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Abstract: Quality control is essential for the life cycle of components and has an impact on
the costs and maintenance time of the entire production chain. In modern quality control, Al
power could be unleashed if enough information for training AI models is always available. In
this work, an approach based on data augmentation has been applied to oil plug quality control
to mitigate the lack of images of defective parts, which hinders the training of classification
models. The proposed approach has demonstrated a positive impact on quality inspection by
maintaining or reducing the percentage of classification errors with respect to a baseline trained

with images of real oil plugs.
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1. INTRODUCTION

Although the ideas of Industry 5.0 are on the agendas of
the automotive industry, e.g., sustainability and human-
centricity, some key points of what came to be called
Industry 4.0 are still being addressed, including the inte-
gration of the supply chain and interoperability (Frederico
et al., 2023). Both approaches are not mutually exclusive;
in fact, a solid foundation in cyber-physical systems fa-
cilitates the new paradigm of Industry 5.0, where more
emphasis is placed on human-machine cooperation, cus-
tomization, and long-term sustainability (Aheleroff et al.,
2022).

Moreover, both paradigms emphasize the crucial inte-
gration of supply chains and the maintenance of high-
quality standards throughout the production process. This
integration underscores the significance of quality control
across all components, materials, and parts involved in
assembly and production. Ensuring quality throughout the
integrated chain is paramount for optimizing the lifes-
pan of each part or component, consequently impacting
overall production costs and maintenance timelines. For
instance, premature failure of any of these assets not only
undermines reliability but also tarnishes the brand image
indirectly.

* This work was supported by the European Project H2020
“platform-enabled KITs of arTificial intelligence FOR an easy uptake
by SMEs (KITT4SME)” under Grant Agreement 952119.

In this paper, we approach asset reliability from the per-
spective of upstream quality control. We assume that
thorough and accurate quality control of assets can impact
the maintenance of machines in the production process
and even improve the predictability of failures and down-
time. In particular, starting from the assumption that the
purpose of maintenance is “to ensure equipment functions
to its original optimal level and this can be accomplished
by eliminating losses that affect the equipment” (Mansor
et al., 2012), our article focuses on the elimination of
breakdown losses and scrap and rework losses.

In our investigation, we delve into the potential integration
of machine learning techniques for data augmentation
and classification within the realm of quality control for
manufactured parts. Our primary objective is to ascertain
the viability of these advanced methodologies in enhancing
the overall quality and predictability across the entirety
of the production chain. Furthermore, by leveraging the
power of machine learning in conjunction with traditional
quality control methodologies, we endeavor to pave the
way for more agile, adaptive, and predictive manufacturing
processes.

The implementation of the quality control plan is based on
the customer’s specifications. These specifications define
the conformance characteristics that each part will have.
These characteristics can be defined by variables, such as
dimensions specified by a nominal value and a tolerance
range. Additionally, there are features defined as discrete
attributes, such as the presence of burrs or even color-
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based attributes. In terms of dimensions, these values and
tolerances can be used to carry out efficient control. How-
ever, when the challenge is to detect other types of defects,
such as the presence of stains or scratches, this detection
becomes more challenging. It is in these cases that new
approaches based on computer vision, machine learning,
and artificial intelligence(AT) are proliferating (Fahle et al.,
2020).

Aligned with these challenges and the idea that quality
affects the entire process, the main objective of this paper
is to present the approach and the results of improving
quality control within an automotive assembly, focusing
on oil plugs.

In our inquiry, we pose a fundamental question: in sce-
narios where images of defective parts are limited, can
data augmentation serve as a viable strategy to enrich
the dataset utilized for training oil plug quality inspection
models? This question underscores a critical challenge
faced by many in the realm of quality control: the scarcity
of diverse and representative data. In such circumstances,
traditional machine learning approaches may falter, hin-
dered by the lack of sufficient training examples to ef-
fectively discern between acceptable and defective com-
ponents. By leveraging data augmentation, a technique
that addresses data scarcity by artificially expanding the
dataset through various transformations such as rotation,
scaling, and flipping, our goal is to introduce a broader
spectrum of variations. This enables the model to gener-
alize more effectively, accurately identifying defects even
when authentic samples are limited.

