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Abstract: Current global conditions and challenges in industrial manufacturing, marked by
dynamism, competition, and the need for responsible resource management, have increased
the demand for sustainable manufacturing practices. The integration of Industry 4.0 and
the recent development of Industry 5.0 have added dynamism, which has generated
profound implications for quality control and process monitoring, focusing mainly on
recognising control patterns within the manufacturing environment. This study introduces
a novel methodology for evaluating the performance of pattern classification models used
in advanced quality control. Our approach incorporates robust performance metrics,
early detection, window size, network hyperparameters, and concurrent patterns within a
simulated monitoring environment. Unlike previous research, our evaluation methodology
addresses the sensitivity of classification models to various factors, emphasising the critical
balance between early detection and minimising false alarms. The findings reveal that
window size significantly impacts the model’s sensitivity to pattern changes, highlighting
that measuring early detection alone is impractical in real-world applications. Furthermore,
optimal hyperparameter selection enhances the model’s practical applicability.

Keywords: control chart pattern recognition; concurrent pattern; window size; long short
term memory

MSC: 62P30; 68T05; 37M10

1. Introduction

Current global conditions and challenges in industrial manufacturing, marked by
dynamism, competition, and the need for responsible resource management, have increased
the demand for sustainable manufacturing practices [1]. The integration of Industry 4.0 and
the recent development of Industry 5.0 have added to this dynamism, which has generated
profound implications for quality control and process monitoring, focusing mainly on
control pattern recognition within the manufacturing environment.

Control charts have traditionally been the primary tool in statistical process control
(SPC), consisting of two control limits and a sequence of observations plotted during the
monitoring process. However, the effectiveness of these charts for pattern identification
is limited, which has led to the development of rules of thumb that, although practical,
require expert knowledge and do not accurately discriminate the target pattern in the
process observations [2,3].

The main advantage of pattern recognition in control charts lies in the diagnostic
procedure; an abnormal pattern may be associated with a specific assignable cause, reducing
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the search time [4,5]. This recognition signals the existence of a fault and facilitates the fault
elimination process [6,7]. Some patterns associated with failures in production processes
are documented in studies such as those of [2,8-11].

Industry 4.0 and 5.0, driven by advanced technologies such as the Internet of Things
(IoT), big data, and artificial intelligence (Al), hold significant potential to revolutionise
quality monitoring through real-time data acquisition and analysis. However, the effec-
tiveness of these innovations relies heavily on developing robust and accurate pattern
recognition algorithms. Over the past two decades, machine learning (ML)-based ap-
proaches for control chart pattern recognition (CCPR) have gained substantial attention
and have been extensively applied [12,13]. Examples include models based on artificial
neural networks (ANNs) [13-18], decision trees (DTs) [19,20], support vector machines
(SVMs) [21-25], unsupervised learning frameworks [26-30], hybrid schemes combining
multiple machine learning models [31-33], and others [10,34-37].

Despite significant advances in applying machine learning technologies for pattern
recognition in quality monitoring, there are significant gaps in the existing literature, espe-
cially in sustainable manufacturing under the Industry 4.0 and 5.0 paradigms. One of these
challenges relates to the simulation of training and testing datasets, a standard process
in pattern recognition due to the complexity of data collection in actual processes [38].
Refs. [11,38-40] have pointed out that most studies on pattern recognition simulate com-
plete data windows (see Figure 1), which can affect early detection capabilities. As a
solution, Ref. [5] proposes a technique for generating synthetic data by simulating the
gradual introduction of unnatural patterns.
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Figure 1. The gradually displayed pattern (left) vs. the fully displayed pattern (right).

However, alongside this simulation problem, there is a pressing need to improve
the performance evaluation process of monitoring models. Ref. [40] noted that most
research on concurrent pattern recognition relies solely on precision metrics, even though
the primary objective of these models is to detect anomalous patterns as early as possible
while minimising false alarms. Consequently, it is common in the literature to find detection
models with high precision rates that may not be effective in real-world environments [5].

In traditional fault detection, run length (ARL) and time to signal (ATS) are the two
most important performance measures of control charts. However, these metrics are
rarely used in concurrent pattern recognition. Ref. [41] proposed adaptations of ARL for
concurrent pattern recognition. Similarly, Ref. [39] introduced the Unified Score metric to
consolidate multiple performance measures.

In contrast to existing evaluation approaches, this research proposes estimating model
performance by analysing the trade-off between early fault detection and false alarm
minimisation. In real processes, late detections generate costs associated with operating
under suboptimal conditions, while false alarms lead to unnecessary production stoppages.
Balancing these two metrics is essential for an effective monitoring process. However,
current studies often incorporate false alarms as part of a global metric linked to pattern
detection accuracy—whether natural or unnatural—without recognising false alarms as an
equally critical metric compared to early detection.
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In our approach, we propose evaluating false alarms and early detection as two
independent variables that must be balanced. The significance of this new evaluation
framework lies in the long periods without anomalies during the monitoring process.
Consequently, the accuracy of detecting natural patterns becomes increasingly important.
Giving equal weight to the detection accuracy of both natural and unnatural patterns
may result in an elevated number of false alarms due to the higher prevalence of the
in-control state. Furthermore, if care is not taken, prioritising early detection will lead to an
increased number of false alarms in the rush to quickly identify changes, thus amplifying
errors during the natural state of the process. The proposed approach aims to address this
shortcoming by jointly balancing these two characteristics.

