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Abstract—Unit-to-unit variation among the production
chambers is a long-lasting challenge for Fault Detection and
Classification (FDC) development in the semiconductor indus-
try. Currently, various methods are applied for knowledge
transfer among chambers and generalized FDC model develop-
ment. However, the existing methods cannot give a quantitative
or qualitative measure for cross-chamber data transferability
evaluation. This research proposes a novel methodology for
data transferability evaluation and important sensor screen-
ing, which can serve as a data quality evaluation tool for any
FDC model. In this research, firstly, Time Series Alignment
Kernel (TSAK) is incorporated into Multidomain Discriminant
Analysis (MDA) algorithm to achieve sensor-based domain gener-
alization. Then, domain-invariant features are directly extracted
for sensor visualization. After that, Fisher’s criterion ratios of
the labeled good wafer samples and defective ones are com-
puted based on the domain-invariant features of each sensor
to quantitatively estimate how easy it is to transfer knowl-
edge of each sensor among chambers, i.e., data transferability
evaluation. Lastly, the proposed method develops a Recursive
Feature Elimination (RFE)-based sensor selection algorithm to
qualitatively analyze the importance of each sensor channel and
identify the critical sensor subset. In this study, validation of the
proposed method is based on two open-source datasets from real
production lines.

Index Terms—Semiconductor, timer series alignment kernel,
domain generalization, sensor selection, fault detection and
classification.

I. INTRODUCTION

IN MANY semiconductor manufacturing processes, FDC
plays a pivotal role in ensuring product quality and

Manuscript received 30 July 2022; revised 14 October 2022; accepted 7
November 2022. Date of publication 16 November 2022; date of current ver-
sion 3 February 2023. This work was supported in part by the Research
Grants Council (RGC) General Research Fund under Grant CityU 11215119
and Grant CityU 11209717. (Corresponding author: Xiaodong Jia.)

Feng Zhu is with the Department of Advanced Design and Systems
Engineering, City University of Hong Kong, Hong Kong (e-mail: fenzhu2-c@
my.cityu.edu.hk).

Xiaodong Jia, Wenzhe Li, and Jay Lee are with the Center for Intelligent
Maintenance Systems, University of Cincinnati, Cincinnati, OH 45221 USA
(e-mail: jiaxg@ucmail.uc.edu).

Min Xie is with the Department of Advanced Design and Systems
Engineering and the School of Data Science, City University of Hong Kong,
Hong Kong (e-mail: minxie@cityu.edu.hk).

Lishuai Li is with the School of Data Science, City University of Hong
Kong, Hong Kong (e-mail: lishuai.li@cityu.edu.hk).

Color versions of one or more figures in this article are available at
https://doi.org/10.1109/TSM.2022.3222475.

Digital Object Identifier 10.1109/TSM.2022.3222475

Fig. 1. Visualization of the data distribution for Eigen Vector data set [10]:
three clusters are observed in the scatter plot, corresponding to the collected
data from three different chambers.

consistency [1], [2]. It is superior to relying on post-process
metrology as it can quickly detect the defective parts based
on the process data (or trace data) [3], [4]. However, chamber
discrepancy (or unit-to-unit variation) has been a long-lasting
challenge that limits the general application of FDC models in
modern fabs because the data from different production cham-
bers tend to form distinctive clusters [5], [6], see Fig. 1 for
an example. The FDC model trained based on data from one
chamber will have poor detection performance when applied
to another one. Therefore, tool-based FDC models are often
built as an alternative to making sure that the model can func-
tion as excepted [7], [8], [9]. Unfortunately, this is no longer
a viable solution as the products are highly mixed nowadays,
and hundreds of products are produced concurrently from the
production line. As a result, the product combinations made in
different chambers are highly diverse, and establishing a tool-
based FDC model is extremely difficult for low-run products
due to data scarcity. Therefore, the investigation of new solu-
tions is required to establish the FDC model to overcome the
unit-to-unit variation.

This research attempts to overcome this issue using domain
generalization techniques. Our objective is not to establish
a Deep Neural Networks (DNNs)-based FDC model to trans-
fer knowledge from one chamber to another because DNNs
require a massive number of labeled samples. Besides, DNNs
are often criticized as non-transparent due to their multi-layer
nonlinear structure. Instead, we employ kernel-based domain
generalization techniques to evaluate the transferability of the
FDC knowledge across different chambers. Transferability is
a measure that can tell us if the sensor channel contains crit-
ical information for FDC and how easy it is to transfer such
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information across different chambers. After quantifying the
data transferability of the raw data, the critical sensors con-
tributing to such transferable FDC information are located,
and hand-crafted features can be subsequently designed for
FDC model training, enhancing the model generalization abil-
ity. Till now, data transferability is still a blind spot of research
in the industrial area, and there is a lack of clear answers on
whether the data from different processing chambers can be
transferred. The presented study aims to answer this ques-
tion by establishing quantitative measures for cross-chamber
data transferability evaluation and qualitatively analyzing the
sensor importance.

