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Abstract: Industry 4.0 has significantly transformed the manufacturing sector, bringing advancements
in quality control efficiency, environmental sustainability, and production development. These
changes have led to numerous Al-driven research initiatives and practical applications. However,
implementing Al solutions in manufacturing processes still faces challenges, particularly in handling
irregular datasets influenced by diverse manufacturing settings. What’s more in injection molding,
quality inspection often occurs at the batch level, rather than for individual units, providing only
the defective ratio instead of labeled data for each cavity. To address these limitations and promote
sustainable manufacturing, this study proposes a novel anomaly detection framework for specific
manufacturing processes. First, we apply K-Means to separate data into setting based recipes. Second,
autoencoders for anomaly detection are trained with normal data from each recipe. Third, for
adaptable learning focused on new inputs with unseen settings, we apply KL-Divergence to find
the closest trained recipe data and its model. This leads to continuous prediction without further
training. In the main experiment, compared to the existing 41 defects of the test data, recipe-based
models predicted 61 while the latter only predicted 2. Also, in the application of adaptable learning,
it exceeded both the latter and additional training results. In common, the abbreviated results show
that recipe-based models predict acceptable amount of anomalies in the test data, while prediction
without considering different settings can barely predict any. In a real world perspective, such
improvement of quality inspection and its continuity in injection molding process efficiently saves
resource and computational cost, ensuring overall sustainable manufacturing.

Keywords: sustainable manufacturing; injection molding; setting values; recipe; autoencoder;
anomaly detection; k-means; kl-divergence; adaptable learning

1. Introduction

1.1. Background

Industrialization plays a critical role in solving key challenges for maintaining viability by
introducing cutting-edge technologies in manufacturing. Recently, many industries are accelerating the
application of Industry 4.0 to improve quality control and customization efficiency, and expect benefits
such as increased production speed, reduced manufacturing costs, and reduced environmental impact.
However, many industries are facing difficulties in efficiently adopting cutting-edge technologies due
to financial, regulatory, and organizational management issues. Nevertheless, the future impact of
Industry 4.0 on the manufacturing ecosystem is inevitable, and this has led to active research and
experiments on the possibility of manufacturing innovation [1,2].

In particular, the introduction of artificial intelligence (Al is attracting attention as a key element of
manufacturing process innovation in Industry 4.0. Al optimizes data-based decision-making through

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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techniques such as machine learning, deep learning, and reinforcement learning, and enables efficient
predictive engineering and condition monitoring, thereby enhancing the sustainability and flexibility
of manufacturing processes. However, since each manufacturing process has different characteristics
of product development, it is important to carefully explore the data characteristics and apply the
optimal algorithm.

In addition, research results are also showing that the development of Al in the manufacturing
sector can solve environmental problems [3,4]. In other words, if manufacturing Al is continuously
developed, it is expected to efficiently contribute to society in various ways.

Many studies have shown that the application of manufacturing Al can lead to the advancement
of the industry and this is a task that must continue for development in the future [5-7]. However,
despite the technological advancement of hardware and software, the use of Al solutions in the
manufacturing sector faces many limitations, such as scalability, and it is said that much research is
still needed [8].

1.2. Issue

In the field of injection molding, the datasets used in research often do not sufficiently reflect the
characteristics of the entire product development process. The datasets generally have a balanced ratio
of results for normal and defect qualities. But in actual industrial sites, there is a significant lack of
defective data, making it difficult to build an Al model that takes this imbalance into account [9]. In
addition, labeling the status of products on a 1:1 product basis is very important in building AI [10].
However, the injection molding process has difficulty of performing real time quality inspection
throughout the process of every product. So products are generally collected in batches and quality
evaluation is done by the count of defective products per each batch. This method makes it difficult to
determine whether the characteristics of a each data indicates a normal or defect quality. And if there
is a lack of defective data, application of Al is also limited.

