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0BAbstract 

This paper investigates two distinct, but related, topics in machine vision. The first is the effect of 

lighting on the performance of a 2D vision-based inspection system. The lighting component of 

machine vision has often been overlooked; an attempt was made to quantify the impact on 

existing machine vision algorithms. The second topic explores the applications of a data-rich 3D 

vision sensor that is capable of providing depth data in a wide range of ambient lightning 

conditions for industrial applications. A focus is placed on inspection systems with the depth data 

provided by the sensor. 

Three basic lighting geometries were compared quantitatively based on discriminant analysis in 

an inspection task that checked for the presence of J-clips on an aluminum carrier. Two different 

LabVIEW® machine vision algorithms were used to evaluate backlight, bright field and dark 

field illumination on their ability to minimize the span of the pass (clip present) and fail (clip 

absent) sample sets, as well as maximize the separation between these sample sets. Results 

showed that there were clear differences in performance with the different lighting geometries, 

with over a 30% change in performance. Although it has long been accepted that the choice of 

lighting for machine vision systems is not a trivial exercise, this paper provides a quantitative 

measure of the impact lighting has on the performance of feature-based machine vision. 

The Microsoft Kinect® is a commercial vision sensor that can simultaneously provide a colour 

video stream, comparable to current webcam technologies, in addition to a depth stream that 

provides three-dimensional information of the camera’s field of view and is invariant to 

environmental lighting. An experiment was carried out to characterize the sensor’s accuracy and 

precision, and to evaluate its performance as an inspection system to determine the orientation of 

a wheel. Tests were also conducted to determine the effect that changes in the physical 

environment had on performance. These changes included camera height, lighting and surface 

material. Results of the experiment have shown that the sensor has an average precision of ±0.12 

cm and average accuracy of 0.5 cm, both with less than a 30% change when varying physical 

features. A discriminant analysis was performed to measure inspection performance, which 

showed less than 30% change with set separation, but not for set span. No trends were apparent 

with the change in set span relating to the change in physical features. 
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Chapter 1 

Introduction 

Automated visual inspection systems are an integral part of the modern manufacturing industry. 

These systems often replace human inspection as they prove less prone to error and fatigue, and 

can keep up with the ever increasing production speed. These solutions also make it viable to 

inspect every part produced on an assembly line. The compactness of modern inspection systems 

also makes it feasible to incorporate inspection throughout the manufacturing process to identify 

defects during assembly, instead of just when a part is completed. With the integration of 

automated inspection systems in the assembly line, costs can be lowered while ensuring the 

quality of products remains high. 

Current automated visual inspection systems consist of a camera, processing computer and 

lighting (Figure 1.1 - Automated visual inspection system overview and are normally setup by 

integrators, specialists who assemble parts from various manufactures and vendors. Although 

lighting is recognized as a vital part, the concepts of lighting are based on experience and 

intuition rather than scientific study and empirical data. Lighting must also be well controlled to 

generate consistent images for analysis. A light-immune imaging sensor is one solution to this 

issue and would also reduce the lighting hardware needed, implementation time, and costs. 
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Figure 1.1 - Automated visual inspection system overview 

1.1 Problem Overview 

The previous work of Masters students (Killing, 2007) and (Miles, 2009) developed an intelligent 

visual inspection system, QVision, to detect J-clips in an automotive manufacturing setting. The 

system was designed with the purpose of replacing human inspection, providing a more accurate, 

consistent, and faster performance. Due to the nature of the application, the system was required 

to have no false readings. To create an optimal system, their work focused on implementing the 

most effective learning algorithms and techniques into QVision. However focusing only on 

algorithm optimization may have only increased the complexity and difficulty of the problem if 

the photos have not been optimized to highlight the necessary features. Lighting plays a 

significant role in machine vision by simplifying and clarifying the captured images. Although 

the importance of lighting is accepted by industry, little literature exists that shows the 

importance of lighting. Demonstrating the quantitative effect of lighting in feature detection 

serves as the basis of the first half of this thesis. 

Changes in lighting can drastically affect the performance of a visual inspection system. One 

obvious solution around this problem is to use an imaging sensor that neither uses, nor is affected 

by, ambient lighting. Microsoft launched a commercial depth sensor, the Kinect®, which could be 
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a viable option for this purpose. The Kinect is designed to track people and motion in a room as a 

control input for the Microsoft Xbox 360 game console and provides video streams of both 

standard (RGB) and depth views of a scene. The inherent technology driving the depth sensor 

may allow for a degree of light immunity and the perception of depth may also allow the sensor 

to be immune to other physical changes. The latter half of this thesis investigates the viability of 

this type of depth sensor in an industrial inspection system. 

1.2 Thesis Objectives 

The goal of this work is to examine the effects of lighting in visual inspection task and investigate 

the application of a low-cost, potentially light-immune depth sensor for industrial inspection.  

A study will be conducted to show the quantitative effects of lighting on feature detection, which 

is the basis of automated visual inspection systems. A system will be setup in LabVIEW to detect 

the presence of J-clips in two locations in an image, using two distinct vision algorithms at each 

location. Three different lighting geometries will be tested in this experiment and the raw values 

collected from each test. Using discriminant analysis, each configuration will be gauged on how 

distinct the values are between J-clip present and absent sets in hopes of providing quantitative 

evidence of the effect lighting has in vision-based inspection systems. 

The second part of this thesis is an investigation into the Microsoft Kinect to determine its 

viability as an industrial vision sensor. An experiment will be setup to use the Kinect to gauge the 

height of an object to distinguish its orientation. The sensor will be characterized in terms of 

precision and accuracy, and the impact of physical changes on was examined on the context of 

height gauging. The goal of this investigation is to have established the functional limits of the 

sensor and to determine if immunity to physical change is inherently present. 
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1.3 Thesis Organization 

This thesis consists of five chapters, the first providing an introduction to the problem and the last 

consisting of the conclusions and recommendations.  

Chapter 2 provides background on machine vision in the context of industrial inspection systems 

and the application of lighting in machine vision inspection systems. High dynamic range is 

briefly discussed as a potential light immune vision system. Three dimensional vision techniques 

are also examined with a focus on the proprietary techniques developed by PrimeSense Ltd. 

The results of Chapter 3 are an expansion on the paper “A Quantitative Study of Illumination 

Techniques for Machine Vision Based Inspection” (Yan and Surgenor, 2011). An experiment to 

study how various lighting configurations affect machine vision system performance is discussed 

in this chapter. A new version of QVision, used for the experiment and based on National 

Instrument’s LabVIEW®, is introduced. Quantitative results from these tests were collected and 

the experiments results are presented. 