Time Series Alignment Kernel (TSAK), proposed in our
previous publication [11], is used to give an objective evalua-
tion of the cross-chamber data transferability. The traditional
FDC models take features as input, and the model performance
highly depends on the quality of features [9], [12], [13].
Therefore, it cannot be leveraged to give an objective eval-
uation of sensors in the present study. In comparison, TSAK
is a positive-definite (p.d) kernel that takes multivariate time
series as input. It has several friendly properties: 1) It is
a kernel-based approach and thus can directly handle time
variability among different wafer runs (e.g., the time duration
of the trace data is different for each wafer run). Compared
with the other sequence alignment methods like Dynamic
Time Warping (DTW) and Sequence to Sequence (Seq2Seq)
model, TSAK can align the time series meanwhile directly
calculate the similarity between two time series of vari-
ous lengths. 2) The kernel is compatible with almost all
kernel-based classifiers like Support Vector Classifier (SVC),
Gaussian Process Classifier (GPC), and more. 3) It elim-
inates the need for data preprocessing, subjective feature
design and extraction as it can directly take multivariate trace
data (raw data) as input. Thus, TSAK is a suitable method for
objective evaluation of the cross-chamber data transferability.
For other details about TSAK, please refer to our previous
work [11].

This paper proposes a novel methodology to evaluate the
cross-chamber data transferability and identify the critical sen-
sor subset. The proposed method provides a novel data quality
evaluation method for establishing FDC models. The detailed
steps in the proposed method include: 1) TSAK is used to
construct the kernel or gram matrix with the multivariate trace
data; 2) MDA is used to generate the domain-invariant features
of each sensor for visualization, addressing the unit-to-unit
variation issue; 3) Based on the domain-invariant features of
each sensor, Fisher’s criterion ratios of the labeled good wafer
samples and defective ones are computed for data transfer-
ability evaluation. 4) RFE is used to qualitatively analyze the
importance of each sensor channel and identify the critical
sensor subset. In summary, the contributions and novelties of
this research can be summarized as follow: 1) This research
considers the problem of sensor screening for multi-chamber
from a global perspective for the first time and propose
a novel methodology to deal with this problem; 2) The
core novelty in the proposed methodology is an innovative
way for domain generalization. By incorporating TSAK into
MDA, the sensor-based domain generalization can directly

extract domain-invariant features without any subjective fea-
ture design or data preprocessing; 3) Sensor-based domain
generalization provides a novel sensor visualization method
which is robust to the unit-to-unit variation among chambers;
4) We provide a measure for data transferability evaluation by
quantifying the discriminative power of the domain-invariant
features from every single sensor.

This article is organized as follows: Section II introduces
the technical background of FDC and reviews the relevant
literature about domain generalization techniques. Section III
elaborates the proposed methodology for data transferability
evaluation and sensor screening. In Section IV, two case stud-
ies using open-source datasets from real production lines are
demonstrated to validate the proposed method. The concluding
remarks are stated in Section V.

II. TECHNICAL BACKGROUND

A. Literature Review

FDC models can be separated into three categories: tool-
based models, product-based models, and generalized models.
Tool-based models are widely investigated in the semicon-
ductor industry. Hong et al. [14] employed Modular Neural
Network (MNN) to model tool data for Fault Detection (FD)
and utilized D-S theory for Fault Classification (FC),
which can identify multiple faults in a plasma etching
system. Chien et al. [15] proposed an FDC framework
using Multiway Principal Component Analysis (MPCA) and
data mining. Lee et al. [16] proposed FD-Convolutional neu-
ral network (CNN) for FC, which can extract fault features
and locate the sensor channels and time intervals representing
faults. Fan et al. [3] proposed a feature extraction method with
supervised classification approaches to find key parameters
and identify key steps during the semiconductor manufac-
turing process. Besides, some sensor screening methods are
used to find the critical sensor channels and improve model
performance, which are tool-based models. Fan et al. [4]
proposed a key parameter identification method using image
processing techniques and the application of Fourier trans-
form to detect wafer defects during the manufacturing process.
Fan et al. [8] proposed using the random forests algorithm to
analyze the importance of equipment sensors. Then, k-means
is used to filter the critical sensors. Our previous work [11]
proposed a novel approach for important sensor screening
by combing TSAK and minimum Redundancy Maximum
Relevance (mRMR) framework. However, due to the unit-
to-unit variation, the tool-based models are only applicable
to their corresponding chambers because they only consider
the local characteristic in each chamber. Unit-to-unit varia-
tion mainly comes from the following aspects: 1) tool state
difference of the chambers over a maintenance cycle; 2) dif-
ference of the incoming materials; 3) difference of the recipe
setting of the chambers [7], [17]. Because the semiconductor
manufacturing process is nonlinear, time-varying, and subject
to disturbances, unit-to-unit variation will lead to distribu-
tion variation or multimodal batch trajectories in the collected
data [18], [19]. Therefore, the tool-based models usually can-
not remain a competitive detection performance when being
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applied to other chambers. Even worse, if a new product line
executes on the same chamber, the tool-based models will also
be directly obsoleted, due to the chamber bias arose in recipe
differentials, product specification, etc.

