58 % 49 B % X @ K ¥ ¥ K Vol. 58 No. 9
2024 4F 9 H JOURNAL OF XI’ AN JIAOTONG UNIVERSITY Sep. 2024

REEHETESHBBENTRE TR H4
REHMF %

AREAT, SO, BREE. R
(. VIRl R PR ARG R TR E R E AR E . 710049, V%5
2. W RAB T3 N m A EE A E . 618000, PJIEEMD

WE., BB TS L T LARBBEREL N (RD SR AEOKRE ROKKET = E R4
B L AR — AR TR A e ok Y Bk & R F I (SyMProD-Stacking) #9 4 4 i & TR 7 ik
G FEBERNTREHBEERTALEARIERERE REAN Z 2R EHRREHE AENY
R EH(RAMHE) B — MR TR T E 5 A AR BB AR BB LA AR
AR BRI (XGBoost) M T A L L AR B AERFTELRERS AR I >HELEEHN LA
., R JG ¥ B BRI (Light GBM) (AL A (RF) , L 6 ZH(SVM) = XGBoost £ A i
4T Stacking £ R IFA A FHAFEEMERETRMNER, AZHRETFrr A HETBEHET L A6,
SRR B R TN kAT R, AR A A T RS HEEMEGTAM AR, A AT SyM-
ProD id KA 77 ik My e TR AL A R AR S ey TR E A8 B4R I T 75. 4% A0 TR — F kA,
a2 R 200 W & T @ A2 (Asueroe) JUATHAE (G ) VAR F, 4% (F,)iX 3 T M 48 45 47 5 3)
PRI T 5.48%~11.59%.3. 78 %6~8.92% 5. 72% ~11. 39 % , i 32 1k 84 7 % 4L 45 AR 4T b TR M| 35 08
HFrt A AT RAERFHERATHESFRZ.

KEF: SREFTRA; RPN ;S REFE; ERF T HERN

hmESES. TPIS2 XEEREM: A

DOI: 10.7652/xjtuxb202409010 X EHS :0253-987X(2024)09-0094-11

Quality Prediction Method of High Temperature Turbine Blade
Castings Based on Unbalanced Process Parameter Data Set

ZHU Tong'., Al Song®, CHEN Kun', GAO Jianmin'
(1. State Key Laboratory for Manufacturing Systems Engineering, Xi’an Jiaotong University, Xi’an 710049, China;

2. State Key Laboratory of Clean and Efficient Turbomachinery Power Equipment, Deyang, Sichuan 618000, China)

Abstract: In response to the significant imbalance between the quantities of qualified and non-
qualified results in the radiographic testing (RT) of the investment precision casting process
parameters dataset, this paper proposes a casting quality prediction method using SyMProD-
Stacking ensemble learning. The method begins by preprocessing the original dataset to ensure
data quality. It then employs Z-scores to eliminate noisy data, assigns a probability to each
minority class instance (non-qualified castings), and generates sample data based on this

probability distribution to obtain a balanced dataset. XGBoost is used to rank the importance of
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all process parameter features and removes some of the lower-ranking parameters. Finally, the
LightGBM, RF, SVM, and XGBoost models are stacked together through ensemble learning.

and a quality prediction model is constructed using the balanced dataset. Taking the precision

casting process in the manufacturing of high-temperature turbine blades as an example, the

proposed quality prediction method is validated. The results indicate that the predictive model

constructed using the SyMProD oversampling method significantly outperforms the model built

from the original dataset, with a 75.4% improvement in the accuracy of predicting non-qualified

castings. Stacking ensemble learning, compared to individual algorithm models, achieves
improvements of 5. 48%—11.59%, 3. 78%—8.92%, and 5. 72%—11. 39% in terms of area under

curve, geometric mean, and F,, respectively.

