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This fully connected neural network-based control chart is developed for
monitoring the dispersion of multivariate processes with two important
features: (1) the ability to be used for monitoring the dispersion of processes
with high-dimensional data streams, and (2) the absence of the need to
establish restrictive statistical assumptions, such as normality of the quality
characteristics under study and the independence of observations in the
samples taken. An important challenge that we usually face in training
neural networks is overfitting or generalization failure. In this study, two
tools of dropout layer and weight regularization are used in network design
to face the mentioned challenge. In addition, in order to better train the
neural network and unlike most control charts based on learning tools that
use a two-class pattern of zero and one as target values, in this study the
target values are determined based on the size and number of shifted
components, so that as the shift size and the number of shifted components
increase, the target values also increase. Next, in order to increase the power
of the developed control chart in detecting disturbances in the covariance
matrix elements, an improved version is presented with the help of two
sensitizing rules 2 out of 3 and 4 out of 5. The performance of the proposed
approaches is compared with two control charts ATL and RPLR using a
numerical example. The results show that the approach equipped with
sensitizing rules performs better than the competing charts in terms of two
indices ARL and SDRL.
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1. Introduction

In today's competitive environment, manufacturers
and service providers are under pressure to monitor
a vast number of quality characteristics to ensure
customer satisfaction. Concurrently, technological
advancements—particularly in sensor
technologies—have made it possible to access and
store large volumes of data streams, which include
numerous variables that influence the quality of
products and services. However, due to economic
and time constraints, it is often not feasible to collect
samples that are as large as the number of quality
characteristics. Consequently, the monitoring of
high-dimensional processes is a growing challenge
for quality professionals (Saemian et al., 2022;
Safikhani et al., 2023; Jafari et al., 2023; Amiri et
al., 2023; Mallikarjun et al., 2024).

An increase in process dispersion indicates a decline
in quality. Consequently, the primary objective of
dispersion monitoring is the timely detection of
incremental shifts in both the diagonal and off-
diagonal components of the covariance matrix. In
this regard, Abdella et al. in 2019 (Abdella et al., 2019)
developed an adaptive variable selection-based
control chart, known as the adaptive Lasso threshold
chart, to monitor changes in the covariance matrix.
Fan et al. in 2021 (Fan et al, 2021) presented an
eigenvalue-based control chart for monitoring the
dispersion matrix of high-dimensional processes in
Phase I. Their approach is based on comparing the
eigenvalues of the sample and target covariance
matrices to detect an in-control process.

Adegoke et al. in 2022 (Adegoke et al, 2022)
investigated the performance of multivariate
coefficient of variation control charts under data
constraints. They proposed two one-way control
charts based on the Lasso statistic and shrinkage
estimation, which they evaluated using data from a
carbon fiber tube production process. Finally,
Salmasnia et al. in 2025 (Salmasnia et al., 20253,
2025b) developed a double-sampling approach using
the adaptive Lasso threshold statistic; this method
detects sustained disturbances more quickly and its
sensitivity improves as the problem dimension
increases.

In light of the identified research gaps, this paper
addresses two primary challenges: (1) the reliance on
restrictive statistical assumptions, such as the
normality of quality characteristics and the
independence of observations, and (2) the effective
monitoring of dispersion in high-dimensional data
streams. To accomplish this, a high-power artificial
neural network-based control chart is developed to
detect deviations in the components of the
covariance matrix. The proposed model utilizes a
fully connected neural network, incorporating both
dropout layer and weight regularization to mitigate
overfitting. Finally, the control chart's power is
enhanced through the integration of two sensitizing
rules called 2 out of 3 and 4 out of 5.

2. Methodology

In this study, feature engineering is used to create
new inputs for the neural network, allowing it to
better identify subtle patterns in the data. The goal is
to monitor the dispersion of high-dimensional
processes, and as such, the features are carefully
selected to capture changes in process variability.
Three main features are used, with the first being
Atrace. This feature is based on the difference
between the traces of two matrices: the product of
the true precision matrix and the sample covariance
matrix, and the product of the estimated precision
matrix and the sample covariance matrix. The
second input for the neural network is the difference
in the logarithm of the determinant between the
sample-based estimated precision matrix and the in-
control precision matrix. Finally. the third feature
used as a neural network input is the adaptive Lasso
threshold statistic, as detailed by Abdullah et al.
(2019). This statistic effectively quantifies the
difference between the sample covariance matrix
and the in-control covariance matrix, presenting it in
a scalar format.

