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Abstract: Technological advances for the production of Printed Circuit Boards (PCBs) are
increasingly and increasing the number of components inserted on the surface, leading the
electronics industry to seek improvements in their inspection processes, making it often necessary
to increase the level of automation on the production line, the use of machine vision in quality
inspection within the manufacturing processes, has increasingly collaborated in decision-making to
approve or reject products outside the established quality standards. This article proposes
developing a hybrid industrial vision system with machine vision and vision sensors to verify 24
components and 7 screw threads. This research aims to use machine vision to increase inspection
reliability in an automated way and reduce non-conformity rates in the manufacturing process on
the assembly line of automotive products.

Keywords: Machine Vision; vision sensor; FMEA; smart-vision inspection; screw detection; thermal
paste detection

1. Introduction

Inspection within the industry plays a very important role in the manufacturing process.
Machine vision systems automate complex tasks for positioning inspection, identification,
verification, measurement, and fault detection within the production chain. Unlike human
inspectors, who can process only a certain amount of information at a time, machine vision systems
work tirelessly, performing 100% automated inspection [32], improving quality and aggregating
yields. Higher industries and lower costs in the production chain [10]. High quality and consistent
product appearance and functionality [19] drive a positive customer experience and ultimately
increase product market share.

Industries have been using Automatic Optical Inspection (AOI) to assist in inspecting defective
PCB components [25]. AOI systems generally use defect inspection methods by scanning the board
and performing analysis, using methods such as matching local features as a standard image [15],
and morphological image comparison to detect defects obtaining excellent results; however,
problems with reflective materials can cause false disapprovals. With the increasing miniaturization
of components inserted on the surface of PCBs, the challenges to ensure the detection of numerous
components inserted in PCBs are becoming increasingly complex [5], for the detection and
recognition of various components, such as screws, threads, gasket, and thermal paste, whose
recognition is difficult through manual visual inspection [24], increasingly requiring the automation
of inspection processes through vision systems for defect detection [14].

In this article, we propose the development of an industrial hydro system using machine vision
and vision sensor to inspect to detect the absence of screws, screw threads, excess or absence of
thermal paste, conductive pad, and chassis tab on the surface of the main PCBs of the car radio,
produced in an automotive industry.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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2. Theoretical Frame

Machine vision is strongly related to computer vision, which enables significant gains in
efficiency and quality reliability for failure mode detection. This requires good lighting systems,
sensors, cameras, and computer systems such as a vision builder for image processing [31].

With the advancement of artificial intelligence and the constant improvement of cameras and
sensors, machine vision has been gaining ground within industries for measurement and decision-
making to determine compliance [21]. According to [1], machine vision has been used in processes
with a large scale of repetition, benefiting several industrial activities.

2.1. Process Failure Mode and Effect Analysis - FMEA

The manual quality inspection process needs to have a minimum of failures during production.
Through the inspection guarantee, it is possible to reduce defects. With this need, the automotive
industry adopted the FMEA Failure Mode and Effect Analysis AIAG-VDA quality tool to evaluate
possible process defects to prevent the occurrence.

The FMEA manual consists of an analysis technique developed to be applied in components, the
objective of which is to know all the possible defects and evaluate the effects these failures have on
the other components, according to the FMEA manual.

The main objective of the FMEA is to identify defects, evaluate the causes and effects, and
propose solutions to prevent their occurrence, with the final objective of producing a product free of
defects in the production process and during customer use, according to the FMEA manual [6].

Each component is examined to identify possible defects. For each defect mode, three values are
assigned: the Severity of the defect impact (“S”), the Occurrence of the defect mode (“O”), and the
Detection is the ability to detect the defect before it occurs (“D”). The multiplication of these three
variables generates the risk value, NPR, according to the FMEA manual, shown in Figure 1.
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Figure 1. Analysis of Potential Failure Mode and Effects.

During serial production, FMEA needs regular reviews based on lessons learned, problems, and
change management using the process flow shown in Figure 2.
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Figure 2. Process flow for serial production - FMEA.

