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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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1. Introduction

Product quality is a critical factor for the sustainable development of manufacturing enterprises
[1]. As a result, achieving “zero defects” has become one of the primary goals of lean production
managemesnt. In high-end manufacturing sectors such as semiconductor fabrication, the produc-
tion process typically involves multiple tightly coupled stages [2], including photolithography,
etching, and deposition. The complexity of both the production systems and process flows makes
product quality highly sensitive to subtle variations [3]; even minor deviations at any stage can
lead to performance degradation or complete failure of the final product. If defective products
reach the market, they not only damage the company’s reputation but also incur substantial costs
due to customer complaints and warranty claims [4]. Therefore, establishing efficient and reliable
quality management and inspection mechanisms has become a central concern for manufacturers
in the semiconductor industry.

To address the above challenges, quality inspection has become one of the most critical means
of ensuring product reliability in semiconductor manufacturing [5]. In a typical wafer fabrication
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process, inspection stages are implemented after key processing steps to assess product quality
using various methods. Common inspection approaches include manual visual inspection and spe-
cialized detection equipment. However, manual inspection is inefficient, labor-intensive, and
highly subjective, with results often influenced by the operator’s experience, leading to false de-
tections or missed defects [6]. Although dedicated inspection equipment offers higher precision,
it is expensive to procure and maintain, and often requires complex integration and system mod-
ifications when process changes occur [7]. Therefore, how to ensure high detection accuracy while
reducing inspection costs and improving efficiency has become an urgent and pressing issue for
semiconductor manufacturers.

With the rapid advancement of data-driven technologies, intelligent quality inspection meth-
ods based on manufacturing data have emerged as a promising solution in the semiconductor in-
dustry. The semiconductor fabrication process involves multiple precision processing stages, each
generating large volumes of high-dimensional sensor data and process parameters. When product
quality anomalies occur, the manufacturing data often deviates from the normal data range [7].
Machine learning techniques can analyse complex relationships in high-dimensional process data
and establish mapping models between process parameters and product quality [8]. These tech-
niques can classify product quality based on manufacturing data [9]. By leveraging machine learn-
ing, manufacturers can achieve cost-effective and efficient quality inspection without the need for
additional inspection equipment or personnel.

In practical industrial production, issues of class imbalance and class overlap pose significant
challenges to quality inspection. The data for quality-compliant products is far more abundant
than that for defective products. Consequently, the raw manufacturing data is typically highly im-
balanced. Several studies have addressed the characteristics of class imbalance in quality inspec-
tion [10]. However, class imbalance is not the only challenge in quality inspection. More im-
portantly, class overlap significantly impacts the accuracy of machine learning models [11]. When
class overlap occurs in manufacturing data, data points of different quality grades overlap in the
feature space, making it difficult for the model to accurately distinguish between quality-compli-
ant and non-compliant products. This considerably reduces the model’s discrimination ability and
increases the likelihood of misclassification.

This study aims to develop a data-driven approach for automated quality inspection in semi-
conductor manufacturing, with the goal of ensuring high detection accuracy while effectively re-
ducing inspection costs. Although existing studies have explored data-driven product quality in-
spection methods, most of them focus on classification accuracy, neglecting the impact of class
overlap and class imbalance on the performance of quality inspection models. When data is im-
balanced, using classification accuracy alone as an evaluation standard for quality inspection mod-
els often results in a higher false positive rate [12]. This means that defective products might be
erroneously classified as quality-compliant, leading to higher misclassification costs.

To address the challenges of quality inspection under conditions of class overlap and class im-
balance in semiconductor manufacturing, this study proposes a data-driven intelligent inspection
framework. The framework aims to improve classification accuracy in the presence of class im-
balance and class overlap through feature selection and model development. Firstly, a multi-ob-
jective optimization algorithm based on the MOEA/D, using AUPRC and R-value [13] as objective
functions, is employed to select a subset of features highly related to quality from high-dimen-
sional manufacturing data. Secondly, the SPE [14] framework is introduced, incorporating various
tree-based classifiers as base estimators to enhance quality inspection accuracy under imbal-
anced and overlapping class conditions. The main innovations and contributions of this study are
summarized as follows:

e An intelligent quality inspection framework tailored for semiconductor manufacturing is
proposed, encompassing key stages such as manufacturing data preprocessing, feature se-
lection, classification model construction, and performance evaluation.

e A multi-objective feature selection algorithm based on MOEA/D is designed, using AUPRC
and R-value as objective functions, to select a subset of process features from high-dimen-
sional data that can reduce class overlap and improve classification accuracy.
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e A quality inspection model was constructed by integrating the SPE framework with tree-
based classifiers, demonstrating strong adaptability and generalization capability for defect
detection in complex manufacturing scenarios.

e The proposed method is validated using a semiconductor manufacturing dataset, demon-
strating the superiority of the feature selection algorithm and classification model in ad-
dressing class imbalance and class overlap issues.

2. Related works

Quality inspection methods can be divided into traditional methods and machine learning-based
methods. Furthermore, the importance of data imbalance and class overlap issues in quality in-
spection research has been increasingly recognized. Therefore, this section will review repre-
sentative studies from three perspectives: traditional quality inspection methods, machine learn-
ing-based quality inspection methods, and the current research status on data imbalance and class
overlap issues.

