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frequent dataset updates; the control limits are recalculated as the parameters change
(non-stationary behaviour). This requires the user to define the control chart type
before its deployment on the production floor. An initially normally distributed dataset
may be skewed during the process owing to the influence of outliers. If a user selects a
chart based on normality assumptions, detecting a process-mean shift may be
impossible if the recalculated limit fluctuates. In the semiconductor industry, a process-
mean shift occurs owing to special cause variations in the process. This signals process
deterioration, which may affect the quality of the product. It is unknown when outliers
will affect the equilibrium of normality assumptions; therefore, it is important to
develop an automated, robust control chart that can detect special cause variations
under non-stationary conditions. This study proposes the use of Huber’s M-estimators
in the Levey-Jennings chart to detect special cause variations in a semiconductor
manufacturing process. This study computes the robust M-estimates of all available
samples to calculate the new limits in the Levey-Jennings chart. This new chart is
referred to as the modified Levey-Jennings with a robust Huber M-estimator (MLVHM).
Using production data from Dominant Opto Technologies Sdn. Bhd., Malaysia, a
statistical comparison of the MLVHM and Levey-Jennings charts was performed. While
Keywords: the MLVHM is stable, the absolute difference in dispersion between the two charts
ranges between 25.26% and 47.91% owing to standard deviation variation in the Levey-
Jennings chart in non-stationary situations with outliers. The study concludes that the
MLVHM chart is robust and suitable for industrial automatic flow applications.

Robust statistics; Automated control
chart; Levey-Jennings; Non-stationary

1. Introduction

Statistical process control (SPC) charts were developed by Walter Shewhart in 1924 to monitor
central location and dispersion towards preventing the manufacturing of defective products [1].
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In the SPC chart, the output may indicate special cause variation or signal process deterioration
as an “out-of-control” event, or OOC. There are a few types of Shewhart control charts, such as the
X-bar chart to monitor the mean and R or S charts to monitor the dispersion within batch
observations [2]. For a large number of samples within the batch (e.g., n > 10), it is recommended to
use the S chart to monitor the dispersion because the R chart is sensitive to changes in the process
standard deviation [2]. The Levey—Jennings (LV) control chart was introduced for clinical laboratories
as an alternative to the Shewhart control chart to detect special cause variations [3]. Generally, the
LV method uses all the samples in a dataset to calculate the statistics required for the control limit.
This differs from the Shewhart version of the control chart, which calculates limits from batch
observations in terms of the central location (estimated mean) and dispersion (estimated standard
deviation) [4]. Table 1 shows the differences between LV and classic Shewhart (X-bar and S chart)
control limit computation [5,6]. The LV chart is commonly used to monitor individual measurements
against central locations whereas Shewhart charts (X-bar and S chart) are used to monitor the mean
or standard deviation within subgroups against the weighted average of subgroup means and
standard deviations. The Shewhart chart requires the user to input several subgroups of data for the
initial control limit computation, typically 20-25 subgroups [2]. However, in a fast-moving
semiconductor industry, an automated control chart based on the first available subgroup data is
preferred.

Table 1
Comparison between Levey-Jennings and Shewhart Control limit formula
Control Chart  Centre Line, CL Dispersion Upper Control Limit (UCL) Lower Control Limit (LCL)
(Estimated location) (Estimated sigma)
Shewhart 1 <& 5 5 5
5= . — 1—c2 S+kx*x— 1—c2 §— kx— 1—c?
(S-chart) S_E*(ZS]) 64*( cs) S *64*( cs) S *64*( )
=1
Shewhart X 1 m = 5 = 5
. X+k* X — k=
(X-bar chart) 1 & o x o (z Sj) cqn cqn
= — % (z ) j=1
m 4 n
j=1
Levey- - ixi
Jennings X = LN

where s denotes the standard deviation, m represents the number of subgroups, n denotes the
number of samples in the subgroup (sample size), N denotes the number of total samples (n x m), k
denotes k-sigma (typically three), c4 is a constant that depends on the sample size n if the underlying
distribution is normal, and X denotes the weighted average of subgroup means [5,6].