In this way, seven evaluation metrics are proposed to estimate monitoring models’
accuracy, early detection, and false alarms. In addition, the proposed model evaluation
methodology seeks to determine the model’s sensitivity to variations in key hyperparame-
ters, such as window size and hidden layer size, and to identify the conditions that best
maintain a balance between early fault detection and false alarm minimisation. It also seeks
to determine the model’s ability to detect each specific pattern to establish the pattern’s
effect on classification performance individually. Identifying which patterns are more
complex to identify may be desirable in real applications. Finally, the complexity of the
model architecture may be a factor that differentiates different classification proposals. In
the present proposal, complexity will be evaluated through training time and with the ratio
of parameters versus training sample size.

Beyond identifying an optimal performance value, the proposed methodology
presents multiple performance scenarios under different window and hidden layer sizes.
Thus, the optimal operating conditions will inherently depend on the specific process being
monitored and the established priorities. In this regard, a specific model configuration
could be selected if the goal is to detect failures rapidly while accepting a certain level
of false alarms. This methodology is particularly relevant within the context of Industry
5.0, as it enables the customisation of the model to the unique characteristics of a specific
process, driving the reduction in operational costs associated with waste and rework while
pursuing more efficient resource utilisation to support sustainability efforts.

This evaluation methodology is intended to measure model performance in a compre-
hensive way (see Figure 2), as well as to facilitate the comparative process between different
pattern monitoring proposals. To present the new model evaluation methodology, a deep
neural network (DNN) model will be designed to recognise concurrent control patterns. In
the context of Industry 4.0 and 5.0, developing DNN-based monitoring models is relevant
to managing automated processes. These processes are characterised by data collection
through sensors, which increases complexity due to the large volume of data generated in
real time. In contrast to traditional models that dominate most current research and fail to
extract relevant data features automatically, DNNs offer a promising solution to overcome
these limitations. In this study, we will use a specialised variant of DNNs known as a
long short-term memory (LSTM) network, which is specifically designed to address the
long-term dependencies present in sequential data. Although these schemes are effective
for control pattern recognition, few studies address concurrency in LSTM patterns and
models (Table 1).

This document is structured as follows to explore the application of deep learning
in quality control pattern recognition, which is crucial for Industry 4.0 and 5.0. Section 2
outlines the methodology used for the evaluation process, which is tailored to the chal-
lenges of modern manufacturing environments. Section 3 describes generating simple
and concurrent patterns, reflecting production complexities. Section 4 details the training
and testing procedure of the model, preparing it for real-world variations. The results
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presented in Section 5 validate the approach’s effectiveness and suggest areas for process
optimisation. Section 6 discusses the challenges in pattern identification, indicating the
need for evolution in monitoring techniques. Finally, Section 7 summarises the study’s key
findings, underscoring its contribution to sustainable and efficient manufacturing practices
in alignment with the principles of Industry 4.0 and 5.0.

Table 1. Summary of LSTM schemes in the literature.

Study  Proposed Scheme  Pattern Type Data Type Input Data Online Metrics

[42] Bidirectional LSTM  Simple Independent Raw data No Correct recognition
(Bi-LSTM) and identically rate (CRR)

distributed (IID)

[43] LSTM and multi- Concurrent  Autocorrelated  Data after engi- No Accuracy identifica-
variate  adaptive neering process tion rate (AIR)
regression splines control (EPC)

(MARS)

[11] Cost-oriented Simple 1D Raw data Yes Accuracy, sensitiv-

LSTM ity, specificity, G-
mean and early de-
tection metrics

[44] Convolutional Concurrent 1ID Raw data, statis- No Accuracy
auto-encoder tical and shape
(CAE) and CNN- features
LSTM decoder

[39] Bidirectional LSTM  Simple 1D Raw data Yes Unified Score

Key factors in Evaluation methodology

Monitoring

model Early detection @ False alarms

-

Figure 2. Methodology for performance evaluation in advanced quality control models.
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2. Methodology

As we delve into the methodological section of our study, we present a multidimen-
sional approach that spans conceptual reviews of recurrent neural networks—particularly
LSTMs—including network architecture design, window size selection, and the definition
of evaluation metrics. This methodological framework enables us to thoroughly explore our
analysis’s technical intricacies, examining the relationship between model configuration
and its performance in detecting patterns within advanced manufacturing environments.
The following subsections provide a detailed discussion of key technical aspects, from the
internal structure of LSTM cells to the proposed evaluation procedures, each contributing
to a comprehensive framework for optimising quality monitoring systems in the context of
Industry 4.0 and 5.0.

2.1. Overview of LSTMs

A Recurrent Neural Network (RNN) is a specialised architecture of artificial neural
networks (ANNs) designed to process sequential information. However, conventional
RNNSs often need help with learning issues, such as exploding and vanishing gradients.
In response to these challenges, researchers have developed improved versions of RNN,
including the LSTM network. This network introduces a novel memory state designed
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to mitigate gradient problems, enabling it to learn complex patterns like seasonality, au-
tocorrelation, trends, and noise in time-series data. Consequently, LSTM networks are
extensively used in time-series prediction problems.