2.1 Traditional quality inspection methods

Traditional quality inspection primarily relies on statistical analysis methods. Zhou et al. [15] pro-
posed a quality defect diagnosis method for multi-stage manufacturing processes based on a gener-
alized matrix regression model, which demonstrated higher diagnostic accuracy through real-world
case studies. Sun et al. [16] proposed a distributed kernel principal component regression (DKPCR)
model for quality inspection and diagnosis, addressing quality-related process inspection at the fac-
tory level. Although these traditional methods exhibit high diagnostic accuracy and effectiveness in
specific applications, they face significant challenges in handling high-dimensional data.

2.2 Machine learning-based quality inspection

With the development of technology, the manufacturing industry has gradually accumulated a
large amount of usable manufacturing data, making machine learning-based product quality in-
spection a research hotspot. Quality inspection techniques that leverage machine learning are
commonly categorized into two branches: traditional machine learning and deep learning. The
former often encompasses models such as Artificial Neural Networks (ANN), Random Forests, and
Support Vector Machines (SVM). Liu et al. [17] proposed a classification framework based on Ran-
dom Forests, providing a solution for quality inspection in the lithium-ion battery manufacturing
process by effectively quantifying the importance and correlation of manufacturing features.
Saglain et al. [18] introduced a quality inspection model based on ensemble learning by voting,
integrating four machine learning models: Logistic Regression, Random Forests, Gradient Boost-
ing Machines, and Artificial Neural Networks to improve the accuracy of the quality inspection
model. Mlinaric€ et al. [19] proposed a decision tree-based quality inspection approach that uti-
lizes feature importance for preliminary feature selection, followed by the application of Decision
Trees, Random Forests, Bagging, and Gradient Boosting classifiers to enhance the accuracy of elec-
tric motor classification.

With the success of deep learning technologies in image processing and text processing, re-
searchers have begun to apply these methods to product quality inspection. Azamfar et al. [20] pro-
pose a domain-adaptive quality diagnosis method based on deep learning, validated using actual
semiconductor manufacturing datasets. Stavropoulos et al. [21] detect weld seam defects using fea-
ture extraction combined with machine learning methods and make intelligent decisions with Mar-
kov models. Chen et al. [22] present a quality diagnosis model based on stochastic deep Koopman,
designed for real-time detection of quality defects in multi-stage production systems. Despite sig-
nificant advancements in machine learning-based methods for product quality inspection, current
research rarely considers the coupled impact of class imbalance and class overlap issues.
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2.3 Research on data imbalance and class overlap issues

In the process of product quality inspection, datasets often exhibit characteristics of class imbal-
ance and class overlap. These characteristics make quality inspection more complex. Some data
balancing algorithms, classification algorithms, and their integrated methods aim to address this
issue, such as SmoteBoost [23], BorderlineSMOTE [24], RUSBoosted [25], and BalanceCascade
[26]. The SPE [14] framework is an ensemble learning method specifically designed to handle
class imbalance and class overlap data classification problems. The SPE framework does not rely
on distance calculations between samples, making it applicable to datasets lacking clear distance
metrics. Compared to traditional imbalance learning methods, the SPE framework performs bet-
ter when dealing with noisy data and highly overlapping classes. Additionally, as a general ensem-
ble framework, SPE can be easily adapted to most existing learning methods, such as tree-based
machine learning methods.

3. The MOFS-SPE framework in semiconductor manufacturing

The proposed MOFS-SPE framework for intelligent quality inspection in semiconductor manufac-
turing consists of four main components: data preprocessing, feature selection, model construc-
tion, and performance evaluation.

e Data preprocessing: appropriate preprocessing methods are used to process raw data, en-
suring data quality and integrity to prevent abnormal data from affecting the accuracy of
the quality prediction model.

e Feature selection: a multi-objective feature selection algorithm based on MOEA/D, using
AUPRC and R-value as objective functions, selects a subset of process features from high-
dimensional data to reduce class overlap and improve classification accuracy.

e Quality inspection model construction: during the quality inspection model construction
phase, the SPE framework is integrated with tree-based classifiers to achieve product qual-
ity classification.

e (Quality inspection model evaluation: to evaluate the classification accuracy of the quality
inspection model, key performance indicators such as Recall, Specificity, G-Mean, AUROC,
and AUPRC are used.

3.1 Data preprocessing

Due to the influence of uncertain factors, manufacturing data obtained from the production site
may contain null values, missing values, and outlier samples. Therefore, appropriate data prepro-
cessing methods are required to handle these anomalies. The data preprocessing steps used in
this study are briefly described as follows:

e Redundant feature removal: The raw manufacturing data contains single values, null values,
and duplicate features, which are considered redundant features. Additionally, features
with a high proportion of missing values contribute insufficiently to the model. In this study,
features with a missing value ratio greater than 40 % are also considered redundant. Re-
dundant features do not contribute to quality inspection results and need to be removed to
ensure data quality.

e Outlier data point removal: The manufacturing environment is complex, and manufacturing
data collection and transmission are susceptible to interference, leading to outliers in the
raw manufacturing data. To avoid the interference of outliers on quality inspection results,
box plots are used to detect outliers, and these outliers are removed.

e Qutlier sample removal: In quality inspection, the completeness of samples is crucial. Sam-
ples with more than 15 % missing values are considered insufficient in information and may
negatively impact the analysis results. Therefore, to ensure data reliability and the accuracy
of quality inspection results, these samples are removed.

e Missing value imputation: Missing values are inevitable in manufacturing data collection due
to instrument fluctuations or machine failures. The k-nearest neighbor (KNN) algorithm is
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flexible, non-parametric, and easy to implement, making it an effective method for missing
value imputation. Thus, this study uses the KNN algorithm to fill in missing values.

e Data normalization: The collected features in the product manufacturing process vary in
range. To eliminate differences in data dimensions, the max-min method is used for data
normalization.