The FMEA reference manual indicates that when the severity is 6, the risk must be treated by
recommended actions, as shown in Figure 3, or existing project controls, according to the FMEA
manual. Every action must reduce the severity, occurrence, or non-detection and have the person
responsible and a deadline to be fulfilled.
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Impact to Ship-to Plant | Impact to End User
Effect Impact to the Plant B &3 =
(when known) (when known)
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Detection of errors (causes) in the station based on .
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Very High automatic controls that will detect the error or )
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Figure 3. Severity / Occurrence / Detection.

Based on the Detection probability table, the grade 7 attributed to detection in the process FMEA
is high grade and indicates that the probability of the operator detecting a possible failure is very low
[12,25].

According to [5,8], the manual quality inspection process must be reliable to meet consumer
expectations and the standards the automotive industry sets. However, it is common for this
inspection to take place manually, which can be time-consuming, tedious, generate high operating


https://doi.org/10.20944/preprints202412.0617.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 December 2024 d0i:10.20944/preprints202412.0617.v1

costs, be subject to human error, and present difficulties in standardizing the results, making its
automation desirable.

According to [7,22], in the case of Industry, the existing base of computerized automation and a
business vision focused on digital transformation gives rise to the concept of Industry 4.0. Based on
the integration of information and communication technologies that allow reaching new levels of
productivity, flexibility, quality, and management, enabling the generation of new strategies and
business models for the industry through communication, integration, and connection through
sophisticated software and sensors, to spread advanced manufacturing technologies.

The purpose of this research is to develop a new methodology for using machine vision to carry
out automatic inspection and increase quality reliability. According to the FMEA manual, the action
taken through automatic controls will cause the change from rank 7 (low detection capacity) to rank
2 (high detection capacity), shown in Figure 3, generating a significant increase in failure detection.

2.2. Inspection Process

Inspection processes increasingly use the concept of flexible manufacturing in the automotive
industry, where it is possible to produce several models using the same manufacturing plant [3]. A
large part of the line setup is prepared by human operators, which in many cases increases
compliance errors, such as the incorrect replacement or feeding of components.

According to [8], sensing technologies are proposed to provide reliability in the manufacturing
process without excessive human dependence.

Several manufacturing service providers have been offering industries various applications for
production and inspection using machine vision aimed at industrial demand, such as applications
for component assembly, which uses vision systems to position objects at a given coordinate for
insertion or inspection of components on the surface of the PCB. In the automatic visual inspection,
the inspection submits the components to the result of a specific condition of compliance or rejection,
according to the pre-established parameters in the strategy for each inspected item.

2.3. Failures Modes Defined

Several failures can be detected in a production process, which may have their origin in the
different phases of the project, such as in the line setup, jigs, or even non-compliance with the
production instructions [13]. Figures 4 and 5 show some flaws in the production of the main PCB and
the chassis that make up the car radio.

Inpection Type
Items | Defect Type Pictures Process Side| Description (Attributes / | Specification
Variables)

No evidence of

1 Bottom PCBA GapFiller Attributes Pass [ No Pass
(Thermal Paste)
. No evid f
2 Bottom PCBA o evidence o Attributes Pass / No Pass
Screw
No evid f
3 Bottom PCBA 0 evidence o Attributes Pass / No Pass|

Gasket

m T3NOK X

Figure 4. Failures modes — missing screw, gasket, and gap filler.
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Figure 4 shows the failure modes inspected at the workstation, such as missing thermal paste
(gap filler), missing screw, and missing conductive pad, performed on the PCB surface.

Inpection Type
Items | Defect Type Pictures Process Side| Description (Attributes / | Specification
Variables)

Side Chassi | threadless hole Attributes Pass / No Pass

Figure 5. Failures modes — threadless screw hole.

Figure 5 shows the failure mode without thread for the screw hole on the car radio chassis
inspected at the workstation.