Figure 3 presents an LSTM cell, where f; and i; represent forget and input gates,
respectively. These gates decide which information to forget and which to add to the cell
state Cy.

fe=0(Wexe + Ughyq + by) 1)

iy = O'(Wixt + Uihi_q + b,‘) (2)

where x; represents the present input data; f; and i; denote the output from the forget gate
and input gate, respectively; the Ur and W; variables are weight matrices; b is the bias

vector, also called the thresholds of the input gate b; and the thresholds of the forget gate
by; and o(.) represents the sigmoid function defined as:

1
o(z) = 1+ exp(—2z) ®)
The o(.) output is in the range of 0 to 1. The C; value is defined as:
Ct = tanh(Wox; + Uchy_q + be) (4)

where C; is the new candidate cell state, called the internal state of the cell, and b, is the
threshold of the memory cell.
Then, the cell state C; vector is updated as follows:

Ci=fi®Ci1+it®@C ®)

The O; value is the output obtained as:

O = U’(Woxt + Uphi—1 + bg) (6)

where b, represents the threshold of the output gate. Finally, the hidden state, ki, of the
LSTM can be derived as:

I’lt = Ot ® tanh(Ct) (7)
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Figure 3. The hidden layer structure of LSTM.

Figure 4 illustrates the LSTM forward pass for a single analysis window, displaying N
LSTM cells, one for each observation, and how the output of each cell feeds into the next. In
an LSTM network, the hidden size parameter corresponds to the dimension of the vector /;,
and the number of layers represents how many cells are vertically arranged, with a single



Mathematics 2025, 13, 259

6 of 20

layer size depicted in the Figure 4 . The LSTM learning process involves computing a loss
function followed by backpropagation, where errors are disseminated using gradients.
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Figure 4. The LSTM network for a single window.

2.2. Network Architecture

As mentioned, the LSTM network will be tested with various windows and hidden
sizes, keeping other parameters constant during each experiment. Built using the PyTorch
library and Google Collaborator as the development environment, the model was trained
in one of Google Colaboratory’s GPU environments.

The network architecture, depicted in Figure 5, shows how input data feed the LSTM
cells and, after the forward pass, the fully connected layer (FC) receives the last LSTM
output (hy) for prediction. The FC’s output size is set to 16, with accuracy as the sole
training metric. Optimization was achieved using an Adam optimiser and the cross-
entropy loss function. The learning rate was set at 0.001, with early stopping based on
a validation set of 896,400 samples. The batch size and the number of layers were set at
11,205 and 1, respectively.

FC
LSTM
—> —> Predicted
EEEEEm Pattern
o
v > A b
~ A / ’
N \ / /
. e e /

1 2 3 4 5 EEEEEEEE |
Input Data

Figure 5. The LSTM network architecture.

2.3. Window Size and Evaluation Metrics

In a traditional monitoring strategy, samples are taken at each time step t and plotted
on a control chart. This process continues until an unnatural pattern is detected, leading
to the identification and elimination of its root cause before restarting the monitoring.
Traditionally, the state of the process is assessed by evaluating the last N samples, referred
to as the window size. As a new sample arrives, the oldest is removed, a process depicted
in Figure 6 as a moving window, necessitating the evaluation of a pattern recognition model
to select an optimal window size for classification metrics.
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Figure 6. Illustration of moving window.

Furthermore, evaluation metrics play a crucial role in control chart recognition
schemes. The study by [41] highlighted that single pattern recognition metrics are in-
sufficient for concurrent pattern recognition schemes, proposing additional metrics for
testing despite most studies focusing solely on accuracy and sometimes on Average Run
Length (ARL). This study will include metrics associated with early detection, accuracy,
and false alarms. To evaluate early detection, the following metrics will be utilised:

1. Average Target Pattern Run Length (ATPRL): The average number of samples needed
to detect a target pattern.

2. Average Unnatural Pattern Run Length (AUPRL): The average number of samples
required to detect an unnatural pattern, regardless of whether it is the target.

The ATPRL will help determine how quickly the target pattern is detected once a fault
occurs. However, it is also important to assess the model’s ability to detect any pattern
change, whether or not it is the target pattern, as this indicates that something is affecting
the natural operation of the process. This approach could help avoid production under
suboptimal conditions, even if it does not reduce the search time associated with correctly
identifying the fault.

On the other hand, the Detection Average (DA) metric will be used to analyse the
model’s accuracy:

1.  Detection Average (DA): The average number of moving windows where the unnatu-
ral target pattern was detected.

This metric will estimate the model’s ability to detect the presence of unnatural patterns
in the moving windows. Finally, four metrics are proposed to estimate false alarms:

1.  Average False Alarm (AFA): The average number of false alarms per moving window.

2. Number of false alarm moving windows per total moving windows (NFAMW-TMW):
The total number of moving windows with at least one false alarm (NFAMW) divided
by the total number of moving windows (TMW).

3. Number of false alarms per total moving windows (NFA-TMW): The total number of
false alarms (NFA) divided by the total number of moving windows (TMW).

4. Number of false alarms per number of false alarm moving windows (NFA-NFAMW):
The total number of false alarms (NFA) divided by the number of moving windows
with at least one false alarm (NFAMW).
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The AFA metric will estimate false alarms, which correspond to incorrect signals when
no faults are present. Meanwhile, NFA-NFAMW, NFA-TMW, and NFAMW-TMW are ratios
that establish the number of false alarms per moving window.