To tackle one of the primary challenges in quality inspec-
tion—specifically, the scarcity of images depicting defec-
tive parts and the absence of references—we have devel-
oped an approach centered on synthesized image genera-
tion (data augmentation). We hypothesize that synthetic
images could be used as a replacement or supplement to
real images in environments where there are not enough
defective parts to train an Al, and validated this idea in the
specific case mentioned above by empirically evaluating
the quality control results with a commercial-grade clas-
sification solution, demonstrating the effectiveness of the
augmentation technique. We do not focus on the specific
machine learning algorithm but rather on the analysis of
the augmented dataset with synthetic images and how
they affect the overall accuracy. Moreover, the method-
ology tailored for the intricacies of oil plug manufactur-
ing presents a robust framework transferrable to various
domains. Its adaptability extends beyond the confines of
its original application, offering insights and strategies
that can be effectively implemented across a spectrum
of industries and scenarios. By embracing this method-
ology, organizations can unlock new avenues for problem-
solving and efficiency improvements, fostering continuous
advancement and competitive advantage in diverse fields.

These challenges and results are presented in the subse-
quent sections. Specifically, Section 2 summarises the state
of the art. Section 3 presents the augmentation technique
we have adopted in the proposed use case. Section 4 dis-
cusses the results. Finally, Section 5 presents conclusions
and outlines future activities where we are headed.

2. STATE OF THE ART

Quality control and product life cycle management are
very related to each other (Brettel et al., 2016). Specif-
ically, the well-known Sand Cone Model (Ferdows and
De Meyer, 1990) is already positioned as a reference el-
ement in the framework, as reduced rework and waste
directly impact cost, efficiency, and dependability.

One of the benefits of an optimal quality control process
is the reduction of waste generation, which in turn brings
sustainability improvements and cost savings to industries.
The future of asset management will be characterized,
among other aspects, by extended asset lifespan, cost-
effectiveness, and improved sustainable performance, ad-
hering to the concepts of Quality 5.0 and Maintenance 5.0,
which are closely related to Industry 5.0 (Frick, 2023).
Asset life cycle management, besides being key to this
Industry 5.0 approach, is fully in line with the ideas of
sustainability and environmental improvement. A life cycle
management approach focused on these aspects will result
in a “practical, and integrated, approach to minimize the
environmental burdens associated with a product over its
life cycle” (Hunkeler et al., 2003).

Therefore, improvements in quality control can have a
significant impact on the product life cycle and the entire
production chain, and contribute to achieving the objec-
tives of Industry 5.0. Al may represent a game changer
for quality control, leading to outstanding improvements.
While modern quality control approaches are embracing
AT more and more, a huge uptake is hindered by the
scarcity of a crucial piece of information needed to train
powerful Al models, i.e., information about defective parts
enabling balanced training for optimal results. This is
especially true when the manufacturing process has not
started yet, thus it is not possible to collect data about
defective parts (Volkau et al., 2022).

When dealing with a data-lacking issue, data augmenta-
tion represents a powerful solution, as demonstrated by its
application in different fields (Li et al., 2022; Mikolajczyk
and Grochowski, 2018). Apart from expanding and bal-
ancing datasets, data augmentation capabilities provide
the needed flexibility to adapt existing datasets to the re-
quirements of new product families in initial phases or even
to adapt to newly detected defects. This flexibility enables
iterative improvement in the classification and quality con-
trol of the parts, showing appreciable performance boosts
when compared with non-augmented datasets (Yang et al.,
2022; Singh and Bruzzone, 2022). Similar augmentation
techniques have been applied to the automotive industry,
currently in full transition to Industry 5.0, where consis-
tent improvements have been achieved on quality inspec-
tion of automobile parts (Lee et al., 2021) and structural
adhesives for automotive part application (Peres et al.,
2021).

In their comprehensive survey, Shorten and Khoshgoftaar
(2019) offer a taxonomy that encapsulates these diverse
strategies of data augmentation techniques, spanning from
traditional image manipulation methods to more sophis-
ticated deep learning approaches. Within the realm of
image manipulation, techniques encompass a spectrum
of transformations. Geometric alterations, such as rota-
tion, translation, and scaling, alongside image blending
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methods, afford simple yet effective means of augmenting
datasets. Additionally, kernel filters for sharpening or blur-
ring images provide further avenues for enhancing dataset
variability and model robustness. On the other end of the
spectrum lie techniques rooted in deep learning paradigms,
which operate within the feature space rather than directly
on the images themselves (Nanni et al., 2022). These
methods leverage the intrinsic characteristics of the data
to enact transformations that transcend mere pixel-level
modifications, thereby enriching the dataset with more nu-
anced variations. Moreover, advancements in adversarial
training and generative modeling have propelled the devel-
opment of cutting-edge augmentation techniques, exempli-
fied by the emergence of Generative Adversarial Networks
(GANs) (Antoniou et al., 2018). These models employ
a game-theoretic framework to generate synthetic data
samples that closely mimic real-world instances, thereby
expanding the dataset while preserving its underlying sta-
tistical properties.