Data scaling is crucial for optimizing the
performance of deep learning models. In this study,
to enhance the estimation accuracy of the neural
network, the three defined features were normalized
using the Z-Score method. This technique transforms
the data so that it has a mean of zero and a standard
deviation of one, which can significantly improve
model convergence and performance. The input
layer of the proposed network receives the
normalized values of the three features. The network
architecture then consists of four fully connected
layers:

e The first hidden layer has 32 neurons,
which transform the inputs into a higher-
dimensional space.

e The second hidden layer has 16 neurons,
which reduce the dimensionality and focus
on the most important features.

e  The third fully connected layer contains 8
neurons, gradually transforming the
extracted features into a lower-dimensional
space.

e The final layer is a single neuron that
produces the final regression output.

In the proposed network, a dropout layer with a rate
of 0.2 is placed between two fully connected layers
with 16 and 8 neurons. Thus, this layer randomly
deactivates 20% of the neurons in each training
period. To prevent the network from learning
specific patterns of the training data instead of
generalizable patterns, L2 weight regularization is
applied. This technique adds a penalty to the loss
function that is proportional to the square of the
magnitude of the weights.

The output of the trained neural network is a value
between O and 1, where O represents the in-control
state and larger values correspond to an out-of-
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control state. Consequently, the monitoring process
utilizes only an upper control limit (UCL). If the
network's output exceeds this limit, an out-of-
control warning is issued. The UCL value is
determined through Monte Carlo simulation to
ensure that the average run length (ARL) for the in-
control process is equal to a predetermined target
value.

Finally, an improved version of the proposed neural
network-based control chart is developed by
equipping it with two sensitizing rules of 2 out of 3
and 4 out of 5. For this purpose, two upper warning
limits are used. Thus, the control chart issues an out-
of-control alarm in two cases: (1) a point is above the
upper control limit and (2) non-random trends are
observed in consecutive samples.

3. Results and Discussion

In statistical process control, the performance of
Phase II monitoring approaches is evaluated based
on the run length properties in the out-of-control
state, specifically the Average Run Length (ARL) and
the Standard Deviation of the Run Length (SDRL).
The simulation results present the ARL and SDRL for
four distinct dispersion monitoring approaches: two
neural network-based control charts, the ATL
method, and the RPLR method. The performance of
these approaches is evaluated for seven different
out-of-control patterns, with six different shift sizes
(A) ranging from 0.1 to 1.0. The seven out-of-control
patterns are designed with two principles in mind:
(1) to include both sparse and non-sparse deviations,
and (2) to cover all three categories of diagonal, non-
diagonal, and joint diagonal/non-diagonal
disturbances. The results in Table 1 are reported
using an a/b/c/d format. Within this structure, the
variables a, b, ¢, and d denote the frequencies with
which a given monitoring approach achieved a
ranking of first, second, third, and fourth,
respectively. Two key aspects of the table are
noteworthy. First, the rankings for the monitoring
approaches are reported separately for both the ARL
and SDRL. Second, because the results are based on a
Monte Carlo simulation, two approaches are ranked
differently only if their performance differs by at
least 0.5%. Otherwise, the difference is considered to
be within the margin of simulation error, and the
approaches are assigned the same rank. Table 1
presents a comprehensive performance analysis of
four monitoring approaches—NN-RR, NN, ATL, and
RPLR. Overall, the NN-RR and NN approaches
consistently demonstrate the best performance in
detecting process disturbances.
Performance Across Different Shift Patterns is:
e Diagonal Shifts: For these patterns, one of
the neural network-based approaches (NN-
RR or NN) consistently ranks first. In
contrast, the RPLR statistic generally ranks
third, while the ATL statistic is consistently
ranked fourth.
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e Off-Diagonal Shifts: The performance
ranking for off-diagonal changes differs
significantly. The RPLR statistic has the
highest frequency of a rank 4 performance,
indicating it is the least effective. The NN-
RR approach maintains the highest
frequency of a rank 1 performance, proving
to be the most effective. The ATL statistic
most frequently achieves a rank 2, and the
NN approach most often ranks third.

e Sparse Shifts: When sparse shifts occur,
the rankings are clearly defined, with the
highest frequency of ranks 1 through 4
assigned to NN-RR, NN, ATL, and RPLR,
respectively.

e Non-Sparse Shifts: For non-sparse shifts,
the NN-RR approach shows the best
performance, while the RPLR statistic
clearly performs the worst.

In summary, the NN-RR approach consistently
outperforms the other methods, particularly for
detecting non-sparse shifts. The RPLR statistic, on
the other hand, frequently shows the weakest
performance, especially with off-diagonal changes.

4. Conclusions

This study introduced an artificial neural network-
based control chart for monitoring the dispersion of
high-dimensional processes. This approach performs
well under various conditions—including abnormal
processes and sample dependencies—due to its
independence from conventional assumptions. To
increase the control chart's power, sensitizing rules
are applied; these rules improve the ability to detect
process disturbances by adding supplementary
conditions for issuing out-of-control warnings. To
prevent overfitting of the neural network, techniques
consisting of dropout layer and weight
regularization are employed. These techniques
enable the neural network to generalize better from
process patterns and improve its performance when
encountering new data.