Pattern detection performance is also relevant in recognition models. The primary
objective of pattern identification is to classify the pattern present in the monitoring data
and associate it with a specific assignable cause. While identifying the exact pattern is a
priority, we acknowledge that models are imperfect, and narrowing the search space can
also benefit real-world environments. For this reason, it is proposed that patterns that are
confused with one another be evaluated using a confusion matrix. This reduces the search
process to one or two fault options. In this regard, stable models with confusion limited to
fewer patterns are preferred. Determining the ATPRL for each pattern will help identify
which patterns are easier or more difficult for the monitoring model to detect.

2.4. Proposed LSTM Evaluation Procedure

The proposed methodology aims to assess how different window sizes, hidden net-
work sizes (HN sizes), and unnatural pattern characteristics impact the performance of a
model based on an LSTM network. Despite LSTM’s ability to infer from variable-length
input sequences, this methodology will focus on training and testing with fixed window
lengths. Various models, each with its window size, will be considered for sensitivity
analysis, with window sizes set at 8, 16, 24, 32, 40, and 48 samples.

In addition to window length, experiments will explore the impact of the LSTM’s
HN size on network performance, analysing how it affects classification performance and
training time. HN size values for sensitivity analysis will be 30, 60, 120, 180, and 240.

Finally, LSTM’s classification performance on simple and concurrent patterns will be
evaluated, considering patterns such as Trend (TP), Shift (SP), Cycle (CP), Stratified (STP),
and Systematic (SYS). Concurrent patterns will result from all possible combinations of
simple patterns, as detailed in the following section.

3. Pattern Generation

The sensitivity analysis will include the simple patterns described in Table 2, detailing
each pattern’s name, estimation formula, and parameter range. The natural pattern will
be generated based on a normally distributed process. Table 2, p(t) represents the pattern
observation at time ¢, while r;(t) denotes white Gaussian noise.

Table 2. Pattern generation.

Pattern Parameter Generator Equation Parameter Values

Natural (NP) - pi(t) =pu+ri(t)o ;4:0,(7:1

Trend (TP) Slope (s) pi(t) = p+ri(t)o+ts = (0.075¢,0.1¢,0.1250)
Shift (SP) Shift magnitude () pi(t) = pu+ri(t)o+ty 17 (1.50,20,2.50)

Cycle (CP) Amplitude («), Period (T) p;(t) = y +ri(t)o+asin(2w/T) a = (1.50,20,2.50), T = (8,16)
Stratified (STP) Random noise (¢”) pi(t) = u+ri(t)o o' = (0.30,0.50,0.70)
Systematic (SYS) Systematic departure (d)  p;(t) = u+ri(t)o +d(—1)! d =(1c,20,30)

Concurrent patterns will be simulated by combining pairs of simple patterns and their

respective parameter ranges, resulting in 16 patterns to analyse. This includes one natural
pattern and fifteen unnatural patterns (5 simple and all 10 possible pairs). The variation
in parameter numbers for each pattern may lead to an imbalanced dataset, which will be
corrected as necessary through oversampling. Table 3 summarises the outcomes of the
pattern generation process.
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Table 3. Training and testing data.
Windows
Pattern Name Parameter Before Oversampling Parameter After Bal- Training Testing
Balancing Factor ancing
Natural Unnatural  Natural Unnatural
1. Stratified (STP) 3 12 36 103,500 270,000 41,400 108,000
2. Cycle (CP) 6 6 36 103,500 270,000 41,400 108,000
3. Trend (TP) 6 6 36 103,500 270,000 41,400 108,000
4. Systematic (SYP) 3 12 36 103,500 270,000 41,400 108,000
5. Shift (SP) 6 6 36 103,500 270,000 41,400 108,000
6. Stratified-Cycle (STP- 18 2 36 103,500 270,000 41,400 108,000
CP)
7. Stratified-Trend (STP- 18 2 36 103,500 270,000 41,400 108,000
TP)
8. Stratified-Systematic 9 4 36 103,500 270,000 41,400 108,000
(STP-SYP)
9. Stratified-Shift (STP- 18 2 36 103,500 270,000 41,400 108,000
SP)
10. Cycle-Trend (CP-TP) 36 1 36 103,500 270,000 41,400 108,000
11. Cycle-Systematic (CP- 18 2 36 103,500 270,000 41,400 108,000
SYP)
12. Cycle-Shift (CP-SP) 36 1 36 103,500 270,000 41,400 108,000
13. Trend-Systematic (TP- 18 2 36 103,500 270,000 41,400 108,000
SYP)
14. Trend-Shift (TP-SP) 36 1 36 103,500 270,000 41,400 108,000
15. Systematic-Shift (SYP- 18 2 36 103,500 270,000 41,400 108,000
SP)
TOTAL 1,552,500 4,050,000 621,000 1,620,000

4. Simulation Approach for Training and Testing Data

The proposed simulation method is similar to [5]. However, unlike those authors,
the analysis windows will be generated by removing the oldest sample and including a
new sample. In [5]’s approach, independent windows are generated based on a minimum
abnormal rate and repeat size.

This way, continuous monitoring samples will be generated, and training and testing
windows will be sequentially extracted from these samples. Each sequence is presumed to
start in a stable state without any assignable causes, beginning with k sampling windows
in a stable condition from the data generated in the previous step. The value of k, randomly
chosen between 6 and 17, aims to simulate the randomness of a fault and will also be used
to calculate false alarm metrics. Following the k stable windows are 30 window samples
of a specific abnormal pattern, making each sequence consist of k stable windows and
30 unnatural windows. There will be 9000 and 3600 sequences for training and testing each
unnatural pattern, respectively. The grey columns in Table 3 detail the total number of
windows (natural and unnatural) required for training and testing.

