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Abstract: In the automotive industry, the demand for more customised products requires highly flexible production
systems. Consequently, human operators, often responsible for assembly tasks and quality inspections in vehicle
assembly lines, face increasing complexity resulting from the elevated number of product versions. This complexity
heightens the risk of non-conformity in the products is rising, making defect detection before delivering the final
product to the customer more challenging. This scenario presents a strategic opportunity for applying Computer Vision
(CV) in visual inspections. However, more contributions in the literature are needed to attest to the feasibility of such
automatic systems in automotive assembly lines. This paper conducts a technical-economic assessment of the
application of CV to the configuration conformity control of car exterior components. It first presents an analysis of
available ready-to-use solutions on the market. Subsequently, it proposes a cost-effective solution for the quality

inspection under investigation.
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1. Introduction

Industrial activities ate essential for human progress and
development but have caused significant environmental
impacts. Therefore, it is imperative to improve the
efficiency and effectiveness of production systems to meet
the tesource and service needs of current and future
generations  without compromising the health of
ecosystems (Bortolini et al. 2023a; Bortolini et al. 2023b;
Cafarella et al. 2024). The automotive industry is currently
undergoing significant transformations, such as the
clectrification of vehicles and the advent of autonomous
driving (Wittmann 2017; Brenner and Herrmann 2018;
Casper and Sundin 2021; Bortolini 2022). Moreover, in
response to consumers’ increasing demand for personalised
vehicles, manufacturers are expanding their range of
products with several options and features (Alford et al.
2000). These evolving product trends push production
systems towards greater flexibility to deal with all product
variants (Wittmann 2017; Bortolini et al. 2024). However,
the risk of non-conformities, defined as deviations from
specified standards or requirements, escalates with the
complexity of the product (Hinckley and Barkan 1995).
This is due to the multitude of components and
configurations involved, which can lead to errors during the
manufacturing process. One of the primary defects that can
be generated is assembling a component in a colour, design
ot material version that does not conform to the customet’s
order.

There are three primary causes of defects related to the
incorrect configuration of assembled components:

e errors in the supply chain, e.g. the insertion of a
component in a container whose identification
label requires a different version;

e errors in internal logistics, e.g. a component is
delivered from the warehouse to the assembly line
station in the wrong configuration;

e  crrors in the assembly line, e.g. the operator takes
a component from the racks at the edge of the line
that does not conform to the customet's order.

As discussed by Montgomery (2009), quality assurance is
the set of activities that ensures the quality levels of
products and services are appropriately maintained and that
supplier and customer quality issues are properly resolved.
These practices are crucial to prevent the delivery of faulty
products to customers, which can generate significant
negative economic impact. The internal costs of quality,
encompassing all expenses incurred in performing
inspections and dealing with any internally identified
defects, are easily calculable. In contrast, the external costs
of quality, which arise when the errors made by companies
directly impact the customer, are often challenging to
quantify (Campanella 1999). As proposed by Snieska et al.
(2013), typical external quality costs usually include such
costs as:

e complaints investigation;
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e costs of returned products and services;

e costs of defect product repair, change at
customet's;

e cost of warranty service;

e discounts due to nonconformance of products
and services;

e fines for breach of ecological and other laws;
e costs of lost customers' goodwill;

e costs of lost image.

Brand loyalty plays a pivotal role in the automotive sector,
and the customer's perception of lower product quality
results in reduced sales (Satitas and Penez 2017; Sanchez-
Iglesias et al. 2024).

Traditionally, the majority of inspections in the automotive
industry are performed by humans (Chouchene et al. 2022;
Tjolleng et al. 2023). While human inspectors play a crucial
role in maintaining quality standards, their performance can
fluctuate due to factors such as fatigue, distraction, or
inconsistency in judgment (Kolus et al. 2018; Tjolleng et al.
2023). This variability can lead to inconsistent inspection
results and potentially overlooked non-conformities.

In this context, the application of CV for automating visual
inspections in manufacturing systems represents an
opportunity to enhance quality assurance and improve the
efficiency of quality processes. Convolutional Neural
Networks (CNNs), the most significant deep learning
schemes used in computer vision problems, have shown
considerable promise (Voulodimos et al. 2018; Bhatt et al.
2021). Despite the growing interest and promising results
in the literature on the application of Artificial Intelligence
(AI) in image analysis, there is still a lack of case studies
attesting to the applicability of CV to vehicle assembly lines.
Furthermore, while image acquisition can be conducted
using various technological solutions, to the best of the
authors'  knowledge, no  contributions  support
manufacturers in choosing the most suitable alternative for
their reality.