In addition, there are results in the field of injection molding that the setting values in product
development process are frequently changed, which makes training the data more complicated [11].If
the data settings change, the data itself loses its normality, and the more frequently the settings change,
the more complex the data becomes. This makes it difficult to actually build and apply AL

1.3. Our Idea

This paper propose a new framework for sustainable manufacturing specialized in the injection
molding process. By utilizing the process characteristics with few defects, we aim to build an Anomaly
Detection model that learns only good data in a batch process and detect actual defects throughout
the remaining data. Also, in order to reflect the frequent changes of setting values during product
development process, we introduce the ‘Recipe-based learning” approach. A 'recipe’ is defined as a
unique set of setting values that is manipulated throughout process. If even one value is changed from
a set of multiple settings, it is considered as a new recipe. With this concept, Recipe-based learning
means a method of classifying the dataset by each recipe and training its model. Here, we aim to
present an approach that can optimize the setting parameters and anomaly detection models of the
injection molding process. With further extension, we introduce the "Adaptable-learning’ approach.
Here, we aim to directly predict new data with unseen settings by using trained models of the closest
recipe. For the experiment, we used an injection molding data set collected from a private company in
South Korea.

1.4. Contributions

1. Optimization in Defect Detection: This paper advances the field of injection molding by focusing
on Al-driven modeling to enhance the accuracy and efficiency of defect detection, aiming to
optimize manufacturing quality and process reliability.
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2. Reduced training time: Since additional learning for new data becomes unnecessary, the required
learning time is reduced and the maintenance period of the product life cycle can be extended.

3. Securing corporate competitiveness: By reducing the cost of quality inspection due to advanced
defect detection, the company can secure its own quality competitiveness.

4. Reduction of resource waste: When modeling is performed for each individual setting, optimizing
model parameters during training process becomes more simple due to distinguishable data
characteristics. This reduces the cost of inference. This is also held with additionally collected
data which reduces cost of retraining models.. Both aspects can be implied as the reduction of
resource waste and lead to eco-friendly product yield.

The paper is structured to provide a clear progression from foundational concepts through to
experimental validation and future implications. Section 2 provides context for our approach by
reviewing the evolution of injection molding technology and recent Al advancements in this area,
emphasizing how our method builds upon and improves existing techniques. Section 3 details the
algorithms and methodology we use to enhance defect detection accuracy, demonstrating how our
approach impacts production efficiency. In Section 4, experimental data showcases our method’s
real-world effectiveness, significantly outperforming traditional models in defect detection accuracy.
The Discussion section interprets these results, highlighting the potential for Al-driven defect detection
to improve sustainability and resource efficiency in manufacturing. Finally, the Conclusion advocates
for the targeted use of Al in manufacturing automation and proposes future research paths that align
with sustainable and resource-efficient practices.

2. Literature Review

The injection molding industry has made great strides over time in leveraging Al

2.1. Initial Experimentation and Predictive Modeling (Early 2000s)

Early Al implementations in injection molding aimed at predictive maintenance and process
optimization, often using basic machine learning algorithms to forecast equipment failures and adjust
parameters based on historical data. However, these systems struggled with data limitations, as
molding processes are highly complex and sensitive to subtle fluctuations in conditions. This made
prediction accuracy inconsistent and dependent on operator expertise to validate predictions, limiting
scalability in complex production environments [12].

2.2. Integration with Industry 4.0 and Real-Time Monitoring (Mid-2010s)

With the onset of Industry 4.0, AI’s role in injection molding expanded to include real-time
data monitoring and adaptive process controls. By using IoT sensors and more advanced machine
learning models, manufacturers began adjusting molding parameters on the fly, significantly enhancing
efficiency and reducing defect rates. Yet, challenges remained, particularly with data compatibility
across different machine systems and the difficulty in achieving “zero-defect” manufacturing due to
high variability in material and environmental factors [13].

2.3. Advanced Quality Prediction and Zero-Defect Ambitions (2020s)

More recent advancements focus on achieving high quality and zero-defect production through
complex Al models like neural networks and human-in-the-loop systems. These allow Al to refine
parameters in real-time, reducing waste and maintaining consistency. However, these systems demand
substantial computational resources and skilled data scientists to manage and interpret results, creating
a high entry barrier for smaller manufacturers. Additionally, the effectiveness of these systems is often
limited by variability in data quality and completeness, hindering universal application [9].

Over time, the importance of Al in the injection molding field is increasing day by day, and its
accuracy is also improving. However, due to frequent changes in the set values, it is very difficult to
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utilize AI [11]. In addition, deploying Al for defect detection and quality prediction in the injection
molding industry has difficulty in learning effective models due to the very small number of defect
data. This lack of defect samples limits the ability of Al models to generalize and accurately predict
rare defects [14].

2.4. Similar Studies

In fact, in the injection process with the characteristics of a batch unit, Autoencoder has been
utilized for monitoring, quality prediction, etc [11,15]. However, it is said that there are many
difficulties in practical application, citing limitations such as a decrease in accuracy due to changes in
new recipes (setting values) [11].

