, Wang J M, Shen Z et al. Corrosion Science[J],
2020, 164: 108 313

[27] Kuang W J, Yue H, Feng X Y et al. Scripta MaterialialJ],

2020, 189: 122

[28] Terachi T, Yamada T, Miyamoto T et al. Journal of
Nuclear Materials[J], 2012, 426(1-3): 59

[29] Alexandreanu B, Chopra O K, Shack W J. Pressure Vessel
and Piping Division of the American Society of
Mechanical Engineers[C]. Chicago: ASME, 2009: 153

[30] Alexandreanu B, Chopra O K, Shack W J. ASME 2006
Pressure Vessels and Piping Division[C]. Vancouver:
ASME, 2006: 153

[31] Kim Y J, Andresen P L, Moran E et al. Corrosion[J],
2005, 61(7): 648

[32] Seifert H P, Ritter S, Shoji T et al. Journal of Nuclear
Materials[J], 2008, 378(2): 197

[33] Andresen P L, Morra M M. Journal of Pressure Vessel
Technology[J], 2007, 129(3): 488

[34] zhai Z Q, Toloczko M, Kruska K et al. Corrosion[J],
2017, 73(10): 1224

[35] Moss T E, Brown C M, Young G A. Proceedings of the
18th  International Conference on Environmental
Degradation of Materials in Nuclear Power Systems-
Water Reactors[C]. Switzerland: The Minerals, Metals &
Materials Series, 2019: 261

[36] Andresen P L, Morra M, Hickling J et al. Proceedings of
the 16th International Conference on Environmental
Degradation of Materials in Nuclear Power Systems—
Water Reactors[C]. Houston: NACE, 2009: 412

[37] Andresen P L, Young L M. Corrosion[J], 1995, 51(3): 223

Prediction Model of Crack Growth Rate of Stress Corrosion for Nickel-Base 690
Alloy Based on KBRF Algorithm

Mei Jinna, Wang Peng, Han Yaolei, Cai Zhen, Ti Wenxin, Peng Qunjia, Xue Fei
(Suzhou Nuclear Power Research Institute, Suzhou 215004, China)

Abstract: Stress corrosion cracking (SCC) as a potential failure mechanism endangers structural integrity of the nickel-base 690
alloy components and welds that are widely used in the high temperature and high pressure water environment in pressurized water
reactors (PWRs). Due to the complexity of the interweaving influences, the existing parameterized prediction models developed
for SCC are limited for engineering assessment by rather lower accuracy. In this study, a KBRF (knowledge-based random forest)
model was developed for predicting the SCC growth rate of the nicked-base 690 alloy through combining random forest machine
learning algorithm (RF) with domain knowledge-based MRP-386 parameterized model. It is found that the robustness and accuracy
of the KBRF model are significantly improved, in comparison with the MRP-386 parameterized model and the RF machine
learning model by introducing domain knowledge into the machine learning modeling. The results demonstrate potential
engineering application of the presented model on SCC growth rate prediction of nicked-base 690 alloy components and welds in
PWRs.
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