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ABSTRACT 

A DATA COLLECTION SYSTEM FOR FUTURE AUTOMATION APPLICATIONS

Grant Hall, B.Eng. 
University of Guelph, 2020

Advisor(s): 
S. Andrew Gadsden, PhD, PEng, PMP, 
FASME, SMIEEE

A local automotive manufacturer in Guelph, Ontario is responsible for the production of 

automotive powertrain components and is aiming to automate its inspection process for 

one of their pinion gears. Their current inspection process is both time and labour 

intensive and is subject to human error such as improper training or worker fatigue. To 

combat this issue, the manufacture wishes to automate the inspection process and 

integrate it with their current workflow. The first step in implementing any machine 

learning algorithm is to build a database of images from which the system can learn. In 

order to acquire the required images, a data collection test cell was fabricated to collect 

images of defective parts and was installed on site at the manufacturer’s facility. A total 

of 19,619 images across 448 parts were collected and labeled, and are to be used in a 

defect detection algorithm.  

  



iii 

 

 

 

DEDICATION 

To my wife Katie.  

You are the motivation that  

made all of this possible.  

I could not have done it without you.  

  



iv 

 

 

 

ACKNOWLEDGEMENTS 

I would like to thank Andrew Gadsden and the entire Intelligent Controls and Estimation 
Lab for their support. I would also like to thank Cole Tarry for his invaluable work in 
developing the operating software and user interface for the system. Lastly, I would like 
to thank Medhat Moussa for his assistance and the opportunity to contribute on this 
research project.  

  



v 

 

 

 

TABLE OF CONTENTS 

 

Abstract ........................................................................................................................... ii 

Dedication ....................................................................................................................... iii 

Acknowledgements ........................................................................................................ iv 

Table of Contents ............................................................................................................ v 

List of Tables ................................................................................................................. viii 

List of Figures ................................................................................................................. ix 

List of Appendices .......................................................................................................... xi 

1 Introduction and Project Motivation .......................................................................... 1 

1.1 Overview of Project ........................................................................................... 1 

1.2 Summary of Contributions ................................................................................. 4 

1.3 Organization of Thesis ...................................................................................... 5 

2 Background and Literature ....................................................................................... 7 

2.1 Introduction........................................................................................................ 7 

2.2 Gear Geometry.................................................................................................. 7 

2.3 Types of Defects ............................................................................................... 8 

2.3.1 Nick Failure ................................................................................................ 9 

2.3.2 Non-Cleanup .............................................................................................. 9 

2.4 Inspection Strategies ....................................................................................... 10 

2.4.1 Current Inspection Process ...................................................................... 10 

2.4.2 A Brief Survey of Automated Inspection Methods .................................... 11 

2.5 Design Criteria and Constraints....................................................................... 11 

2.5.1 Safety ....................................................................................................... 11 



vi 

 

 

 

2.5.2 Spatial Resolution .................................................................................... 12 

2.5.3 Repeatability and Accuracy ...................................................................... 12 

2.5.4 Cost .......................................................................................................... 12 

2.5.5 Cycle Time ............................................................................................... 12 

2.5.6 Durability .................................................................................................. 13 

2.5.7 User Ergonomics ...................................................................................... 13 

2.5.8 Environmental Resources ........................................................................ 14 

2.5.9 Integration ................................................................................................ 14 

2.6 Summary ......................................................................................................... 14 

3 Conceptual Design ................................................................................................. 15 

3.1 Introduction...................................................................................................... 15 

3.2 Mechanical Design .......................................................................................... 15 

3.2.1 Part Handling ........................................................................................... 16 

3.2.2 Camera Field of View ............................................................................... 19 

3.2.3 Repeatability ............................................................................................ 19 

3.3 Electrical Design .............................................................................................. 20 

3.3.1 Camera Selection ..................................................................................... 20 

3.3.2 Lighting Setup .......................................................................................... 22 

3.3.3 Control System ......................................................................................... 22 

3.4 Software Design .............................................................................................. 23 

3.5 Summary ......................................................................................................... 24 

4 Construction of the Data Collection Cell ................................................................. 25 

4.1 Introduction...................................................................................................... 25 

4.2 Iterative Design Process ................................................................................. 25 



vii 

 

 

 

4.3 Final Design .................................................................................................... 34 

4.4 Summary ......................................................................................................... 35 

5 Testing and Data Collection ................................................................................... 36 

5.1 Introduction...................................................................................................... 36 

5.2 Data Collection Procedure .............................................................................. 36 

5.3 Overview of Collected Data ............................................................................. 38 

5.4 Use of Collected Data ..................................................................................... 39 

5.5 Summary ......................................................................................................... 41 

6 Conclusion .............................................................................................................. 42 

6.1 Cell Improvements and Next Steps ................................................................. 42 

6.2 Concluding Remarks ....................................................................................... 43 

7 References ............................................................................................................. 45 

Appendices .................................................................................................................... 50 

 

  



viii 

 

 

 

LIST OF TABLES 

Table 1.1: Constraints and Criteria for Proposed Data Collection Cell ............................ 3 

Table 2.1: Pinion Gear Configuration Characteristics ...................................................... 8 

 

  



ix 

 

 

 

LIST OF FIGURES 

Figure 1.1: Isometric and Side View of Pinion Gear: Configuration A .............................. 2 

Figure 1.2: Required Contributions for a Successful Data Collection Test Cell ............... 5 

Figure 2.1: Typical Layout for Power Transmission Through a Pinion Gear [5] ............... 7 

Figure 2.2: Example of a Nick Failure [8] ......................................................................... 9 

Figure 2.3: Example of a Non-Cleanup Defect [8] ......................................................... 10 

Figure 2.4: Types of Production Automation [31] ........................................................... 13 

Figure 3.1: Main Concepts of a Data Collection Cell ..................................................... 15 

Figure 3.2: Cross Section of the Pinion Gear. Note: Tapered Surface .......................... 17 

Figure 3.3: Three Jaw Gripper Assembly ...................................................................... 17 

Figure 3.4: Locating Shoulder Feature on Gripper ........................................................ 18 

Figure 3.5: Cross Section of Gripper Engaging Part ...................................................... 18 

Figure 3.6: Isometric and Cross Section Views of Shaft Inner Air Channels ................. 19 

Figure 3.7: Potential Servo Drive Assembly .................................................................. 20 

Figure 3.8: User Interface with Defect 76 (Nick Failure) Highlighted ............................. 23 

Figure 4.1: 3D Printed Prototype Gripper ...................................................................... 25 

Figure 4.2: Cross Section of Prototype Gripper ............................................................. 26 

Figure 4.3: Computer Rendering of Initial Prototype ...................................................... 27 

Figure 4.4: Initial Concept of Gripper Insert vs. Manufactured Gripper Insert ................ 28 

Figure 4.5: Points of Contact with Gear Inner Profile ..................................................... 28 

Figure 4.6: Data Collection Cell Prototype with Extrusion Guarding in Place ................ 29 

Figure 4.7: Data Collection Cell Prototype with Camera Distances Annotated .............. 30 

Figure 4.8: Front Camera Perspective ........................................................................... 30 

Figure 4.9: Rear Camera Perspective ........................................................................... 31 



x 

 

 

 

Figure 4.10: Top View of Data Collection Enclosure, with Light Panels Pictured at Top 
and Bottom .................................................................................................................... 32 

Figure 4.11: Extrusion Guarding with Entry Door Installed ............................................ 33 

Figure 4.12: Separation of Moving Components and Control Systems ......................... 34 

Figure 4.13: Final Design of the Data Collection Cell .................................................... 35 

Figure 5.1: Data Collection Setup at the Manufacturing Facility .................................... 37 

Figure 5.2: Sample Image of Gear at Position 1 (Left) and Position 2 (Right) ............... 38 

Figure 5.3: An Overlay of Images Taken at Gear Positions 1, 2, and 3 with Area of 
Interest Highlighted ........................................................................................................ 38 

Figure 5.4: Graphic Representation of Defects Present During Collection .................... 39 

Figure 5.5: A Raw Sample Image of the Pinion Gear .................................................... 40 

Figure 5.6: A Collection of Images Overlaid on One Another ........................................ 40 

Figure 5.7: Highlighted Potential Defects [32] ................................................................ 41 

Figure 6.1: Cross Section of Internally Routed Air Lines ............................................... 42 

 

  



xi 

 

 

 

LIST OF APPENDICES 

A1. Full Defect List 

A2. CAD Documentation of Manufactured Components 

A3. Additional Views of Prototype CAD Model 

 

  



 

 

1 

 

1 Introduction and Project Motivation 
1.1 Overview of Project 

Quality control is a vital part in any large-scale manufacturing or assembly operation. 
The integration of machine vision and machine learning for defect detection has the 
potential to perform at speeds and accuracies previously unavailable through human 
inspection.  Such a system would be extremely useful when the objects being inspected 
are produced in high numbers or are a critical component in a future assembly. 