3.2 Feature selection

In semiconductor manufacturing, process data are typically high-dimensional and exhibit signifi-
cant class imbalance and class overlap, which pose substantial challenges for effective feature se-
lection. To address this issue, this study introduces a multi-objective feature selection method
based on the multi-objective evolutionary algorithm based on decomposition (MOEA/D). The pro-
posed method aims to identify a compact and informative subset of features that reduces class
overlap and enhances classification performance. The following subsection details the design of
the feature selection algorithm, including the objective functions, encoding scheme, population
initialization, crossover, and mutation strategies.

Feature selection objective functions

The proposed feature selection algorithm uses AUPRC and R-value as the two objective functions.
AUPRC can better evaluate the classification performance of the model on imbalanced datasets,
especially in recognizing minority class samples. This is particularly important in quality inspec-
tion, where it is crucial to identify the few samples that indicate quality anomalies. Additionally,
the R-value effectively measures the degree of class overlap among features, helping to select a
feature subset that reduces class overlap. The first objective function is defined in Eq. 1.

f = AUPRC = [ P(R)dR (1)

where P(R) denotes precision at a given recall rate.
According to [13], the calculation methods for the second fitness function are shown in Egs. 2-4.

_1€1IR(Co)+|CoIR(Cy)

Raug(DIV]) = 2 (2)

R(C) = 55 Zny A(|RNN (P, U = C)] ~ ) (3)
1, ifx>0

A(x) = {0, otherwise (4)

where C; represents the set of instances belonging to class i, P;» denotes the m-th instance of class
i, U represents the set of all instances, and kNN(P, S) denotes the subset of k nearest neighbors of
instance P in set S; 6 is the threshold used to determine the number of neighbors from different
classes that classify an instance as belonging to the overlap region.

Encoding method and population initialization

In this study, a discrete binary encoding method is used to represent the feature selection scheme.
The length of each chromosome corresponds to the number of features in the manufacturing data,
with each position having a value of 0 or 1. A value of 1 indicates that the feature is selected, while
a value of 0 means the feature is not selected.

For population initialization, randomly initialized feature selection schemes may be overly ran-
dom, potentially leading to poor convergence of the feature selection algorithm. In this research,
a SHAP-based population initialization method is adopted. SHAP (SHapley Additive exPlanations)
is based on the Shapley value from game theory and provides comprehensive explanations for
each feature in machine learning models [27]. Specifically, before population initialization, the
Shapley value for each feature is calculated, as shown in Eq. 5. Then, all features are sorted ac-
cording to their Shapley values, and features are prioritized based on their importance.

ISI'(IFI=1S1-1)!

i = ZSQFT [fs,c(i) (xc(i)) - fs(xs)] (5)
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where F represents the set of all features; S denotes a subset of features, which is a subset of F; x;
represents the values of the input features in subset S; xc;) represents the value of feature i; and f
denotes the classification model used for quality inspection.

During the population initialization process, the top 30 % of features with high Shapley values
are directly selected, while the remaining 70 % of features with low Shapley values are supple-
mented using random selection. This initialization strategy not only retains features that signifi-
cantly contribute to model performance but also increases the diversity of the population, thus
enhancing convergence speed and overall performance in the early stages of the algorithm. Algo-
rithm 1 illustrates the proposed population initialization method.

Algorithm 1: Population Initialization Based on Shapley Values
Input: Feature Shapley value array (feature_shap), keep ratio (keep_ratio),
population size (n_samples)

Output: Initialized population matrix (samples)

1: Compute the total number of features: num_features

2: Sort the features in descending order of Shapley values, obtaining the indices:
sorted_indices

3: Calculate the number of top features to keep: num_keep = num_features x
keep_ratio

4: Select the indices of the top Shapley value features: keep_features =
sorted_indices[: num_keep)

5: Initialize the population matrix: samples =
zeros(n_samples, num_features)

6: for cach individual 7 from 0 to n_samples — 1 do

T Set the positions corresponding to keep_features in samples[i] to True
8: Randomly select w features from the remaining lower
Shapley value features, and set their positions to True

9: end for

10: Return initialized population samples

Crossover operator

Traditional random crossover operators may disrupt important features, which can degrade the
quality of the offspring solutions. This method may fail to retain features crucial to model perfor-
mance, thereby impacting the overall effectiveness of the feature selection algorithm. To over-
come this drawback, a directed crossover operation based on feature Shapley values is adopted
in this study. Firstly, features are ranked according to their Shapley values, and a retention ratio
is set. Then, the top-ranked features are kept unchanged, while the remaining features undergo
random crossover. This approach better preserves important features during the crossover pro-
cess, enhancing the quality and diversity of the offspring. Algorithm 2 illustrates the proposed
crossover operator.