2.4. Manausl Inspection and Machine Vision

Visual inspection processes can occur in two ways, by human or automatic analysis and
judgment [5]. The efficiency of manual inspection is often compromised by environmental and
human factors, which fail or reject the human capacity for evaluation and perception, which are
compromised throughout the workday by fatigue [4].

According to [18], using intelligent processes used in the industry using machine vision has been
one of the main technologies used to carry out inspections, increasingly showing its efficiency and
quickly promoting the replacement of human visual inspection. Machine vision is a system that
automatically collects and processes images of a real object by capturing optical devices and sensors
autonomously. Figure 5 demonstrates the use of manual process inspection and the automatic use
made through machine vision.

Figure 6 shows the image capture process for carrying out the inspection. In contrast, the manual
process is done by an operator who performs the judgment process, which often, added to fatigue,
can affect the judgment to approve or disapprove the item. inspected. On the other hand, inspection
using machine vision does not undergo biological variations over time, which does not affect any
stage of the inspection to which they were submitted [27].
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VISION BASED AUTOMATED DEFECT DETECTION
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Figure 6. Comparison of manual and machine vision inspection process.

3. Machine Vision System
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Machine vision is best viewed as a technique that can be used to achieve various tasks. Industrial
inspections, observation, monitoring, and sorting are some machine vision, although machine vision
is not limited to only accomplishing these examples [18,20,28]:

Industrial Inspection: Machine vision is commonly associated with this use case. It uses machine
vision to locate defects in a product.

Process Monitoring: Machine vision cameras come in different types, are made to be reliable in
different environments, and have a long lifespan. Because of this, machine vision cameras help
observe or monitor certain situations.

Sorting: Machine vision can be used in various ways to sort different objects based on color,
shape, size, and others. The software component of machine vision identifies the object, and that data
can be later passed on to another device to sort the object physically.

Optical measurements: Machine vision can also serve as a method to perform measurements
visually. Suppose the setup is stable and the incoming images are acquired under consistent
conditions. In that case, information can be extracted from the image and converted into real-world
units as a result.

Robotics: Like the method of attaining optical measurements, controlling robotic movement is
another common use for machine vision. Using the incoming images as a reference, data can be
calculated and translated as commands to the robotic components to move or change settings.

Machine Vision is the process of: Acquisition — acquiring images; Image processing — digital
manipulation of images; Data extraction — extracting quantitative data from images and making
autonomous decisions — based on the extracted data [27].

The machine vision systems aim to inspect 24 items on the surface of the PCB and 7 holes for
screwing in the car radio chassis automatically from the capture of images of the PCB and the chassis
inserted in the inspection station. The main processes and items to be inspected will be:

1) Find the fiducial points in the image.

2) Binarization of the image.

3) Component mapping based on the information provided by the golden sample image.

4) Gap filler detection in components.

5) Screws and pad detection.

6) Detect thread to screw.

The location of the PCB fiducial is the initial and critical process since the displacement
correction reflects on the result of every inspection. The fiduciary points are generally symmetrical,
represented in a circular shape [30], as shown in Figure 7. To locate the fiducial point of the plate, the
Hough transform was inserted in the algorithm strategy, which proposes the method used in image
processing to detect parameterizable shapes with lines, ellipses, and circles [29].

Figure 7. Fiducial reference inspection point.

After defining the fiducial of the PCB, the real object is captured. An image can be defined
mathematically, as a two-dimensional function f(x,y), with x, y € R? where x and y are the spatial
coordinates that identify a given point, f(x,y) denotes the gray level intensity of the image at a given
point in the image, where R the set of real numbers [20].
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A digital image is a function f(x,y) discretized both in spatial coordinates and in the intensity of
gray levels and can be represented through a matrix in which the row and column indices identify
an image element (pixel) and the element value identifies the gray level applied to the image [17].

After capturing the image, the captured image is binarized, which consists of converting the
various levels of gray [0, 255] to [0, 1] that defines pixels with a value of 1 representing white and
those with a value of 0 representing black, or vice versa [16], shown in Equation 1.