For large scale operations, manual inspection can become a costly expense. 
Guelph, Ontario is home to several major automotive original equipment manufacturers 
(OEM) and one such facility manufactures gears and other powertrain components for 
the wider automotive sector, producing millions of parts every year. Because of the high 
precision requirements in the automotive industry, each gear produced is required to 
undergo a quality check to ensure proper tolerances and conformity. The process takes 
a significant time per part and relies on the detection ability of the employee performing 
the inspection. Improper training, fatigue, and distractions are just a few of the 
unavoidable issues with quality control performed by manual inspection. 

The desired solution to these issues is to automate the inspection process with a 
combination of machine vision and machine learning. The manufactured part under 
review could be loaded into an image capture cell by either a robot manipulator or an 
operator and the cell would then rapidly and reproducibly analyze the gear to determine 
if any defects exist.  

This thesis describes the creation and use of an image capture cell and discusses 
the selection of appropriate cameras and lighting, as well as the design, construction, 
and testing of the data collection cell for building the required image database. The cell 
will be required to accommodate this manufacturer’s four versions of a pinion gear each 
version having different gear characteristics (e.g., pitch diameter, number of teeth, helix 
angle). An example gear is shown in Figure 1.1. 

One of the key aspects of an accurate detection algorithm is the amount of 
meaningful data at its disposal for learning and comparisons. Logically, the first step in 
developing any form of algorithm is to start with data collection of defective parts. By 
building an extensive database of images, future algorithms can attempt to find similar 
characteristics between images of defective parts. 

 



 

 

2 

 

 

Figure 1.1: Isometric and Side View of Pinion Gear: Configuration A 

The design system must include cameras that can detect the following defects: 

• Nicked/damaged teeth 
• Non-clean up 
• Tool marks 
• Chipped teeth 
• Concentricity 

These defects can be located in almost all profiles of the gears so the camera 
setup is critical in order to capture all defects that might appear on the parts. The 
system should also attempt to minimize complexity to simplify maintenance and 
maximize time the cell is operational as well as be cost effective to operate.  A cycle 
time limit of 60 seconds was given however the design should try to minimize cycle time 
whenever possible. 
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Table 1.1: Constraints and Criteria for Proposed Data Collection Cell 

Design Parameter Design Goal 

Safety Considerations Cell must not present any safety risks to 
human operators 

Spatial Resolution The camera system must be able to 
accurately detect defects as small as 

0.42mm* 

Repeatability Cell must be able to accurately and 
consistently observe defects 

Cost The cell must minimize cost whenever 
possible without impacting safety or 

performance. 

Cycle Time The cell must be able to collect all 
required information faster than the 

current manual inspection time of one 
minute 

Durability Cell must function for a period of at least 
5,000 parts with standard Preventative 

Maintenance (PM) 

Environmental Requirements The cell must be able to operate using 
typical resources found in an industrial 
setting (120VAC, compressed air, etc.) 

Integration Cell must eventually be able to be fully 
integrated with an autonomous robotic 

cell 

*See Section 2.5.2 
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1.2 Summary of Contributions 

The main contribution of this research was to design and develop a data collection cell 
that accurately collects information about the parts in order to reduce manufacturing 
waste and inefficiencies. There are several factors that must be considered when 
attempting to solve the problem of automated quality control inspection. One of the first 
steps is to ensure that the system is capable of collecting useful information through a 
combination of the vision and lighting systems. Correct camera and lens selection are 
critical to guarantee that the desired defects are captured with the resolution required to 
correctly identify and catalogue any required information for future identification. Even 
the most advanced detection algorithm would perform poorly if it were unable to 
correctly identify the object and its essential details [1].  

 In addition to having the required resolution, correct lighting is necessary to 
properly reveal the defects [2] [3].  The final lighting setup must be able to provide 
contrast to the defects without flooding the vision system with too much light. The 
camera and lighting systems will be developed in tandem with hands-on experimental 
testing.  

 Once the vision and lighting systems are finalized, a physical structure must be 
developed to house the system as well as satisfy several important mechanical and 
electrical criteria. These criteria are listed below: 

• Safety considerations 

• Part handling 

• Robustness 

• User ergonomics 

• Repeatability of results 

 Out of these criteria, user safety is the number one concern. The data collection 
cell must be user friendly and not present any physical danger to an operator or nearby 
worker. One of the most obvious safety concerns is the presence of moving 
components or assemblies during operation. These safety hazards must be addressed 
with sufficient guarding or barriers to ensure safe operation.  

The majority of the moving components will likely involve the handling of the part 
within the cell. The cell must be able to grip the four different part types without 
obstructing any of locations on the gears that are prone to defects and must not cause 
any new defects from interactions with finished surfaces on the gear itself. 
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The final three criteria share a common aspect; they are critically important in a 
setting that requires massive amounts of inspection numbers. The end goal of the cell is 
to be integrated in line with full scale production. Since this manufacturer produces over 
one million gear components per year factory-wide, any integrated cell would need to 
have a life cycle of several hundreds of thousand units without extensive replacements 
or repairs. Designing the cell to be intentionally over-engineered where applicable will 
aid in increasing longevity of the cell. This high volume of inspected parts will also 
highlight the importance of user ergonomics of the system. In order for an artificial 
intelligence (AI) algorithm to be successfully developed, thousands of images must be 
collected and catalogued to develop a database. During the data collection stages of 
this research project, the image capture cell will be run manually so the loading and 
unloading processes must factor in ergonomics in order to not fatigue the user in the 
research setting. The three main components of a data collection cell are shown in 
Figure 1.2. 

 
Figure 1.2: Required Contributions for a Successful Data Collection Test Cell 

1.3 Organization of Thesis 

A description of the pinion gear developed by the manufacturer and some of the typical 
defects that occur during the manufacturing process are detailed in Chapter 2. The 
current inspection technique employed at the facility is summarized along with other 
current automated quality control inspection methods. Finally, the chapter will discuss 
the criteria and constraints required for a successful implementation of a data collection 
cell.  

Chapter 3 reviews the conceptual design of the data collection cell including 
initial designs of various components, mechanical design, electrical design, and 
software design.  

Chapter 4 outlines the process of iterative design on the initial prototype. The 
finalized design is briefly summarized in Chapter 5.   

Data 
Collection Cell

Mechanical
Systems

Electrical
Systems

Software
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Chapter 6 discusses the data collection procedure and provides an overview of 
the preliminary data collected.  

Finally, Chapter 7 expands upon the on-site data collection process that was 
developed for the initial data collection. The preliminary effectiveness of the image 
capture system is discussed and future recommended work is summarized. 
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2 Background and Literature 
2.1 Introduction 

This chapter provides a brief overview of the gears being inspected. It will discuss the 
typical uses for pinion gears in an automotive powertrain and why high tolerances are 
required. Next it will discuss the most common types of defects currently found in a 
similar manufacturing operation and how the local manufacturer currently checks for 
these and other defects. This will be followed by a brief overview of other instances of 
machine vision and machine learning being used currently in various industries. Lastly it 
will outline the criteria and constraints of the design of a data collection cell. 

2.2 Gear Geometry 

The pinion gear being inspected is a helical gear and a critical component in powertrain 
assemblies. Typically used in combination with an annular gear as pictured in Figure 
2.1, helical gears are ideally suited for use in powertrain assemblies because they are 
able to transfer high amounts of torque and do so more quietly than traditional spur 
gears [4]. However, being part of a powertrain, the gear demands extremely small 
tolerances in order to withstand the sudden and drastic changes in power during typical 
operation.  