|A]gorithm 2: Crossover Operator Based on Shapley Values
Input: Feature Shapley value array (feature_shap), keep ratio (keep_ratio),
parent 1 (parentl), parent 2 (parent2)
Output: Offspring 1 (childl), Offspring 2 (child2)
1: Compute the total number of features: num_features
2: Sort the features in descending order of Shapley values, obtaining the indices:
sorted_indices
3: Calculate the number of top features to keep: num_keep = num_features x
keep_ratio
4: Select the indices of the top Shapley value features: keep_features =
sorted_indices|: num_keep|
5:  Select the indices of the remaining lower Shapley value features:
non_keep_features = sorted_indices[num_keep :|
6: Initialize offspring: childl and child2
7: Preserve high-importance features:

7.1 child1[keep_features] = parentl|keep_features)

7.2 child2[keep_features] = parent2|keep._features)
8: Perform crossover on low-importance features:

8.1 for each index i in non_keep_features do

8.1.1 Randomly decide the values for child1[i] and child2[i] by selecting

from parent1[i] and parent2][i]

end for
9: Return offspring childl and child2
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Mutation operator

Traditional single-point mutation operations often overlook the importance of features and tend
to randomly select a feature for mutation. This simple method lacks specificity and can result in
key features being mutated, thereby affecting the individual's adaptability and overall perfor-
mance. To overcome this drawback, this study proposes a mutation operation based on feature
Shapley values. Specifically, the proposed mutation operation adjusts based on feature Shapley
values. The initial mutation rate is adjusted according to the Shapley values, with features having
lower Shapley values have a higher probability of mutation. Additionally, a sparsity factor is in-
troduced to further influence the mutation probability. This mutation strategy enhances the di-
versity of candidate solutions while preserving important features. Algorithm 3 illustrates the
proposed mutation operator.

Algorithm 3: Mutation Operator Based on Shapley Values
Input: TFeature Shapley value array (feature_shap), initial mutation
rate (inilial_mutalion_rate), sparsity factor (sparsily_factor), individual
(individual)
Output: Mutated individual (individual)
1: Compute the total number of features: n_features
2: Calculate the mutation probability for each feature:
2.1 mutation_prob = initial_mutation_rate x (1 — feature_shap)
2.2 mulation_prob+ = sparsity_factor x (1 — feature_shap)
3: Randomly select a feature for mutation:
3.1 Perform weighted random selection based on mutation_prob, obtaining
index_to_mutate
4: Mutation: Flip the selected feature:
4.1 individual [indez to_mutate] = 1 — individual[indez to_mutate)
5: Return mutated individual individual

3.3 Quality inspection model based on SPE and tree modeling

To effectively address the challenges of class imbalance and class overlap in semiconductor man-
ufacturing quality inspection, this study integrates the self-paced ensemble (SPE) framework with
four tree-based machine learning algorithms: Decision Tree, Light Gradient Boosting Machine
(LightGBM), Extreme Gradient Boosting (XGBoost), and Extra Trees. This integration aims to en-
hance the robustness and accuracy of quality classification under complex data distributions. The
following subsections describe the structure of the SPE framework and the characteristics of the
selected tree-based classifiers.

The framework of SPE

SPE is an adaptive ensemble framework designed for the classification of large-scale imbalanced
data. It introduces the concept of classification hardness, which measures the difficulty of classi-
fying a sample due to class imbalance, noisy samples, and class overlap. Different samples typi-
cally have varying levels of classification hardness. Noisy samples and boundary-overlapping
samples usually exhibit higher classification hardness values, while common majority of samples
tend to have lower hardness values. Different classifiers may find it more or less difficult to classify
the same sample [14]. Therefore, the classification hardness value for the same sample can vary
across different classifiers. For a given dataset, its classification hardness distribution is defined
by the hardness values of all samples. This distribution can better guide resampling, thereby im-
proving the model's classification performance.

The framework of SPE is illustrated in Fig. 1. The core of the SPE framework lies in combining
classification hardness-coordinated undersampling techniques with a self-paced training process,
forming a self-paced undersampling technique [14]. This method employs adaptive training tech-
niques to manage classification difficulty while addressing sampling insufficiencies. In each itera-
tion, the strategy selects the most informative negative samples based on classification difficulty.
Through adaptive undersampling, the SPE algorithm incrementally focuses on classifying chal-
lenging instances while maintaining an understanding of the distribution of easily classified sam-
ples, thus reducing the risk of overfitting.
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Decision Trees

Decision Trees are widely used in quality inspection tasks across various manufacturing domains,
particularly for handling high-dimensional and multi-class feature data. In complex production
environments, where numerous process uncertainties exist, Decision Trees can recursively parti-
tion the dataset and generate interpretable decision rules that help identify key factors influenc-
ing product quality. Their ability to model nonlinear relationships and provide transparent deci-
sion paths makes them especially suitable for quality analysis in complex manufacturing systems.
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Fig. 1 The framework of SPE

XGBoost

XGBoost is an ensemble learning algorithm based on gradient boosting, capable of progressively
building multiple weak learners to reduce error and employing regularization to prevent overfit-
ting. Given the high dimensionality and class overlap issues in the semiconductor manufacturing
dataset used in this study, XGBoost's strong generalization ability and capacity to handle complex
feature spaces make it particularly suitable. Additionally, XGBoost's high computational efficiency
and capability to handle missing values enable it to rapidly construct effective quality inspection
models on large-scale data.