Chapter 4 investigates the use of a low-cost, commercial depth vision sensor for use in machine 

vision-based inspection systems. An experiment to characterize the performance of the Kinect® 

sensor and its performance in an inspection system is discussed and the quantitative results 

presented. This study was extended to show the invariance these system’s characters were to 

physical change. Some apparent advantages and disadvantages over traditional camera-based 

inspection systems are also presented. 

Appendices containing supporting material, such as specification sheets and raw data, are 

included at the end of the thesis. Guides to the software used in each experiment are also present. 
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Chapter 2 

Background and Literature Review 

This chapter will provide background on machine vision in the context of industrial inspection 

systems and the application of lighting in machine vision inspection systems. High dynamic range 

is briefly discussed as a potential light immune vision system. Three dimensional vision 

techniques are also examined with a focus on the proprietary techniques developed by 

PrimeSense Ltd. 

2.1 Vision-based Machine Inspection 

Machine vision evolved from the availability of computing and imaging technology. Originating 

with systems based on scans of photographs, techniques such as grid-coding (Will and 

Pennington, 1971) were developed to interpret the physical world. The first commercial example 

of machine vision was the IBM 1287 Optical Reader (Mori, Suen and Yamamoto, 1992), which 

was capable of digitizing handwritten and printed text (Balm, 1970). Current day industrial 

machine vision systems developed into automated visual inspection (AVI) systems (Davies, 

2005a). These systems leverage the speed and consistency that are characteristic of vision 

systems in the inspection of products produced in assembly lines. 

Modern day AVI systems are widely implemented in industry (Kempe, 1987 and Jones, 1991) as 

the systems are able to capture a large area for analysis quickly, and without contact of the items 

being inspected. This is especially pertinent in industries like the food and agriculture (Davies, 

2009) and printed circuit board manufacturing (Chin and Harlow, 1982, Chin, 1988, and Griffin, 

Villalobos and Foster, 1990) where it may not feasible to have contact with the inspection items. 
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The quality control of manufacturing characteristics is also successful with AVI systems, such as 

inspecting surface roughness (Hu et al., 2007 and Zhang et al., 2010). 

Though the use of AVI systems is persistent within industry, the design and implementation of 

machine vision systems for these purposes is still considered as much an art as it is a science 

(Davies, 2005b). Generally, AVI systems contain three types of equipment: image capturing, 

lighting and analysis tools. Each implementation must be tailored for the specific problem, often 

carried out by “integrators” whose profession is the design and assembly of these systems 

(Golbani and Asadpour, 2007). 

2.2 Machine Vision Lighting 

Lighting plays a significant role in an effective machine vision system (Elango and 

Karunamouthy, 2008). The goal of lighting, as outlined by Harding (2003) and Martin (2009), is 

to provide a consistent lighting environment that is immune to external and ambient lighting 

changes, reduce the amount of glare in the image, and most importantly, increase the contrast in 

the image such that the features being inspected are enhanced, while obscuring those that are not.  

Accomplishing this provides the analysis component of a machine vision system with the 

simplest image, aiding the effectiveness and consistency of the system as a whole. 

2.2.1 Basic Lighting Techniques 

Schroeder (1984), Uber (1987), Novini (1993) and Ludlow (2009) provide a detailed overview of 

available lighting techniques. Different lighting techniques are designed with the intent of only 

highlighting specific feature sets in an image. Even with increasing complexity and new lighting 

technology, the basis of these techniques can be distilled into three basic lighting geometries: 

bright field illumination, dark field illumination and backlighting. Each lighting geometry 
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describes the location of lights relative to the inspected object and camera in a machine vision 

system. 

2.2.1.1 Bright Field Illumination 

Bright field lighting consists of light sources positioned on the axis of the camera (usually with a 

ring light) to ± 45° off the axis, as shown in Figure 2.1. This illuminates the surface features 

facing the camera and excels at obscuring surface textures and defects. The ray trace in Figure 2.2 

shows the flat surface reflecting light back to the camera (grey dotted lines) and the edges 

refracting light away (solid grey lines). However, this also masks edge and contours that are 

present, as well as hiding visual evidence of layers on the surface of the object. 

 

Figure 2.1 - Bright field illumination geometry 

Bright field is generally the standard form of lighting as it allows for the best reproduction of 

what a person would see. However this may not be the optimal configuration for a machine vision 

system as the features of significance may not be highlighted within the image. 



 
 

 

8 

 

Figure 2.2 - Bright field illumination ray trace 

2.2.1.2 Dark Field Illumination 

Dark field illumination consists of light sources positioned ±45° to ±90°off the axis from the 

camera. This results in an image that is approximately the negative of what would have been 

produced with bright field lighting, as shown in Figure 2.3. The edges of the object are 

highlighted with light while the surfaces remain dark. The ray trace in Figure 2.4, shows the 

edges reflecting away (grey dotted lines), while the flat surfaces reflect light away (solid grey 

lines). It should be noted that surface imperfections and texture may also be highlighted with this 

lighting geometry. 

 

Figure 2.3 - Dark field illumination geometry 
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An example of dark field illumination implementation is with the inspection of solder joints on 

printed circuit boards (Moganti et al, 1996). This lighting geometry would create bright, donut-

shaped images highlighting proper solder joints while an absence of solder to reflect light would 

present itself as a dark spot. 

 

Figure 2.4 - Dark field illumination ray trace 

2.2.1.3 Backlighting 

Backlighting locates the source of light behind the inspected object toward the camera, as shown 

in Figure 2.5. The resulting image provides a clear image of the outline of the inspected object 

that is absent of any surface features. The well-defined outline has shown to be very effective 

when gauging size using a vision system as there is very little noise in the image, as seen in 

Figure 2.6. One outstanding feature with backlit images is that the images produced are almost 

black and white with no shades of grey, making the edges of the objects very easy to detect and 

provide accurate results. 
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Figure 2.5 - Backlighting geometry 

 

Figure 2.6 - Backlight ray tracing 

2.2.1.4 Complex Lighting 

More complex lighting techniques build on or combine the basic techniques, and can also 

introduce new pieces of hardware to create new features. Continuous diffusion illumination (CDI) 

and direct on-axis lighting (DOAL) from Microscan are examples. CDI (Figure 2.7) combines 

bright field and dark field lighting using a diffusing dome to create a very even lighting of an 

object’s surface while reducing the appearance of glare. DOAL extends the idea of bright field 

illumination by refracting light off a piece of glass such that the lighting is on the axis of the 

camera. This geometry allows for any surface imperfections or texture to be masked by the light 

with the flat surfaces facing the camera being the brightest objects in the scene. 
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Figure 2.7 - Continuous diffusion illumination ray trace (adapted from Ludlow, 2009) 

Some good examples of hardware additions to lighting systems would be collimators, 

polarization and strobing. Collimators are lenses that refract the light in such a way that only 

parallel rays leave this lens. This is most applicable for backlit gauging applications as this 

produces an image edge with minimum light bleeding. Strobing uses intense light flashes to 

capture an image, most often used if the inspected object is moving. Polarization lenses are used 

as a means of cutting glare without having to lower the light intensity. 