 
Figure 2.1: Typical Layout for Power Transmission Through a Pinion Gear [5] 

While the pinion gear under consideration comes in four different configurations, 
the differences are only in the gear tooth profiles and not in the overall shape of the 
gear. All four configurations had the same total length of 96.2mm and the same outer 
end shaft diameters of 40mm and 50mm. The overall length of the gear teeth was also 
consistent across all four configurations at 54mm. Of all the shared features, the most 
important for this thesis is that all four configurations share the same inner diameter. 
(The significance of this fact will be expanded on in Section 3.2.1.) The inner diameter 
of the gear is hardened steel with a tapered profile that starts at 28mm and decreases 
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to 25mm. The different tooth characteristics of the four different pinion gear 
configurations can be found in Table 2.1. 
Table 2.1: Pinion Gear Configuration Characteristics 

Gear 
Configuration 

Number 
of 

Teeth 

Pitch 
Diameter 

(mm) 

Helix 
Angle 

(Degrees) 

Pressure 
Angle 

(Degrees) 

Major 
Diameter 

(mm) 

Minor 
Diameter 

(mm) 

A 22 69.57 23.5 22.5 78.5 62 

B 22 66.437 22.5 22.5 75.2 59.5 

C 26 73.368 21.25 20 82 66.5 

D 22 63.953 21.75 22.5 72.4 57.5 

2.3 Types of Defects 

Defects on the pinion gear can present in a wide range of categories. In total there are 
107 different defects that can occur from beginning to end of manufacturing.  Any one 
gear might reveal multiple defects during the inspection process. The full list of defects 
can be found in Appendix A1. These defects can occur at different stages of 
manufacturing or could occur due to user error or mishandling during transport. 
Typically, the defects present on the outside surfaces of the gear since the inner 
diameter is not exposed to the environment and undergoes very little machining or 
operations. Of these outer surfaces, a defect could occur on almost any of the surfaces 
depending on what caused the defect initially so it is critical that as little as possible of 
the gear is obscured during the inspection process. Based on a similar pinion gear that 
this facility produces, the manufacturer already possessed preliminary information on 
the defects most likely to occur during their manufacturing process, which ones were 
nick failure and which ones were non-cleanup [6]. Since no two defects, even those 
belonging to the same category, are identical, machine learning is critical part of the 
final setup [7]. 

Understanding which defects are most frequent is a key part in identifying the 
biggest inefficiencies in the manufacturing process, which is a crucial part of improving 
overall production output. 
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2.3.1 Nick Failure 

Nick failure is the most common defect found on the similar style pinion gear. It can be 
identified by raised material caused by a deformation of the surface. Nick failures can 
present on virtually any outer surface of the gear. These defects can be caused by any 
of a vast number of factors including improper part handling by a robotic or automated 
fixture, improper machine techniques, or mishandling of the part during operator loading 
or transport. Depending on the location of the nick, the result could range from minor 
issues such as increased noise during use to extreme vibrations due to an imbalance in 
material at high speeds.  

 

Figure 2.2: Example of a Nick Failure [8] 

2.3.2 Non-Cleanup 

The second most common defect observed was non-cleanup of machined surfaces, 
specifically the teeth of the gear. Unlike nick failures, non-cleanup is strictly due to faulty 
machining procedures or tooling. If not caught, non-cleanup can cause issues with 
vibrations and noise similar to nick failure. However, it can also result in unwanted wear 
on surfaces that come into contact with the unfinished face. While minor non-cleanup 
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imperfections are allowed (i.e. on a single tooth or only the centre of two teeth), more 
extensive non-cleanup must be rejected. Since non-cleanup can only be present on the 
faces of the gear teeth as shown in Figure 2.3, any implemented camera systems would 
need to ensure they had a clear view of both sides of each gear tooth. 

 

Figure 2.3: Example of a Non-Cleanup Defect [8] 

2.4 Inspection Strategies 

2.4.1 Current Inspection Process 

The current inspection process for the pinion gear at the manufacturer’s facility relies 
completely on human operators to inspect every gear that is manufactured. The quality 
of inspection can vary greatly based on operator training and competency. Furthermore, 
because every gear must be inspected, quality control operators must be present on the 
production line at all times. Typically, there are three operators present during each 
eight-hour shift [8]. Over the span of a fiscal year, this results in significant labour costs. 

The inspection process currently being employed checks for both damage on the 
part such as a nick failure and imperfections in the geometry such as non-concentricity. 
To inspect a part the operator slowly rolls the part along the inspection table, examining 
the teeth profile for any nicks, non-cleanup, or other defects from manufacturing. Once 
all the teeth have been inspected, the process must be repeated for the opposite side of 
all of the teeth. If a defect is found, the operator must mark the defect and write the 
defect code on the part so the information can be manually entered into a database at a 
later date. Based on the type and severity of defect, the part then either gets scraped or 
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sent out for rework, both of which present costs to the manufacturer. Live updates of 
defect types and frequencies would more rapidly identify issues in production such as 
faulty tooling on a machining operation and ultimately reduce the cost of wasted or 
reworked parts. 

2.4.2 A Brief Survey of Automated Inspection Methods 

The combination of machine vision and machine learning for quality control 
inspection is a large and growing field. One of the benefits of using machine vision is 
that it typically does not require any physical contact with the objects being inspected 
[9], which makes it very useful in a wide range of applications. If the part being observed 
is extremely large, such as the inspection of overhead power substations as described 
in the works of Rahmani, Haddadnia, and Javad [10], then machine vision and machine 
learning can be implemented on a scale and speed simply not possible by human 
operators. In the medical and food production industries, non-contact of the parts being 
inspected aids in maintaining sterilization throughout the production process [9,11,12]. 
Machine vision also means that operators do not need to physically expose themselves 
to dangerous situations [1,13] or to prolonged hours of inspection which might result in 
defects being missed [12,14]. Not only can machine vision and machine learning 
systems be used for the purpose of defect detection but they can also be used for 
optimization [15,16] or to improve the accuracy of a manufacturing process [17]. 

Machine vision and machine learning are especially popular in the automotive and 
industrial production sectors [18,19,20,21,22]. These industries and their products are 
changing rapidly [23] which requires their manufacturing practices to change as well. 
Using machine vision and machine learning allows automotive manufactures maintain 
high levels of accuracy [1,3,24,25] while being able to operate constantly at no added 
cost [14].  

In 2015, a similar study examined the legitimacy of gear inspection using machine 
vision [21]. The method used individual images taken by a camera system to compute 
the dimensions of the observed gear then compared the observed dimensions to the 
expected values for those dimensions. Another study in 2014 used machine vision to 
inspect the quality of mechanical tools and bricks by observing the lengths of cracks 
found on the parts [26]. The study was able to combine two independent detection 
methods and compare the results between the two in real time, aiding the accuracy of 
the detection algorithm.  

2.5 Design Criteria and Constraints 

2.5.1 Safety 

Dangers to human operators can present themselves in a variety of ways. One of the 
critical design criteria of the data collection cell is that it must limit or eliminate all 
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reasonably predictable dangers to the user. One of the biggest hazards to the user 
comes from handling the part inside the cell.  

In order to inspect the gears, the cell must have a fixture for gripping and 
handling the part in a way that allows the vision system to collect data. Depending on 
the style of fixture, pinch points or shear points likely pose one of the biggest dangers to 
the user. The final design will have to have sufficient guarding to prevent operators from 
being able to reach any of the dangerous areas during normal operation.  

2.5.2 Spatial Resolution 

In order for a future algorithm to correctly identify defects present on the pinion gears, it 
must be able to learn from images that clearly show those defects. The vision system 
deployed in the data collection cell must be able to provide enough spatial resolution for 
the defect to not only be visible but occupy enough pixels for an algorithm to detect. 
Based on the sample parts provided, the smallest defect found was 0.42mm. By 
providing a spatial resolution of 0.05mm/pixel, the smallest defect would still occupy a 
space 8 pixels wide, which is above the typical requirements for detection through a 
machine vision algorithm [27] [28] [29]. 

2.5.3 Repeatability and Accuracy 

The pinion gear being assessed is a critical component in powertrain systems [8] and 
therefore cannot be degraded by any major defects. The final inspection cell must be 
able to accurately detect any defects present on the gear as a defective gear could risk 
failure of the powertrain assembly. In order for the final algorithm to be able to identify 
defects as accurately and consistently as possible, the data collection system must be 
designed in such a way that the camera can clearly see the entire gear being collected 
and also produce similar images over multiple collection operations.  

2.5.4 Cost 

The data collection cell must be designed to minimize the cost to the manufacturer both 
in initial start-up and ongoing maintenance without negatively impacting the efficiency 
and performance of the cell. Whenever possible, the incorporation of reusable or off-
shelf components is preferred. 