Product-based models entail transferring knowledge
acquired from the previously established FDC model to aid
the training of the FDC model for the new products. It
avoids recourse to a time-consuming process for the FDC
data accumulation of new products. Fan et al. [20] proposed
a novel product-to-product (P2P) VM model to predict
photoresist spacer heights in the color filter process. However,
the proposed model is restricted to the different products
being processed in the same chamber. It cannot address the
unit-to-unit variation issue for now. There is little research
about the product-based FDC models.

Generalized models consider the global characteristics of
different equipment, which can be used for process moni-
toring of multi-chamber. However, each chamber is required
to have a certain number of training samples for model
development. The data accumulation of new chambers is
still time-consuming. To establish a generalized FDC model,
k-Nearest Neighbor (kNN) was employed as a popular algo-
rithm to handle the unit-to-unit variation. He and Wang [18]
proposed a kNN-based FD method that detects anomalies by
evaluating the observation distance to the normal operating
region. Zhou et al. [21] proposed a fault detection method
based on random projection and kNN rule, where random
projection is used for distance preservation to ensure the
model robustness after dimension reduction. Zhang et al. [22]
proposed a fault detection strategy based on the weighted
distance of kNN, which provided a new statistic that can
eliminate the influence of variance structure in multimodal
processes and reduce the autocorrelation of statistic values.
In general, the current generalized models are effective for
fault detection with the unit-to-unit variation, but there are two
limitations: 1) kNN does not perform well in the multi-class
FC problem because there may be confusion among different
classes in the collected data from all chambers; 2) There is
still a lack of a generalized sensor screening method to con-
sider the data transferability of each sensor and identify critical
sensor subset for multi-chamber from a global perspective.

B. Domain Generalization Techniques

To address the research limitations mentioned above, this
research will use domain generalization techniques to han-
dle the unit-to-unit variation issue. Domain generalization
is a generalization-related research topic to deal with dis-
tribution gaps and enhance the generalization ability of
machine learning models [23]. The general idea of domain
generalization is to learn a domain-invariant representa-
tion with stable distribution from all source domains [24].
Kernel-based projection is one of the main techniques
to solve domain generalization problems, which has been
widely investigated. Ghifary et al. [25] proposed Scatter
Component Analysis (SCA) by combining Kernel Principal
Component Analysis (KPCA), Kernel Fisher Discriminant
Analysis (KFDA), and domain scatter in a single objective

function. Then, spectral decomposition is used to solve the
optimization problem to find a domain-invariant representa-
tion. Li et al. [26] proposed Conditional Invariant Domain
Generalization (CIDG) under the assumption of conditional
shift [27], which is an enhanced variant of SCA. It can learn
a feature representation with domain-invariant class condi-
tional distributions. Hu et al. [28] proposed Multidomain
Discriminant Analysis (MDA), which further relaxes the
causally motivated assumption in CIDG. It can be applica-
ble for domain generalization under the generalized target
shift [27].

Domain generalization can radically eliminate the effect of
the unit-to-unit variation, which performs well in both FD
and FC problems. Moreover, by incorporating TSAK into
kernel-based domain generalization methods, domain-invariant
features can be directly extracted from raw trace signal data of
each sensor channel without any feature design or data pre-
processing. Thus, the extracted features from each sensor
can be used to give an objective evaluation of the cross-
chamber data transferability and sensor importance. The good
discriminative power of the features represents that the corre-
sponding sensor has critical and transferable information for
FDC, implying that it has high data transferability across the
different chambers. Domain-invariant features offer an oppor-
tunity to assess the data transferability of each sensor, develop
a robust sensor screening method and build a generalized FDC
model from a global perspective.

III. METHODOLOGY

A. Overview

Before introducing the proposed methodology, the follow-
ing assumptions need to be stated first: 1) The FDC tasks are
identical for different chambers, which means that the cham-
ber condition labels are shared; 2) The number and types of
sensors used for process monitoring on all chambers should
be the same. Supposing there are labeled trace datasets col-
lected from several chambers with the unit-to-unit variation,
this research aims to develop a sensor screening method to
identify the critical sensor subset with valuable information
for FDC development.