LightGBM

LightGBM excels in handling large-scale, high-dimensional data, particularly through its histo-
gram-based decision tree learning approach, which significantly reduces computational resource
consumption. Given the large number of high-dimensional features in semiconductor manufac-
turing, LightGBM'’s efficiency and scalability make it particularly suitable for this task. Compared
to other methods, LightGBM employs a leaf-wise growth strategy, effectively increasing model
training speed while ensuring robustness when facing imbalanced data.

Extra Trees

Extra Trees is an ensemble learning algorithm specifically designed to enhance the performance
of decision trees. It achieves this by generating multiple unbiased trees and employing majority
voting in the final prediction. In the context of quality inspection, Extra Trees can process large
amounts of multidimensional data and capture complex feature relationships, significantly im-
proving classification accuracy.
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3.4 Evaluation metrics for quality inspection models

Quality inspection is a binary classification problem where defective instances are classified as
the minority class and quality-compliant instances are classified as the majority class. In binary
classification, the results are divided into four different groups: true positive (TP), false positive
(FP), false negative (FN), and true negative (TN). To evaluate the performance of the quality in-
spection model under class imbalance conditions, this study employs key performance indicators
such as Recall, Specificity, G-Mean, AUROC, and AUPRC.

Recall: Recall refers to the proportion of actual positive (quality-compliant) samples that are cor-
rectly predicted as positive by the model. It can be expressed using Eq. 6.

TP
TP+FN (6)

Recall =

Specificity: Specificity refers to the proportion of actual negative (defective) samples that are cor-
rectly predicted as negative by the model. In quality inspection, specificity measures the model's
accuracy in identifying defective samples. This is particularly important to ensure that defective
instances are not missed. Specificity can be expressed using Eq. 7.

TN
TN + FP (7)

Specificity =

G-Mean: G-Mean is a metric used to evaluate the performance of classifiers on imbalanced da-
tasets, especially in situations where the minority class holds greater importance. A higher G-
Mean value indicates that the quality inspection model performs well in identifying both quality-
compliant and defective products, thereby ensuring the model's overall performance on imbal-
anced datasets. G-Mean can be expressed using Eq. 8.

G-mean = \/(TPT-:DFN) (FPT-II-VTN) (8)

AUROC - Area Under the Receiver Operating Characteristic Curve: AUROC measures the overall
classification performance of the model. A higher AUROC value indicates better performance in
distinguishing between positive and negative samples. In quality inspection, AUROC helps evalu-
ate the model's performance across different decision thresholds.

AUPRC: AUPRC is particularly useful for imbalanced datasets. A higher AUPRC value indicates that
the model can better balance precision and recall across different decision thresholds. In quality
inspection, AUPRC reflects the model's ability to maintain high precision while reducing the false
negative rate.

F1-score: F1-score is the harmonic mean of precision and recall. It provides a balanced measure
of a model’s performance by considering both false positives and false negatives. F1-score is es-
pecially important in quality inspection tasks where both types of errors—misclassifying defec-
tive items as compliant and vice versa—are costly. A higher F1-score indicates that the model
maintains a good trade-off between precision and recall. It can be expressed using Eq. 9.

2TP

Fl-score = —— (9)
2TP+FP+FN

3.5 Computational cost analysis

The proposed MOFS-SPE framework consists of two stages: offline MOEA/D-based feature selec-
tion and online SPE classifier training and prediction. In the MOEA/D feature selection stage, let G
denote the number of generations, P the population size, n the number of samples, and k the num-
ber of selected features. Each candidate solution requires the evaluation of two objectives: AUPRC
and the R-value. The computation of AUPRC has a complexity of O(n - k + nlog n), while the R-
value, based on kNN, requires O(n? - k). Therefore, the overall complexity of MOEA/D can be ex-
pressed as O(G - P - [(n- k + nlogn) + (n? - k)]). Since this procedure is performed offline, it
does not affect real-time operations. In the SPE classifier stage, let I denote the number of self-
paced iterations, T the number of trees in the final ensemble, and d the average tree depth. The
training complexity is approximately O(I - (n* +n~)-k-log(n* +n~)) where n* and n~
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represent the minority and majority class sizes, respectively. The prediction complexity is
O(T - d) which is sufficiently low to support real-time inference.

In summary, the MOFS-SPE framework follows an ‘offline training + online prediction’ para-
digm. The offline stage is dominated by the kNN-based R-value computation, while the online pre-
diction complexity remains O(T - d), thus ensuring that the computational cost meets the require-
ments of online quality prediction in semiconductor manufacturing.

4. Case study

To evaluate the effectiveness of the proposed quality inspection framework, experiments are con-
ducted using a real-world semiconductor manufacturing dataset [28]. The dataset is first prepro-
cessed to ensure data quality and consistency. Subsequently, a representative subset of features
is selected using the proposed multi-objective feature selection algorithm based on MOEA/D. The
quality inspection model is then constructed by integrating the SPE framework with four tree-
based classifiers: Decision Tree, LightGBM, XGBoost, and Extra Trees. Finally, the performance of
the proposed model is compared against several mainstream baseline methods to assess its effec-
tiveness in addressing class imbalance and class overlap in quality inspection tasks. The program-
ming work for the multi-objective feature selection and quality inspection model is completed in
a Python 3 environment, utilizing the Scikit-learn library and the work referenced in [14].