2.5.5 Cycle Time 

Cycle time refers to the amount of time taken for a particular operation to be completed. 
This time includes the amount of time taken to actually complete the task as well as any 
time required for part handling.  

In an industrial setting, minimizing cycle times is a vital goal in overall production. 
Most machine visions systems are capable of extremely fast data collection [30], which 
is beneficial in limiting cycle time. Currently, human operators can complete the 
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inspection process of a pinion gear in approximately one minute, depending on the 
operator. To avoid any delays to production, the cell’s data collection process must 
have a cycle time in the same one-minute range as well and that time must include the 
collection of images, part handling, processing time, and outputting results. Ideally cycle 
time will be minimized as much as possible but any decreases in cycle time under the 
one-minute mark that decrease clarity of the images will not be considered.  

2.5.6 Durability 

Another challenging aspect of industrial design is system durability. The production and 
inspection of the pinion gear falls into the category of fixed automation, which means a 
high volume of parts with little variation. A visualization of the types of automation can 
be seen below in Figure 2.4. In addition, the accuracy of any future algorithms will be 
improved by having access to as large of a database as possible. Therefore, the 
collection cell must be designed to operate normally for at least 5,000 parts without any 
major repairs or failures, assuming the system undergoes standard preventative 
maintenance during this time.  

 

Figure 2.4: Types of Production Automation [31] 

2.5.7 User Ergonomics 

As mentioned in Section 2.5.6, the production and inspection of the pinion gear is a 
fixed automation process. Currently the high volume of parts must be handled by the 
human operator. Therefore, the design of the data collection cell must consider how a 
human operator would load and operate the cell, and be designed in such a way to limit 
the physical impact of a highly repetitive or potentially strenuous movement. Another 
ergonomic factor is the amount of light given off by the system. In order to help the 
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repeatability of the system, it will require its own lighting system. Prolonged exposure to 
a bright light source could adversely affect the operator so the system should minimize 
the amount of light being released from the cell during operation. 

2.5.8 Environmental Resources 

Since the final location of the collection test cell is already known – the manufacturing 
facility of a local Guelph business – the cell must be designed with the available 
resources in mind. In order to minimize cost, the cell must be able to operate on 
120VAC without any external power sources or transformers. In addition, the system 
should utilize the available pneumatic air supply as opposed to hydraulic in order to 
reduce operating costs and any requirement for new utilities. 

2.5.9 Integration 

The end goal of this project is to take a process that is currently being performed by 
human operators and automate the process to increase accuracy and reliability, and 
maintain or decrease cycle time. To achieve this, consideration must be given to how 
the final iteration of the cell would successfully integrate with an existing robotic cell at 
the manufacturing facility. While the initial cell does not need to support automation, the 
general design should attempt to minimize the future changes required to allow the cell 
to accommodate end of arm tooling on a robot, as well as be able to function 
autonomously once the part has been successfully loaded into the fixture for 
examination. 

2.6 Summary 

This chapter described the pinion gear being inspected and explained the challenges 
posed by the complex geometry of the part. It provided an overview of the different 
types and locations of defects and elaborated on some of the most common defects in 
greater detail. It provided a brief summary of other instances of machine vision and 
machine learning in the area of defect detection and explained the criteria and 
constraints that will define success of this project.  
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3 Conceptual Design 
3.1 Introduction 

There are three main concepts in designing a data collection cell: mechanical design, 
electrical systems, and software. Figure 3.1 lists these main concepts as required for a 
successful data collection cell. This chapter will summarize the challenges and 
proposed solutions to each of these key aspects. 

 
Figure 3.1: Main Concepts of a Data Collection Cell 

3.2 Mechanical Design 

Industrial environments can present a wide range of formidable aspects for mechanical 
design, especially when designing a system that requires human interaction. User 
safety is always the number one concern. The diverse and numerous hazards to 
operators create significant design challenges. In addition to keeping the operator safe, 
this data collection cell must be sufficiently accurate in its detection and have a high 
level of repeatability. The criterion of the collection cell relates to the cycle time of the 
system, as described in Section 2.5.5. 

For the collection test cell to be able to accurately collect information, several 
design factors must be satisfied. First, the cell must be able to accurately handle the 
four different part types being inspected using an efficient and ergonomic approach. 
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Once the part is loaded into the collection cell, the cell must be able to visually detect 
defects that could present on almost all exterior surfaces of the gear. Not only must the 
collection cell be able to visually inspect the entire gear, it must do so in a manner that 
is consistent between multiple gears and multiple gear types. The first step in designing 
around these factors is to come up with a design concept to tackle all of these 
challenges. 

3.2.1 Part Handling 

There are several aspects of part handling that are critical to successful data collection. 
One of the biggest concerns is that any part handling performed by the collection cell 
must not prevent the vision system from seeing any areas of the gear that could present 
defects. The fixture must be consistent and reliable in order to obtain accurate data for 
the future machine learning algorithm. Another design constraint is that the cell must be 
able to handle the four different part types of the pinion gear, all of which have slightly 
different physical characteristics. The third difficulty in part handling is that the act of 
loading must be ergonomic and repeatable in order for the cell to be operated manually 
without putting undue physical strain on the user from repetitive movements. 

 The physical characteristics of each of the four gear types were compared to 
each other in order to find any similarities in geometry that could be utilized for gripping 
the part. Consistent geometries will facilitate designing a simple gripper mechanism that 
is compatible across all four gear configurations. As mentioned in Section 2.2, the inner 
diameter of all four gears was one of the few geometric consistencies across the four 
gear types. Using the inner diameter as a grip surface is also beneficial in limiting the 
obstruction of the vision systems, since the gear defects will only be present on the 
outer surfaces. As shown in Figure 3.2, the inner diameter of the pinion gear has a 
slightly tapered profile. This presents a challenge in designing a gripper that is both 
consistent and simple.  
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Figure 3.2: Cross Section of the Pinion Gear. Note: Tapered Surface 

 In order to achieve consistency, the design of the gripper should maximize its 
gripping surface; a greater gripping surface will decrease the chance of an improper grip 
of the part or of the part shifting unexpectedly while being examined. Since all four gear 
types shared the same tapered profile, the gripper was designed with a matching profile 
so that the entire inner diameter of the part was being used to grip. The design concept 
consisted of three tapered gripper fingers attached to a three-jaw pneumatic gripper that 
would expand outward allowing the fingers to grip the inner diameter of the part. In 
order to achieve consistent positioning of the gears, a shoulder was incorporated into 
the design for the grippers. This feature would ensure that the gear was placed in the 
correct position by either a robot or human operator. 

 

Figure 3.3: Three Jaw Gripper Assembly 
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Figure 3.4: Locating Shoulder Feature on Gripper 

 

Figure 3.5: Cross Section of Gripper Engaging Part 
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3.2.2 Camera Field of View 

With the gear successfully gripped by the collection cell, the next task is to ensure that 
the collection cell is able to accurately collect data from all angles of the pinion gear. To 
reduce the complexity of the required camera system, the decision was made to have 
minimal stationary cameras with the gear itself being manipulated in order to collect all 
required information. The system responsible for maneuvering the part must be able to 
do so in a manner that both exposes the entire gear for data collection and completes 
the operation within the 60 second cycle time outlined in Section 2.5.5. Since the initial 
design featured a pneumatic gripper to grasp the gear, consideration had to be given as 
to how sufficient air would be supplied during the maneuvering operation. As this 
process will ultimately be repeated a great number of times, any moving components 
will experience significant wear. In order to help avoid premature failure due to wear, the 
preliminary design featured a machined shaft with two separate air channels running 
through the entire length of the part. These channels would directly port air into the 
pneumatic gripper on one end and be attached to a rotary air coupler at the other end. 
This coupler would be a standard purchase item specifically designed to allow 
pressurized air channels to be routed through a rotating shaft. Figure 3.6 shows a cross 
section of the air channels. The shaft would then be supported by two rotary bearings to 
allow unrestricted rotation.  

 

Figure 3.6: Isometric and Cross Section Views of Shaft Inner Air Channels 

3.2.3 Repeatability 

The last aspect of accurate data collection requires the system being able to repeat its 
results multiple times and across different gear types. To achieve this, the entire shaft 
assembly was designed to be attached to a servo motor that would allow a high level of 



 

 

20 

 

versatility and control over gear positioning, which, in turn would allow the system to 
take repetitive images for accurate data. 