2.5. This Work

As explained above, due to the nature of the injection process, there is no actual individual
labeling and only the defect ratio in simple cavity unit production can be known, so we used the
existing Autoencoder method that learns the distribution of good products and detects defects by
utilizing only the data of all good products in the cavity or batch production unit [11,15].

In this paper, we propose a method to secure data normality for more sophisticated modeling
and a methodology to meaningfully predict new types of data. First, we propose a method to learn
by separating the settings. If the setting values are classified, the regularity of the training data set
can be secured as an example in Figure 1. If modeling is performed based on this regularity, higher
performance of quality inspection can be maintained.

Recipe

N

Figure 1. Distribution of Injection Molding data by Settings.

In addition, in order to efficiently verify when a new type of data is input, we propose a method
of making predictions for new data by utilizing a training model most similar to the new data from the
existing Recipe training unit model by using an algorithm that identifies the distribution of the new
data.

3. Methodology

In this section, we introduce our proposed architecture for implementing anomaly detection
focusing on data with a lack of individual labeling results consisting of setting values. The general
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architecture is described in Figure 2. For a brief introduction, the overall description of the collected
dataset for experimental analysis is first explained. Second, the K-Means clustering algorithm [16]
is described focused on securing data normality with setting-based separation. Third, the train and
test data are defined for anomaly detection. Only normal data are trained, and the rest are used for
prediction. Data regularization with min-max scaling is further done before the modeling process.
Fourth, predictive modeling is based on the Autoencoder [17] model. Anomalies beyond the optimized
threshold of reconstruction errors are to be treated as anomalies. Finally for adaptable learning, the
KL-Divergence [18] is used to find the closest data among trained recipes, compared to new data which
contain untrained settings. Then, with the trained AutoEncoder based on the closest trained recipe,
new data are becomes directly predictable.
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Figure 2. General Architecture of The Proposed Method.
3.1. Data Collection

The injection molding dataset for the experiment is based on a procedure measured in a batch
described in Figure 3. First, a product consists of a single or multi- cavity mold. For each process, a
single-cavity mold yields one product, and a multi-cavity mold yields sub-products. For example,
if a 4 cavity mold product consists of cavities which 3 are normal and 1 is defect, the defect ratio of
this product is 25 percent. Now, these cavity-based products are assigned to a specific batch. In such
process, quality inspection is usually not performed for each product. Instead, the overall defect ratio is
known based on the count of good and bad cavities. Since individual labeling is absent, it is difficult to
directly apply Al methods of classification or anomaly detection. Furthermore, if settings are changed
multiple times throughout the process, even a dataset with a single item-code consists of multiple
distributions. In this case, data preprocessing based on a domain-specific approach is to be required.

Batch Production Defect Ratio of Overall Process
Cavity
D D D Normal Cavities
O O
Product —
—_— D —
(@) O D D D Defect Cavities

Figure 3. Process Management Based on Batch.

The description of the experiment dataset is as follows.
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. Collected data size is D with N features.

. The dataset consists of F facilities and P products.

. Each product consists of C cavities.

. § setting features are used for classifying data into recipes.
. Iinput features are used for building Autoencoder models.

Gl W DN -

The rest of the features include information such as facility and product code, process date, etc.
And the target feature for prediction is the overall defect ratio of good and bad cavities in the batch
process.

3.2. Recipe Separation

The prior objective of our work is comparing the prediction results of trained models based on
setting-based classified data which secures normality and the original data. Considering the change of
distributions throughout different setting values, our work aims to improve the prediction accuracy of
defect cavities.

In order to classify data into recipes based on specific settings, the K-Means clustering algorithm
[16] is applied to the original product data.

The K-Means Clustering is an unsupervised algorithm for grouping data of similar characteristics
based on distance measure. The process is as follows.

e First, the number of clusters K is decided for how many clusters the data should be divided into.

¢ Initial centroids for each cluster are given. Data close to each centroid are assigned to each cluster
with distance-based metrics such as Euclidean-Distance.

¢ Initial centroids move to the center of the data points of each assigned cluster. This process is
repeated until every data are assigned to clusters and centroids are finally adjusted.

An example of the K-Means result is shown in Figure 4.