3. DATA AUGMENTATION ASSISTED QUALITY
CONTROL CASE

The sorting operation is the quality control step where
defective parts are recognized and separated from non-
defective parts. Nowadays, some sorting methods do exist
and are also implemented in automatic sorting machines;
however, these methods are traditionally limited and not
extremely powerful, require a delicate fine-tuning of image
analysis algorithms, and depend considerably on the sta-
bility /uniformity of lighting and stability of the position
of the part under the lighting, the image quality and the
variability of the reflective characteristics of the surfaces.
To solve this issue, recent advancements in Al, especially
in object detection and recognition, are increasingly em-
ployed for sorting operations. Unfortunately, and despite
the sector’s extensive knowledge about the possible defects
that may occur, due to experiences with other similar
parts, a critical requirement for the adoption of AI models
for image recognition and detection of defections is the
availability of large datasets of images for training models.
In the context of quality control, in mechanical series
production, this requirement could represent a big barrier,
due to the shortage of images depicting representative
defective parts. Indeed, defective parts may occur very
rarely (defective parts are usually described using the unit
“parts per million”), and randomly. Also, this challenge
is compounded by the costs of effort, time, and waste
required to generate such data.

The use case presented in this work fits into these circum-
stances. Specifically, our use case is focused on the sorting
of oil plugs used in the automotive industry. These plugs
constitute small elements of a specific component, yet they
wield a significant influence on the overall quality of the
final product. For this reason, having a quality process for
these plugs is essential to correctly manage the life cycle of
the final product. An oil plug is assembled with an O-ring
to ensure sealing. However, the seal is only guaranteed if
the outer metal surface of the plug as well as the O-ring
grove are perfectly flat, to ensure the O-ring fits the plug
perfectly and prevent O-ring damage. It follows that the
quality of the outer metal surface and the O-ring groove
are key decision points for sorting. Figure 1 exemplifies
typical defects occurring on these two plug components.

Figure 1 (left) depicts a defective O-ring groove, possibly
due to the absence of surface coating or the formation of
lumps due to excessive coating. Figure 1 (right) shows a
plug with an irregular outer metal surface. Both defects,
which the human eye can easily detect, are difficult to
detect with conventional testing tools. In this scenario, Al
image classification algorithms could be a viable solution
if reference images of the defects were available for quality
classification.

In this work, we propose an application of data augmenta-
tion techniques based on computer vision and image ma-
nipulation to generate artificial images of defective parts.
Starting from images depicting non-defective plugs, the
proposed solution artificially generates images of defective
plugs, which can be in turn exploited for training classifi-
cation algorithms. Expert knowledge is required however
to identify which are the regions of interest where defects
may occur (i.e., the outer metal surface and the O-ring
groove), as well as how the defects may appear (in terms
of shapes and sizes). This information is needed to prevent
the solution from generating non-realistic defects.

Given an image of a non-defective plug, the region of
interest can be described in two ways: i) through user
interaction, where the user selects the area where the
defect may appear; and ii) through the automatic gen-
eration of a mask that detects the surfaces of the refer-
ence part, for example by background removal. Once the
region of interest is defined, we can employ one of two
different techniques to introduce defects. The first one is
based on image manipulation and blending (Zhang et al.,
2020). This technique exploits different pixel combination
functions to merge two distinct images into a new one.
These operations enable the attainment of distinct effects,
making them applicable to various use cases depending
on different contexts. Effects may include integrating the
defect region of interest into the original image while
maintaining, darkening, or lightening the area. Another
option is the subtraction of the effect representation from
the reference image, for instance, to represent cracks or
grooves. Figure 2 shows two examples of synthetic images
of defective plugs generated by using the image manip-
ulation and blending technique. In particular, the image
on the left is generated with the dodge blending mode,
whereas within the image on the right, the defect was
blended by multiplying the defect data on the reference
image. The second technique involves the automatic gen-
eration of spots or stains (Buslaev et al., 2020), allowing
the creation of blemishes with varying numbers or sizes on
the reference image.