Increased complexity in lighting is often required for more challenging inspection objects in order 

to produce clear and simple images for analysis. This removes the need to use more complex 

vision techniques to produce the necessary results in an inspection system, which can increase 

both time needed to setup the system and costs.  

2.2.2 Lighting Optimization and Design Research 

A major focus in machine vision research is the optimization of lighting. Cowan and Bergman 

(1989) developed a mathematical model approach to positioning the camera and light source to 

optimize edge detection. With a focus on lighting, Yi, Haralick and Shaprio (1990 and 1995) 

included the camera constraints into their own optimization model. Further developments in 

optimization also took the properties of the inspected object into account; Cowan, Modayur and 
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DeCurtins (1992) included specular surface properties into their models, while Cowan (1991) 

integrated CAD models to determine optimum configurations. Optimization was not just focused 

on maximizing edge detection, Kopparapu (2006) developed techniques to optimize uniform 

lighting which prevents false detection of edges, while Qian and Harding (2003) focused on the 

optimization of structured lighting for three-dimensional vision.  

Although there is extensive research for optimizing lighting, the research focuses on a particular 

lighting geometry. Design research does exist but tends to focus on the design of components, 

such as Sieczka and Harding’s (1992) work on lighting sources. What is lacking is a study of 

optimization for specific types of features that offer a justification for a particular lighting 

geometry. Novini (1988) suggested the idea of an “expert system” that could suggest lighting 

configurations for a defined problem and given set of features. Currently tools such as 

ProSource® by Radiant Imaging and OptisWorkStudio by Optis Inc. are available to help 

simulate lighting geometries on a given model; however lighting design for machine vision 

systems is still an intuitive process performed by an expert.  

2.2.3 High Dynamic Range 

High dynamic range (HDR) is a digital imaging technique that allows for clear images in 

challenging lighting conditions, as seen in Figure 2.8. This effect of under and overexposure in an 

image in digital imaging is caused by a limited dynamic range, which is less than the human eye. 

Dynamic range is the measure of the span of a light intensity that a sensor is able to capture in an 

image. 
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Figure 2.8 - HDR example (Raw images left, HDR image right) 

The concept behind HDR is based on an analog photography technique originally developed by 

Wyckoff (1962) for capturing photos of nuclear test explosions. A system was devised to capture 

a scene on separate images with different exposures which were then developed into one photo 

with minimized under and overexposure. Mann and Picard (1995) extended this into the digital 

realm, resulting in the concept of HDR. Multiple photos were taken at different exposures and 

combined digitally to eliminate under and overexposed portions of the image. 

One traditional handicap with HDR is the need for multiple frames, which requires that the scene 

remain unchanged during the acquisition process. A wide-dynamic range sensor, as discussed by 

Yadid-Pecht (1999), would be one alternative that offers a hardware solution offering similar 

advantages to HDR. Projects by Kang et al. (2003), and Yamada, Nakano and Yamamoto (1998) 

have also successfully generated HDR video from a single source, with scene movement 

compensation. A single frame HDR image technique has also been developed by Koch et al 

(2001) that uses multiple strobes to generate a similar result. Although HDR would add 
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complexity to a vision system, Yamada, Nakano and Yamamoto (1997) have shown that an 

increased dynamic range would increase a system’s immunity to changes in lighting, Akyuz and 

Rienhard (2007) have successfully implemented an HDR system to minimize noise, and Talvala 

et al (2007) used HDR to veil glare present in the scene. 

2.3 Three-Dimensional Machine Vision Technology 

The second half of this research focuses on the implementation of three-dimensional scene 

perception. This section presents a general overview of the most common 3D vision techniques: 

structured lighting, multi-camera systems (stereoscopic) and time-of-flight systems (LIDAR). 

2.3.1 Structured Lighting 

Structured lighting systems work with two components, a projector and an image capture device. 

A pattern or series of patterns is projected into the scene and depth data is interpreted from the 

distortions in the pattern caused by the three-dimensional features in the scene (Kanade, 1987). 

This techniques stems from early techniques that used structured lighting to perceive features on 

three-dimensional solids, for example grid coding by Pennington, Will and Shelton (1970), Will 

and Pennington (1971). 

The projection patterns used are a determining factor in the performance, as discussed by Salvi, 

Pages, and Batlle (2004). Successful applications of structured lighting were developed by 

Rocchini et al (2001), Scharstein and Szeliski (2003), and Tsalakanidou et al (2005), who all 

created video projector-based object scanners. Two issues do arise with these examples of 

structured lighting systems. All systems require post-processing to develop the depth data of a 

scene, which maybe too slow for industrial applications, and by projecting patterns, surface 

features such as colour cannot be detected.  
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2.3.2 Stereoscopic Vision 

Stereoscopic vision infers depth through matching features from multiple perspectives of a scene 

(Marshall and Martin, 1992). Systems often use two perspectives (Connolly, 2006), replicating 

the stereopsis found in human vision (Marr and Poggio, 1979). Generating depth data would 

require a large amount of processing, although Kanade et al (1995, 1996) created one example of 

a stereo depth camera capable of 30 frames per second at 256 x 240 pixels with a 7-bit depth 

resolution. Seitz et al (2006) also provides an example of a system that uses more than 2 

perspectives to generate depth data of a scene. Commercially available industrial stereovision 

systems also exist, such as the COGNEX VisionPro 3D. 

Although stereoscopic vision systems are able to generate depth data, the capabilities to do so are 

based upon software. The image capturing technology is still based on traditional cameras and is 

susceptible to the same inherent problems, for example the need for uniform and consistent 

lighting.  