2. Literature Review

Numerous researchers have extensively discussed issues with the classic Shewhart or LV control
charts related to outliers, normal distribution assumptions, and non-stationary data [7-19]. Abu-
Shawiesh and Abdullah proposed a univariate robust SPC chart for location based on the Hodges—
Lehmann (HL) estimator using simulated data. They remarked that the advantages of the robust
control chart outweighed its drawbacks in terms of statistical effectiveness evaluated using the
average run length (ARL). As an alternative to Shewhart’s control chart, Abu-Shawiesh developed a
robust control chart based on the median absolute deviation (MAD) of the process dispersion. He
used a Monte Carlo simulation study toillustrate the ARL performance of the proposed robust control
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chart. Raji et al., applied Shewhart-Tukey- and MAD-based models to detect and screen outliers
before computing the control limits on the photolithography process in the semiconductor industry
using real univariate variable data [20]. Their method also used the ARL to evaluate the chart
performance. However, Lazariv and Schmid demonstrate that ARLs do not exist in certain processes.
Atalay et al., provided strategies for practitioners to deploy an automated control chart regarding
the performance of the control chart. However, their proposed strategies were based on stationary
conditions [21].

Most studies on process control charts with time-dependent data assume that the target process
is stationary and use ARLs to evaluate the chart’s performance [19]. Woodall argues that, in theory,
the ARL can be controlled under strong assumptions, but this is not practical [22]. Thus, in this study,
ARL is not used to evaluate chart performance. In summary, although the research on managing
outliers and normal distribution assumptions using robust control charts is ample, non-stationary
issues remain unresolved. Another promising technique for resolving non-stationary issues is artificial
intelligence (Al) and machine learning in control charts. Yet, this is too intricate for the semiconductor
manufacturing process. Another control chart that may be appropriate for non-stationary conditions
is the cumulative sum (CUSUM) chart [23]; however, it is difficult to develop and interpret [24,25].

This research aims to develop an automated robust control chart for variable data that can detect
unexpected special cause variations in non-stationary conditions and is robust to outliers and
normality departures. Although the LV chart is appropriate for stationary conditions, this method
employs all samples in the dataset and is thus suitable for automated control chart deployment.
However, the LV chart (which uses mean and standard deviation as measure of location and
dispersion, respectively) is sensitive to outliers. For this reason, a different estimator that is robust
to outliers is needed. Huber’s M-estimator is less affected (robust) by outliers and is thus potentially
able to resist non-stationary conditions. As there is no universal best control chart [26], this study
attempts to apply the Huber M-estimator to a modified LV control chart to monitor the non-
stationary process quality of an automated system. Based on the literature review, it is hypothesized
that initially normally distributed data may be tampered with by the influence of unexpected outliers
when the process is non-stationary. This may cause the automated LV control limits to deviate and
become unstable during deployment on the production floor. The scope of this research is limited to
a case study conducted on the semiconductor manufacturing process at Dominant Opto
Technologies Sdn. Bhd., Malaysia, from February 3 to 27, 2023.

The remainder of this paper is organized as follows: Section 3 reviews the theory of automation
and Al in the SPC chart, LV chart, and Huber M-estimator. Sections 4 and 5 present the methodology,
results, and discussion. Section 6 presents the conclusion, which includes research implications for
the semiconductor manufacturing industry, the limitations of this study, and future research
avenues.