4.1 Data preprocessing

The semiconductor component manufacturing process dataset contains 1567 samples, each with
590 features and 1 label. The features represent sensor parameters collected during the semicon-
ductor manufacturing process, and the label indicates whether the product passes or fails the
quality inspection (1 = pass, -1 = fail). As shown in Fig. 2, the dataset includes 1463 quality-com-
pliant samples and 104 defective samples, resulting in a highly imbalanced dataset with an imbal-
ance ratio of 14.06. Additionally, the dataset contains a large number of missing values, as illus-
trated in Fig. 3.

Missing Values Heatmap

WWWWWW

Fig. 2 Number of pass and fail samples Fig. 3 Heatmap of missing values in the dataset

4.2 Feature selection

The objective of feature selection is to identify a compact subset of informative features that ef-
fectively represent quality-related patterns. In this subsection, the Shapley values for each feature
are first calculated. Then, the proposed MOEA/D multi-objective feature selection algorithm is
used to select a subset of features from the high-dimensional data that reduces class overlap and
improves classification accuracy.
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The proposed feature selection algorithm initializes, crosses, and mutates populations based
on the Shapley values of features. Therefore, the Shapley values for each feature need to be calcu-
lated before feature selection. In this study, the LightGBM model is used to calculate Shapley val-
ues, assessing each feature's contribution to the model's prediction results. For calculating Shap-
ley values, the LightGBM classification model's n_estimators is set to 1000 and max_depth to 10,
with other parameters using Scikit-learn's default settings. The SHAP contributions of the top 10
important features are shown in Fig. 4. In the figure, the horizontal axis displays Shapley values,
with positive Shapley values indicating a positive impact on the quality inspection model and neg-
ative Shapley values indicating a negative impact.
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important features feature selection algorithm

The population size for the MOEA/D feature selection algorithm is set to 100, with a maximum
of 100 iterations and a crossover probability of 0.9. During population initialization and crossover,
the retention ratio for important features is set to 0.3. The mutation probability is set to 0.1, and
the sparsity factor for the mutation operator is set to 0.05. These settings follow common practices
in MOEA/D studies and are consistent with recommendations in the literature [29]. The KNN-3
model is used as the evaluation model during feature selection. As shown in Fig. 5, the MOEA/D
feature selection algorithm obtains four different Pareto solutions.

The LightGBM quality inspection model is trained and validated using the four selected feature
sets obtained from the MOEA/D feature selection algorithm and the original, unselected features.
The LightGBM classification model is configured with n_estimators set to 1000 and max_depth set
to 10, with other parameters using the default settings from the Scikit-learn library. The evaluation
metrics for the four feature selection schemes and the original feature scheme are shown in Table
1. Asseenin Table 1, the second feature selection scheme chosen by the MOEA/D algorithm achieves
the best performance across all evaluation metrics, achieving the highest values in Recall, AUROC,
and AUPRC. Therefore, the second feature selection scheme is selected as the final scheme. Com-
pared to the model using unselected features, the AUROC increases from 0.685 to 0.770, an improve-
ment of 12.4 %, and the AUPRC increases from 0.932 to 0.972, an improvement of 4.3 %.

To evaluate the stability of the MOEA/D-based feature selection process, we repeated the op-
timization 10 times under identical settings. For each run, the feature subset with the highest
AUPRC was selected and evaluated using the LightGBM classifier. Fig. 6 presents the AUPRC values
of these best-performing subsets across runs. The results show that the AUPRC values consist-
ently fall within the range of 0.970 to 0.983, indicating minimal performance variation.

Table 1 Evaluation metrics for different feature selection schemes

Features Recall AUROC AUPRC
MOEA/D_1 1.0 0.747 0.965
MOEA/D_2 1.0 0.770 0.972
MOEA/D_3 1.0 0.735 0.967
MOEA/D_4 1.0 0.766 0.968
original 1.0 0.685 0.932

468 Advances in Production Engineering & Management 20(4) 2025



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

.0 0.983 0.970 0.979 0.977 0.974 0.972 0.981 0.978 0.977 0.974

Best AUPRC

Fig. 6 AUPRC values of the best-performing feature subsets selected by MOEA/D across 10 independent runs
4.3 Quality inspection model construction

After obtaining the optimal feature subset, decision trees, XGBoost, LightGBM, and Extra Trees are
used as base models within the SPE framework to construct the quality inspection models. To
achieve the best performance for the quality inspection models, the Optuna [30] framework is
employed to optimize the hyperparameters of the four base classifiers: decision tree, XGBoost,
LightGBM, and Extra Trees. The hyperparameter optimization aims to maximize the AUROC, with
100 iterations. The ranges for hyperparameter optimization and the best-obtained hyperparam-
eters for the base classifiers are shown in Table 2.

Then, the four hyperparameter-optimized base classifiers are integrated with the SPE frame-
work, forming the SPE-DT, SPE-LightGBM, SPE-XGBoost, and SPE-ET models. The estimators pa-
rameter within the SPE framework is then optimized, using AUROC as the evaluation metric. The
optimization range for the estimators parameter is [1, 300], and the AUROC values for the four
models under different estimators are shown in Fig. 7. Finally, the optimal estimators for SPE-DT,
SPE-LightGBM, SPE-XGBoost, and SPE-ET are 230, 100, 100, and 30, respectively.