2.3.3 LIDAR 

Light detecting and ranging (LIDAR) systems operate with a similar concept to SONAR and 

RADAR, but instead measures the duration it takes light sent from the sensor to reflect off a 

surface and return to the sensor. This allows for high speed depth measurements at very precise 

and defined points, and implemented in various configurations that can measure a single depth 

point (Banner L-GAGE LT3 Series), on a line (SICK LMS100 and Hokuyo UTM-30LX) or 

capture an entire scene (Velodyne HDL-32E). Cang and Borenstein (2002), and Wulf and 

Wagner (2003) are examples of two successful LIDAR systems designed to capture the depth 

map of a changing scene. In addition to depth, types of surfaces can be inferred from the 

reflectance of the light back to the sensor (Wehr and Lohr, 1999).  
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There are some drawbacks and limitations to LIDAR systems however. Timing jitters and walk, 

nonlinearity, drift and noise can all occur, though these attributes can be curtailed with new laser 

transmission techniques (Amann et al, 2001). Errors can also occur if materials in the scene do 

not reflect enough light for the sensor to detect. The scanning properties of these sensors also 

raise two issues. The first is that there is an inversely proportional relationship between the 

density of points measured and the rate of scanning, which impacts the precision of measurement. 

The second is that the mechanisms required to scan a scene increases the complexity of the sensor 

and often makes it a more expensive solution. 

 

2.3.4 PrimeSensor Technology 

This section discusses the depth sensor technology, PrimeSensor™ and Light Coding™, 

developed by PrimeSense and incorporated in the Microsoft Kinect®. 

2.3.4.1 Theory of Operation 

The PrimeSensor is a structured light based depth sensor that uses PrimeSense’s proprietary Light 

Coding technology. Light Coding encompasses the technique used to gather depth information in 

the scene. A random speckled pattern from a single source (Shpunt and Pesach, 2010) is projected 

onto the scene (Figure 2.9). Density is inferred by measuring the shift in the speckle pattern from 

a calibrated image of the speckled pattern on a flat surface at a known distance that is stored in 

the sensor’s memory (Zalevsky et al, 2006 and Freedman et al, 2008). The greater the distance 

from the projection source the lower the density would be (Shpunt and Mor, 2011). A single 

infrared laser source drives the pattern projection system which provides two functional 

advantages. The limited wavelength used in the projection system allows for the captured image 

to filter out most external light, resulting in a reduction in noise in the image. Operating in 
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infrared, the projection system also operates outside the visible spectrum, allowing for a normal 

colour image to be captured simultaneously without interference from the projection pattern. 

Having a patterned image for depth and a colour image allows for mapping surface details onto 

the three-dimensional model, but could also be used to refine the depth information using 

stereoscopic information generated with these two images (Spektor, Mor and Rais, 2009).  

 

Figure 2.9 - Sample IR image with speckle from the Kinect (Kolossos, 2011) 

Beyond Light Coding, the other innovation in this sensor is the PS1080 integrated circuit, which 

is the core hardware in the PrimeSensor. This system-on-a-chip processes the raw pattern image 

into a depth map with 11-bits of depth resolution at 640 by 480 pixels and 1280 by 1024 pixels. 

This chip also manages the infrared projector and can manage additional inputs and outputs, such 

as a normal colour camera and audio sources, as seen in the block diagram in Figure 2.10. All this 

data is accessed by a computer or device through a USB 2.0 connection. 
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Figure 2.10 - PrimeSense PS1080 connection diagram (adapted from PrimeSence Ltd.) 

There are some inherent advantages to the PrimeSensor. It is able to capture depth of an entire 

scene (in its field of view) without scanning or moving parts and generates colour video data of 

the scene as well. Also by generating the depth map internally, no additional computational 

overhead is required to use this sensor. 

2.4 Previous Work 

Two graduate students from the Intelligent Automation Laboratory at Queen’s University, Killing 

(2007) and Miles (2009), examined an inspection problem which required the detection of J-clips 

on stamped steel automotive components. A vision-based intelligent inspection system was 

desired that would produce no false positives and minimal false negatives. Feature-based learning 

algorithms, such as neural networks, fuzzy networks and adaptive neural fuzzy inference systems 

(ANFIS), and principal component analysis were examined as possible solutions. QVision 

(Figure 2.11), a MATLAB-based inspection software, was developed to implement an ANFIS 

system to classify the presence of J-clips in sample images. The work focused on the design and 

implementation of intelligent systems to accomplish the performance benchmarks but no 

consideration was given for a more optimal lighting configuration. 
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Figure 2.11 - QVision feature definition window (Miles, 2009) 

A brief lighting study was conducted by Miles, Surgenor and Killing (2008) which examined the 

effects of lighting on machine vision systems. Using the metric of false positives and negatives, it 

was shown that the use of auto-gain and auto-exposure settings with the industrial video camera 

would result in lower error. The QVision system produced an RMS error value of 0.0004 with the 

camera automatically compensating for the scene in an optimized system while the RMS error 

was seventy times higher (0.0283) with no compensation.  
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2.5 Summary 

Machine vision, particularly AVI systems, has found extensive use in industry. Such a system is 

well suited as it is a non-contact method of inspection that is both fast and consistent. An AVI 

system generally consists of three types of components: image capturing, lighting and analysis 

tools. Lighting plays an important role by generating the simplest image possible such that the 

important features for inspection are highlighted while masking the other features what would 

only introduce noise in the system. This is accomplished by choosing the optimum lighting 

geometry for the problem, which would maximize contrast as well as address issues such as glare 

and changes in ambient lighting. High dynamic range (HDR) was also introduced as a technique 

to address challenging or changing lighting conditions.  

Three-dimensional vision is one option for image capturing in AVI systems, with depth 

perception offering an advantage to inspection. Three general techniques were discussed: 

structured lighting, stereoscopic vision and LIDAR, and a new depth sensor developed by 

PrimeSense Ltd. and used in the Microsoft Kinect® was presented. The Kinect is a commercial 

depth sensor that has potential in industrial inspection systems due to its functional properties and 

low-cost. 

Based in part on this review of the literature, what is proposed is a study of lighting to examine its 

impact on performance and a study of the application of the Kinect in an AVI system. Three 

lighting geometries will be tested to examine the quantitative changes in feature detection using 

discriminant analysis. The Kinect will be characterized for precision and accuracy based on a 

height measuring inspection task. Analysis on how the system copes with physical changes, such 

as environmental lighting and sensor positioning will also be tested in a quantitative manner using 

discriminant analysis. 
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Chapter 3 

A Study in Lighting and Two-Dimensional Machine Vision 

The results of this chapter are an expansion on the paper “A Quantitative Study of Illumination 

Techniques for Machine Vision Based Inspection” (Yan and Surgenor, 2011). An experiment to 

study how various lighting configurations affect machine vision system performance is discussed 

in this chapter. A new version of QVision, used for the experiment and based on National 

Instrument’s LabVIEW®, is introduced. Quantitative results from these tests were collected and 

the experiments results are presented. 