3. Theory
3.1 Automation and Artificial Intelligence in the Statistical Process Control Chart

Major SPC tasks involve monitoring the process, identifying the deviated process, and taking
corrective actions in sequence [27]. These tasks can be automated following the development of
computer-based applications in a computer-integrated manufacturing environment to support
Industrial Revolution 4.0 and smart manufacturing [28,29]. Guh proposed the application of hybrid
Al techniques to build a real-time SPC system. In the research, Guh integrates an artificial-neural
network-based control chart monitoring subsystem and an expert system-based control chart alarm
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interpretation subsystem to implement an SPC task automatically. This concept has been adopted in
many statistical monitoring software packages used in the semiconductor industry, including JMP by
SAS and Minitab. Machine learning, a subset and application of Al, uses mathematical data models
to enable computer systems to continue learning without direct instruction [30]. Tran et al.,
comprehensively discuss how a machine learning approach can be used to resolve issues in classic
control charts. They remark that automation and machine learning strategies for SPC chart
development must be implemented effectively so that they can adapt to unexpected variations and
abnormal patterns in production systems, especially in non-stationary processes. Zhao et al., observe
that complex industrial processes exhibit non-stationary process characteristics (e.g., time-varying
mean and/or variance) that require time-varying control chart parameters [31]. Non-stationary
behaviour can also be statistically tested using the augmented Dickey—Fuller (ADF) test, where the p-
value is compared against the significance level (typically 0.01) [32]. If the p-value is greater than the
significance level, the data are considered non-stationary [32]. Lazariv and Schmid propose control
charts to be developed using the likelihood ratio method, sequential probability ratio test, and
Shiryaev—-Roberts procedure to detect a change from the mean structure in state-space processes
using simulation studies.

Nonetheless, the challenges of applying machine-learning-based control charts in the industry
still exist because most studies thereon use simulated data [13]. It is important to have an automated
control chart with robust parameters that can accurately detect changes in a non-stationary process
using industrial data [33]. Pittino et al., investigated various machine-learning models for detecting
OO0C events in an industrial semiconductor manufacturing process. Yet, the proposed machine-
learning control chart built in Python is highly dependent on dataset availability for training and
better suited to circumstances where outliers are few or absent [34]. Outliers, on the other hand, can
be unpredictable or cannot yet be estimated in actual settings [35].

3.2 Levey—-Jennings Control Chart

Levey and Jennings suggest that a dataset should remain valid for a certain period before the
system can be reassessed. However, there is no clear specification for the number of samples that
should be used to derive the population metrics [4]. Previous research shows that the estimated
mean and standard deviation over an entire dataset change as the number of observations increases
[4]. When assessing the mean and control limits for the entire dataset, using fewer observations
tends to underestimate the scale of dispersion [4]. This could result in more OOC events, where the
observations fall below the lower control limit (LCL) or above the upper control limit (UCL). Bramwell
comments that there is an evident trade-off between generating stable and meaningful limits and
the number of samples required to produce them. This method is suitable for automation because it
uses all samples in the dataset to calculate the control limits. However, the LV chart is not suitable
for deployment to the production floor under non-stationary conditions where unexpected outliers
may affect the chart’s stability (i.e., time-varying control limits), subsequently causing special cause
variations left undetected.

3.3 The Huber M-Estimator

Huber introduced a robust regression estimator to limit the effect of outliers, thereby providing
stable results in the presence of outliers [36]. Huber’s M-estimation is the most widely used method
for robust regressions [37]. Huber’s M-estimator ém of 8 minimizes the sum of the less rapidly
increasing functions of the residuals, instead of minimizing the sum of squares of the residuals [38].
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M-estimator Ty is a minimization problem (min!) explained by Huber (1981, 1996) as follows
[39,40]:

1 p(x;; Ty) = min! (1)
or by an implicit equation
§V=1 Y(x;;Ty) = 0, (2)

where p is an arbitrary function (Huber loss) and v is a derivative of p
To determine the Huber M-estimates of location, 8,,

1 p(x; - Ty) = min! (3)
or

N -Ty) =0 (4)
if
Y wi(x; - Ty) = 0 (5)
with
w; = I (6)

where w; is the weight depending on the sample.
Ty can be represented as a weighted mean

TN (wixx;)

N
Zi=1 wi

Ty = (7)

by weight depending on the sample used. In the final form, the objective function can be represented
as,

1, if [x;-Ty| <c
p(x)= { < otherwise (8)

lx; - Tn|’

where ¢ denotes a tuning constant that regulates robustness. Huber recommends using ¢ = 1.345 to
retain the asymptotic efficiency of an estimator for normally distributed data [41].