The simulation results showed that neural network-
based approaches outperformed conventional
methods such as RPLR and ATL. Specifically, the NN-
RR approach was the most effective for detecting
most out-of-control cases and was identified as the
best method for detecting assignable causes. The
study also revealed that the performance advantage
of neural network-based methods over conventional
statistical approaches becomes more pronounced as
the number of components affected by assignable
cause increases. Ultimately, this research
demonstrated that machine learning tools can be an
effective solution for monitoring high-dimensional
processes, thereby improving quality and reducing
waste across various industries.

For future research, the development of machine
learning-based  approaches for simultaneous
monitoring of the mean vector and covariance
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matrix in high-dimensional processes is suggested.
Additionally, improving the neural network
architecture by incorporating LSTM layers for
monitoring processes with autocorrelated quality
characteristics could be an intriguing topic.
Furthermore, the use of hybrid deep learning and
reinforcement learning algorithms could help
address challenges in monitoring nonlinear
processes. Investigating the impact of measurement
errors on the performance of control charts based on
machine learning tools could also emerge as a new
research area. Moreover, developing self-starting
methods based on neural networks for scenarios
without reference data could enhance applicability.
The use of more advanced sensitizing rules and
parameter  optimization with  metaheuristic
algorithms is also recommended. Finally, comparing
the performance of these methods with classical
approaches under various industrial conditions
could provide new insights.
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Table 1. Number of ranks obtained by each monitoring approach in each type of out-of-control pattern

Method Criterion Diagonal Off-diagonal Joint Sparse Non-sparse

RPLR ARL 0/1/9/2 0/0/1/11 0/2/2/14 0/2/6/10 0/1/6/17
SDRL 0/1/9/2 0/0/1/11 0/3/2/13 0/1/7/10 0/3/5/16

ATL ARL 0/1/1/10 3/7/1/1 4/4/8/2 0/5/6/7 7/7/4/6
SDRL 0/1/1/10 3/8/0/1 5/5/6/2 0/6/5/7 8/8/2/5

NN ARL 5/7/0/0 4/0/8/0 4/11/3/0 7/8/3/0 6/10/8/0
SDRL 5/7/0/0 3/1/8/0 4/9/5/0 5/10/3/0 6/8/10/0

NN-RR ARL 8/3/1/0 6/4/2/0 12/4/1/0 12/3/3/0 14/8/2/0
SDRL 8/3/1/0 6/4/2/0 13/3/1/0 13/2/3/0 14/8/2/0
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Figure 1. Proposed network structure.
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Figure 2. An improved version of the proposed neural network-based control chart equipped with two
sensitization rules.
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Table 1. Target values in the neural network training process for different out-of-control pattern-shift size

combinations
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Table 2. NN-RR monitoring approach
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Table 3. Comparison of ARL and SDRL of RPLR, ATL, NN and NN-RR approaches in conditions of n=5 and p=10
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Table 4. Ranking of RPLR, ATL, NN and NN-RR approaches in terms of ARL and SDRL under Model 1
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Table 5. Comparison of ARL and SDRL of RPLR, ATL, NN and NN-RR approaches in conditions of n=5 and p=10
under model 2
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Table 6. Ranking of RPLR, ATL, NN and NN-RR approaches in terms of ARL and SDRL under Model 2
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Table 7. Comparison of ARL and SDRL of RPLR, ATL, NN and NN-RR approaches in conditions of n=5 and p=10
under model 3
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Table 8. Ranking of RPLR, ATL, NN and NN-RR approaches in terms of ARL and SDRL under Model 3
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Table 9. Comparison of ARL and SDRL of RPLR, ATL, NN and NN-RR approaches in conditions of n=5 and p=10
under model 4
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Table 10. Ranking of RPLR, ATL, NN and NN-RR approaches in terms of ARL and SDRL under Model 4
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Table 11. Comparison of ARL and SDRL of RPLR, ATL, NN and NN-RR approaches in conditions of n=5 and p=10
under model 5
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Table 12. Ranking of RPLR, ATL, NN and NN-RR approaches in terms of ARL and SDRL under Model 5
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Table 13. Comparison of ARL and SDRL of RPLR, ATL, NN and NN-RR approaches in conditions of n=5 and p=10
under model 6
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Table 14. Ranking of RPLR, ATL, NN and NN-RR approaches in terms of ARL and SDRL under Model 6
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Table 15. Comparison of ARL and SDRL of RPLR, ATL, NN and NN-RR approaches in conditions of n=5 and p=10
under model 7
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Table 16. Ranking of RPLR, ATL, NN and NN-RR approaches in terms of ARL and SDRL under Model 7
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Table 17. Number of ranks obtained by each monitoring approach in each type of out-of-control pattern
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