Through the application of these two techniques, we
managed to generate synthetic images depicting defective
parts, starting from real images of similar parts containing
correct parts and defects. The new synthetic images enable
us to generate a new training dataset, with balanced sam-
ples of good and defective parts. The balanced dataset, in
turn, allows us to train and validate different classification
models, which can be exploited to automatize the sampling
operation. Additionally, it facilitates the comparison of
different off-the-shelf models, enabling the selection of the
most suitable one for each family of parts. Finally, it
streamlines the fine-tuning of these algorithms and models,
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Fig. 1. Defects in the oil plug. On the left, a type of defect affecting the groove housing the O-ring. On the right, the
defect is located on the outer metal surface, which is irregular.

Fig. 2. Two images of defective plugs generated by applying the image manipulation and blending technique to an

image of a good plug.

making them easily adaptable to newly identified defects
within different product families.

4. VALIDATION AND RESULTS

To validate the quality of the generated images, as well
as the performance of classification models for solving the
sorting problem, we set up an experiment in the context
of the KITT4SME project ! . Within the experiment, DI-
MAC, a company of the KITT4SME consortium, adopted
the solution by envisioning potential applications for its
automatic sorting machines. An unbalanced dataset of real
images (showing both non-defective and defective plugs)
has been provided by DIMAC. This dataset has been aug-
mented with new synthetic images of defective parts gener-
ated with the proposed solution. Then, an Al classification
model was trained to solve a binary classification problem,
i.e., to classify non-defective products (OK - positive class)
and defective parts (NOK - negative class). For this exper-

1 https://kitt4sme.eu/

iment, we selected as a classification model a commercial
product widely employed in inspection and quality control,
i.e., Zebra Aurora Vision Deep Learning 2 . This solution is
hardware-agnostic. It provides a dual Deep Learning and
traditional machine vision system, thus addressing tasks
from surface inspection to dimensional measurements or
presence/absence checks. After some trials with different
libraries that yielded comparable results, the final choice
was mainly driven by the tool’s versatility and ease of
integration into DIMAC software.

To evaluate the utility of the augmented dataset, the
proposed solution is compared against a baseline solution,
where the same classification model is trained using the
original dataset with real images only.

The proposed solution is evaluated concerning the follow-
ing key performance indicators (KPI):

2 https://www.zebra.com/gb/en/products/oem/software/
aurora-deep-learning.html
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o KPI #1 - False positives: the number of pieces classi-
fied as correct (OK) when they have a defect (NOK).
This indicator is crucial as it has a direct impact on
the life cycle of the assets that include the part and
may lead to safety issues. The target value is set to
not more than 100 parts per million (ppm) compared
to the baseline®, a threshold that is ten times the
residual typical value for a mature commercial solu-
tion (ISO 16426). This is measured as a result of a
comparison between classification algorithms trained
with synthetically generated defective parts versus
algorithms trained with only real images of defective
parts.

o KPI #2 - False negatives: the percentage of pieces
incorrectly classified as defective (NOK). This indi-
cator is relevant from a business perspective (process
inefficiencies and waste generation), even if it is not
as critical as the previous one (related to safety).
Based on DIMAC’s experience in the field and the
technological maturity level of the solution, the target
value is set to a maximum increment of 3% when
comparing the proposed solution against the baseline.

Table 1. Training and Test sets

Use Set name Number of images
Training Real OK set 200
Training Real NOK set 3
Training Artificial NOK set 30

Test Control Set, Real OK images 968

Test Control Set, Real NOK images 920

To support our experiment, we created different image
training and test sets, as reported in Table 1. We started
with sets featuring images of defective (NOK) and non-
defective (OK) oil plugs, both from real production pro-
cesses or crafted deliberately. Then, due to the difficulty of
obtaining samples of defective pieces, some defective parts
have been artificially generated using image manipulation
and blending techniques.

We proceeded to train three distinct models, each utilizing
a training set comprised of both authentic and synthetic
images, as illustrated in Table 2.