(1, fle,y)>L
() = {o, Foy) < LZ

where b is the binary output image, f is the input image in gray levels, and Lb is the threshold chosen
for pixel grouping.

As shown in Figure 8, the component mapping was developed by creating the strategy using
the Vision Builder tool.

)

A ™ o =F =i 0B

Simulate Acquisition 2 Vision Assistant - Image Coordinate System - Coordinate System - Gap Filler 01 Status Gap Filler 01
Processing Find Circular Edge Establish
INSP OK.png Diameter = 53,28 pix Pixel Count = 242
o e
G2 = of
Parafuso 01 Status Parafuso 01 » Tera01 Status Terra 01

Pixel Count = 855 Pixel Count = 0

o Tof—3F =8 T8 K&

Status Tab 01 Status Tab 02 Set Inspection Status ~ Results Logging Set Test Result PA.SS

Inspection Status=Pass Test Result = SetQut...
Logging Skipped

Figure 8. Inspection sequence strategy.

For the thread's inspection on the chassis, the luminosity criterion was defined to detect the
metalized hole on the car radio chassis. An image sensor was used to detect the brightness intensity
in the chassis hole. Using the properties of histograms, since they do not preserve the spatial
information of pixel distributions, considering only the number of pixels with a specific gray level
[2], an effect is shown in Figure 9.

Figure 9. Chassis holes emitting reflection of the light.

Even with different images, the histograms can be identical, allowing their use for pattern
recognition purposes [11], as illustrated in Figures 10 and 11.
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4. Results and Discussions

During the execution of the tests to evaluate the strategy, Equation 1 describes the perfect
adaptability of the algorithm in treating data entry.

The failure detection described in the defined failure modes had excellent results, as illustrated
in Figure 10.

CRETA, 12 NOK o 14-NOK [JERITY 76 NOK 17-NOK 18-NOK
i1 m TINOKE = =

I (-] Po1-0k I po3 Nox [EERLS

Gap Filler 02
Gap Filler 03

[5) R

TAB 01-NOK = 1

Figure 10. Defect result of PCBA inspection.

Figure 11 illustrates the system's efficiency in identifying PCBs and chassis within the
established conformities.
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Figure 11. Approved result of PCBA inspection.

In Figure 12, the chassis image has pixels between 25 and 245. It is noticed that there was much
dispersion in the number of pixels with the highest intensity of brightness, reaching 1400 brightness
intensity, with the most intense pixels at 30, 35, 200, and 220, precisely at the points where there was
a higher incidence of brightness.
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histogram
1400 B brightness of intensity

Chassis without metal hole

1200

1000

Figure 12. Incidence of shine in the thread of the hole.

In Figure 13, the chassis image has pixels between 25 and 230. It is noticed that there was much
dispersion in the number of pixels with greater intensity of brightness, reaching 1100 brightness
intensity, with the most intense pixels at 30, 35, 200, and 210, precisely at the points where there was
less incidence of brightness, resulting in a darker image.

histogram
B brightness of ntensity
Chassis without metal hole

Figure 13. Lack of shine in the thread of the hole.

5. Conclusions

With the need to provide quality products to the automotive consumer market, automatic
inspection will be directly linked to quality control since defects, such as PCBs without conductive
pads, can mean a loss of product efficiency and a decrease in the quality of the final product. In this
way, we realized the need to create methods for developing a hybrid system to inspect 24 items and
7 metallic holes in the product chassis using the machine vision system integrated with a vision
Sensor.

The research created a new smart-vision solution and improved the operator's decision-make.
The research proposed to unify the inspection of flaws using machine vision techniques to detect
defects in the absence or excess of thermal paste, conductive pad, guide pin, screws, and threads for
screwing.

Smart-Vision Inspection can improve failure detection in manufacturing, reduce the risk during
the FMEA study, and demonstrate a reliable manufacturing process to the customer.
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