In practice, the M-estimates of the location must be supplemented by a simultaneous estimate
of the scale [38]. Therefore, robust regression is required. A robust regression procedure requires an
iterative solution referred to as iteratively reweighted least squares (IRLS), in which a weighted least-
squares fit is performed inside an iteration loop [37]. For each iteration, the least-squares fit uses a
set of weights for the observations. The weights are constructed by applying a weight function to the
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current residuals. The initial weights are based on the residuals from an initial fit, and the iteration
terminates when the convergence criterion is satisfied [37].
To determine the Huber M-estimator of scale if o is known,

Lap(E)xy =0 j=1..p (9)
where 1; is the residual of ith given by
rp=1(0) =y - Z;}:l(xij X 6;) (10)
However, if o is unknown, both 6 and o are estimated by minimizing the function below with a >
0 over 6 and ¢ by alternately improving @ in the location step and & in the scale step [37]. a is the
location step parameter.

Q(6,0) =ZLilpCH + alo, a>0 (11)

0 is obtained by the iteration of the below function

A~ 1 i A
@)z = L3Ny (1) 62, (12)

&)
with the Huber function given below, where d is the scale parameter

x%/2 if |x| <d

13
d?/2 otherwise (13)

xa@) = {

where Huber constant [36],

h =2+ (1-d?)o(d) - 05 - d,/Zne_%dz (14)

Because Huber’s M-estimator is less affected by outliers, it may be able to resist varying
parameter changes under non-stationary conditions, which is the focus of this study.

4. Methodology
4.1 Research Conceptual Framework and Procedure

This section outlines the framework and procedures used in the study. The LV chart is compared
to a newly proposed chart, the modified Levey-Jennings with a robust Huber M-estimator (MLVHM),
under non-stationary conditions. The comparison is evaluated in terms of unexpected special cause
variation detection, parameter robustness to outliers, normality departures, and chart stability. First,
a programming code is written to load the collected data into the statistical software environment.
The code is also programmed to perform statistical analysis, which includes summary statistics,
normality tests, and control chart development. The statistical analysis results are saved
automatically. This step is repeated daily to collect data during the study. Second, summary statistics
are compiled in Microsoft Excel 365 and the absolute dispersion difference between the standard
deviation (used in the LV chart) and the robust standard deviation (used in the MLVHM chart) is
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computed as the amount of data increases. This is essential for verifying whether the statistics
fluctuate over a non-stationary period. The data is also tested using the ADF test in R-studio software
at 0.01 significance level to confirm the non-stationary behaviour. Subsequently, the control limit
deviation movement of both charts is tracked to verify their stability.

This case study was conducted at Dominant Opto Technologies, Sdn. Bhd., Malaysia. A
semiconductor company manufactures light-emitting-diodes and performs periodic quality checks
on the plating process using an automated inspection machine that employs image processing to
convert the visual representation of the plated surface colour into digital form. The digital form of
the image processing is referred to as the measurement of the surface plating tone which must be
monitored to detect contamination on the plated surface and can result in product quality concerns.
The inspection machine evaluates the surface plating tone of 64 samples daily for each plating
machine for Product Z. The 64 samples indicate the number of inspection points on the plating
surface of the product. Therefore, the subgroup size in this study isn = 64. The number of subgroups
collected is m = 31. Hence, the total number of samples inspected (n x m) during the study over a
period of 23 days was N = 1984 (the raw data are available in the supplementary data).