 

Figure 3.7: Potential Servo Drive Assembly 

In combination with a servo motor, the concept also featured a proximity sensor. 
The proximity sensor would be positioned so that it will be able to detect each of the 
gear teeth as they pass by and sending a signal indicating that to the camera system. 
This setup will allow the collection cell to accommodate the different teeth numbers on 
the pinion gear configurations.   

3.3 Electrical Design 

Even the best machine learning algorithms can only function with meaningful 
information. In the case of a defect detection algorithm, meaningful information refers to 
the quality of the captured images. Any images sent to the algorithm must have enough 
detail to clearly show any defects present otherwise the algorithm will not have enough 
data to operate. There are many factors that help ensure image clarity however the two 
most prominent factors are camera selection and lighting configurations. This chapter 
will cover the rationale for camera selection and placement, the lighting configuration 
used, and the control system required for operation.  

3.3.1 Camera Selection 

In order to accurately detect defects in the parts, appropriate cameras had to be 
selected. Camera selection depends on a number of factors such as defect size, part 



 

 

21 

 

size, type of defect, and the physical layout of both the camera and the part. Since the 
part size varies between part configurations, the largest part face dimensions were used 
in calculations. Also, the dimensions of the smallest found defect across all part types 
was used in order to account for a worst-case scenario involving the smallest defect on 
the largest parts. The part size and defect size were found to be 95mm and 0.42mm, 
respectively. As mentioned in Section 2.5.2, a required spatial resolution of 
0.05mm/pixel was deemed appropriate since that would mean the smallest defect would 
still occupy roughly 8 pixels across, which should be enough for a future algorithm to 
detect [28,29]. Using these values, the required camera resolution for detection was 
calculated using equation (1).  

 𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑	𝑅𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 =
𝑂𝑏𝑗𝑒𝑐𝑡	𝑆𝑖𝑧𝑒	(𝐹𝑖𝑒𝑙𝑑	𝑜𝑓	𝑉𝑖𝑒𝑤)

𝑆𝑝𝑎𝑡𝑖𝑎𝑙	𝑅𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛  (1) 

 𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑	𝑅𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 =
95𝑚𝑚

0.05𝑚𝑚/𝑝𝑖𝑥𝑒𝑙 = 1900	𝑝𝑖𝑥𝑒𝑙𝑠  

To ensure proper identification, a camera with a slightly higher resolution was 
selected. The Blackfly® BFS-US-50S5C-C camera was selected as it was readily 
available and met the design requirements. This camera has a resolution of 2448x2048, 
which is greater than the required resolution, and can handle up to 35 FPS. Since the 
highest number of teeth in any configuration is less than 30, with sufficient light this 
camera will allow the system to potentially collect all data in under one second in future 
iterations.  

 The next task is locating camera placement. For ease of placement and 
alignment, the ideal mounting points were determined to be off of the aluminum 
extrusion that formed the guarding. This site would allow sufficient versatility in 
positioning and orientation of the cameras, as well as keeping them far enough from the 
part to avoid obstructing the operator or robot loading. With the cameras mounted to the 
extrusion, there was an approximate distance of 165mm between the camera and the 
part. The BFS-US-50S5C-C has a 2/3” Sony IXC692 image sensor, which translates to 
8.80mm x 6.60mm. Using these values, the ideal focal length of a pinhole camera 
model was calculated using equation (2). 

 
𝐼𝑑𝑒𝑎𝑙	𝐹𝑜𝑐𝑎𝑙	𝐿𝑒𝑛𝑔𝑡ℎ =

𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒	𝑓𝑟𝑜𝑚	𝑃𝑎𝑟𝑡 ∗ 	𝑆𝑒𝑛𝑠𝑜𝑟	𝑆𝑖𝑧𝑒
𝑂𝑏𝑗𝑒𝑐𝑡	𝑆𝑖𝑧𝑒 + 𝑆𝑒𝑛𝑠𝑜𝑟	𝑆𝑖𝑧𝑒  (2) 



 

 

22 

 

 𝐼𝑑𝑒𝑎𝑙	𝐹𝑜𝑐𝑎𝑙	𝐿𝑒𝑛𝑔𝑡ℎ =
165𝑚𝑚 ∗ 	8.8𝑚𝑚
85𝑚𝑚+ 8.8𝑚𝑚 = 15.47𝑚𝑚  

Selecting an actual focal length which is shorter than the ideal focal length 
means that the size of the smallest detectable feature will be less than that required by 
the system. A focal length of 13mm was selected which translated to a smallest 
detectable feature size of <0.42mm. To achieve the 13mm focal length the Fujifilm® 
HF12.5SA-1 lens was selected. The HF12.5SA-1 lens is designed for 2/3” image 
sensors, which makes it an ideal candidate. The HF12.5SA-1 lens also has an 
adjustable F-Stop number so the depth of field can be increased to help eliminate small 
disturbances in the system.   

In order to capture as much of the gear as possible in a single frame, two 
cameras were positioned at opposite ends of the gear. In combination with the rotation 
from the gripper assembly, this setup allowed the system to completely analyze both 
end surfaces of the gears as well as each individual tooth during rotation. 

3.3.2 Lighting Setup 

Correct lighting conditions is a critical aspect of any machine vision application. While 
the camera system possesses the required resolution to detect defects, it is the 
responsibility of the lighting system to ensure that the defect is visible. Due to the wide 
range of defect types and potential locations, a more generic lighting setup was 
selected. The goal of the lighting system was simply to provide ample light for camera 
exposure while not generating any reflections, shadows, or glare that could be detected 
by the vision system. To avoid these issues, multiple diffused light sources were 
incorporated into the design concept. Diffusing the light source would minimize any 
reflections and glare and having the light projected from multiple angles would ensure 
that the entire area of inspection was illuminated. 

3.3.3 Control System 

The control system of the data collection cell is a key component in linking the 
mechanical and electrical systems. With the gear loaded into the fixture and the safety 
door closed, the control system signals the pneumatics to grip the part. To ensure 
accuracy in the early stages of data collection and development, the control system 
signals the servo motor to index through one gear tooth position and pause briefly for 
the camera systems to collect the required images. Once the entire gear has been 
analysed, the control system signals the user interface to alert the user that the part is 
ready to be removed from the cell. 
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3.4 Software Design 

In order for future use of the collection test cell to be performed by on-site operators, the 
user interface (UI) had to be designed to collect all relevant information for the database 
while at the same time remaining efficient and user friendly. This user interface was 
developed by Cole Tarry, a research associate at the Robotics Institute at the Guelph 
University and can be seen in Figure 3.8. The database required three key pieces of 
information: 

• Configuration of pinion gear (A, B, C, or D) 

• Type of defect present (See Appendix A1 for full list) 

• If defect was manually labeled prior to collection 

 
Figure 3.8: User Interface with Defect 76 (Nick Failure) Highlighted 

As mention in Section 2.2, each different type of the pinion gear has slightly different 
configurations. While the slight changes in diameter could be accounted for by camera 
selection, the number of teeth presented more of an issue. In order to ensure that the 
entire gear was being captured during the collection process, a picture had to be taken 
for each individual tooth. By selecting the appropriate configuration, the program 
responsible for driving the stepper motor was updated with the required degrees of 
rotation between each capture to ensure consistency between multiple images.  

The second key label for the database was the actual defect present on the part. For 
the initial stages of inspection, a simple pass/fail test of the parts was sufficient, 
however as the database grows and sufficient images of multiple defects become 
available, the detection algorithm should be able to not only perform a pass/fail test but 
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also output the observed defect. Having the ability to observe which defect is present 
can greatly assist in noticing defect trends and theoretically help increase manufacturing 
efficiency by expeditiously identifying troubled areas in manufacturing. Appendix A1 lists 
all possible defects that could occur during the manufacturing of the pinion gear 
however, as mentioned in Section 2.3, it is likely that certain defects will occur more 
often than others. To help keep the UI user-friendly and efficient, the collection software 
keeps an ongoing count of how many times each defect has been observed and 
populates a list with the most common defects for easy selection. In addition, any 
defects that are not considered to be globally common but have shown a trend in recent 
parts, perhaps due to a faulty machine or operation, are displayed on a secondary list. 

The final piece of information required to build the database is whether or not the 
defected parts were manually labeled prior to collection. As discussed in Section 2.4.1, 
the current process of quality control inspection involves highlighting the affected area 
with a marker for easy identification. While this assists in manual identification and 
labeling, these markings might confuse an algorithm since the marks can vary widely 
between human operators. Indicating that the part has markings will assist the algorithm 
in distinguishing between marker highlights and actual part defects. 

