Advances in Production Engineering & Management
Volume 20 | Number 4 | December 2025 | pp 458-474
https://doi.org/10.14743 /apem2025.4.552

APEM
journal

ISSN 1854-6250
Journal home: apem-journal.org

Original scientific paper

A multi-objective feature selection and self-paced ensemble
framework for semiconductor defect detection

Zheng, H.?, Gao, X.*", Yang, X.?, Jing, G.%, Yang, M.?, Liu, Y.?

aSchool of Mechanical Engineering, Xi'an University of Technology, Xi’an, P.R. China

ABSTRACT

ARTICLE INFO

In semiconductor manufacturing, defect detection is commonly performed us-
ing high-dimensional process data. These data often exhibit class imbalance
and class overlap, which create challenges for achieving reliable classification
performance. To address these issues, this study proposes a multi-objective
feature selection and self-paced ensemble (MOFS-SPE) framework. The frame-
work employs a multi-objective evolutionary algorithm based on decomposi-
tion (MOEA/D) for feature selection. In this process, the area under the preci-
sion-recall curve (AUPRC) and the R-value are used as objective functions to
identify feature subsets that are highly relevant to quality outcomes. In addi-
tion, the framework integrates the self-paced ensemble (SPE) with tree-based
classifiers to handle imbalanced and overlapping data. Experiments conducted
on a real semiconductor manufacturing dataset (SECOM dataset) demonstrate
the effectiveness of the proposed approach. Compared with using the full fea-
ture set, the selected features increase the area under the receiver operating
characteristic curve (AUROC) from 0.685 to 0.770 and the AUPRC from 0.932
to 0.972. When applying the SPE framework, the specificity of the decision tree
model improves from 0.048 to 0.667, thereby enhancing the reliability of iden-
tifying defective products. Overall, the proposed framework provides a useful
reference for intelligent quality inspection in semiconductor production envi-
ronments.
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Veckriterijska izbira znacilk in ansambelski pristop z ucenjem
v lastnem tempu za zaznavanje napak v polprevodniski

proizvodnji
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POVZETEK

PODATKI O CLANKU

V polprevodniski proizvodnji se zaznavanje napak obicajno izvaja na podlagi
visokodimenzionalnih procesnih podatkov. Ti podatki pogosto izkazujejo
neuravnoteZenost in prekrivanje razredov, kar predstavlja pomemben izziv za
doseganje zanesljive klasifikacijske ucinkovitosti. Za reSevanje teh tezav pri-
spevek predlaga veskriterijski pristop za izbiro znacilk in ansambelsko ucenje
v lastnem tempu (MOFS-SPE). Predlagani pristop za izbiro znacilk uporablja
veskriterijski evolucijski algoritem na osnovi dekompozicije (MOEA/D). V tem
postopku sta kot ciljni funkciji uporabljeni povrsina pod krivuljo natan¢nost-
odziv (AUPRC) in vrednost R, s katerima se identificirajo podmnozice znacilk,
ki so mocno povezane s kakovostnimi kazalniki. Poleg tega pristop zdruzuje
ansambelsko ucenje v lastnem tempu (SPE) z drevesnimi klasifikatorji za
ucinkovito obravnavo neuravnotezenih in prekrivajocih se podatkov. Ekspe-
rimenti, izvedeni na realnem naboru podatkov iz polprevodniske proizvodnje
(podatkovni nabor SECOM), potrjujejo uc¢inkovitost predlaganega pristopa. V
primerjavi z uporabo celotnega nabora znacilk izbrane znacilke povecajo
povrsino pod krivuljo ROC (AUROC) z 0,685 na 0,770 ter AUPRC z 0,932 na
0,972. Pri uporabi SPE se specificnost modela odlo¢itvenega drevesa izboljsa z
0,048 na 0,667, kar bistveno poveca zanesljivost prepoznavanja okvarjenih
izdelkov. Predlagani pristop predstavlja uporabno referenco za inteligentno
kontrolo kakovosti v proizvodnji polprevodnikov.
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