Ha1 % 53 &/ L F O M Vol. 47 No. 3
2026 4F 3 H Chinese Journal of Scientific Instrument Mar. 2026

DOLI: 10. 19650/j. cnki. cjsi. J2514618

EF HC-NPE-FDCVA B E 8 5
FREERSKENGET

FARR, TR, R T
(WL TRF A SFEE TR 9% 710048)

& E. R A K REA RS S HELR AR, AR e R S SR S S S B0k sh N B U (AT BEE S B
ORI R AR e M T, Bk — [A) B 388 HE — i il 5 A 184 5 5 4 530 (A Ak AL ) ) o R A 0 s —TR B A 9% - 4B 3
PRERRR A —TFisher J] 31 ) (1 ML A A5 8347 7 % (HC-NPE-FDCVA) 1% 7 2R “ FRAE SR B —ah 25 @A — IR S 0 00 1) 3t it =X
AT, O X RE S AR K R e A AR K SRS B RRAE , 51 AR A AR K - AR AR RR R A (HC-NPE ) 533 | 38 13 il
AR SLEE B S K IC AR IR S F 15 B, W TR e A AR A T AR SR M RRIE SR I S R A 227 | 26 DR SR S0 T 45 440 ) ) 5 %o £ 55 S5
WA FIRAR ST . BT, TEBRAERRAE s [ Hh 5] ASETF Fisher ) 51 o 0] i) L AU AR 1 4387 7 v (FDCVA) | 3 3o+  HLAT A0 501 g
TR EhFRRES T3 0], SER IEH B RS S 78 RS 22 575 B A 800 35, OIS A6 53 5 A SRR AE 7R 28 4 ) o ) ml 3R
P, TR S FEL S AR AR AR 77 GeitHE S Q St W AR AR, SE ek B A Kt B s AT IR A g st
VAR5 S8 UM, SCES SR Tt s 5 VR AR SRR e S8 RO SR A0 1 TR) A AT T IR R BEAS AR I 2R etk Tl ik
i R A 5 A S T AR ARRAE O B B AR P R AR 1B AT 5 B AR R A T — R T AT G R M R B AR
KR EPORE R AR R AT SO AR FE 3T ; Fisher FBIOLAK ; A2 5% AU

RE 4SS THI65 TP273 XERERIREE . A BEXRREFERSEKRE. 510.40

State monitoring of the Czochralski silicon single-crystal
growth process based on HC-NPE-FDCVA
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Abstract: The Czochralski silicon single-crystal growth process exhibits strong coupling, dynamic behavior, and pronounced
nonlinearity. In production, weak anomalies and slight process parameter fluctuations are often difficult to detect in time, yet they may
gradually accumulate and affect the stability of crystal diameter and product quality. To address this issue, a process monitoring method
integrating feature enhancement and discriminant optimization, termed hybrid cosine-neighborhood preserving embedding with Fisher
discriminant canonical variate analysis ( HC-NPE-FDCVA ), is proposed. The method follows a progressive modeling framework
consisting of feature extraction, dynamic modeling, and state discrimination. First, considering the high-dimensional, nonlinear, and
multimodal characteristics of the process data, the hybrid cosine-neighborhood preserving embedding( HC-NPE) algorithm is introduced
for nonlinear feature extraction and dimensionality reduction. By combining cosine distance with Euclidean neighborhood structure
information, the algorithm preserves the local manifold structure of the original data while enhancing the representation of weak abnormal
patterns. Subsequently, Fisher discriminant canonical variate analysis( FDCVA) is applied in the reduced feature space. By constructing
a discriminative dynamic state subspace based on the Fisher criterion, differences between normal operating states and abnormal
conditions are effectively separated, thereby improving the distinguishability of anomaly-related features in the state space. On this basis,
an online process monitoring model is established. Monitoring indices are constructed using the T2 and Q statistics, enabling real-time

evaluation and anomaly identification for the silicon single-crystal growth process. Experimental results demonstrate that the proposed
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method maintains high anomaly detection sensitivity while effectively reducing the false alarm rate. It can more effectively characterize

the evolution of abnormal behaviors in complex nonlinear industrial processes, providing a feasible monitoring approach for the stable

operation and quality control of Czochralski silicon single-crystal growth processes.

Keywords : czochralski silicon single-crystal growth process; canonical variate analysis; Fisher discriminant analysis; cosine similarity
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Fig. 1  Flowchart of the HC-NPE-FDCVA algorithm
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