This is the primary data point where the data are collected automatically, as measurements are
made using an automated inspection machine. Each subgroup’s data, which are saved in a .csv file,
will be digitalized and used as source data for automated SPC development in the JMP Version 17.0
software. An algorithm (code) was written in the JSL programming language to automate the
development of summary statistics with a normality test chart and SPC charts that monitor the
increase in subgroup data for both the LV and MLVHM charts. A common chart type in JMP is the LV
chart; however, to create an MLVHM chart, the LV control limit table must be replaced using robust
statistics and limits. JMP computes a robust mean and standard deviation based on the Huber M-
estimation method using all measurements available at a given point in time [38]. In JMP, the Huber
M-estimator of location and scale are computed using an iteratively robust regression procedure
called “ROBUSTREG” [38]. JMP hardcodes the default scale parameter d for the Huber M-estimate as
2.5 and the tuning constant for the weight function cis 1.345 [38]. Regarding the MLVHM chart, the
control limits are computed using the following formula:

—

Centre line, CL 160, (15)
Upper control limit (UCL)  :8,, +k * & (16)
Lower control limit (LCL) : é:n -kx*xa& (17)

where ém represents the Huber M-estimate for location, 6 represents the Huber M-estimate for
scale, and k-sigma = 3.

Microsoft Task Scheduler Ver. 1.0 is used to automatically schedule the running of the JSL code
daily. Figure 1 presents a flowchart of the steps used to automate the SPC charts in this study.
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Automated flow using JST. code in TMP 17 Desktop PC with Microsolft
Task Scheduler Ver. 1.0, (repeat at daily imterval)
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Fig. 1. Procedure flow chart of the automated SPC chart. The red box indicates the scope of this research

The summary statistics and absolute dispersion difference between the standard deviation and
robust standard deviation as the number of subgroups increases are computed. The absolute
dispersion difference is given by

Abs.DispersionDiff; = M x 100%,i =1,2,3....m (18)

Ostd.i

The control limit deviation, VCD, is further calculated using the formula below to assess the
stability of the computed limit towards the initial control limits (UCL: and LCL1) over non-stationary
data. This erratic VCD movement implies that the chart is unreliable for deployment on the
production floor.

vep, = & '”“"‘U“l'fi LCLimLelal v — 23 . m (19)

where m = 31 in this case study, and the denominator is 2 because there are two sides from the
centerline (upper and lower).

The control limits of both charts are compared using the Levene’s test, a statistical test for
unequal variances with a significance level of 0.01, which is less sensitive towards normality
departures [42]. The statistical test is used to verify whether the variances of the LV and MLVHM
control limits are equal, and if they are not equal, which chart is more reliable and stable.

5. Results and Discussion

This section presents automated SPC charts, summary statistics, and normality test results of non-
stationary data computed using JMP.

Figure 2 shows the SPC charts of the non-stationary dataset at the beginning of the study
(subgroup ID 1) and at the end of the study (subgroups ID 1-31) with respect to the Gaussian curve
for normality visualization. “SG” is the prefix of the subgroup ID. For example, “SG1” refers to
subgroup ID 1. Each subgroup’s data points are arranged in order of time and in a vertical boxplot for
easy visualization. The average (mean) of each subgroup is indicated visually by the connected grey
line between the subgroups in the LV chart and the purple line in the MLVHM chart. The green
horizontal line represents the centre of the SPC chart. The green (C) and yellow (B and A) areas in the
SPC chart indicate the 1-sigma and 2-to-3-sigma region, respectively. The red area indicates more
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than 3-sigma away from the centre green line or “O0C” region. Notably, USL and LSL are two arbitrary
reference limits added to the charts that remain constant over the period; however, the computed
control limits vary as the dataset is updated. Furthermore, OOS were defined as observations outside
the reference limit, while OOC was defined as a subgroup of mean observations outside the control
limit. (Note: The reference lines used in this case study are for illustration only and do not imply the
actual reference limits used on the actual production floor.)

Figure 2(a) shows the SPC limits at the beginning of the study (SG1) for both charts. The Gaussian
curve for SG1 showed that the distribution was normal at the beginning of the study. The control
limits at SG1 are similar in both charts. Figure 2(b) shows the SPC control limits at the end of the
study (SG31). The Gaussian curve at SG31 indicates that the distribution deviated from normality.
Figure 2(b) shows that unexpected outliers have occurred at SG17 (1 outlier in 64 samples) and SG24
(3 outliers in 64 samples). Upon observing the outliers in the SPC chart at the respective subgroup
intervals, the engineer can perform an investigation for corrective action. A process-mean shift was
detected at SG21 in both charts. However, the LV chart marginally detected the process-mean shift
(almost half of the 64 samples fell above the UCLw), as indicated by the Gaussian curve. In the
MLVHM chart, all 64 samples fell outside the UCLmwvm and were isolated. The process of mean-shift
detection helps engineers take corrective action immediately.