An overview of the proposed methodology is shown in
Fig. 2. The proposed method includes four major stages:
(1) Kernel matrix construction, (2) Domain generalization,
(3) Data transferability evaluation and (4) RFE-based sen-
sor selection. Based on the investigation and benchmark for
TSAKs in [11], Global Alignment (GA) kernel is recom-
mended as the most suitable TSAK for semiconductor FDC
considering its good accuracy and the p.d property. Thus, in
stage 1, GA kernel is used to construct the kernel matrix with
the trace data of each sensor. In stage 2, MDA is proposed
for domain generalization, considering its relaxed causally
motivated assumption and better accuracy [28]. Based on the
kernel matrix generated by TSAK, we obtain the domain-
invariant features by using MDA for each sensor channel,
which can be directly used for sensor importance visualiza-
tion. The proposed sensor visualization method is robust to
the unit-to-unit variation. In stage 3, Fisher’s criterion ratio is
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Fig. 2. Flow chart for the proposed methodology.

used for data transferability evaluation. At last, RFE frame-
work is used for sensor selection to qualitatively analyze the
sensor importance and identify the critical sensor subset.

B. Global Alignment Kernel

Let π be the alignment between two discrete time series
x = (x1, . . . , xa) and y = (y1, . . . , yb) of lengths a and b,
respectively. Then π is a pair of increasing vectors (πx, πy)

of length p ≤ a + b − 1, then 1 = πx
1 ≤ · · · ≤ πx

p = a and
1 = π

y
1 ≤ · · · ≤ π

y
p = b are the warping path for x and

y respectively. Based on the alignment π , GA kernel can be
calculated as below:
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(
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))
, (1)

where A(x, y) is the set of all possible alignment paths, ϕ is
defined as the squared Euclidean distances ϕ(x, y) = ‖x− y‖2,
then the local kernel function kL induced from the ϕ as
kL

def=e−ϕ . According to (1), kGA is defined as the summation
of exponentiated distance over all possible alignment paths.
Then, there will not be any cost or risk of the bad warping
path. Moreover, the theoretical discussion in [29] indicates the
p.d property of GA kernel. The computation of GA kernel can
be stated as:

Mi,j =
(
Mi−1,j +Mi−1,j−1 +Mi,j−1

) · kL
(
xi, yj

)
, (2)

where Ma,b is GA distance between x and y. GA kernel
directly takes trace data as algorithm inputs and measures the
discrepancy between two time series with different lengths.

Then, we can construct the kernel matrix with time series
data in most kernelized machine learning algorithms by using
GA kernel. It is essential to note the following details for
the implementation of GA kernel: 1) If one sequence is more
than two times longer than another sequence, GA kernel
may produce a diagonal dominant Gram matrix. Triangular
GA (TGA) kernel can better address this issue. Interested
readers can refer to [29] for more details; 2) Regarding the
parameter tuning strategy for GA kernel, readers can follow
the instruction given in [29]; 3) In the following discussion,
the normalized counterpart k̃(x, y), which can be described
by k(x, y)/

√
k(x, x) · k(y, y), will be employed for further

algorithm development.

C. Multidomain Discriminant Analysis

Before introducing MDA algorithms, we briefly revisit the
kernel mean embedding, an important mathematical tool for
representing and comparing probability distributions. Kernel
mean embedding represents distributions as elements of
a reproducing kernel Hilbert space (RKHS) [30], [31]. An
RKHS H on domain X associated with a kernel k(·, ·) on
X × X is a Hilbert space of functions f : X → R. Denoting
its inner product by 〈·, ·〉H, RKHS H meets the reproducing
property 〈f (·), k(x, ·)〉H = f (x), where φ(x) := k(x, ·) rep-
resents the canonical feature map of x such that φ(x) ∈ H.
Given two observations xs

1 ∈ X and xs
2 ∈ X from domain s, we

have 〈φ(xs
1), φ(xs

2)〉 = k(xs
1, xs

2). Then, the kernel embedding
of a distribution P(X) is defined as:

μX := EX∼P(X)[φ(X)] = EX∼P(X)[k(X, ·)]. (3)

If the kernel k is characteristic, μX will be injective and can
capture all information of the distribution P(X), which means
that ‖μX − μX′ ‖H = 0 if and only if P(X) and P(X′) are the
same [31]. Although the kernel mean embedding cannot be
directly computed, it can be estimated by using observations.
Given D = {xi}ni=1 ∈ P(X), where n is the sample size of the
domain P(X), the kernel mean embedding can be empirically
estimated by:

μ̂X=1

n

n∑

i=1

φ(xi) = 1

n

n∑

i=1

k(·, xi). (4)

Four regularization measures have been derived based on
the kernel mean embedding to formulate a feature learning
algorithm referred to as MDA, including 1) Average domain
discrepancy, 2) Average Class Discrepancy, 3) Multidomain
between-class scatter, 4) and Multidomain within-class scatter.