Recipe Cluster No
LN e 25
26
59
97
113
129
144
. 177
184
- 188
219
227
248
259
305
315
320
323
-100 - 827
5 339
3

100

346
353

-100 -50 0 50 100

e e
b
=

Figure 4. K-Means Clustering Example.

Next, The process of applying K-Means is as follows.

¢ Among dataset size of D, select data with only N setting features.
* From the selected data, find C unique combinations of setting features.
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¢ Set the parameter n clusters as K which is the same number of C.

¢ Apply standard-scaling method to unify different measures of setting features.

¢ Train K-Means Clustering with final data size of d rows and N features

® Return to the original data size D and predict each data based on the setting features.

¢ Throughout prediction, designate the cluster number from 1 to K for each data.

* Define the final cluster numbers as setting parameter-based recipes.

* When new data is collected, the cluster(recipe) number of setting features are predicted with the

trained K-Means.

The outline of K-Means application is shown in Figure 5.

i Recipe Dat:
Setting Features Input Features ecipe Data

/\\ /\\
J N\

/\\ //\\
VANV

Figure 5. Classify Data into Recipe Settings.

3.3. Train/Test Data Organization

As mentioned in Section 3.1, data of such process lack individual labeling results. Rather, only
the overall defect ratios comprising the count of good and bad cavities are known. For anomaly
detection, batch process which have no defects(normal quality) can first be defined as the train dataset.
To prevent overfitting issues of prediction models, 90% are actually used for training and 10% for
validation. Finally, the normal data itself(integrated data) and the classified recipes are then used for
training models.

Then, batch process with existing defects (defect ratio > 0.0%) are defined as the test dataset. For
appropriate prediction, additional preprocessing is done in two situations.

1. Suppose a batch process consists of multiple setting-based recipes which also exist in the train
data. Although it seems appropriate for prediction, there is a setback. Since only the overall
defect ratio per batch process is known, it is inappropriate to compare predicted defect ratios of
multiple recipes and the existing ratio. In other words, in a batch process, defect ratio per each
recipe is untrackable. Accordingly, batch process which have one unique setting recipe are left in
the test data.

2. Suppose the test data consists of an unseen recipe information. In this case, only partial prediction
can be done leading to incomplete quality measurement of the batch process.

Finally, the preprocessed test data itself(integrated data) and the classified recipes are then used for
prediction.

3.4. Min-Max Regularization

Before building prediction models, a min-max scaling method which transforms the range of
inputs from 0 to 1 is applied to the input features [19]. In deep-learning methods, regularization with
scaling is vital for properly training data. Especially, it can mitigate input bias [20], gradient vanishing
or exploding [21], covariance shift [22], and exponential convergence of training loss [23]. Scaling is
first done based on the train dataset. Then, features of validation and test data are regularized based
on the train dataset.
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3.5. Predictive Modeling

3.5.1. Autoencoder Application

To perform anomaly detection with train and test data defined in Section 3.3, the Autoencoder
method is applied as the main prediction model in our work.

The main function of Autoencoder is reconstructing the inputs into similar outputs throughout a
symmetric architecture [17,28].

¢ Inputs are compressed through the encoder layer into the latent vector.

¢ In the latent vector, non-linear correlations between features are captured which can effectively
learn important components of inputs.

¢ Throughout the latent vector, reconstructed outputs are predicted with the decoder layer.

¢ Inputs for training Autoencoders of the recipes and the entire normal data(integrated data) are
the I input features.

Since the main objective of our work is applying Al in such manufacturing process which have
barely been used for analysis in other related works, it is closer to a data-driven approach [24]. This is
why Autoencoder of a fundamental structure like Figure 6 is used rather than applying Autoencoder
variants [25] which focus on improving model performance which is more of a model-driven approach
[26,27].

Decoder

J
(OOOOO0)]
|
““““'_'_'_'_'I““'“““““’
3]
[ U
|
(OCOOOO0)]

Figure 6. Autoencoder Structure.

3.5.2. Threshold Optimization with Evaluation Metrics

After training the Autoencoder models, the loss value of reconstruction errors between the inputs
and predicted outputs is calculated using mean absolute error. Among several metrics, The Mean
Absolute Error (MAE) is selected to see a more intuitive difference between the inputs and outputs.
The MAE function calculates the mean value of absolute errors between the given inputs and predicted
output values [29]. From the equation , where n is the train data size, Y; is the input, and Y; is the
reconstructed output [30].