3.1 Problem 

Machine vision systems employed in manufacturing inspection systems generally consist of three 

distinct parts: sensor, software and lighting. Industrial systems are often implemented with the 

assistance of integrators, companies who focus on the design, implementation and installation of 

machine vision systems, mainly using off-the-shelf vision components. Improvements and 

availability of technology have continued to push the development of sensor components and 

available software; improving specifications and expanding available features. Meanwhile 

lighting research and development has been left stagnant. In industry, the implementation of 

lighting is treated more as an art based on practical experience and trial and error. 

Advances in technology, such as the availability of the light-emitting diode (LED), have led to 

new lighting options for industrial machine vision systems. Research has also been carried out to 

develop systems and methods to optimize light locations for a given target part. However, these 

efforts focus on a single lighting geometry type. Generally, lighting designs are based on a 
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general knowledge of how lighting interacts with available features. What is absent is an accepted 

methodology for choosing optimal lighting geometries.  

Building on the work of Miles, Killing and Surgenor; this experiment explores how distinctly 

different lighting geometries affect the performance of modern vision systems for the purpose of 

inspection. A quantitative approach was taken to demonstrate the measurable effects of lighting 

on the effectiveness of a vision-based inspection used to determine the presence of a J-clip, a nut 

for screws that attaches to the edge of sheet metal. This problem is rooted with an industry 

partner’s need for a reliable system to detect J-clips on a stamped automotive metal part. Figure 

3.1 shows an example of a part that would need inspection, the location of the clips are marked by 

the red squares. 

 

Figure 3.1 – Industrial inspection target 

3.2 Experiment 

This experiment employed two machine vision algorithms to identify the presence of J-clips in 

three different lighting configurations where a pass was if a J-clip was present and fail there was 

no J-clip. Each lighting configuration was based on a different lighting geometry. Instead of 

recording binary results of each algorithm, the values that would be used to determine the 
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presence of J-clips were analyzed. This approach was taken to quantitatively demonstrate how 

lighting affects the output of the machine vision algorithms and ultimately affects the 

determination of the presence of J-clips. An existing experimental test cell was modified to 

accommodate the three lighting configurations and a new clip mount was designed for this 

experiment. New experimental software was also written in LabVIEW® to provide the necessary 

quantitative data. 

3.3 Experiment Hardware 

The test cell, as shown in Figure 3.2 and Figure 3.3, was designed to be an enclosure that allowed 

for all three lighting configurations used in the experiment to be mounted permanently and 

include mounting support for both the pieces to be inspected and the camera. Walls were situated 

on the side and top to reduce the effects of ambient light. 

 

Figure 3.2 - Test cell configuration 
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Figure 3.3 – Photos of the test cell 

3.3.1 Camera 

A Han Series IMI-TECH digital area scan CCD camera (IMC-1080FT) was the image capture 

device used for this experiment. The camera offered a maximum resolution of 1024 x 768 pixels 

in full colour and greyscale images; as well as auto-white balance, exposure and gain. Automatic 

white balance adjusts the colour balance (red, green, and blue) so that white objects appear white 

in the image. Automatic gain and exposure are used to control the brightness and contrast of an 

image through a feedback loop. All these functions are done by the camera and can be turned off 

if specified by the user. The camera interfaces with a computer through an IEEE 1394a (Firewire) 

port through which camera settings are set and images are transferred. A 8.5mm Pentax TV lens 

was mounted on the camera for this experiment. 
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3.3.1 Targets and Mounts 

The original tests done by Miles, Killing, and Surgenor used a radio bracket to which metal J-

clips were mounted to. The radio bracket (Figure 3.4) is a stamped steel part which mounts to the 

cross car beam and the J-clips serve as a mounting point for the radio.  

 

Figure 3.4 - Original test setup: radio bracket on tripod mount 

Although this accurately reflects the industry problem, the size and shape of the radio bracket 

interferes with some of the lighting geometries in this experiment. Another issue was the 

markings left on the surface of the radio brackets by the repeated removal of J-clips. This left 

striations, as seen in Figure 3.5, on the radio bracket’s surface that added features that would not 

be there in normal conditions. These artificial features add more data to determine the presence of 

J-clips on the radio bracket, adding noise into any performance measures to be taken of the 

inspection system. Thus, it was decided to design a different test setup. 
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Figure 3.5- Marks from J-Clip removal 

The initial design was to mount the clips on a piece of sheet metal and introduce two more objects 

for inspection, as seen in Figure 3.6. The flat geometry was an advantage because it was simple 

and there were no extraneous parts to interfere with lighting as encountered with the radio 

bracket. Two more examples of common industrial components, a rubber grommet (B) and rivet 

(C), were also added as additional options for the inspection experiment. The “X”s in the figure 

signifies the mounting points to the tripod mount. 

A B C

Pass Fail  

Figure 3.6 - Initial Mount Design 

The initial design was updated to that seen in Figure 3.6. This design spread out the mounted 

components to ensure that the lighting of each was not affected by any other components. 

Examples of such effects would be shadows cast or the glare reflecting off one component onto 
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another. Thirty mounts were made in total and fifteen were populated with components making 

fifteen pass and fifteen fail samples to be used for the experiment. 

 

Figure 3.7 - Final Design; (left) pass, (right) fail 

Although the rubber grommet and rivet were left in when the images were captured for the 

experiment, they were not considered. Only the presence of the small and large J-clips in Figure 

3.8 were checked.  

 

Figure 3.8 – Modified test setup with sheet metal mount: J-clips, (left) small, (right) large 

3.3.2 Lighting 

Three lighting configurations were tested in this experiment representing the three basic lighting 

geometries found in Section 2.2.1. This section details the setup of each configuration, the 

features taken under consideration for the inspection process and the calibration required to reach 

the final design. 
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3.3.2.1 Bright Field Configuration  

Three diffused, white LED lights were used in the bright field configuration (Figure 3.9): an LED 

ring light was mounted around the camera lens offered the general illumination of the scene and 

an LED spot light on each side of the camera to highlight each clip. With bright field lighting, the 

objective was to provide even illumination on the clips so that the contour features were evident 

and to minimize the glare. The two vertical fluorescent tube lights were from a previous 

experiment and only served as a mount for the round LED spotlights. 

 

Figure 3.9 – Bright field light setup 

Because the inspected components were metal, glare off the surfaces was a significant issue in 

image quality. The main contributing factors of this were the slight unevenness of the flat mount, 

surface imperfections and the curved contour of the holes in each J-clip. This was addressed with 

the use of diffused lights and the fine adjustment of the spot light positions. Each light was also 

outfitted with intensity controls which allowed the lights to be dimmed to reduce glare. Light 
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positions and intensity levels were left constant after the calibration phase for the entire data 

gathering process. Figure 3.10 is an example of the calibrated lighting geometry for bright field in 

the experiment. 