After training, each of the three models underwent testing
using an identical set of 1888 control images, comprising
968 “OK” and 920 “NOK” images. The control set of NOK
images has been generated from a small sample with about
40 real defective parts by running the 40 pieces through the
sorting machine several times, changing the light and the
angle slightly each time. The obtained results are detailed
in Table 3.

The first model (baseline) has been trained on a dataset
combining the OK set (200 real images of parts without
defects) and the real NOK set (3 parts with defects). In
this baseline scenario, no artificial defects are introduced.
False-negative results were significant (10%) with one
case of false positive. The second model (CF1) has been
trained on a dataset combining the OK set (200 real
OK images) and the artificial NOK set (30 artificially
generated images of defective parts shown in the Synthetic

3 We used the ppm unit rather than a percentage because the
number of defective parts among those classified as OK should be as
low as possible (also for safety reasons).

Table 2. Model data composition

Method/Model Real OK  Real NOK  Synthetic NOK
Baseline 200 3 0
CF1 200 0 30
CF2 200 3 30

Table 3. Results in terms of false negatives
(FN) and false positives (FP).

Method  False Negatives False Positives
Baseline 10% 1

CF1 4% 0

CF2 4% 0

NOK columnof Table 2). In this case, the images of real
NOK images have been excluded. CF1 performance is
better than the baseline mode, with a significant reduction
in false negatives (4%), and no cases of false positives.
Finally, a third model (CF2) has been trained on a dataset
combining all the training sets (200 real OK images, 3 real
NOK images, and 30 artificially generated NOK images).
The performance of CF2 is identical to CF1, with 4% false
negatives and no false positives.

Our results suggest that extending the training dataset
with artificial images of defects leads to significant im-
provements (both with CF1 and CF2). More specifically,
within the mentioned KPIs, the already minimal number
of false positives is further decreased. Additionally, the
percentage of false negatives not only remains below the
3% increase mentioned in KPI #2, but also decreases when
considering images with artificial defects. Hence, training
with a larger number of images containing artificial defects
is preferable to training with a limited number of images
depicting real defects.

5. CONCLUSION

This paper presents a case study on the quality control
of automotive parts, focusing specifically on the quality of
oil plugs. The scarcity of images depicting defective parts
complicated the training of classification models. Con-
sequently, data augmentation techniques were employed
to generate synthetic images. Our approach has demon-
strated a positive impact on quality inspection by either
reducing or, at the very least, maintaining the number of
classification errors, thus suggesting that artificially gen-
erated images with defects could replace or complement
real images of defective pieces.

In our opinion, these results have a positive impact on
maintenance engineering and lifecycle management of the
assets where the evaluated parts are used. The potential
reductions in costs and waste generation align the solution
with the ideas of Industry 5.0. This enhanced control over
part quality facilitates data-driven decision-making. It en-
ables the selection of the most suitable quality inspection
method and ensures the availability of quality data in sub-
sequent stages of product assembly.On the other hand, it
enables adaptation to changes. Upon detecting previously
unidentified defects, these new findings can be utilized
to synthetically generate images of parts from the same
or other families, subsequently training the classification
models accordingly. This ultimately affects the volume
and requirement for spare parts, and, significantly, the
consistency of these parts and, consequently, the overall
consistency of production.



78 Rubén Alonso et al. / IFAC PapersOnLine 58-8 (2024) 73-78

The results obtained and the advancements in the state
of the art suggest continuing the research by applying
other data augmentation techniques. Techniques based
on Generative Adversarial Networks, Diffusion Models,
and Variational Autoencoders are regarded as possible
improvements over the more traditional techniques focused
on image manipulation that we have applied. As classifica-
tion algorithms, we aim to enhance efficiency by utilizing
Large Language Models (LLMs) for classification once we
successfully generate larger artificial datasets.

Furthermore, we are interested in applying the approach
to other use cases within the automotive sector, such as
different types of fasteners. We would also like to compare
other KPIs, such as performance and the impact on sorting
times. This data would give us a more comprehensive view
and move toward the possible exploitation of a solution
based on the presented approach.

Finally, we believe that further research into software
platforms that can simplify the deployment of data doc-
umentation tools and their interoperability with classifi-
cation models may be of interest. This will allow SMEs,
in particular, to compose their solutions and adapt to the
needs of quality control and asset management as they
arise.
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