Table 2 Hyperparameter ranges and best hyperparameters for different quality inspection models

Hyperparameters Ranges Decision tree LightGBM XGBoost Extra trees
n_estimators [200,2000] N/A 1400 1900 650
max_depth [5,40] 15 34 39 6
learning_rate [0.01,0.5] N/A 0.086 0.252 N/A
reg_lambda [0,5] N/A 0 N/A N/A
reg_alpha [0,5] N/A 0 N/A N/A
L ] 1.0
0.80 . @ Bou—— 5 ‘./ \x___ )
L \,S’d':‘--——"—&‘i\x:"‘. e /(.
r %) O T G e + 08
[+ \-)I(-/ .
0.75F i f ] 7
O o ® =
) Lot S 06 — LGBM (AFROC = 0.77)
S orof i 5 I i B— SPELGBM (AUROC = 0.80)
E [ & g ——— DT (AUROC = 0.53)
A7) 0.4 54 SPEDT (AUROC — 0.82
065[ | Method gL 7 -DT ( = 0.82)
C —e— SPEDT = . ET (AUROC = 0.81)
r -%- SPElightGBM 0.2 N SPE-ET (AUROC = 0.81)
0.60 1 SPE-ET = —— XGBoost (AUROC = 0.73)
r ..' ! == SPE-XGBoost , fffffff SPE-XGBoost (AUROC = 0.79)
H 6 L1 |5U| 11 |100| [ I15UI L1 |200| [ I25UI 11 |300| U'%_[’]/ 03 01 G 08 0
Number of estimators False Positive Rate

Fig. 7 AUROC for different estimators in four SPE models  Fig. 8 ROC curves for different quality inspection models

The selected optimal feature subset is used to train the hyperparameter-optimized models, the
ROC curves for each model are shown in Fig. 8, and the confusion matrices for each model are
shown in Fig. 9. When using an independent decision tree model, only 1 defective product is
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correctly identified, while 20 defective products are incorrectly identified as quality-compliant.
As shown in Table 3, the independent DT model achieves a Specificity of 0.048, a G-Mean of 0.210,
and an AUROC of 0.525. In contrast, when combining the SPE framework with the decision tree
model, 14 out of 21 defective samples are correctly identified as defective by the SPE-DT model.
Its Specificity reaches 0.667, G-Mean reaches 0.758, and AUROC reaches 0.824. The relative per-
centage difference in G-Mean between SPE-DT and DT is 261.90 %.
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Fig. 9 Confusion matrices for different quality inspection models
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Table 3 Performance evaluation of different three-based classifiers for spe quality inspection models

Classifiers Recall Specificity G-Mean AUROC AUPRC
Decision tree 0.931 0.048 0.210 0.525 0.936
LightGBM 1.0 0.095 0.308 0.770 0974
XGBoost 1.0 0.047 0.218 0.731 0.964
Extra Trees 1.0 0.0 0.0 0.784 0.979
SPE-DT 0.862 0.667 0.758 0.824 0.983
SPE-LightGBM 0.927 0.333 0.556 0.797 0.979
SPE-XGBoost 0.890 0.476 0.651 0.785 0.978
SPE-ET 0.828 0.571 0.688 0.809 0.983

The independent LightGBM model achieves a Specificity of 0.095, a G-Mean of 0.308, and an
AUROC of 0.770. In contrast, when LightGBM is used as the base estimator within the SPE frame-
work, the model's Specificity increases to 0.333, G-Mean to 0.556, and AUROC to 0.797. The rela-
tive percentage difference in G-Mean between SPE-LightGBM and the independent LightGBM
model is 80.52 %.

The standalone XGBoost model correctly identifies only 1 defective product, while incorrectly
identifying 20 defective products as quality-compliant. The independent XGBoost model achieves
a Specificity of 0.047, G-Mean of 0.218, and AUROC of 0.731. In contrast, when XGBoost is used as
the base estimator within the SPE framework the model correctly classifies 10 out of 21 defective
samples, achieving a Specificity of 0.476, G-Mean of 0.651, and AUROC of 0.785. The relative per-
centage difference in G-Mean between SPE-XGBoost and the independent XGBoost model is
198.62 %.

Similarly, using the standalone Extra Trees model, all 21 defective samples are incorrectly clas-
sified as quality-compliant, resulting in a Specificity of 0, G-Mean of 0, and AUROC of 0.784. In
contrast, when Extra Trees is used as the base estimator within the SPE framework, the model
correctly classifies 12 out of 21 defective samples, improving the Specificity to 0.571, G-Mean to
0.688, and AUROC to 0.809.

Overall, the SPE framework significantly enhances the performance of all models. Among the
evaluated models, the SPE-DT model performs the best. In addition, the performance improve-
ments obtained across different tree-based classifiers indicate that the SPE framework exhibits a
degree of robustness to the choice of base learner, although variations in absolute performance
remain. However, the SPE model still exhibits some misclassification issues, mistakenly identify-
ing some quality-compliant products as defective. In the context of quality inspection, it is im-
portant to recognize that the cost of incorrectly judging defective products as quality-compliant
far outweighs the cost of misclassifying quality-compliant products as defective. The former can
lead to defective products entering the market, resulting in customer complaints and potential
recall risks, whereas the latter typically only triggers additional manual re-inspection and there-
fore has a lesser impact.