3.5 Summary 

This chapter highlighted the fundamental concepts in designing a successful data 
collection cell. It first covered the key aspects of the mechanical design, specifically part 
handling, camera field of view, and repeatability of the system. Next it explained the 
electrical requirements of the data collection cell for both the vision and control systems. 
Finally, it covered the requirements and design of the user interface as well as the 
information required for labeling the collected data for a future learning algorithm.  
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4 Construction of the Data Collection Cell 
4.1 Introduction 

This chapter outlines the process of constructing the data collection cell. It discusses 
the issues that were encountered during the construction process and the changes that 
were made to the initial design concept to overcome them. Lastly it provides a 
comprehensive overview of the finalized design of the data collection cell. 

4.2 Iterative Design Process 

Using the concepts outlined in Chapter 3, an initial prototype was constructed for 
testing. In order to provide a proof of concept of the gripper design, a simplified version 
was designed and manufactured using a Formlab© 3D printer. The simplified gripper, 
shown in Figure 4.1, still featured the tapered profile shared by all of the gear 
configurations however it was a static design and did not feature any moving 
components. 

 

Figure 4.1: 3D Printed Prototype Gripper 

To achieve the desired grip on the pinion gear, the gripper was intentionally 
designed to be a shorter length than the gears themselves, with a tapped hole in the 
end of the gripper shaft as seen in Figure 4.2.  
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Figure 4.2: Cross Section of Prototype Gripper 

The tapped hole was used to provide a compression force on the tapered profile 
by tightening a bolt and washer onto the overhanging edge of the gear. While this setup 
did not satisfy the requirement of simple changeout, it did provide a sufficient platform 
for analysis of consistent gear gripping and placement. 

The initial gripper assembly did not feature any pneumatic components. Therefore, the 
machined shaft, which would greatly add to the complexity and cost of the initial 
prototype, was replaced with a 1” solid aluminum shaft. The prototype gripper was also 
design with a 1” receiving hole with tapped holes at 90° intervals to one another 
positioned radially from the shaft. These tapped holes allowed set screws to secure the 
gripper to the shaft, increasing consistency.  

 In the preliminary stages of the design, the complex servo system was replaced 
with a simpler stepper motor assembly. The stepper motor provided enough accuracy 
for initial testing and data collection, however lacked the long-term reliability that an 
industrial servo setup will provide. The initial prototype also did not feature the 
integrated proximity sensor and instead relied on the system resetting itself after each 
successful scan. This meant that if the operation was interrupted in any way, the system 
would have to be manually reset since it lacked the ability to observe its own 
positioning. An isometric render of the initial prototype can be seen in Figure 4.3. 
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Figure 4.3: Computer Rendering of Initial Prototype 

With the prototype complete, dry runs, meaning that parts were cycled through 
without any camera systems in place, were conducted in order to discover critical 
components and design requirements. The first issue that presented itself was the 
accuracy of the 3D print used to manufacture the gripper.  In order to achieve consistent 
results, the gripper had to be as concentric as possible to avoid the gear appearing to 
wander between images, a flaw that would make the final algorithm’s task substantially 
more difficult. 

The next issue was the longevity of the 3D printed gripper. The 3D print material 
was substantially softer than the heat-treated steel of the gear’s inner diameter. Since 
the prototype gripper was static it relied solely on the precision fit between its gripping 
surface and the inner profile of the gear. After a handful of gear changeouts, the surface 
of gripper started to wear away which resulted in slippage between the gripper and gear 
when the gripper began to rotate. 

 The 3D printed gripper was changed out with a manufactured assembly to help 
increase durability. The assembly featured a three-jaw pneumatic gripper similar to the 
initial concept, however revisions were made to the grippers and mounting shaft. Since 
the design was still largely unproven, the more expensive machined shaft was replaced 
with a simple mounting block for the gripper, leaving the pneumatic lines for the cylinder 
to be routed externally. While this arrangement would increase the amount of wear on 
the lines, it was not expected to have a significant impact given the modest volume of 
parts at this stage of development. 
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The other modification for the grippers was to the tapered inserts that were 
designed to match the inner profile of the gear. The machining process to grind the 
inserts to match the sloped profile would have added a substantial cost due to the 
complexity of the process so the design was altered to have a stepped profile. This 
stepped profile still allowed multiple points of contact between the inserts and the gear, 
without necessitating the complex manufacturing process. 

 
Figure 4.4: Initial Concept of Gripper Insert vs. Manufactured Gripper Insert 

 

 

Figure 4.5: Points of Contact with Gear Inner Profile 

 This gripper assembly was then mated to a stepper motor via a timing belt. This 
stepper motor was responsible for providing the required part rotation for the camera 
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systems to inspect every tooth. Once the collection process was initiated, the motor 
would index the gear forward one position and allow the camera systems to capture an 
image. Once all the images were collected the system would then reset to its starting 
position to accommodate the externally routed pneumatic lines. Not resetting the 
system would have caused the lines to become tangled or stretched, and ultimately 
resulted in system failure. More detailed information of the control system can be found 
in the technical document provided by Cole Tarry of the Robotic Institute.  

 With the core mechanical system meeting the requirements outlined in Section 
3.2, focus could be shifted to the fabrication of the enclosure. The enclosure needed to 
provide numerous options for mounting various lighting and camera configurations in 
order to determine the setup that best captured all required defects.  Robotunits© 40mm 
Aluminum Extrusion Framework was chosen for the frame. This extrusion is specifically 
designed for a wide variety of building applications and works with a range of fastening 
brackets and mounts, which is ideal for multiple configurations of future camera and 
lighting setups. As mentioned in 3.3.1, cameras were mounted off of the aluminum 
extrusion at approximately 165mm from each end of the gear as shown in Figure 4.6. 
Figure 4.8 and Figure 4.9 show the perspectives of each camera system. The camera 
and lenses were acquired from the Robot Institute at Guelph University. 

 
Figure 4.6: Data Collection Cell Prototype with Extrusion Guarding in Place 
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Figure 4.7: Data Collection Cell Prototype with Camera Distances Annotated 

 

Figure 4.8: Front Camera Perspective 
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165mm



 

 

31 

 

 

Figure 4.9: Rear Camera Perspective 

To provide the required lighting for collection, two 2” by 2” light panels were 
integrated into the system. In order to maximize the amount of illumination on the part, 
the lights were aimed in a perpendicular direction to the camera’s fields of view. Using 
large light panels had the added benefit of serving as a physical barrier on two of the 
exposed sides of the enclosure in addition to provision of ample light. To help with user 
ergonomics the light panels were wired in series with the safety switch on the entry door 
so that opening the door would turn off the lights and prevent staining the operator’s 
eyes over long periods of use. Figure 4.10 illustrates how the light panels were 
positioned in order to provide sufficient light. 
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Figure 4.10: Top View of Data Collection Enclosure, with Light Panels Pictured at Top and Bottom 

The Robotunits© extrusion also provided a relatively simple way to protect against 
any hazards presented by the moving parts. An access door for loading and unloading 
parts was wired into a safety switch that would only allow the cell to operate while the 
door was closed, eliminating the risk of pinch points or moving parts to the user.  
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Figure 4.11: Extrusion Guarding with Entry Door Installed   

 The final step in ensuring user safety was to make sure that there were no entry 
points large enough through which an operator could reach. This was done by covering 
all of the sides of the enclosure with sheet metal panels that bolted directly to the 
Robotunits© extrusion. The sheet metal panels prevented the user from reaching into 
the collection test cell during operation and also prevented excess light escaping from 
the cell, which could irritate the surrounding users. In addition, the guarding prevented 
ambient light from entering the field of view of the camera system. 
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4.3 Final Design 

In summary, the final collection test cell measured approximately 14” wide, 24” long, 
and 25” high. At its core was a pneumatically-actuated three-jaw gripper with machined 
gripper inserts. When actuated, these inserts would expand outward and engage the 
pinion gear against its inner diameter. This entire assembly was attached to a 1” 
aluminum shaft supported by two bearings. The shaft was driven by an Arduino power 
stepper motor via a timing belt and pulley setup, which would rotate the shaft in 
predetermined increments based on the geometry of the pinion gear. The entire setup 
was then surrounded by Robotunits© 40mm Series aluminum extrusion. This provided 
suitable mount locations for the two Blackfly© cameras and the required panel lights, 
while also providing some protection against user injury. A latched access door was 
added to the front of the cell for loading and unloading of the gear, and was 
incorporated with a safety switch to prevent gripper actuation while the door was open. 
The control systems for running the automated components of the collection cell were 
relocated to an upper compartment for ease of access as well as to enhance protect 
against damage or contamination during prolonged operation.  