Figure 3.10 - Sample Bright Field Lighting Images 

3.3.2.2 Dark Field Configuration 

A line light LED illuminator was mounted above and below the target piece (see Figure 3.11), 

positioned on the same plane. This configuration was designed to highlight the edge features of 

the object while minimizing the noise by darkening the flat surfaces, as shown in Figure 3.12. 

This would make the edges of the clips prominent if they were present. For this to be effective the 

generated light lines had to be focused. The lights used were rated to generate a 13mm line at a 

distance of 75mm. In an optimum image, only the edges would be visible in the image. Like the 

LED lights used in the bright field configuration, the line lights had independent intensity 

controls, which were tuned in the calibration phase of the experiment. 
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Figure 3.11 Dark field light setup 

Figure 3.12 - Sample dark field lighting images 

The calibration of the system was somewhat difficult given the slight warping of the clip mounts 

as well as slight variation in clip position. Noise was generated when the alignment of the mount 



Chapter 5 – r03 
Wednesday, February 29, 2012 

 

31 

was not parallel in the field of light generated by the two line generators. This would increase the 

light exposed to the surface, illuminating surface features that were not required to identify the 

presence of the J-clips, as shown in Figure 3.13. 

 

Rotated up 

 

Optimum 

 

Rotated down 

Figure 3.13 - Ray tracing the dark field configuration 

Although the "clip" feature of the J-clips held them in place within the holes located on the sheet 

metal mount, they were able to rotate about the holes. The clips were also capable of 

demonstrating small amounts of lateral movement. These slight variations affected how strongly 

the clip edges are highlighted by light, which in turn affected the performance of the inspection 

algorithms. The inconsistent orientation of the clips also made the inspection process more 

challenging. 
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3.3.2.3 Backlight Configuration 

The backlight configuration for this experiment (Figure 3.14) used two florescent light panels to 

create a uniform source of light behind each end of the mount where the clips could be situated. 

Two adjacent panels were chosen over one panel and the decision to use a florescent source of 

light over LEDs was due to cost. Neither choice should affect the performance of the inspection 

algorithms since the black borders of the lights were positioned at a region that was not inspected. 

 

Figure 3.14 – Backlight setup 

The setup and calibration for this configuration was the simplest out of the three used in this 

experiment. The backlights had no intensity control nor was any needed. The position of the 

lights dictated what parts were illuminated, so as long as each panel was located behind a clip 

location in the camera’s perspective the lighting would be considered properly setup. The only 

thing in the system that required any tuning was to focus the camera to ensure the figure outlines 

were clear and crisp. An example of the resulting image used in the experiment is shown in 

Figure 3.15. 
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Figure 3.15 - Sample backlight images 

3.4 Experiment Software 

The software for the experiment is meant to analyze existing sample images and determine if J-

clips are present. The software developed for this experiment is introduced, as well as the 

previous work that this experiment builds on. 

3.4.1 Previous Work – QVision (MATLAB®) 

Initially written by Jonathan Killing, QVision is a MATLAB®-based application designed to test 

intelligent inspection algorithms. Development of this program was continued by Brandon Miles, 

who expanded the software’s capabilities to detect four J-clips using two cameras and introducing 

new detection algorithms. The final version of the program incorporated learning algorithms, 

such as neural networks, principal component analysis, and adaptive neuro fuzzy inference, for 

the inspection of J-clips on radio brackets.  

Due to the intelligent aspects of the inspection algorithms, the software required extensive 

training to calibrate values that distinguish pass and fail states for user-defined features. The 

software classified each inspection location as pass or fail, as well as providing the statistical 

results: root mean square error, number of uncertainties, false positives and false negatives. A 
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binary signal was also integrated to communicate the pass/fail state as determined by the QVision 

software (Figure 3.16). 

 

Figure 3.16 – QVision (MATLAB®) inspecting live video 

Although this information is both necessary and pertinent to the analysis of algorithms in the 

context of the industrial problem, using such output data would only provide coarse insight into 

how different lighting geometries affect the performance of machine vision algorithms. The new 

QVision system, detailed in Section 3.4.2, was created to address these problems. 
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3.4.2 QVision - LabVIEW® 

For the purposes of this experiment, a new QVision program (Figure 3.17) was created for the 

study of lighting and to address those problems. National Instrument’s LabVIEW® was chosen as 

the platform for this application for its flexibility and ability to experiment with different 

inspection algorithms. A key strength is LabVIEW®’s Vision Toolkit (2010), which offered over 

fourteen different inspection algorithms to work with. These built-in algorithms are capable of 

more than a binary pass-fail output, but provide the quantitative values we need to show the effect 

lighting has on an inspection system.  

 

Figure 3.17 - LabVIEW® QVision GUI 

This new system was able to retain some of the functional features that existed in the previous 

version. This version was able to batch process photos for efficient analysis and output results 

directly into an Excel spreadsheet. This software should also be able to run on a live video feed 

with only slight modification. Although the system does not feature any intelligent algorithms, a 
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manual calibration sequence still needed to be performed. This is outlined in Section 3.6.1. The 

details of the experimental software used for this experiment is documented in Appendix C. 

3.5 Algorithms 

This section outlines the two algorithms used in the lighting experiment: hole measurement and 

geometric matching. Each algorithm will be introduced and a discussion to the application of 

each will be carried out in the following section. The concept of edge strength will also be 

discussed, as it played a key part in tuning each algorithm.  

It should be noted that with the exception of colour-based detection algorithms, the image 

analysis algorithms in the LabVIEW® Vision Toolkit are only able to process greyscale images. 

3.5.1 Edge Strength 

Edge strength is the main variable within LabVIEW® that controls how an edge is defined in an 

image. As seen in Figure 3.18, a search path in a greyscale image can be interpreted as a graph, 

called the Edge Strength Profile. The location along the search path is represented on the x-axis 

while the pixel value at that location is represented on the y-axis. In this case, the images 

processed were 8-bit greyscale images, meaning that each pixel had a value from 0 to 255, where 

a value of zero represents black and a value of 255 represents white.  
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Figure 3.18 - Edge Strength Example 

Within LabVIEW®, there are two edge strength tools. Simple edge detection determines an edge 

by a user-defined threshold and hysteresis. A rising edge is detected if along a search path, the 

grey scale value reaches the threshold and then continues to increase to surpass the hysteresis, as 

detailed in Figure 3.19. Similarly a falling edge is found if the intensity of the line reaches the 

threshold and then falls below the hysteresis. The simplicity of this edge detection method makes 

it very easy to setup and tune, however it does make it more susceptible to noise as the defined 

value is fixed. 