For example, the number of natural windows per pattern type for training is given by:

17
Y (9000/12) x k = 103,500 (8)
k=6

While the number of unnatural windows per pattern type for training is given by:

9000 30 = 270,000 9)

To ensure a fair comparative evaluation during the sensitivity analysis, the research
team will conduct the training and testing processes over the same moving windows, thus
maintaining consistency across different window sizes.
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5. Results

As previously highlighted, sixteen patterns were tested across eight window sizes:
8, 16, 24, 32, 40, and 48, evaluating five hidden sizes: 30, 60, 120, 180, and 240. The
same moving windows were maintained across each window size analysis. The findings,
showcased in Figure 7, reveal that window sizes of 16 and 24 observations yield a high DA,
in contrast to sizes 8, 32, 40, and 48, which demonstrated a low DA. Additionally, a larger
window size necessitates a higher AUPRL, requiring more samples to detect unnatural
variations, as suggested by Figure 7b,c. Lastly, Figure 7d illustrates that a smaller window
size incurs a higher AFA than a larger one. These results emphasise the importance of
adjusting window size and hidden parameters to enhance pattern detection efficiency.

(a) Detection Average (DA) (b) Average Unnatural Pattern Run Length (AUPRL)
49 4

0.984 Hidden size
— 30

0.982 60 4.8 1
— 120

0.980 — 180 47

— 240
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0974 Zg
4.4 4
0.972 — 120
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0970 431 — 20
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Window Size Window Size
(c) Average Target Pattern Run Length (ATPRL) (d) Average False Alarm (AFA)
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Figure 7. Window size sensitivity analysis. (a) detection average; (b) average unnatural pattern run
length; (c) average target pattern run length; (d) average false alarm.

From the analysis in Figure 7, a performance trade-off is evident across the metrics
considered: larger window sizes result in lower DA and AFA but higher AUPRL and
ATPRL. Conversely, smaller window sizes exhibit lower ATPRL and higher AFA, indicating
that large window sizes are less sensitive to the appearance of the unnatural pattern. This
suggests that larger windows require more samples to detect a pattern while maintaining
a lower rate of false alarms. This finding aligns with [45], who focused solely on the
ARL metric, highlighting the complex balance between sensitivity to pattern changes and
the minimisation of false alarms in pattern recognition tasks. This insight is crucial for
optimising model parameters in real-world applications, balancing the need for accurate
pattern detection against the practical limitations of false alarm rates.

The false alarm analysis shown in Figure 8 also confirms the previous result. Each
colour in Figure 8 represents the average number of false alarms generated per unnatural
pattern type for each window size. Figure 8a shows that once a false alarm has occurred, a
large window size has more false alarms than a small window size, i.e., a large window
has a higher NFA-NFAMW. However, Figure 8b shows that, during all moving windows
analysis, there are fewer moving windows with at least one false alarm when a large
size window is used, i.e., larger windows have a lower NFAMW-TMW. Furthermore,
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Figure 8c shows that longer windows have a smaller NFA-TMW, i.e., they are less prone to
false alarms.

(a) Number of false alarm per number of false alarm moving windows (NFA-NFAMW)

230

524

Window Size
(b) Number of false alarm moving windows per total moving windows (NFAMW-TMW)

an; NS
E =
= 030 — =
= S e — J— e —
o S——~ ——
g = — —
8 b3

Er 40 48

%

Window Size
(c) Number of false alarm per total moving windows (NFA-TMW)

NFA-TMW

b3

Window Size

Figure 8. Summary of false alarm evaluation. (a) NFA-NFAMW; (b) NFAMW-TMW; (c) NFA-TMW.

Integrating the false alarm analysis with the previous findings emphasises the critical
role of window size selection in balancing effective pattern detection and minimising
false alarms. This balance is essential for addressing data complexity challenges and
achieving optimal real-time detection. It highlights the importance of adjusting window
sizes to improve operational efficiency and reduce downtime in advanced manufacturing
environments. It directly connects with the need for scalable and robust models that
provide an optimal balance between early detection and reduction in false alarms.

The hidden size analysis reveals that, unlike window size, this parameter does not
show a clear pattern in its impact on performance metrics, indicating a less significant
influence on model effectiveness (Figure 9). Results show that smaller hidden sizes lead
to more extended training periods (Figure 10). Furthermore, the ratio of trainable model
parameters to training windows suggests a delicate balance between the risks of overfitting
and underfitting (Table 4). Increasing hidden size demands more training data to leverage
the model’s added complexity. These findings, suggesting a hidden size of 120 to balance
training needs with model capacity, pave the way for a deeper discussion on how such
technical decisions align with process optimisation goals in industrial environments.