 
Figure 4.12: Separation of Moving Components and Control Systems 
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 In order to prevent operators from reaching inside the collection cell, sheet metal 
panels were bolted to the exterior sides. These panels doubled as protection against 
moving components as well as a barrier to light contamination. To increase user 
ergonomics, a handle was placed on the access door as well as two on the top of the 
cell. The placement of these handles was designed to assist in relocating the collection 
cell as needed, allowing the cell to easily deployed in the field.  

 

Figure 4.13: Final Design of the Data Collection Cell 

4.4 Summary 

This chapter outlined the iterative process of expanding the initial design concepts into a 
working prototype. It discussed the required changes to the gripper setup, the addition 
of aluminum guarding for user protection and light isolation, and the relocation of the 
control systems. It then gave an overview of the finalized design of the data collection 
cell. 
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5 Testing and Data Collection 
5.1 Introduction 

One of the key aspects of an accurate detection algorithm is the amount of meaningful 
data at its disposal for learning and comparisons. The first step in developing any form 
of algorithm is to collect data on the defective parts. By building an extensive database 
of images, future algorithms can attempt to find similar characteristics between images 
of defective parts. In order to obtain the volume of data required to build the database, 
the collection test cell was taken to the manufacturer’s facility and sited in the quality 
control department, where defective pinion gears were already set aside and made 
available for data collection. 

5.2 Data Collection Procedure 

In order to obtain useful images, the collection process must be as repeatable as 
possible. In order to maximize operator consistency, the design strove to minimize any 
potential for human error in the collection process. As mentioned in Section 3.2.3, parts 
loaded by an operator rest up against a hardened edge on the gripper assembly, 
ensuring the location of the pinion. With the gear correctly positioned, the remainder of 
the collection process is mechanically controlled and completely self-contained, helping 
to eliminate any external influences on repeatability. A step-by-step outline of the data 
collection procedure is below: 

1. The user loads the pinion gear by opening the loading door and sliding the part 
onto the gripper assembly. 

2. The user latches the loading door shut.  Doing so triggers the safety switch, 
which turns on the lighting system and sends a signal to engage the gripper 
against the inner diameter of the part. 

3. The user selects the configuration of pinion gear using the Gear Type Selection 
interface (See Figure 3.8), and indicates whether the defect has been previously 
marked as outlined in Section 2.4.1. 

4. Based on the defect(s) present on the part being inspected, the user then selects 
the defect(s) from either the Common Defects List or Frequent Defects Lists.  

5. Once the configuration, label presence, and defect(s) are all selected, the user 
can begin the data collection by selecting the start option. 

6. Based on the configuration selected, the collection cell rotates the part so that 
the gear indexes exactly one tooth position and captures images from both 
cameras located at either end of the gear. 
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7. This process will repeat until the collection cell has collected images for each of 
the teeth on the pinion gear. During this time the UI is disabled to prevent the 
user from entering or changing the selections during the collection process. 

8. When the collection process is finished, the system resets back to its original 
starting position to prevent tangling the air-lines feeding the gripper assembly. 

9. The software then labels all images with a time stamp and image count, and 
stores them in an internal database. In addition, it also catalogues the gear 
configuration, label presence, and defect(s) so future algorithms will be able to 
have appropriate labels for the images collected during the learning process. 

10. With the collection process finished and the data logged onto the internal 
database, the user is then free to remove the part from the collection cell and 
repeat the process with another gear. 

 
Figure 5.1: Data Collection Setup at the Manufacturing Facility 
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5.3 Overview of Collected Data 

Currently 19,619 images across 448 gears have been collected. As shown in the direct 
comparisons in Figure 5.2, the collection system was able to collect images from 
multiple configurations of the pinion gear with a high level of repeatability and accuracy.  
This can be seen clearly in Figure 5.3 by the fact that while the gripper assembly and air 
lines are blurred due to movement between shots, the gear profile remains crisp and 
clear indicating a matching gear profile across multiple images. It is also worth noting 
that even though the left and right sides of the gear have different lighting profiles and 
are partially obstructed, the area of interest is fully highlighted. 

 
Figure 5.2: Sample Image of Gear at Position 1 (Left) and Position 2 (Right) 

 

Figure 5.3: An Overlay of Images Taken at Gear Positions 1, 2, and 3 with Area of Interest 
Highlighted 
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 Out of the established 107 possible defects in the manufacturing process, the 
448 damaged gears inspected present only a total of 13 different defect categories. Out 
of these categories, approximately 76% of the defects were labeled by the manufacturer 
as 76 – Nick Failure. Figure 5.4 shows the graphic representation of the percentages of 
various defects found. Knowing which defects occur most frequently assists the 
manufacturer in understanding where the defect might originate and suggest possible 
solutions to prevent future defects and improve productivity.  

 
Figure 5.4: Graphic Representation of Defects Present During Collection 

5.4 Use of Collected Data 

Once the database has a sufficient quantity of images and catalogued information, this 
information can be utilized to aid with the inspection process. The initial step is to 
develop a machine vision algorithm that will be able to detect potential defects based on 
the images collected. A simple version of such an algorithm is shown below in Figure 
5.5, Figure 5.6, and Figure 5.7. The algorithm starts by collecting all of the images taken 
from an individual pinion gear and blending them together. This process is done by 
individually analyzing the respective pixel values of each image and finding the average 
across all of the images taken. By generating a new image using these averaged 
values, the algorithm creates an ‘ideal’ image of the gear, as seen Figure 5.6. Finally, 
the algorithm compares each of the individual images taken against the ideal version 
created by averaging and highlights any pixel values that fall outside a specified 
threshold, as seen in Figure 5.7. 
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Figure 5.5: A Raw Sample Image of the Pinion Gear 

 
Figure 5.6: A Collection of Images Overlaid on One Another 
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Figure 5.7: Highlighted Potential Defects [32] 

With the potential defects on the parts identified, each image can be labeled as to 
whether or not it actually displayed a visible defect. The final image, along with its label, 
is then fed into a machine learning algorithm to attempt to learn the difference between 
noise on the part (highlighted areas that are not in fact relevant defects but might be 
minor imperfects such as discolouration) and a true defective region. Initially the 
algorithm would function on a simple go / no-go basis, however as the database 
continues to expand it might be possible to teach the algorithm to identify not only 
defective parts but also the particular defect present. Achieving this will be dependent 
on acquiring sufficient information for each defect; the algorithm would be able to learn 
to identify a Nick Defect, which makes up over 75% of observed defects, much faster 
than a Chipped Tooth, which only makes up approximately 5.6% of the observed 
defects. With an inspection algorithm in place, the future inspection cell would be able to 
be integrated in-line with the manufacturer’s current manufacturing process. This 
concept will be expanded on in Section 6.1. 

This is only one of many different approaches that could be taken to detect images 
however the development of the machine vision and machine learning algorithms are 
outside the scope of this project. 

5.5 Summary 

This chapter explained the operational procedure used for data collection on the pinion 
gears. It provided a preliminary overview of the percentages of defects observed and 
the importance of these percentages. Lastly it provided some theoretical examples of 
how the collected data could be used by future learning algorithms for the purpose of 
enhanced defect detection.  
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6 Conclusion 
6.1 Cell Improvements and Next Steps 

While the prototype collection test cell met all of the design constraints and criteria for 
initial testing and data collection, there remain some aspects of the design that could be 
modified to improve productivity for future collection and for eventual robotic integration 
into full production. The key improvement would be to decrease the time of the 
collection and detection cycle. In its current configuration the collection software pauses 
the rotation of the pinion gear for each image.  This sequence aids in initial setup of 
cameras, visual inspection of correct gear timing during early testing, and increased 
longevity of prototype components. With the proof of concept complete, some of the 
mechanical components in the prototype could be replaced with more durable albeit 
more expensive hardware. This would allow the cell to operate at a faster rate and 
decrease cycle time. The longevity of the machine could be further improved by 
replacing the external air lines for the pneumatic gripper with internally ported air 
channels using a rotary pneumatic coupling. Figure 6.1 shows an example of how such 
a system could be configured. By eliminating the constant uncontrolled movement in the 
air lines, the risk of fatigue-induced failure is greatly reduced. 