The aim of this paper is to propose a Computer Vision
System (CVS) responsible for the visual inspection of
external car components at the end of an assembly line. It
also presents the techno-economic assessments conducted
for the design of the system.

The remainder of this paper is organised as follows: Section
2 reviews the literature concerning the application of CV in
the field of automotive production, while Section 3
describes the key decision factors and the proposed system
for automatic visual inspection for the investigated case
study. Section 4 concludes the paper with final remarks and
future research opportunities.

2. Related work
Most of the contributions in the literature concerning the

application of CV in the automotive sector focus on the
quality control of paint and car body surfaces. Kieselbach

et al. (2019) highlight the growing customer attention on
the appearance of cars, necessitating meticulous inspection
of every vehicle body in automotive paint shops.
Previously, in the analysed case, study skilled workers
visually inspected each car body to detect and repair
occurring paint defects. However, the human inspection
process lacks the capacity to consistently and objectively
identify and evaluate these defects over an extended period.
To address this issue, they present the development and
validation of an algorithm for a surface inspection system.
This system improves the accuracy of detecting paint
defects through an image processing system. A specific
lighting system and cameras in fixed positions are used for
image acquisition. Molina et al. (2017) propose a novel
approach  using  deflectometry and  vision-based
technologies in order to check paint defects also on
surfaces that are not flat. The image acquisition is carried
out by 23 monochrome cameras in a light-controlled
tunnel. The quality control system is applied at a Mercedes-
Benz production site in Spain, and defect analysis is
petformed in 15 seconds. Zhou et al. (2019) propose a
system for managing surface defects, such as dents and
scratches. The images are acquired through fixed cameras
and a lighting system. The collected results demonstrate
that the automatic inspection system can achieve accuracies
of 95.6% in dent defects and 97.1% in scratch defects.

Miiller et al. (2014) suggest the utilisation of cobots for
repetitive and less ergonomic inspection task. The authors
design a cobot-based system for the localisation of water
leaks in the vehicles after the water leak test. The robot is
mounted on a linear track and guided alongside the
assembly object. A thermographic camera takes pictures of
the car's interior and processes the images to detect wet
spots. The CVS can detect tiny drops and give relevant
feedback for reworks.

Dalle Mura and Dini (2021) propose a system for
automated gap and flush control between car body panels.
Measurements are collected from images taken by a
camera-equipped cobot. Then, the necessary modifications
are developed, and the instructions are shown to a human
operator via an Augmented Reality headset.

Chouchene et al. (2020) apply the CV to check the presence
of specific components in the front bumpers and on the
car's sides. The inspection would take a long time for a
human operator, who would have to consult documents
each time showing the intended configuration of each
component.

3. Description of the Computer Vision System

This section aims to propose a CVS for automating the
conformity check of a cat's exterior components at the end
of the assembly line. These inspections, in fact, are time-
demanding and require a trained operator, especially for
highly =~ customisable vehicles. Moreover, any non-
conforming product delivered to the customer can damage
the company's image and incur additional costs for fixing
the defects. The proposed system aims to reduce human
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error, increase efficiency, and maintain high quality control
standards.

3.1 Hardware solutions analysis

Three categories of hardware solutions are identified for
image acquisition, based on similar application cases and
market analysis: hand-held devices (HHDs) such as
smartphones and tablets, fixed-position cameras and
camera-handling cobots.

The analysis of the identified technological solutions is
based on the following factors:

e Precision: the repeatability of image acquisition. It
involves aspects such as the stability of the
imaging sensor, the control of environmental
conditions, and the repeatability of the
positioning system.

e Scalability: the ease with which the CVS can be
extended to further visual inspections, whether
similar to those already considered or totally
different.

e Flexibility: the level of adaptability of the system
to changes in the workstation, assembly line or
product.

e Integrability: the ease with which a solution can
be incorporated into the existing production
process. It includes the compatibility of the
solution with existing machinery, workflows and
human operators in the same area, the time
required for installation and setup, and the
potential impact on production speed.

e Investment costs: the initial financial outlay
required to implement the CVS.

e  Operating costs: the costs incurred annually to
maintain the automatic inspection system in
function. They include the cost of energy for the
power supply, maintenance and repair costs of
components, and the cost of human resources
required for the operation.