1
MAE:EZ\Yi—Yi\ (1)

Furthermore, thresholds for anomaly detection are based on the maximum MAE value of the
reconstruction error of the validation normal data. If the MAE values of test data exceed the threshold,
it is predicted as anomaly. The application is to be performed in Section 4.5.2.
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3.6. Adaptable Learning

When new data of untrained recipe settings are collected, additional training is usually required.
However, if it is available to define the model of trained recipe with the closest distribution compared
to the new settings, direct prediction becomes available. In our work, this is defined as adaptable
learning.

First, KL-Divergence is applied for calculating the difference of distributions among setting values.
The Kullback-Leibler (KL) divergence is a statistical measure which quantifies the distance between
two probability distributions. From the equation below, [18], the definition of distribution P and Q in
our work is explained as follows.

¢ P is defined as each setting feature of the trained recipe.

Q is defined as each setting feature of new recipe.

* The range of KL-Divergence is from zero to infinity. If the divergence is lower, the distributions
are interpreted to be more similar.

As a result, the goal is to make sure to find Q which can properly infer P.

Dis(PlIQ) = [ P(x)iog i ®

Next, The process of applying KL-Divergence is as follows.

® Select recipes R,...., R+K of the trained dataset.

¢ Define recipes ..., r+k of the new dataset. (Recipe numbers are predicted by the trained K-Means
model in Section 3.2.)

¢ Select N setting features per each trained recipe and new recipe.

¢ Calculate the KL-Divergence value of each setting feature between the new and trained recipes.

¢ Calculate the sum of the calculated KL-Divergence values.

* Select the trained recipe with the lowest KL-Divergence value compared to the new recipe.

¢ Select model of trained recipe and predict data of new recipe.

* Define I input features used for prediction.

The outline of KL-Divergence is shown in Figure 7.

Setting Values of New Recipe

Calculate KL-Divergence

»| Find Adaptable
Trained Recipe

A 4

Select Model of .| Predict Data of
Trained Recipe New Recipe

Setting Values of Trained Recipes

A

Figure 7. KL-Divergence Application.
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4. Experiment Setup

4.1. Data Collection

The injection molding dataset used in our work is collected from a private manufacturing company
in South Korea. Referred to Section 3.1, inputs are defined as D = 432089 ,N =132, F=4,P=14,C =
1, S =76, I = 6. For further information, data with the size of 432098 with 132 features consist of 14
products manufactured in 4 facilities. Every product is based on a single-cavity. 76 setting features are
used for numbering recipes and 6 input features are finally used for anomaly detection.

4.2. Recipe Separation

The dataset is first classified via unique setting parameters. Then, inputs following the procedure
of Section 3.2 are defined as D=432089 , N=76, C=366, K =366, d=366.

An example of understanding the dataset is described in Table 1. First, the batch number 20231214
is the date when process was held. The batch process with specific settings defined as recipe number
10 results in approximately 1.37% defect ratio of cavity-based products.

Table 1. Information of Batch process Dataset.

Data Information of a Specific Recipe

Batch Number 20231214
Data Shape 438 Data Size and 132 Features
Setting Features 76 Setting Features
Input Features 6 Input Features
Number of Products 438
Predicted Recipe(Cluster) Number 10
Good Cavity Counts(Total) 432
Defect Cavity Counts(Total) 6
Overall Defect Ratio Approximately 1.37 %

4.3. Select Experiment Data

From the complete dataset, we chose the most appropriate subset to perform our proposed
method based on the following order.

1. Remove facility data which does not have any defect.
2. Select data from a specific facility where most defect ratios exist.
3. Select data of a specific product with the largest size.

The specified dataset now have data size of 26577 and 132 features. 36 setting based recipes with
secured normality exist throughout 57 batch process from 2023-12-14 to 2024-07-17. And the descriptive
statistics of 6 input features is shown in Table 2.

Table 2. Descriptive Statistics of Input Features.