Levey Jennings chart of Value
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(a) Gaussian curve with respect to the automated LV and MLVHM control chart at subgroup ID1
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(b) Gaussian curve with respect to the automated LV and MLVHM control chart at subgroup 1D31
Fig. 2. SPC chart monitoring of subgroup ID 1 to 31

Generally, the LV control limits are wider than the MLVHM control limit at the end of the study
(5G31), although the limits are almost the same at the starting point (SG1) (refer to the yellow area
in Figure 2). Outliers must be shown in the SPC chart because they are real data from automated
systems. Excluding outliers from SPC charts will mislead practitioners regarding potential loopholes
in the system for continuous quality improvement. Figure 3 depicts the movement of the statistical
parameters, control limit, and VCD regarding time or subgroup intervals.

As shown in Figure 3(a), there is no evident difference in location between the mean and robust
Huber M-estimates. However, the statistical parameters for dispersion showed a time-varying
standard deviation starting at SG17, indicating non-stationary behaviour in the process. There are
clear differences between the standard deviation and robust Huber M-estimates of the scale for non-
stationary data. The ADF test also reveals that the p-values of the statistical parameters for location
and dispersion are more than 0.01 significance level, confirming that the process is non-stationary
(the statistical analysis related to non-stationary behaviour is available in the supplementary data).
The standard deviation used in the LV chart increases with the presence of outliers (SG17 and SG24)
and process-mean shift (5G21). This finding is similar to that in the previous literature (Bramwell).

Figure 3(b) shows that the absolute difference in dispersion between the standard deviation and
robust Huber M-estimates of scale fluctuates every time outliers (SG17 and SG24) and process-mean
shifts (5G21) are present. The fluctuations range from 25.26% to 47.91%. This figure shows that in
contrast to the Huber M-estimates of scale, the standard deviation is vulnerable to outliers.

198



Journal of Advanced Research in Applied Sciences and Engineering Technology
Volume 43, Issue 2 (2025) 189-202

180 60.00%
o - — . 47.91%
5 50.00%

on

% 40.00%

w
S
Q
3
X

20.00%

Platng Tone Value

o

S
Absolute Dispers

.
o
2
I}

o
1S
8

1234567 8910111213141516171819202122232425262728293031

123456 78 910111213141516171819202122232425262728293031 Subgroup ID
Subgroup 1D

oo St Dev. Robust Mean Robust Stdl. Dev —@— Abs. Dispersion Diff (|Std.Dev - Robust Std. Dev| /Std.Dev)

(a) Control chart statistics over non-stationary data (b) Absolute dispersion difference

250
40.00
35.04

W 3500 \ r00n

26.45

N
Q
e}

<]

Q

3

-
r
<}

| 2525

Plating Tone Value
N
Q
(=]

BN
=T
2 o o
8 8 8

13.52

Plating Tone Value

10.00 7.53 %1175

5.00 2.34 8.52
5.62

o 0.00 4.54
123456 7 8 910111213141516171819202122232425262728293031

0
]

2 34567 8 910111213141516171819202122232425262728293031
—®—UCLLV LCLLV UCLMLVHM =@ CLMLVHM VCDLV ~ ==@==VCDMLVHM

(c) Movement of control limits over non-stationary (d) Movement of control limit deviation, VCD over
data between LV and MLVHM non-stationary data between LV and MLVHM

Fig. 3. Results of statistics and control limit monitoring over non-stationary data

Figure 3(c) and (d) show the movement of the control limits every time new subgroup data are
added. In Figure 3(c), the LV control limits widen with the unexpected presence of outliers and a
mean shift. However, the MLVHM control limits are mostly stable over non-stationary data, even in
the presence of 3% of outliers in the control chart. Figure 3(d) confirms the extent of the control limit
changes for both charts in Figure 3(c). It shows an increasing trend of the control limit deviation (VCD)
from SG2 to SG7 because both charts automatically adapt to common variations inherent to the
plating process (such as machine and material variation).