HHDs are easy to implement in an assembly line as they do
not create structural constraints and require minimal
expenditure. Furthermore, the total freedom of positioning
in image acquisition allows for variations in the working
environment and checks to be put in place. However,
HHDs are not autonomous in framing the region of
interest and necessarily require human resources for this
purpose. As a result, precision is very low, and operating
costs are considerable. Despite these drawbacks, HHDs
offer a quick and easy solution for smaller operations or for
initial implementation stages.

Cameras in fixed positions avoid these issues by
independently maintaining standardised image acquisition
conditions. Their rigid design, however, makes them
unsuitable for frequent reconfigurations of the production
processes. Fixed cameras offer a high degree of precision
and consistency, making them ideal for operations where

the production process remains relatively unchanged over
time.

Using cobots provides a hybrid alternative between the
previous two, combining their advantages: the positioning
of the image capture point is variable and easily modifiable
while preserving high accuracy. The trade-offs to be paid
for these benefits are significantly higher costs for the initial
investment and greater complexity in integrating the CVS
within the working area, given the larger physical
encumbrance and possible interactions with human
operators performing their tasks in the identical location.
They are indeed designed to operate safely in the same areas
occupied by humans, but their respective tasks and
movements must not conflict. However, the flexibility and
adaptability of cobots make them a promising solution for
dynamic and evolving production environments.

Table 1 schematically summarises the analysis of hardware
solutions.

Table 1: analysis of the available technological solutions

HHDs Fixed Cobots
cameras
Precision 1 " "
Scalability 1 1 ™
Flexibility ™ 1 "
Integrability " ™ 1
Investment ) " m
costs
Operating 111 1 1
costs

3.2 Economic assessment of the identified solutions

The most commonly used indicator among companies for
evaluating investments is the Payback Period (PBP), which
measures the time required for an investment's cash flows
to equal its initial cost. This indicator provides a
straightforward way to assess the risk and liquidity of an
investment by calculating the period within which the
project's initial investment is recovered. Companies favour
the PBP method because it is simple to compute and easy
to understand, making it a practical tool for preliminary
investment screening. The criterion for acceptance or
rejection is a benchmark set by the company, often based
on its risk tolerance, investment strategy, and financial
goals. A common value used as benchmark PBP for this
type of investments is around three years. If the PBP is less
than or equal to this benchmark, the company will accept
the project; otherwise, it will reject it.

For calculating the PBP, it is necessary to estimate the cash
flows in the years following the investment. The cash flow
in year j CF; is obtained by subtracting the project-related
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costs to be incurred in that year C; from the savings
expected in that year S;, as shown Eq. 1.

The operating costs associated with a CVS can be estimated
by considering three components: maintenance costs
(including regular servicing, repairs, and replacement of
parts as needed), energy costs (electricity to power the
system), and human resources costs (related to the
necessaty human operators for the system to function).
Similarly, the annual savings can be divided into three
components: reduced labor costs (achieved by automating
inspections and thereby reducing the need for human
inspectors), internal quality savings (related to immediate
detection of non-conformities leading to less expensive
reworks and wastes), and external quality savings (resulting
from fewer returns from customers and brand
empowerment).

While the PBP method is useful, it has limitations. It
ignores cash flows that occur after the payback period,
potentially overlooking the overall profitability of a project.
As a result, companies often use the PBP method in
conjunction with other financial metrics, such as Net
Present Value (NPV) or Internal Rate of Return (IRR), to
make more informed investment decisions.

3.3 Case study: proposed system design

The evaluation criteria presented are used to design a CVS
for controlling the configuration of vehicle external
components in an industrial case study of an automotive
producer characterised by low production volumes.

The technological solution that is identified as most
suitable for the automatic visual inspection of the extetior
components of cars and that is proposed in this paper
employs fixed cameras. In fact, this design allows for a
contained initial investment and does not require human
operators in the system. The lack of flexibility of the CVS
is an acceptable constraint for this specific use case since it
is assumed to be applied at the end of the assembly line,
therefore, in an area not particularly subject to change.