 

Figure 3.19 – Model of a greyscale edge, (taken from National Instruments, 2005). 
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The advanced edge detection tool is a more complex system designed to be more noise-tolerant. 

First the given pixel array is filtered through a local averaging, where at each pixel location an 

average value is computed with a number of pixels before and after it. This number is defined by 

the width parameter. The noisier the image, the larger the width parameter should be. The 

algorithm then looks for the edge within this filtered dataset by going through it pixel by pixel. 

An edge strength value is calculated by measuring the difference in pixel values and all those 

points that are greater than the minimum edge strength are stored as potential edges. The 

algorithm is able to report all possible edges or the strongest one, and is able to distinguish 

between a rising and falling edge. 

3.5.2 Hole Measurement 

Hole measurement can be considered the simplest of the 3 search algorithms used in the 

experiment. It was chosen as it was similar to the radial hole feature tool that Miles (2009) 

implemented into the previous version of QVision. In a defined region of interest (ROI), this 

algorithm identified the strongest possible circle and returned the radius, x- and y- location of the 

centre.  

In order to find a circle, a ROI must first be defined by the user. Two ROIs have been defined in 

Figure 3.20 and appear as green circles (or semicircles) in the image. There are three user-

definable parameters for an ROI: outside diameter, inside diameter and the completeness of the 

ROI area. The two diameter adjustments define the general area where the algorithm will search 

for a circle. The completeness parameter allows for users to avoid an area, normally to avoid 

another feature that may cause the algorithm to perform erroneously or abnormally. In the case 

seen in Figure 3.20, the left ROI is a semicircle to avoid the edge of the mount, which would have 

introduced an additional edge feature that could skew the detection of the circle. 
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Figure 3.20 – Sample backlight image of the radio bracket with defined ROI 

Once an ROI is defined, spokes are introduced that radiate from the centre of the ROI. The 

number of spokes is defined by the user and an increase in the amount of spokes can increase the 

precision of the detected circle. However, it should be noted that there is a point when increasing 

the number of spokes will begin to degrade precision by picking up additional features and noise. 

Using the concept of edge strength in Section 3.5.1, the edge is identified along each spoke which 

served as an individual search path. This is denoted by a yellow dot along each blue spoke in 

Figure 3.21. The detected circle is shown in red, and represents the best fit from all the detected 

edge points along the spokes.  

 

Figure 3.21 – Sample image of a hole being found within a defined ROI 
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Although the hole measuring algorithm provides a large data set of information in regards to the 

circle found, only the radius (in pixels) needed to determine if a J-clip is present. In the case of 

dark field and backlighting, it was found that the pass-case (clip present) would return a smaller 

radius than the fail-case. This was reversed in the case of bright field illumination. Other outputs, 

such as the centre location of the circle were ignored as they were not necessary, added 

complexity to the experiment and introduced noise as slight physical shifts in location relative to 

the camera occurred when samples were switched. 

Figure 3.22 and Figure 3.23 show examples of hole measurement under the different lighting 

geometries, at each location respectively. 
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Figure 3.22 – Example small clip images, bright field (left), dark field (middle), backlight 

(right) 
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Figure 3.23 – Example large clip images, bright field (left), dark field (middle), backlight 

(right) 

3.5.3 Geometric Matching 

Geometric matching is a more advanced algorithm used in this experiment. It matches a user-

defined template in a ROI, regardless of orientation, position and scale. This technique is tolerant 

to non-uniform lighting conditions, as well as partial occlusions of the target image.  

Geometric matching has two distinct phases: a template learning phase and an image matching 

phase (Figure 3.24). Template learning occurs when a template is set by the user. The first step in 

the learning phase was to extract the curves from the template. Edge strength determines what 

registers as a curve and users can edit the extracted curve template. In this application, it was 

useful to remove undesired curves and noise to ensure that the template was as general as 

possible. Features were then extracted from this curve template. Each extracted feature has a type, 

a measure of strength and saliency. Four types of geometric features are extracted: lines, corners, 
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circles and rectangles. Strength reflects how accurately the feature represents the geometric 

feature and saliency depicts how well the feature describes the template. Lastly, the spatial 

relationships between all detected features are established. With this information, a complete 

representation of the template can be formed with the generated set of features and be used for 

matching. 

   

Figure 3.24 – Learning phase: (left) defining the curve from a template, red highlighting 

signifies ignored curves, (centre) resulting curve template set by user, (right) resulting curve 

template with user defined centroid and axis. 

The image matching phase, which is the normal functional operation of this algorithm, attempts 

to match the template to an input image within a defined ROI. The curves of the input image are 

first extracted and the features are extracted from that information, in an identical process to that 

of the first two steps of template learning. With all the features identified in the input image, a 

three step matching process takes place. The first stage generates the initial set of potential 

matches by feature correspondence. The template is then superimposed on potential matches to 

establish additional feature matches and determine additional information in regards to the match. 

Finally the match is refined by using the curve template and curve image extracted from the input 

image to increase match accuracy. An example of matches is shown in Figure 3.25. 
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Figure 3.25 - Sample geometric image with detected clips in red 

For each match, a score is given which takes into account the number of matched geometric 

features, correspondence of the features and how the edge strength of the curves in the template 

match those found in the input image. The location, orientation, occlusion and scale of each 

matched location can also be outputted, as shown in Figure 3.26. In this context of the 

experiment, only the score was used to signify the presence or absence of a J-clip.  
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Figure 3.26 - Individual target matching 

3.6 Experimental Work 

This section discusses the procedure of the experiment, the approach to data gathering and 

analysis, and the results collected. 

3.6.1 Image Acquisition Procedure 

30 sample images were captured under each lighting configuration with the hardware outlined in 

Section 3.3. For each 30 sample image set, an image was taken of each of the 15 fail condition 

targets (clip-absent on both sides) and 15 pass condition samples(clip-present on both sides). In 

total, 90 sample images were captured. Each still image was taken with the camera described in 

Section 3.3.1 using MATLAB® Image Acquisition Tool as it was the only software available at 

the time that could connect with the camera. Images were saved as a JPEG files using the highest 

quality compression available where there was no noticeable loss in image quality. These raw 

files were taken in colour (24-bit depth) at a resolution of 800 by 600 pixels. Following the 
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suggestions outlined by Miles, Killing and Surgenor (2008) in their light study, all photos were 

taken with the cameras auto-adjustment feature enabled which allows the camera to compensate 

for small lighting fluctuations. The sample images were then post-processed in Adobe 

Photoshop® due to limitation with the machine vision algorithms in LabVIEW®. The 24-bit 

colour images were batch converted to 8-bit greyscale images with no change to the compression 

level. The resolution of each image remained unchanged. 