 

Figure 6.1: Cross Section of Internally Routed Air Lines 

 The next stage of the defect detection process includes many different aspects. 
First, the preliminary outline for a machine learning algorithm will need to be developed 
using the data collected up to date. As the database of labeled images continues to 
expand the improved dataset can be integrated with the algorithm to constantly increase 
accuracy and performance. It is also possible that the initial research into the defect 
detection algorithm might raise issues with the current method of collecting, which 
would have to be addressed before finalizing the camera and lighting layout of the test 
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cell. With the image system finalized, the next phase would be to modify the mechanical 
layout of the cell to allow for robotic integration in the future. While the current cell 
provides ergonomic use for an operator, space restrictions within the cell would limit the 
effectiveness of many industrial robots without highly specialized tooling to 
accommodate for the close quarters.  The simplest solution would be to increase the 
overall foot print of the collection test cell, thus allowing ample space for a future 
manipulator. 

6.2 Concluding Remarks 

The automotive manufacturing industry is not only a large part of southern Ontario’s 
economy but of Canada’s national economy as well. In order to maintain growth and 
respond to changing demands, automotive manufactures must find ways to improve 
and adapt existing manufacturing techniques. The local manufacturing facility in Guelph 
at the focus of this study is one of these automotive parts manufacturers. Specializing in 
the production of gears and other critical powertrain components, the quality of their 
final products is under heavy scrutiny. Currently they manufacture over 1.2 million 
individual components every year, each of which must be manually inspected. Manual 
inspection methods for their pinion gears take approximately one minute to complete 
and are subject to user errors from improper training or operator fatigue. Automating the 
inspection process will not only help to remove operator errors and speed up inspection 
time, but will also provide useful analytics about the quantity and frequency of defects 
found. Having sufficient information on the nature and frequency of defects is a powerful 
tool in the battle of locating and correcting inefficiencies and errors in the manufacturing 
process.  

The current inspection process at the manufacturing facility for the pinion gear is 
performed by human operators, and requires a minimum of three operators be present 
at all times during the inspection process.  Each gear inspection takes approximately 
one minute to complete. and the accuracy of this inspection process is dependent upon 
the training and competency of the particular operator. By replacing this manual process 
with an automated inspection cell, the manufacturer would be able to decrease 
employee-based expenses and shorten cycle time while maintaining or improving the 
level of accuracy of their current inspection process. 

There were a number of constraints and criteria that had to be met before an 
automated system could be a viable solution. The most important of these was safety 
for the user. In order to be acceptable in an industrial setting, the collection cell could 
not present any avoidable hazards to either the user or nearby workers. This was 
accomplished by encasing the entire cell with aluminum guarding and sheet metal 
panels, and having all moving components hardwired through a safety switch that would 
deactivate the collection cell if the loading door was opened prematurely. Making the 
entire unit self-contained within the aluminum and sheet metal structure also aided in 
the next two requirements: repeatability and cycle time. Physically isolating the cell from 
the manufacturing environment ensured that the vision system operated under 
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consistent internally-mediated parameters and allowed the system to use significant 
levels of light without risking strain on the operator’s eyes. In turn, being able to use 
higher levels of light allowed selection of cameras with higher frame rates potentially 
increasing the rate of part rotation and data collection.  

To fully capture the pinion gear and ensure that all defects are detected, two 
Blackfly® BFS-US-50S5C-C cameras were positioned at opposing ends of the gear. 
These cameras were triggered by the collection test cell’s software to each capture an 
image for each of the gear’s teeth as it was rotated on the cell’s gripper assembly. The 
Blackfly® BFS-US-50S5C-C cameras were chosen for their high resolution and high 
shutter speed, the combination of which allows potential collection rates as high as one 
gear per second. To provide the required lighting for accurate images, three LED light 
panels were used in the cell. Two main panels were mounted on either side of the gear, 
where they doubled as guarding panels to prevent user access and infiltration of foreign 
light that would contaminate the images. The third light was a top-mounted panel to 
provide even lighting from all angles and prevent shadows on the gear. 

With the collection test cell built and the cameras and lighting selected, the next 
step was collecting enough data to begin development of a defect detection algorithm. 
The collection test cell was brought to the manufacturing facility and set up in their 
quality control lab as pictured in Figure 5.1. 

Using the procedure outlined in Section 5.2, a total of 19,619 images across 448 
pinion gears were collected. These images were categorized by observed defect to 
provide accurate labels for future machine learning algorithms.  

In summary, a data collection cell was developed that met all of the initial design 
criteria and constraints outlined in Section 2.5. It was able to safely, accurately, and 
reliably collect data to be used in future automation applications.  The design produced 
a low cost yet durable device that was able to function using only the routinely supplied 
resources in the quality control department.  The prototype included features that would 
permit future integration into the manufacturing process with only minor modifications. 

The collection test cell designed for this manufacturing business is the first step in 
attempting to increase its manufacturing efficiency and output. The cell was able to 
safely, accurately, and consistently collect the required images and labeled data from 
over 448 parts for use in a future machine learning algorithm. Through the combination 
of ongoing information gathering on defect trends as well as the implementation of an 
automated inspection process, this manufacturer will better be able to adapt to the 
growing demand for automotive manufacturing in Ontario and the global market. It 
should be noted that this system lays the foundation for the development of an 
automatic inspection system. This system could be further developed and deployed in 
various manufacturing environments to inspect parts and improve quality management 
practices. 
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APPENDICES 

A1. Full Defect List 

Defect 
Code Defect Description 

Defect 
Code Defect Description 

1 Broken Tap 55 Damaged Teeth 
2 Broken Drill 56 NCU Gear Teeth 
3 Broken Insert 57 Bore Position 
4 Broken Tool (other) 58 Hole out of Position 
5 Dimension O/S 59 Material Distortion 
6 Dimension U/S 60 Insufficient Milling 
7 Diameter O/S 61 Chip off Hardened Surface 
8 Diameter U/S 62 Hob Twice 
9 Thread O/S 63 Misalignment 

10 Thread U/S 64 Misassembled 
11 Stripped Thread 65 Damaged by Robot 
12 Thread Missing 66 Fixture Mark (s) 
13 New Set Up Scrap 67 Press Mark (s) 
14 Tool Change 68 Leaker-failed Leak Test 
15 Out of Position 69 Coolant Failure 
16 Cylindricity 70 Spline O/S 
17 Flatness 71 Spline U/S 
18 Runout 72 Lead Error 
19 Straightness 73 Profile Error 
20 Parallelism 74 Index Error 
21 Perpendicularity 75 Pitch Runout 
22 Concentricity 76 Nick Failure 
23 Surface Finish 77 Grinding Burn 
24 Rust 78 Gauge Failure 
25 Burrs 79 Tooth Action Error 
26 Non-Clean Up 80 Lead Taper 
27 False Cut 81 Shallow/Step on root 
28 Insert Change 82 Uneven ground teeth flanks 
29 Tip/Root Diameter 83 Taper Diameter 
30 Chipped Tooth 84 Total Composite Error 
31 Tool Marks 85 Machined Twice 
32 Sensor / Tool Alarm 86 Push Out Failure 
33 Handling Damage 87 Damaged Hob Cutter 
34 Crack(s) 88 Damaged Grinding Wheel 
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35 Chip Build Up 89 TE Error 
36 Incorrect Revision 90 Burr in Root 
37 Missed Operation/Missed component 91 Chip in Root 
38 Program Error 92 Chamfering Failure 
39 Wrong Material 93 Drill Change 
40 Machine Failure 94 Clamping Failure 
41 Incorrect Offset 95 Oxidization 
42 Assembly Error 96 Failed Flow Test 
43 Part Misloaded 97 Bar Code Failure 
44 Circularity 98 Change Over 
45 Chatter 99 E-Stop 
46 Out of Round 100 Thermal Damage 
47 MOB Gears O/S 101 Lobe Lineal 
48 MOB Gears U/S 102 Matrix/Laser 
49 Misloaded by Robot 103 Telesis 
50 Obsolete Parts 104 Angularity 
51 Power Failure 105 Circle Base Diameter 
52 Excessive Rust Preventive 106 Scratch on Bore 
53 Broach Tears 212 Insufficient Material 
54 Broach Shears   
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A2. CAD Documentation of Manufactured Components 
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A3. Additional Views of Prototype CAD Model 
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