Table 4. Summary of training data model vs. model size

Hidden Size
30 60 120 180 240
Total parameters 4456 16,096 60,976 134,654 237,136
Total windows 5,602,500 5,602,500 5,602,500 5,602,500 5,602,500

Total windows/Total parameters 1257.29  348.07  91.88 41.61 23.63

Figure 11 shows a detailed summary of experimental ATPRL results per each unnatural
pattern. It can be observed which patterns require a more significant number of samples
to be detected, i.e., a higher ATPRL. Those patterns were TP, SP, CP-TP, TP-SP, and STP;
on the other hand, the most easily detected were CP-SYP, SYP-SP, STP-SP, and STP-SYP
patterns. Finally, the confusion matrix in Figure 12 shows which unnatural patterns were
the most mistaken as natural patterns. Only unnatural patterns were considered during
this analysis. Therefore, the natural pattern target row is null. It can be seen that the model
tended to confuse the STP, TP, and STP-TP patterns with the natural pattern, i.e., a natural



Mathematics 2025, 13, 259

12 of 20

variation was indicated when, in reality, there was an unnatural pattern. Furthermore,
Figure 12 shows that the SYP-SP, STP-SP, SP, CP-SYP, and CP-SP patterns were the least
confused as a natural pattern. These results are broadly consistent with the ATPRL analysis
presented before.

(a) Detection Average (DA) (b) Average Unnatural Pattern Run Length (AUPRL)
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Figure 9. Hidden size sensitivity analysis. (a) detection average; (b) average unnatural pattern run
length; (c) average target pattern run length; (d) average false alarm.
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Figure 10. Summary of training time evaluation. (a) window size; (b) hidden size.

This study’s findings contribute to understanding the dynamics of pattern recognition
within classification models. By carefully analysing window sizes, hidden sizes, and pattern
types, we have effectively demonstrated the model’s nuanced ability to balance pattern
detection against false alarm rates. Notably, selecting model parameters emerges as a
critical factor in optimising performance. These insights fulfil this study’s objectives and
lay a solid foundation for further discussions on model optimisation and its implications in
complex industrial settings.
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Figure 12. Confusion matrix for pattern analysis.

6. Discussion

Addressing contemporary challenges in concurrent pattern recognition within the
modelling of real-world contexts demands research strategies and methods designed to
overcome difficulties associated with data, pattern complexity, real-time detection capability,
and achieving an optimal balance between early detection and false alarm reduction.
Below, we explore how our study addresses these challenges, proposing solutions that
significantly advance the optimisation of online detection and modelling of advanced
industrial environments.

6.1. Addressing Data Challenges

At the forefront of sustainable manufacturing and the transition to Industry 4.0 and
5.0, we face inherent challenges in processing and analysing data to implement intelligent
manufacturing systems. The challenges in pattern recognition presented by Fuqua and
Razzaghi 2020 [6]—unbalanced data, noisy data, and large volumes of data—highlight
the need to adapt new solution strategies to advanced manufacturing. Today, new tech-
nologies enable modern industries to achieve intelligent manufacturing systems. However,
these advantages pose challenges and changes to traditional solution strategies. Emerging
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technologies, such as the Internet of Things (IoT) and automatic process monitoring, pro-
vide tools for real-time process control but generate problems related to big data [46,47].
However, most studies for CCPR propose traditional ML models, although these models
are not scalable for large volumes of data [6,48].

Moreover, in a real manufacturing environment, unnatural patterns are less common
than natural ones, and consequently, unbalanced datasets could deteriorate the classi-
fication capability of a control system [6]. Thus, unbalanced data strategies should be
implemented in future models. Furthermore, traditional ML models are not robust enough
to handle noisy data, so tolerant strategies must be designed [6].

Strategies that directly address data imbalance, noise, and the ability to manage
large-scale datasets must be adopted to move towards more sustainable and efficient
manufacturing. This involves developing robust ML models that are tolerant to noisy data
and implementing techniques that can effectively balance accuracy and generalisation in
the presence of imbalanced data. Integrating these advanced approaches will improve
classification and recognition capabilities in control systems and facilitate the transition
to manufacturing practices essential for environmental sustainability and operational
efficiency in the era of Industry 4.0 and 5.0.

To address the challenge of effectively managing data in the era of Industry 4.0 and
5.0, our study proposes a solution based on implementing long short-term memory (LSTM)
neural networks. This approach stands out for its ability to process and analyse temporal
data sequences, which is essential to identifying complex patterns and predicting failures
in manufacturing processes. Using LSTM technology, the model learns from large volumes
of historical data, adapting and improving its accuracy in predicting future events.

The obtained results demonstrate the capability of the designed network to be trained
with more than 5.5 million data windows, each containing between 8 and 48 observations.
This achievement overcomes the limitations of traditional models that do not take advan-
tage of advanced technologies such as GPUs and training parallelisation. To counteract
the imbalance between natural and unnatural patterns, we implemented an oversampling
strategy, increasing the representation of unnatural patterns to improve their detection.
However, it was observed that excessive oversampling can reduce the model’s ability to
identify natural patterns, increasing false alarms, while insufficient oversampling decreases
its detection capability.

This model proposes a strategy for solving big data issues in modern industrial
environments. It also drives informed, real-time decision-making, improves operational
efficiency, and reduces machine and process downtime. The proposed solution represents
a move towards Industry 4.0 and 5.0 data management, providing a robust framework for
process optimisation and continuous improvement in the manufacturing sector.

Adopting these strategies involves a shift towards how we approach problem-solving
in intelligent manufacturing, highlighting the importance of close collaboration between
data engineering, data science, and sustainability. This integrative approach is critical to
overcoming current challenges and unlocking the full potential of intelligent manufacturing
towards a more sustainable future.