4.4 Comparison with other quality inspection models

To validate the effectiveness of the proposed quality inspection model, the best-performing SPE-
DT model is compared with SmoteBoost, RusBoost, SmoteBagging, and BalanceCascade models.
SmoteBoost combines Synthetic Minority Over-sampling Technique (SMOTE) and AdaBoost, mak-
ing it particularly suitable for handling class imbalance issues. RusBoost integrates Random Under
Sampling (RUS) and AdaBoost algorithms to balance the dataset by reducing majority class sam-
ples, enhancing the classifier's ability to identify minority class samples. SmoteBagging combines
SMOTE and Bagging to improve the detection rate of minority class samples by performing
SMOTE sampling on each subset followed by Bagging training, thereby improving the classifier's
performance on imbalanced datasets. BalanceCascade gradually eliminates poorly performing
features and samples through a layer-by-layer selection process, ultimately optimizing classifica-
tion performance. These models are competitive approaches for addressing class imbalance and
class overlap problems. In this study, the parameters for all models are consistent with their orig-
inal settings in the respective papers.

In Table 4, the SPE-DT model is compared with other common quality inspection models. Ac-
cording to the results in Table 4, the SPE-DT model performs exceptionally well across the key
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metrics of Specificity, G-Mean, and AUROC. The Specificity of the SPE-DT model reaches 0.667,
significantly outperforming the other models. Furthermore, the improvement in G-Mean is par-
ticularly noteworthy. The SPE-DT's G-Mean value of 0.758 represents an approximate 27.2 % in-
crease compared to RusBoost's 0.596 and a 34.9 % improvement over BalanceCascade's 0.562.
Among all models, the SPE-DT achieves the highest G-Mean among all evaluated models, indicat-
ing a more balanced performance in terms of detection accuracy and recall. Regarding AUROC, the
SPE-DT model achieves a value of 0.824, slightly lower than BalanceCascade's 0.827, yet still su-
perior to most models. Overall, the significant improvements in Specificity and G-Mean, along with
its competitive AUROC, demonstrate the superiority of the SPE-DT model in quality inspection.

Furthermore, to further validate the applicability and superiority of the proposed SPE-DT model
in industrial quality-inspection tasks, we compared it against several representative methods from
recent literature, including particle swarm optimization (PSO), naive bayes, RF, gradient deep learn-
ing boosting (GDLB), and contribution-degree-based spiking neural network (CDSNN). As shown in
Table 5, SPE-DT outperforms all competing approaches on multiple key metrics: it achieves a recall
of 0.862 and a specificity of 0.667, striking a strong balance between positive and negative class
identification and yielding a G-Mean of 0.758, substantially higher than that of the other methods.
Its F1-score of 0.858 further demonstrates an optimal trade-off between precision and recall, and
an AUROC of 0.824 confirms its superior discriminative capability on imbalanced data.

Table 4 Performance evaluation of SPE-DT model compared to other models

Classifiers Recall Specificity G-Mean AUROC AUPRC
SMOTEBoost 1.0 0 0 0.804 0.979
RusBoost 0.931 0.381 0.596 0.796 0.980
SMOTEBagging 1.0 0 0 0.812 0.980
BalanceCascade 0.948 0.333 0.562 0.827 0.981
SPE-DT 0.862 0.667 0.758 0.824 0.983

Table 5 Performance comparison between the proposed model and representative literature methods

Method Recall Specificity G-Mean F1-score AUROC
PSO [31] 0.986 0.110 0.329 0.688 N/A
Naive Bayes [10] N/A 0.667 N/A N/A 0.747
RF [7] 0.380 N/A N/A 0.290 0.720
RF [32] N/A N/A N/A N/A 0.770
GDLB [33] 0.690 N/A N/A 0.310 0.790
CDSNN [34] 0.20 N/A N/A 0.190 0.560
Proposed 0.862 0.667 0.758 0.858 0.824

5. Conclusion

This study presents a novel quality inspection framework, MOFS-SPE, that integrates multi-objec-
tive feature selection with a self-paced ensemble learning strategy to address the challenges of
class imbalance and class overlap in semiconductor manufacturing. The framework employs a
MOEA/D-based feature selection algorithm, using AUPRC and R-value as objective functions, to
extract a compact and informative subset of quality-related features from high-dimensional pro-
cess data. Subsequently, the self-paced ensemble framework is combined with four tree-based
classifiers to construct a robust quality classification model. The proposed approach is validated
on a real-world semiconductor manufacturing dataset, and the experimental results demonstrate
the following:

e Compared to models without feature selection, the multi-objective feature selection method
based on MOEA/D significantly improves model performance. Specifically, AUROC is en-
hanced from 0.685 to 0.770, an increase of 12.4 %, and AUPRC rises from 0.932 to 0.972, an
increase of 4.3 %.

e The SPE framework significantly enhances the overall performance of the four tree models,
particularly in reducing the misclassification of defective products. The SPE-DT model
shows notable improvements in Specificity and G-Mean, and its competitiveness in AUROC
highlights its superiority in quality inspection.
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Comparison with models such as SmoteBoost, RusBoost, SmoteBagging, and BalanceCas-
cade indicates that the SPE-DT model excels in Specificity, G-Mean, and AUROC.

The proposed method is essentially data-driven and does not explicitly incorporate process
knowledge, which limits the interpretability of the selected features from a physical or en-
gineering perspective. Future research will explore the integration of domain knowledge or
physics-informed modeling to enhance the interpretability and practical relevance of the
framework. In addition, assessing the applicability of the proposed method in actual pro-
duction environments and real-time inspection settings will be an important direction for
future work.
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