Furthermore, fixed cameras are the only hardware solution
capable of having a PBP of less than three years, as capital
expenditure weighs heavily on cobots, while HDDs have
high operating costs related to the inclusion of human
operators in the system. Figure 1 shows the proportion of

initial investment and average cash flow to compare the
three alternatives.

HHDs Fixed Cameras Cobots

PBP > 5years PBP < 3years PBP < 5years

mInitial Investment M Average Annual Savings M Average Operating Costs

Figure 1: comparison of the three alternatives based on the
economic evaluation

A diagram of the proposed CVS is shown in Figure 2. It
involves the use of eight cameras in a fixed position:

e 1 camera framing the front of the car to check
components such as bonnet, front bumper and
licence plate;

e 1 camera framing the rear of the car to check
components such as spoilers, rear bumper and
muffler;

e ( cameras positioned laterally (3 on each side) to
cover the entire vehicle and to check components
such as wheel arches, rims and door covers.

Reflective surfaces characterise cars, while assembly lines
generally allow sunlight to enter. For this reason, every
camera must be equipped with a direct and coaxial lighting
system. The lighting must enable images to be captured at
constant conditions over time and not be disturbed by
external light.

The collected images are used as input to CNN. Prior to
this, they may be subjected to pre-processing in order to
improve the performance of the CVS. The image pre-
processing can include steps such as noise reduction and
contrast enhancement. Another input to the CVS is the
desired configuration of each component in the customer
order. Enterprise Resource Planning (ERP) or
Manufacturing Execution System (MES) systems must also
be connected to the CVS for this purpose. The CNN has
the task of extracting features from the images and, based
on these, determining which class the component belongs
to, where each class represents a configuration. After that,
CVS compares the configuration identified with the one
requested by the customer. The results of the conformity
checks of all external components and collected images are
transferred to the company information system. In case of
any discrepancies, the CVS can alert the quality control
team for further inspection and to fix the defect.

Moreover, the system can provide valuable insights into the
manufacturing process by identifying common errors.
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Engineers can then use data to improve the overall
production process.

Figure 2: a schematic of the proposed CVS for the
configuration check of car’s exterior components

4. Conclusion and future developments

The high customisation of products that characterises the
automotive sector is a risk factor in the generation of
defects in production systems. For this reason, it is essential
to put in place a planning of activities to pursue quality
assurance. Operators are subject to human factors, which
can compromise their performance and make the
inspection process unreliable. Al represents an opportunity
to automate visual inspections by processing images
depicting the ateas to be inspected. However, there is a
small number of contributions in the literature presenting
application cases of CV to vehicle assembly lines.

This paper proposes a cost-effective solution for the
inspection of external car components. It identifies the key
factors and cost and saving components typical for this
type of project for choosing the most suitable hardware
design. Afterwards, the identified criteria are applied to a
case study in the automotive sector to select the most
suitable solution. The final solution described involves the
use of fixed cameras, which enable high image acquisition
and analysis performance while keeping CVS costs
moderate. The PBP of the proposed solution is less than
three years, indicating a promising return on investment.

Moreover, the proposed system has the potential to
significantly reduce the rate of non-conformities, thereby
enhancing the overall quality of the product. This, in turn,
could lead to increased customer satisfaction and brand

loyalty, which are crucial in the highly competitive
automotive sectot.

Despite its potential, this paper acknowledges its
limitations. It focuses on preliminary assessments of the
choice of technology for CVS, without including its
implementation in the industrial context. Additionally, it
examines a specific type of inspection, in contrast to the
multiple typical cases in assembly lines, which could benefit
from automation. These limitations provide avenues for
future research and development.

For future research, it is proposed to implement the CVS
in a real case to evaluate its performance both in terms of
the time required for control and the accuracy of feedback.
This real-world application will provide valuable insights
into the practical challenges and benefits of implementing
such a system.

A further possible future research direction is the
development of a methodology for identifying the most
suitable technological solution for different application
cases. Such a methodology would be a valuable tool for
manufacturers seeking to implement automated visual
inspection systems in their production lines. This could
pave the way for more widespread adoption of automated
inspection systems across the industry.
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