6.2. Complexity

The Industry 4.0 paradigm, and progressively that of Industry 5.0, requires scalable
machine learning (ML) models. However, most current approaches are not designed to
accommodate the scale and complexity of data generated in intelligent manufacturing envi-
ronments [6,48]. This limitation is particularly critical when considering the concurrency of
multiple patterns in complex and automated production processes, necessitating the search
for innovative solutions that can handle these complexities [9,41]. The concurrence of
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multiple patterns is joint in complex automated production processes [7,49]. The transition
to innovative manufacturing systems drives the need for advanced monitoring systems
capable of integrating concurrent patterns and challenges researchers to create advanced
monitoring systems that integrate these concurrent patterns, preventing deterioration in
the effectiveness of current monitoring models. This need is further emphasised by re-
search demonstrating how the omission of concurrent patterns can negatively affect the
performance of these systems [50,51].

Therefore, feature extraction is fundamental to improving concurrent pattern recogni-
tion, and many authors show how this approach increases pattern identification perfor-
mance [2,49,51]. However, manually defined feature extraction is a strenuous task because
these features must be designed appropriately based on prior knowledge of the pattern
features, and poor feature selection could quickly deteriorate model performance [11,25].

To effectively address complexity and improve scalability in the era of Industry 4.0 and
5.0, ML researchers and system developers need to evolve their approaches to methods that
can effectively handle the challenges presented by pattern complexity. This includes inno-
vation in feature extraction techniques that minimises manual intervention and maximises
models’ ability to autonomously learn the complexities inherent in real smart manufac-
turing data. Overcoming these barriers will lead to greater efficiency and accuracy in
pattern recognition and facilitate a smoother transition to highly advanced and sustainable
manufacturing systems.

Unlike traditional machine learning models, the LSTM model proposed in this study
does not require manual feature extraction to improve the detection process. Moreover,
complex features resulting from pattern concurrence can be extracted by applying the
LSTM network without separating the concurrent patterns into the simple patterns that
comprise it, as proposed by numerous monitoring strategies. The model performance
evaluation exposed the model’s ability to detect concurrent patterns, especially for the CP-
SYP, SYP-SP, STP- SYP, STP-CP, CP-SP, and STP-SP patterns (Figure 11). However, a strategy
with multiple classifier modules might be desirable to improve model performance. This
strategy could include a module with a binary classification output, whether the pattern
should go to a specific classifier or not, and in the second stage, specialised classifiers could
discriminate the pattern class.

Furthermore, the confusion matrix (Figure 12) showed that the unnatural patterns STP,
TP, and their combination were easily confused with the natural pattern, resulting in more
false negatives than the other included patterns. This may be due to the small magnitudes
of change applied to the STP and TP and their combination concerning the natural pattern.
Thus, the proposed multi-stage classification could be constructed by designing specialised
classifiers, one for detecting small and large changes and a binary module to split the
multi-stage classification.

6.3. Balancing Early Detection and False Alarms

Optimising the balance between early anomaly detection and minimisation of false
alarms is challenging in developing process control (PC) models. This balance is relevant
since a high sensitivity in anomaly detection can lead to an increase in alarm signals
without the presence of an actual disruptive factor, which is counterproductive in practical
application contexts. On the other hand, a model that generates few false alarms but
identifies anomalies late also needs more practical value, as it compromises the ability to
take corrective actions in time.

In this regard, it is critical to design and implement models that are highly sensitive to
actual failures and maintain a low detection error rate. This implies a meticulous approach
to feature selection, parameter calibration, and the design of algorithms that can effectively
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discern between normal operating conditions and incipient anomalous events. Adopting
advanced machine learning and data analysis techniques, such as deep learning and signal
processing, can significantly improve the early detection of CCPR models, enabling more
accurate identification of anomalies without increasing false alarms.

To achieve this balance, it is essential to implement validation and testing strategies that
simulate real operational scenarios, thus allowing for adjustment of the model’s sensitivity
and ability to discriminate between normal fluctuations and significant changes that require
attention. In addition, integrating artificial intelligence techniques that learn continuously
and adaptively can facilitate the progressive improvement of the model based on operational
feedback, refining its accuracy in detecting failures and reducing incidences of false alarms.

In the framework of Industry 4.0 and 5.0, where efficiency and sustainability are key
objectives, the ability of CCPR models to effectively balance early anomaly detection with
minimising false alarms is a necessary component. This ensures greater continuity and
efficiency in production processes and reduces operating costs and promotes sustainable
manufacturing practices. Ultimately, achieving this balance improves companies’ resilience
and competitiveness in today’s dynamic industrial environment.

For accurate evaluation in real-time or online application scenarios, models should
be evaluated with metrics that reflect early detection, accuracy, and false alarm incidence.
Under this precedent, it was proposed to implement seven (7) different metrics to measure
model performance comprehensively. The importance of these metrics lies in the fact that
the prediction of the current state of the process can reflect three different conditions: the
first is to correctly indicate the state of the process, either in control or out of control; the
second is to indicate the existence of a fault when it does not exist, indicating a false alarm;
and the third is to indicate the absence of a fault when the process is out of control. Each
of these conditions is associated with a different cost in terms of operation; false alarms
generate costs associated with stopping the process when there is no assignable cause,
and not signalling the existence of faults implies costs of producing products out of ideal
conditions. Accuracy cannot signal what type of condition is present in the prediction
alone, limiting the process of practical evaluation of the model’s performance. In addition,
it does not provide information on the early detection of failures, i.e., how quickly the
model detects the presence of a disturbing factor.