As the adaptation to common variations continues, the trend decreases from SG7 to SG14. The
VCD of the LV and MLVHM charts is similar and stabilizes at SG14 (N = 896), approximately 4.01 to
5.62 before outliers appear in the non-stationary process. Interestingly, the VCD of the MLVHM chart
stabilizes between 5.62 and 8.52, even in the presence of outliers in the system. In contrast, the VCD
of the LV chart continues to fluctuate erratically between 11.75 and 35.04. With both common and
special cause variations, the non-stationary LV chart control limit widens to 35.04. However, the
MLVHM chart widened to only 8.52.

The results presented in Figure 3 are important for quality control because they show that the LV
chart is not reliable for detecting special cause variations over a non-stationary process with outliers.
Levene’s test shows that the p-value comparing the LV and MLVHM control limits is less than the
significance level of 0.01. Thus, the variances between these two methods are not equal, and MLVHM
control limits show lower standard deviation around 4.3 to 4.6 (versus LV control limits with a
standard deviation around 14.7 to 15.6). Therefore, if users select the LV chart to be automated for
the production floor, an unexpected process-mean shift (which consists of several outliers and is
categorically defined as special cause variation) may remain undetected in the future. In comparison,
the automated MLVHM chart has been demonstrated as consistent and stable in detecting special
cause variations in non-stationary processes with outliers (statistical analysis to support this claim is
available in the supplementary data).
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6. Conclusions

This case study research shows that the proposed MLVHM chart is more stable and suitable for
detecting special cause variations than the LV chart in the presence of unexpected outliers and
departures from normality throughout the non-stationary period. By selecting the MLVHM for this
process, the automatic system can run continuously for control chart deployment with minimal
supervision. This case study is important in the semiconductor manufacturing industry because it
allows an organization to set up a robust automated control chart for variable data that can detect
special cause variations in a non-stationary process. The inability to detect unexpected special cause
variations forimmediate corrective action will incur higher losses to the organization owing to rework
or scrapped products. Consistent with the latest trends in the Industrial Revolution 4.0 era and smart
manufacturing in the semiconductor industry, the proposed method works better in an automated
environment. Therefore, the MLVHM chart is superior to removing outliers for control-limit
computation, particularly when the control chart has been deployed to the production floor.
Exclusion of outliers in dataset can lead to loss of information [35]. The interruption of manufacturing
processes after control chart deployment is not productive. This case study, however, has few
limitations. First, 64 samples were used in the initial subgroup for the computation of the initial
control limit. The effect of a sample size of < 64 samples within the subgroup was not evaluated.
Second, to utilize the proposed method, it is necessary to use statistical software that can support
the computation of robust Huber’s M-estimates. In this case, JIMP Version 17.0 software from SAS
was used. This study does not assess different statistical software to estimate the robust Huber M-
statistics. The JMP software in SAS hardcodes the value of the Huber constant for the M-estimates.
Therefore, the impact on the MLVHM chart if the Huber constant varied is not known. Another well-
known mathematical software such as MATLAB R2020b [43], could potentially be used to replicate
this study for real-time application. Future research should investigate the effect of a smaller sample
size within the subgroup, and the effect of different Huber constant values for M-estimates on the
MLVHM chart using industrial data. This is important to ensure that the MLVHM chart can be applied
across different quality-monitoring scenarios in the semiconductor industry. As the LV chart was
developed for clinical laboratory studies, future research on automated MLVHM applications in
clinical studies would be beneficial. Robust M-estimates have immense potential for industrial SPC
applications but are rarely used in practice. Lack of creativity and innovation in Al has been quoted
as one of main challenges faced by manufacturing firms to adopt Industrial Revolution 4.0 [44].
Therefore, this case study can be used as a practical reference by industrial practitioners to set up
automatic control charts for non-stationary processes.
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