Average domain discrepancy, �add, is used to measure
the discrepancy of the class-conditional distributions. Given
a set of all class-conditional distributions P = {Ps

j } for
s ∈ {1, . . . , m} and j ∈ {1, . . . , c}, where s is the domain index,
and j is the class index, denote the kernel mean embedding of
P

s
j by μs

j . Then, �add is defined as

�add = 1

c

(
m
2

)
c∑

j=1

∑

1≤s<s′≤m

∥∥∥μs
j − μs′

j

∥∥∥
2

H
, (5)
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where

(
m
2

)
is the number of 2-combinations from a set of

m elements.
Average class discrepancy, �acd, is used to avoid that the

means of class-conditional distribution of different classes are
close, which is defined as

�acd = 1(
c
2

)
∑

1≤j<j′≤c

∥∥∥μj − μj′
∥∥∥

2

H
, (6)

where μj = ∑m
s=1 P

s
j μ

s
j is the mean representation of class j

in RKHS H.
Multidomain between-class scatter, �mbs, and within-class

scatter, �mws, are used to measure the discriminative power in
RKHS H, which are derived from Kernel Fisher Discriminant
Analysis (KFDA). �mbs is defined as

�mbs = 1

n

c∑

j=1

nj
∥∥μj − μ

∥∥2
H

, (7)

where nj is the total number of instances in class j, and n =∑c
j=1 nj. μ = ∑c

j=1 Pjμj is the mean representation of the
entire set in RKHS H. �mws is defined as

�mws = 1

n

c∑

j=1

m∑

s=1

ns
j∑

i=1

∥∥∥φ
(

xs
i∈j

)
− μj

∥∥∥
2

H
, (8)

where xs
i∈j denotes the feature vector of ith instance of class j

in domain s.
Based on these four regularization measures, MDA aims

to search a transformation from RKHS H to a q-dimensional
space R

q, W : H → R
q, to eliminate the distribution varia-

tion among different domains. Let DS = {xi, yi}i=1,...,n be the
dataset from all m domains (n = ∑m

s=1 ns, where ns is the
number of samples in the s-th domain). Kernel function can
give a feature mapping φ : R→ H, and define a set of func-
tions arranged in a column vector � = [φ(x1), . . . , φ(xn)]T.
Then, W can be expressed as a linear combination of all
canonical feature maps in �, i.e., W = �TB, where B ∈ R

n×q

is the coefficient matrix of canonical feature maps [32].
Considering the property of norm in RKHS, �add can be

computed as

�add = tr

⎛

⎜⎜⎝
1

c

(
m
2

)
c∑

j=1

∑

1≤s<s′≤m

(
μs

j − μs′
j

)(
μs

j − μs′
j

)T

⎞

⎟⎟⎠,

(9)

where tr(·) denotes the trace operator. After applying the trans-
formation W, the �add in the transformed feature space in R

q

can be computed as

�add
B = tr

(
BTGB

)
, (10)

where

G = 1

c

(
m
2

)
c∑

j=1

∑

1≤s<s′≤m

�
(
μs

j − μs′
j

)(
μs

j − μs′
j

)T
�T

Similarly, the other three regularization measures in the
transformed feature space in R

q are given by

�acd
B = tr

(
BTFB

)
,

�mbs
B = tr

(
BTPB

)
,

�mws
B = tr

(
BTQB

)
, (11)

where F = 1(
c
2

)
∑

1≤j<j′≤c �(μj − μj′)(μj − μj′)
T�T,

P = 1
n

∑c
j=1 nj�(μj − μ)(μj − μ)T�

T
, Q = 1

n

∑c
j=1

∑m
s=1∑ns

j
i=1 �(φ(xs

i∈j)− μj)(φ(xs
i∈j)− μj)

T�T.
At last, MDA unifies all the measure and seek the transfor-

mation by solving an optimization problem in the form of the
following expression:

argmax
B

�acd
B +�mbs

B

�add
B +�mws

B

(12)

It is noted that the maximization of the objective function
can preserve the discriminative power among different classes
while improving the overall compactness of distributions of
all classes to make the class-conditional distributions of the
same class as close as possible. By substituting (10) and (11),
adding the trade-off parameters to control the significance of
each measure, and adding WTW = BTKB for regulation, the
objective function (12) can be reformulated as

argmax
B

tr
(
BT(βF+ (1− β)P)B

)

tr
(
BT(γ G+ αQ+K)B

) , (13)

where α, β and γ are the trade-off parameters. Because the
objective (13) is consistent with the re-scaling of B, it can be
transformed as the following generalized eigenvalue problem
based on its Lagrangian

(βF+ (1− β)P)B = (γ G+ αQ+K)B� (14)

where � = diag(λ1, . . . , λq) is the diagonal matrix collect-
ing q leading eigenvalues, and B contains the corresponding
eigenvectors. Interested readers can refer to [28, Algorithm 1
and Appendix B] for more details.

As a summary, this subsection revisited MDA algorithm.
Before moving to the next subsection, it is essential to note the
following details for implementation: 1) GA kernel perfectly
matches with MDA. By incorporating GA kernel, MDA can
directly take the multivariate trace data as the input; 2) Because
there is no testing dataset in the sensor selection problem, we
only need to generate a domain-invariant feature space for
all existing datasets. Therefore, the trade-off parameters are
selected by using kNN-based Leave-one-out Cross-Validation
(kNN-LOOCV) based on the extracted features from MDA;
3) Regarding the scope of all trade-off parameters tuning,
readers can follow the instructions given in [28, Appendix E].