The study of the trade-off between false alarms and early detection is proposed to
adequately evaluate the model performance. It was found that for the proposed model,
increasing early detection tends to increase false alarms. Strategies such as adjusting the
window size or the data ratio during training are crucial to managing this trade-off. It is
vital to evaluate these strategies in real contexts to minimise operational costs, considering
that false alarms may cost more than no fault detection, depending on the operating
conditions and process objectives.

6.4. Improve Online Detection Capability

The implementation of real-time detection systems is required in practical applications
of industrial processes, where the primary purpose lies in the early or timely identification
of assignable causes through the analysis of successive samples to discern the current state
of the process. This monitoring strategy increases the complexity of pattern recognition
since it promotes the gradual appearance of the atypical pattern within the sampled data,
challenging its effective identification.

The existing literature on concurrent pattern recognition in process control (CCPR)
[7,11] often assumes a fully visualised pattern rather than a gradual emergence during
model design (see Figure 1), limiting its applicability in real process control scenarios. Thus,
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it highlights the need for innovation in data simulation methodologies that enhance early
detection capabilities in future CCPR models.

In the context of Industry 4.0 and 5.0, where the vision of zero-defect manufacturing and
sustainability is positioned at the epicentre of industrial practices, the need to move towards
more sophisticated and efficient monitoring and pattern recognition systems is more relevant
than ever. Implementing CCPR models that not only accurately anticipate the emergence of
anomalies but also minimise false alarms becomes an indispensable requirement. This evolu-
tion towards more accurate and less intrusive detection systems is essential to achieve more
efficient manufacturing, reduce resource waste, and promote more sustainable production
practices. By addressing these challenges with technological and methodological innovations,
the industry can move towards a future where operational efficiency and environmental
sustainability can be achieved harmoniously with the environment.

To optimise online detection, this study introduces a simulation model that randomly
generates a fault between 6 and 17 natural samples, seeking to replicate the spontaneous
occurrence of anomalous patterns. Thirty post-fault samples are added to facilitate pattern
identification by the model. In contrast to previous studies, seven metrics are used instead
of only accuracy for a comprehensive evaluation, including the analysis of the trade-
off between false alarms and early detection, influenced by window size and network
parameters. Variations in window size are found to affect model sensitivity, but the
challenge of balancing both characteristics remains open. Similarly, the hidden size does
not significantly impact the metrics, although its optimisation is crucial to balance training
time and memory requirements.

Likewise, this study improves online detection capability by simultaneously address-
ing critical challenges such as handling complex data, balancing early detection, minimising
false alarms, and the complexity of concurrent patterns. An improvement in real-time
detection capability is demonstrated by implementing an appropriate simulation model
and utilising multiple metrics for a more comprehensive evaluation. This comprehensive
approach, supported by the use of LSTM technology, not only overcomes the limitations of
traditional models but also establishes a framework for the future development of more
efficient and accurate monitoring systems in the context of Industry 4.0 and 5.0.

7. Conclusions

This study introduces a novel evaluation methodology for pattern recognition in
advanced quality control. By implementing the proposed structure, we have estimated
the model’s sensitivity to variations in window size and hidden layer size and analysed
the conditions that best maintain a balance between early fault detection and false alarm
minimisation. The results demonstrated that the LSTM model can detect faults during
the evaluation process by dynamically adapting to the temporal variations inherent in the
simulated manufacturing processes.

However, evaluating model performance under different metrics and parameters
presents the limitation of defining a general performance indicator that enables a global
comparison of monitoring proposals, as authors currently do. One strategy to overcome this
limitation could involve comparing the trade-off between false alarms and early detection to
select the model with the best overall performance. In the evaluated case, experimental evalu-
ation reveals that the optimal window size effectively balances model sensitivity and false
alarm minimisation, with an approximate average size of 24 observations emerging as ideal.
Comparing models under this optimal balance can help determine which model demonstrates
superior overall performance. Although the hidden layer size setting marginalises model
performance, larger configurations were observed to optimise training time.
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Our findings underscore the complexity of identifying specific anomaly patterns, high-
lighting particularly challenging TP, SP, CP-TP, and STP patterns. In contrast, patterns such
as CP-SYP, SYP-SP, STP-SP, CP-SP, and STP-SYP proved to be more distinguishable. The
research concludes by emphasising the need to create models focused on the current needs
of the industry, emphasising the increasing automation of processes and the emergence
of new research challenges in CCPR. This study not only validates the versatility and
effectiveness of a classification model in advanced manufacturing environments but also
sets the path for future research that can explore the sensitivity of a particular classification
model in increasingly complex and dynamic industrial scenarios.
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Abbreviations

The following abbreviations are used in this manuscript:

SPC Statistical process control

CCPR Control chart pattern recognition
ANN Artificial neural network

DT Decision tree

SVM Support vector machine

DNN Deep neural networks

LST™M Long short-term memory

RNN Recurrent neural network

FC Fully connected layer

ARL Average run length

ATPRL Average target pattern run length
AUPRL  Average unnatural pattern run length

DA Detection average

AFA Average false alarm

NFA Number of false alarms

NFAMW  Number of moving windows with at least one false alarm
™MW Total number of moving windows

HN Hidden network sizes

P Trend pattern

SP Shift pattern

CP Cycle pattern

STP Stratified pattern

SYS Systematic pattern
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