Mean Std Min 25% 50% 75% Max

Injection Time 2.33 0.08 2.19 2.30 2.340 2.35 6.39

Switch Position 13.46 2.83 7.99 12.00 13.50 15.99 21.0
Cushion Distance 11.29 2.72 5.88 9.81 11.39 13.69 18.56
Weight Time 24.10 2.76 17.33 23.85 24.26 24.52 172.03

Max Injection Press 151.52 2.52 118.73 149.91 151.40 153.17 171.26
Peak Pressure 13321.01 12.31 13260.5 13312.6 13323.0 13330.4 13358.9
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4.4. Train/Iest Data Organization

Referred to Section 3.3, there remain 6 recipes from the experiment dataset. Descriptions of the
train and test data are shown in Tables 3 and 4. In case of recipe 4,5,6, only training is available since
no test data with the identical recipes exist. In this case, prediction can only be done if new data of
same recipes are actually collected. Validation data are then defined. Then, min-max regularization is
done referred to 3.4. With final organization of the train and test data, prediction of integrated and
recipe-based models follow the next step.

Table 3. Train Data Description.

Defect Ratio of Batch Process =0.0% Test Appliable
Integrated Data Shape 8190 Data Size and 6 Features (@]
Recipel Data Shape 2654 Data Size and 6 Features (@)
Recipe2 Data Shape 1996 Data Size and 6 Features (@)
Recipe3 Data Shape 3073 Data Size and 6 Features (@]
Recipe4 Data Shape 435 Data Size and 6 Features X
Recipeb Data Shape 31 Data Size and 6 Features X
Recipe6 Data Shape 1 Data Size and 6 Features X

Table 4. Test Data Description.

Defect Ratio of Batch Process >0.0%

Integrated Data Shape 5842 Data Size and 6 Features
Recipel Data Shape 4396 Data Size and 6 Features
Recipe2 Data Shape 475 Data Size and 6 Features
Recipe3 Data Shape 971 Data Size and 6 Features

4.5. Results

4.5.1. Autoencoder Configuration

The information of the trained Autoencoders are described in Table 5. Stacked Autoencoders [31]
with the best weights [32] throughout the epochs of training process are defined as the basic structure.
To maximize performance, we selected optimal the parameters per each model.

Table 5. Parameter Descriptions of Trained Autoencoders.

Applied Parameters  Integrated Data Recipe1l Recipe2 Recipe3

Loss Mean Absolute Error
Activation Function Tanh
optimizer Adam
Learning Rate 0.01
Number of Epochs 200
Early Stopping 200
Output Layer Size 128 128 64 64
Inner Layer Size 64 64 32 32
Latent Vector Size 16 4 16 16
Dropout Ratio 0.15 0.1 0.15 0.15
Batch Size 100 10 10 10

Validation Split Ratio 0.15 0.1 0.15 0.15
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4.5.2. Threshold Optimization

To define optimal thresholds for anomaly detection, the validation data mentioned in Sections 3.3
and 4.4 are first predicted with each Autoencoder. The distribution of reconstruction errors are shown
in Figure 8. The optimal thresholds are selected based on the the maximum MAE values referred to
Section 3.5.2. Instead of calculating thresholds via statistical approach, the maximum MAE value is
selected to secure the utmost objectivity. The calculated thresholds are described in Table 6.

Reconstruction Error of Validation Integrated Data Reconstruction Error of Validation Recipe=1
250 Anomaly Threshold 250 Anomaly Threshold
= Train Normal = Train Normal
= Valid Normal | m Valid Normal
200 200
= 150 = 160
E] 3
8 3
100 100 ||
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Figure 8. Validation Thresholds of Reconstruction Errors.

Table 6. Autoencoder Anomaly Thresholds.

Autoencoder Validation Maximum Threshold

Integrated 0.125
Recipel 0.0273
Recipe2 0.0437
Recipe3 0.0635

4.5.3. Prediction Comparisons

With the defined thresholds, prediction results based on the integrated and recipe-based models
are described in Table 7. From the table, each information includes the processed date of the batch
with the existing and predicted defects. For recipe-based prediction, the specific number of the recipe
is also shown. For example, in the first information, there are 5 existing defects among 971 cavities, 1
predicted defect from the integrated-based model and 6 predicted defects from the recipe-based model.
The recipe number based on the specific settings of the trained model and test data is 3.

Compared to the total amount of 41 existing defects out of 5842 cavities(0.701%), the integrated
model predicted only 2(0.034%) defects, while the recipe-based models predicted 61 defects(1.04%).
In the perspective of accuracy, recipe-based prediction shows approximately more than twice of the
integrated-based prediction. Especially in the second and eighth information, the recipe-based models
predicted the same number of defects compared to the existing ones. However, none were predicted
with the integrated model. This implies the importance of building appropriate prediction models
considering the difference of data distributions due to change of settings.
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Table 7. Prediction Comparisons(Defect Ratio).