D. Data Transferability Evaluation and Sensor Selection

After the domain generalization, the domain-invariant fea-
tures of each sensor can be obtained. As mentioned above, the
good discriminative power of the domain-invariant features
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represents the corresponding sensor can contribute transfer-
able or domain invariant information for generalized FDC
modeling. Thus, the high data transferability is implied by
the good discriminative power. Fisher’s criterion ratio is used
to quantify the discriminative power of the domain-invariant
features extracted from every single sensor, which refers to
the data transferability score. It can be calculated by

Sw =
c∑

j=1

nj∑

i=1

(
xi∈j − μj

)(
xi∈j − μj

)T
,

Sb =
c∑

j=1

nj
(
μj − μ

)(
μj − μ

)T
,

Data transferability score = tr(Sb)/tr(Sw), (15)

where xi∈j denotes the feature vector of i-th instance of class j,
μj represents the mean vector of class j, μ represents the mean
vector of all samples, nj represents the number of samples in
class j. Data transferability score serves as a new metric for
sensor importance evaluation in a multi-chamber environment.

However, the data transferability score cannot be directly
used for sensor selection because it has not considered the
performance of features or sensors in the model development
and may eliminate part of the information. RFE is a robust
feature selection framework for classification problems that
utilize a specific classifier to qualitatively evaluate the fea-
ture subset and remove the weakest feature until the specified
number of features is reached [33]. Features are ranked by the
model’s attributes and recursively eliminate a small number
of features per loop. RFE attempts to eliminate dependencies
and collinearity in the feature set and keep all the crucial
information for the classification model. In this study, we
preserve the idea of RFE and adapt it for sensor selection.

Let us denote the feature set obtained by FeaSet = {Zi}gi=1,
where Zi represents the domain-invariant features of i-th sen-
sor, g represents the total number of installed sensors. Based
on the notation, the proposed algorithm for important sensor
selection is listed in Algorithm 1.

In Algorithm 1, each loop will remove the features cor-
responding to one useless sensor, which can be found by
exhaustive search. In the exhaustive search, all the features of
sensors in set ss′ will be combined as a single feature matrix,
and kNN-based LOOCV is used to evaluate its quality for
model performance. Also, other simple classifier and valida-
tion methods can be used for evaluation, such as SVM, logistic
regression, etc. Then, the sensor subset with the highest accu-
racy can enter the next round of screening. Theoretically, as
the sensor continues to be removed, the accuracy will grad-
ually increase. The feature elimination process will continue
until the accuracy decreases, and then the final critical sensor
subset can be identified.

IV. RESULTS AND DISCUSSION

A. Case Study 1: Eigen Vector Dataset

The case study will validate the proposed method in the
FD problem. The dataset is collected on a commercial scale
LAM 9600 TCP metal etcher at Texas Instruments, which con-
sists of the engineering variables over the course of etching

Algorithm 1 RFE for Sensor Selection

Input: Feature Set FeaSet = {Zi}gi=1
Output: Sensor set ss
ss← {1, 2, . . . , g}
acc1 = 0
acc2 = 0
while acc1≥acc2 do

acc2 = acc1

for i = 1 to length(ss) do
ss′←ss\ss(i)
acci = knnModelEvaluation(ss′)

end for
i_remove = argmaxi(acci)

ss←ss\ss(i_removed)

acc1 = max(acci)

end while
return ss

TABLE I
THE MACHINE STATES USED FOR PROCESS MONITORING

Fig. 3. Demonstration of a single useful sensor (Sensor #13): (a) Raw
trace signal; (b) Feature visualization; (c) Sensor visualization based on
TSAK+KPCA; (d) Robust sensor visualization based on TSAK+MDA (Data
transferability score: 0.84).

129 wafers [10]. Nineteen machine state signals were used
for process monitoring, as listed in Table I. The experiment
was performed three times with the widely spread interval,
and then the process drift is apparent in the data. This data is
commonly studied in the literature for FD model validation
and benchmarking.

Fig. 3 proves the effectiveness of the proposed method for
sensor-based domain generalization, which does not require
any feature design and extraction. Sensor #13 is taken as an
example. Fig. 3 (a), (b) and (c) show the raw trace signal
and scatter plot in PC space based on the traditional PCA
and TSAK+KPCA we proposed in [11]. Even if this sen-
sor contains useful information for FDC, it is challenging to
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Fig. 4. Demonstration of a single useless sensor (Sensor #8): (a) Raw
trace signal; (b) Robust sensor visualization based on TSAK+MDA (Data
transferability score: 0.06).