Keywords: high-temperature turbine blades of heavy-duty gas turbine; imbalanced dataset;

oversampling methods; ensemble learning; quality prediction
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Fig. 6 Manufacturing process of investment precision casting
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Table 1 Data description of process parameters in investment precision casting

TEBH A TEsY i
B/ME mOKME FHE BHRRH w/ME mOKME FHE SRR
fI% 655 & / MPa 8.51 11.00  10.037  0.0590 \ 17.70  18.51 18.211 0.0055
1= i 55 B / MPa 20,01  25.00 22.660 0.0579 pH; 8.08 8. 84 8.502  0.0292
R E B/ mm 0.10 0.30  0.199 0.2828 w (SD/ % 27.81  30.16 29.110 0.0180
SRR e i} T:/C 22.00  22.00 22.000 0
Y Lﬂgg%ﬁﬁgf% 0-15 030 0-199 0. 1500 wi (H, O)/ % 42.00 42.00 42.000 0
TR/ C 68.00  68.00 68.000 0 TR K /s 9. 00 11.00  10.007 0.0815
TI5E R4 8.00 8.00  8.000 0 Ji5 345 = 71 / MPa 0.53 0.58  0.563 0.0198
V,/(MPa « s) 42.55  43.95 43,281 004 7 Jo ity B /s 294,00 305.00 300.290 0.009 6
pH, 8. 62 9.42 9. 200 0173 HEAHT K /s 248.00 259.00 253.012 0.0119
w(SD/ % 25.00  27.17  26.437 0137 TE VR B 6.00 9.00  7.508  0.1478
T,/C 22.00 22.00 22.000 0 Bise B i K /s 189.00 210.00 200.062 0.028 6
w, (H.0) /% 62.00 62.00 62.000 0 DEERE/C 1481.00 1484.001 482.299 0.000 7
V,/(MPa = s) 18.04  18.70 18.356 005 7 DEER K /s 3.00 3.00  3.000 0
pH; 16.82  17.98 17.414 0156 P kg 28.80  29.60 29.184 0.00638
w(Si)/ % 28.25  30.41 29.324 0183 EIRFER/ % 0.01 0.06 0.043  0.2518
T;/C 23.00 23.00 23.000 0 YE R H s 0.04 0.39 0.219  0.4695
w; (H, 0/ % 42.00  42.00 42.000 M3 08 FH YR B 1. 00 6.00  3.326  0.446 1

0
TE < IR R0 5 28 2 B0 R A B B 72 AL, 1 B R ix S 2
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Fig. 7 Category balance ratio of quality state of castings
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Table 2 Operating environment

P2 iRz 4R 5
b 7 g i7-12700H Python 3.9.7
2 3060 Pycharm 2021.2.2
BT NAE 16 GB Sklearn 1.2.2
BIERS Winl1 Imblearn 0.10.1

FE 32 SR B 55 R AT R 4 22 T o D B4 19 80 %6
FERYNZREE 20 Yo Ve 46 . Ml XGBoost F#1iF
B HEAT R IR R A S B o3 HE 44 FE S R RRAE L AR
EBEREEE A 32 PG B8 T T B L e U ek L F O
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Fig. 8 Performance comparison results of different classification algorithms before and after SyMProD oversampling
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Table 3 Experimental results of performance comparison for

oversampling methods

WA DR B RFETT I Aavcroe G F,
SMOTE 0.724  0.697 0.512
ADASYN 0.737 0.682 0.504
LightGBM
K-means-SMOTE ~ 0.780 0.721  0.573
SyMProD 0.803 0.741 0.629
SMOTE 0.701  0.677 0.486
ADASYN 0.696 0.654 0.507
RF
K-means-SMOTE ~ 0.746  0.719  0.574
SyMProD 0.759 0.706 0.597
SMOTE 0.712  0.681 0.497
ADASYN 0.719 0.691 0.528
SVM
K-means-SMOTE ~ 0.775  0.714  0.564
SyMProD 0.791 0.734 0.616
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Table 4 Experimental results of performance comparison for

classification algorithms

ik Ancero G, F)
Stacking 0. 847 0.769 0. 665
LightGBM 0. 803 0.741 0.629
XGBoost 0.794 0.736 0.621
SVM 0.791 0.724 0.616
RF 0.759 0.706 0.597
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