Batch No Existing Defect Ratio Integrated pred Recipe Pred Recipe No.

20240322 0.514(5/971) 0.102(1/971) 0.617(6/971) 3
20240402 0.319(1/313) 0.00(0/313) 0.319(1/313) 1
20240429 0.879(6/682) 0.00(0/682) 1.173(8/682) 1
20240430 0.833(7/835) 0.00(0/835) 1.556(13/835) 1
20240502 0.611(5/817) 0.00(0/817) 1.22(10/817) 1
20240507 1.920(7/368) 0.00(0/368) 0.271(1/368) 1
20240614 1.312(5/381) 0.262(1/381) 2.099(8/381) 1
20240617 0.647(2/309) 0.00(0/309) 0.647(2/309) 1
20240623 0.289(2/691) 0.00(0/691) 0.723(5/691) 1
20240717 0.210(1/475) 0.00(0/475) 1.473(7/475) 2
Total 0.701%(41/5842) 0.034%(2/5842)  1.04%(61,/5842)

4.6. Adaptable Learning

Referred to Section 3.2 and 3.6, we used new inputs predicted as recipe number 6 and 7. The
characteristics of the new data are as follows.

e For recipe 6, there exist process of two unique batches each with no defects(defect ratio=0.0%)
and existing defects(defect ratio>0.0%). In other words, the first batch consists of only good

cavities and the second consists of both good and bad cavities.
* For Recipe 7, there exist process of one unique batch with existing defects.

For both recipes, data which contain defects are predicted with the following approaches.

1. Find each nearest trained recipe data and its prediction model(AutoEncoder) of recipe number 6
and 7 via KL-Divergence calculation.
. Optimize thresholds with validation data.
3. Predict new data with each selected Autoencoder and the integrated AutoEncoder referred to
Table 5.
4. Compare prediction results of integrated and recipe-based models.

N

For the batch process data with no existing defects in recipe 6, it is also used for training a new
model. Then, the batch process data with existing defects are predicted. This is held to compare the
anomaly detection results of additional training and adaptable learning.

4.6.1. KL-Divergence Calculation

With defined parameters R=1,K=2, r=6, k=1, N= 76, I=6 according to Section 3.6, the calculation
results are described in Table 8. As a result, the closest trained recipe dataset of the new inputs can be
both defined as recipe 1.

Table 8. Calculation Result of KL-Divergence Values.

New Recipes Trained Recipel Trained Recipe2 Trained Recipe3

Recipe6 40.1 41.63 41.12
Recipe7 11.13 12.66 12.15

4.6.2. Data Organization

As Sections 3.5.2 and 4.5.2, threshold optimization is held based on the validation dataset of
normal cavities. The validation data for the new inputs are defined in Table 9. Data are defined by
whether batch process from a new data consists only of normal cavities can be known or not.

First, for recipe 6, the first batch(defect ratio=0.0%) is used for validation and the second
batch(defect ratio>0.0%) is used for prediction. Second, for recipe 7, normal the validation data
is defined as follows.
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1. Based on recipe 1, select the closest data among the remaining recipe 2 and 3.

2. Parameters according to Section 3.6 are defined as R=2, K=1, r=1, k=0, N=76 , I=6.
3. With KL-Divergence, the closest data of recipe 1 result in recipe 3.

4. The existing train data of recipe 3 is decided as the validation dataset.

Table 9. Data Organization for Adaptable Learning.

Train Data Validation Data Prediction Data

Recipel 6(Normal) Recipe6(Defect)
Recipel Recipe3 Recipe 7

4.6.3. Prediction Comparisons

In Table 9, thresholds for anomaly detection are optimized via the maximum MAE values of the
reconstruction error distributions. Then the adaptable learning procedure is held with the prediction
data. The results compared to the integrated model are described in Table 10. Especially for recipe
number 6, the prediction result of additional training is also compared.

While the integrated model without considering unique settings still fails to predict defects as
Section 4.5.3, results based on the adaptable learning process predicted relatively acceptable amount of
defects. In recipe number 6, prediction except the integrated model resulted in much more defects
compared to the existing ones. Even though, adaptable learning led to a better result than additional
training with 10 less predicted anomalies. And in recipe number 7, predicted anomalies with adaptable
learning are almost equal to the existing ones. This implies that applying adaptable learning for new
data is more effective in the perspective of prediction accuracy and continuity of quality inspection.