Fig. 5. RFE results and data transferability score of the removed sensor
channels.

distinguish between normal and faulty samples using these
two visualization methods. Thus, they are not practical for
sensor importance evaluation and further FDC modeling in
this scenario. Fig. 3 (d) show the scatter plot of the domain-
invariant features extracted by TSAK+MDA. One can see
that the samples from different classes are separate. Sensor
#13 is therefore considered to have high data transferability
considering the good discriminative power. For compari-
son, Fig. 4 shows the raw trace signal and the scatter plot
obtained by TSAK+MDA of a useless sensor (Sensor #8).
The extracted features cannot show a good separation if the
sensor has no helpful and transferable information, making it
easy to distinguish between useful and useless sensors. We can
evaluate the data transferability of each sensor by observing
the discriminative power of their domain-invariant features,
which provides a sensor importance visualization way. Also,
we can directly quantify the discriminative power by using
Fisher’s criterion ratio, obtaining the data transferability score
of each sensor. The scores of these two sensors are listed in
captions for reference.

Fig. 5 verifies the effectiveness of the proposed RFE-based
sensor selection method, which is used to remove the useless
sensor channels. The classification accuracy changes during
the process of the RFE, and the data transferability score of the
sensor channels removed per loop are also shown. One can see
the classification accuracy keeps increasing as the sensor chan-
nels are removed, which demonstrates that the proposed sensor
selection methods can remove useless sensors to improve
model performance. The sensors with low data transferabil-
ity scores will be removed first. After removing two sensor
channels, the classification accuracy has achieved 100%. After
reaching the best performance, users can further decide the

Fig. 6. Demonstration of selected sensor group: (a) Feature visualiza-
tion; (b) Sensor visualization based on TSAK+KPCA; (c) Robust sensor
visualization based on TSAK+MDA.

TABLE II
CLASSIFICATION ERROR USING LOOCV

selected sensor set based on the data transferability score of
each sensor, considering the scores of part sensors are still low.

Fig. 6 demonstrates that the domain-invariant features
extracted by TSAK+MDA can be used for generalized model
development, handling the unit-to-unit variation. Based on the
data transferability evaluation and RFE-based sensor selec-
tion, sensor #13, #10, #9, and #18 are selected for sensor
subset visualization and model validation. Similarly, Fig. 6
(a) and (b) have not shown a clear separation between dif-
ferent classes. However, Fig. 6 (c) indicates a good separation
between healthy and faulty, where the healthy area was marked
by blue and the faulty area was marked by yellow. The
boundary was obtained by using the MAP estimation in kNN
model [34]. Based on the domain-invariant features of the
selected sensors, a standard kNN model can achieve high
accuracy. Table II lists the classification accuracy before and
after sensor selection, which further proves the performance
of TSAK+MDA for generalized modeling and the effective-
ness of the proposed data transferability evaluation and sensor
selection method.

B. Case Study 2: CMU Dataset

The second case study will validate the proposed
method in the wafer dataset donated by Carnegie Mellon
University (CMU). The dataset is a collection of in-process
control measurements recorded from an etching process. Six
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Fig. 7. Demonstration of a single useful sensor (Sensor #5): (a) Raw
trace signal; (b) Feature visualization; (c) Sensor visualization based on
TSAK+KPCA; (d) Robust sensor visualization based on TSAK+MDA (Data
transferability score: 0.6037).

Fig. 8. Demonstration of a single useless sensor (Sensor #3): (a) Raw
trace signal; (b) Robust sensor visualization based on TSAK+MDA (Data
transferability score: 0.1237).

sensor channels are given for process monitoring, includ-
ing 1) Radio frequency forward power; 2) Radio frequency
reflected power; 3) Chamber pressure; 4) 405 nanometer (nm)
emission; 4) 520 nanometer (nm) emission; 6) Direct cur-
rent bias. More details about this dataset can be found in the
research of [35].

Because this dataset only contains process measurements
collected from one chamber, data augmentation is necessary
to simulate the unit-to-unit variation issue. Unit-to-unit varia-
tion always leads to distribution variation or multimodal batch
trajectories in the collected data. Thus, we choose to add
amplitude drift with the white noise to the raw trace signal to
generate a new domain. Suppose t = (t1, . . . , tk) of length k is
one of the sensor channel readings in the one wafer samples
in CMU dataset. We can add amplitude drift to all the trace
data by tnew

i = ti+ei to simulate the multimodal batch trajecto-
ries, where ei ∈ R∼([σ,� 2]). For different sensor channels,
the σ and � 2 of the amplitude drift could be varied. We gen-
erate two additional domains for the method validation. Fig. 7
(a) and Fig. 8 (a) show the raw trace signal of two sensor
channels from the CMU dataset (Chamber 1) and two simula-
tion datasets (Chamber 2 and Chamber 3). Comparing to the
first case, the data volume significantly increased.

Fig. 7 proves the effectiveness of the proposed method for
sensor-based domain generalization and robust sensor visual-
ization in the CMU data set. Sensor #5, which has already
been selected as a useful sensor for investigation in [35], is
taken as an example. Fig. 7 (a), (b), and (c) demonstrate

Fig. 9. RFE results and data transferability score of the removed sensor
channels.

Fig. 10. Demonstration of selected sensor group: (a) Feature visualiza-
tion; (b) Sensor visualization based on TSAK+KPCA; (c) Robust sensor
visualization based on TSAK+MDA.

the raw trace signal and scatter plot in PC space based on
PCA and TSAK+KPCA. In the case of increased data vol-
ume, it is more difficult to distinguish between normal and
faulty samples. Fig. 7 (d) shows the scatter plot obtained by
the proposed sensor-based domain generalization based on
TSAK+MDA. The results show a clear separation between
the two classes. Similarly, the domain generalization results
of a useless sensor (Sensor #3), as shown in Fig. 8, have not
shown a good separation. Fig. 7 and Fig. 8 prove the effec-
tiveness of the proposed sensor-based domain generalization,
and the domain-invariant features help visualize the sensor
importance and compute the data transferability score. The
data transferability scores of these two sensors are given, and
Sensor # 5 has the higher data transferability naturally.

Fig. 9 verifies the effectiveness of the proposed RFE sensor
selection method for this dataset. The classification accuracy
keeps increasing as the sensor channels are removed, which
demonstrates that the proposed sensor selection method still
works in this case. After removing two sensors, the classifica-
tion accuracy has achieved 100%. However, unlike case study
1, when removing 5 sensors, the classification accuracy begins
to decrease, which means that the information of Sensor #5 is
not enough. Therefore, Sensor #4 and Sensor #5 are selected as
the final sensor subset, which is used for further visualization
and modeling.

Fig. 10 demonstrates that the domain-invariant features
extracted by TSAK+MDA can also be used for generalized
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TABLE III
CLASSIFICATION ERROR USING LOOCV

model development in this case. Based on the data trans-
ferability evaluation and RFE sensor selection, two sensors
are selected for sensor subset visualization and model val-
idation. A conclusion consistent with case study 1 can be
obtained. Fig. 10 (a) and (b) have not shown a clear sepa-
ration, while Fig. 10 (c) indicates a good separation between
two classes. Then, high accuracy can be guaranteed by using
a common kNN model. Table III listed the classification accu-
racy before and after sensor selection, which further proves
the performance of TSAK+MD for generalized modeling and
the effectiveness of the proposed data transferability evaluation
and sensor selection method.

As a summary, these two cases can draw the following con-
clusions: 1) The proposed methodology provides a way for
sensor-based domain generalization without feature design and
extraction; 2) The domain-invariant features can be used for
robust sensor importance visualization and data transferability
evaluation; 3) A robust sensor selection method is provided to
remove the useless sensor channels; 4) The domain-invariant
features extracted by TSAK+MDA can be used for the
generalized model development, and good performance is
guaranteed.

V. CONCLUSION

This paper proposes a novel approach for data transferability
evaluation and robust sensor screening for FDC develop-
ment in semiconductor manufacturing, locating the critical
sensor channels containing valuable and transferable FDC
information. By incorporating GA kernel into MDA, domain-
invariant features are directly extracted from each sensor
and used for sensor importance visualization and data trans-
ferability evaluation. The good discriminative power of the
features represents that the corresponding sensor has critical
information for FDC and high transferability across different
chambers. Then, based on the RFE framework, the proposed
sensor selection algorithm can effectively locate and remove
the useless sensor channels. At last, the domain-invariant fea-
tures can be used for the generalized FDC model development.
The effectiveness of the proposed methodology is demon-
strated in two case studies by using public datasets. The
results show that the proposed sensor selection algorithm can
quantify the data transferability of each sensor and remove
the useless sensor channels while guaranteeing the model
performance. Besides, the high accuracy of the generalized

model demonstrates the model robustness to the unit-to-unit
variation.

However, the proposed methodology belongs to the gen-
eralized FDC models, which require that each chamber have
enough training samples for sensor selection and model devel-
opment. Sometimes insufficient data in some chambers may
affect the model performance. In the future investigation, we
plan to address this issue by combining the idea of gener-
alized models and product-based models. We plan to extend
cross-chamber data transferability evaluation to cross-product
data transferability evaluation and then build an FDC model
which can work for different product lines being processed in
different chambers. The characteristics of product-based mod-
els will avoid recourse to a time-consuming process for the
FDC data accumulation of new products or new chambers.
Besides, the number of in-situ sensors may vary from chamber
to chamber, due to the differences in working ways and con-
ditions. Currently, the proposed methodology cannot handle
this sensor variation issue. There are two potential solutions.
Firstly, data-driven virtual metrology can be used to replace
the missing sensor channels in certain chambers to ensure the
sensors in all chambers are the same. However, it requires
additional computational and time resources. Secondly, one-
pass learning is another potential solution, which attempts to
compress important information of missing features into func-
tions of existing features, and then expand to include the aug-
mented features [36]. It brings an opportunity to solve the
sensor variation issue, and we will further investigate it in
the future.
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