Table 10. Prediction Comparisons of new recipes.

Recipe No. Batch No Defect Ratio Integrated Adaptable Additional

6 20240903  0.293(2/682)  0.00(0/682) 4.692(32/682) 6.158(42/682)
7 20240902  0.546(4/728)  0.0(0/728)  0.683(5/728) X

5. Discussion

For comparison, both the integrated and recipe models used simple-structured autoencoders
in these experiments, and recognizing the importance of hyper-parameter tuning [34-36], this was
performed for each model.

When the training results of the integrated model and the model classified by recipe are utilized,
the threshold of the recipe model can be set more precisely than that of the integrated model. When
this is utilized to classify good and defective products, it can be seen that the defective classification
rate for each recipe data is significantly higher than that of the integrated model. This underscores the
importance of categorizing data that vary with settings, ensuring the normality of each dataset during
training. In other words, it shows that it is very important to train while ensuring the normality of
each data by classifying the data that changes according to the setting, like an integrated model, in
order to actually connect it to the performance aspect.

Also, in predicting data that has not been previously trained, a KL-Divergence approach to
identify the closest recipe distribution further demonstrated higher accuracy in distinguishing defective
from non-defective products compared to the integrated model. This method reduces the need
for frequent retraining while maintaining high classification performance. The targeted nature of
recipe-specific models streamlines data processing, minimizes noise, and improves accuracy by
addressing setting-specific variations that integrated models might overlook. Therefore, as these
models avoid the broader generalizations required by unified models, both the improvement of defect
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detection rates and optimization of computational efficiency are enhanced. This adaptability ensures
scalability and robustness, particularly for large-scale industrial applications.

An additional approach leveraging fine-tuning thresholds without extensive retraining further
emphasizes the potential of setting-specific modeling. By isolating and prioritizing influential features,
this method achieves high prediction accuracy while optimizing computational resources. Such
advancements highlight the transformative potential of adaptive modeling in dynamically changing
industrial environments, enabling leaner, more efficient Al applications.

In sum, the findings demonstrate the efficacy of specialized modeling approaches over traditional
unified methods in manufacturing Al. These methods address the variability inherent in operational
settings, ensuring enhanced prediction quality and reduced resource demands. The move toward
context-driven methodologies represents a significant step forward in developing robust, efficient Al
systems for sustainable manufacturing.

6. Conclusions

As Al becomes integral to manufacturing, its role in fostering efficiency and sustainability gains
prominence. Al-driven systems can optimize data process, enabling precise defect identification and
waste reduction. This focus on quality control not only enhances competitiveness but also supports
environmental goals by minimizing resource waste.

When utilizing Al in actual manufacturing sites, environmental benefits must also be considered.
Al’s benefits for environmental sustainability have been clearly demonstrated in small-scale project
initiatives and hypothetical or qualitative tests [37-39]. However, to achieve a meaningful impact from
the perspective of Al and sustainability, it is essential not only to identify and improve environmental
factors but also to prioritize factors that are competitive and beneficial to business [40,41].

Compared to existing systems, this will present a new recipe-unit paradigm focused on reduce of
waste, model compression, and improved accuracy. This thereby leads to reducing the cost of real-time
inference. Also, it will also promote research in new directions and engage in continuous development.
By utilizing these Al advantages, this study can emphasize that in the area of environmental cost
reduction which is a factor that has recently emerged, waste can also be reduced .

The development of optimized, setting-specific datasets allows for the deployment of simpler,
less resource-intensive models without compromising accuracy. This streamlined approach lowers
computational costs and fosters broader adoption of sustainable Al practices across industries.
Incorporating domain-specific knowledge further refines these models, enhancing their interpretability
and predictive capabilities while promoting proactive quality control.

However, in reality of the manufacturing process environment, only a few batches of product
data can be accurately identified for good products, so semi-supervised learning must be utilized, and
due to the characteristics of the learning, the classification accuracy is not maintained at a very high
level.

Future research should focus on further integrating domain expertise, advanced feature selection
techniques, and optimized data practices based on the recipe-level analysis outlined in this paper.
Specifically, utilizing domain knowledge to identify key variables that influence the distinction between
high- and low-quality products, combined with targeted feature engineering, can enhance predictive
accuracy. These advancements will ensure that Al systems remain efficient, precise, and sustainable,
driving innovation across various industries while effectively addressing critical environmental
challenges.
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