The optimization of the lighting location of each lighting configuration was also done at this stage 

of the experiment. Attention was given to minimize glare and to maximize the highlighting of 

only the necessary features for clip detection, as described in Section 3.3.2. These adjustments 

took place before the final image set was taken such that the lighting configuration was consistent 

and unmodified for each final sample image set. 

3.6.2 QVision (LabVIEW®) Calibration and Setup 

For the experiment, the algorithms described in Section 3.5 were calibrated for each lighting 

condition. QVision was setup to run hole measurement and geometric matching algorithms 

simultaneously, so one version of the software was created for each lighting configuration. 

Sample image sets taken in each lighting condition were only analyzed in the corresponding 

version of QVision. 

Hole measurement and geometric matching had two common components that required user 

definition, the region of interest (ROI) and the edge strength. Additionally, the template had to be 

defined for geometric matching. The tuning of each algorithm was discussed in detail in the 

previous section. Out of each 30 sample image set (one for each lighting configuration), 5 pass 

and 5 fail images were chosen at random to make up a calibration set. These photos were used as 
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reference while calibrating each algorithm, which would be considered tuned when there were no 

false positives or false negatives generated from the calibration set for both the large and small 

clip styles. A false positive was defined as a clip is detected when one was absent and a false 

negative was when a clip is not detected when it was present.  The remaining photos from each 

lighting configuration, 10 pass and 10 fail images, made up the test set. These photos in the 

calibration set were excluded from the data gathering phase.  

3.6.3 Data Sets 

Two values were collected from each image using QVision for each clip; hole radius from the 

hole measurement algorithm and the match score from the geometric matching algorithm, as 

discussed in Section 3.5. Each of these two variables would enable a user to distinguish whether a 

J-clip was present or absent on the target mount at each clip location. The raw numerical data 

collected for both algorithms is documented in Appendix B.1.1. 

3.6.3.1 Hole Measurement – Circle Radius 

The hole measurement algorithm provided a radius measurement of the strongest circle detected 

for large clip on the left side of the image and the small clip on the right side. The radius 

measurements are returned in pixels. Raw pixel values were not converted to real life 

measurements for this experiment as the mount was kept at a constant distance from the camera. 

Figure 3.27 are the results from the analysis set of bright field images. The pass and fail sets are 

distinct and separable from each other visually with the radius from the pass sets being larger. 

The size of circles that were detected can be explained with Figure 3.28. 
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Figure 3.27 - Bright field results for hole measurement 

Fail 

Pass 

Figure 3.28 – Sample bright field hole detection output image 

In the fail sample image, the detected circles represented the actual mounting holes in the mount. 

There was enough contrast between the background seen through the hole and the brighter metal 

surface of the mount, which was well illuminated by the LED spot lights. The added surface 

features introduced by the clip result in a larger detected circle that forms around the glare from 

the contour of the clip, as well as the contrast between the clip and mount surface that was created 
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at the edges of the clip. As such, the circle detected fits itself to intersect all these features 

creating a larger circle.  

The dark field sample set resulted in the circle detection algorithm picking up relatively the same 

features as found in the bright field configuration. The pass set, see Figure 3.29, was still defined 

by circles that intersect the clip edge and the surface of the clip that had been extruded down. 

This contour and the horizontal edges of the clip were effectively highlighted by the LED line 

lights, while the remainder of the ROI is dark. However, because the mounting holes were cut out 

of the mount, only the top and bottom of the holes are illuminated when the clips are absent. This 

resulted in a larger and less accurate detected circle compared to the bright field configuration.  

Fail 

Pass 

Figure 3.29 - Sample dark field hole detection output 

The raw results in Figure 3.30 show the impact of the change in lighting. Although the small clip 

pass and fail sets remain distinct and separable, there is no way to distinguish the two sets for the 
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large clip with radius values alone. This was caused by how the edges are highlighted by this 

lighting configuration, which effectively reduced the detected radius in the pass image set by 

illuminating the deeper part of the hole in the clip and increasing the detected radius in the fail 

image set due to thick highlights at the top and bottom of the mounting hole.  

Figure 3.30 - Dark field results for hole measurement 

The results from the backlight configuration in Figure 3.31 show very distinct pass and fail sets 

with both clip types as very consistent values in each set, signifying high performance. This can 

be rooted in the almost binary black and white images that have very little noise in Figure 3.32. 

This extreme contrast led to very distinct and clear edges which results in very accurate detected 

circles. The geometry of the backlighting also revealed the small centre hole when the clip was 

present, something that was not evident with the other two lighting configurations. This was an 

excellent feature as it is nearly identical to that of the mounting hole found in the fail image set, 

but noticeably smaller which results in a distinct radius measurement.  
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Figure 3.31 – Backlighting results for hole measurement 

 

Fail 

 

Pass 

Figure 3.32 - Sample backlight hole detection output 

It should be noted that with backlighting the radius measured in the pass image set is less than 

that of the fail image set. Though this was opposite to what was found in the previous two 

lighting configurations, it was still considered a functional system as the pass and fail radius 

measurement sets were distinct and separable.  
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3.6.3.2 Geometric Matching – Score 

The overall score generated by the geometric matching algorithm was used to determine if a 

match is present. The score, where 1000 signified a perfect match was discussed at length in 

Section 3.5.3. The system was setup such that an ROI was defined on each half of the image to 

search for the corresponding clip and return only the strongest match (highest score). However, 

for the purposes of this experiment, the minimum score level was set to zero so that any matches 

would be reported. A score of zero would signify no matches found. 

Bright field and dark field configurations were setup in a very similar fashion for geometric 

matching. Both were given a template (see Figure 3.33) that was predominantly made up of a 

clip, which served to be the main feature that the algorithm searched for.  

Bright field 

   

Dark field 

   

  Small Clip  Large Clip 

Figure 3.33 - Geometric matching templates for bright field and dark field configurations 

The clip generated two main features that were involved in the search process: the rectangle that 

defined the outside profile of the clip and a curve derived from the glare around the hole in the 
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middle of the clip. Figure 3.34 is an example of an individual clip match, notice the green curves 

generated by the algorithm. The match comes from the definition of the outside of the clip and the 

circle feature in the clip. The red box represents the detected match where the axis describes the 

orientation of the match, which was initially defined when the template was created. 

 

Figure 3.34 – Individual clip matching example (bright field, small clip) 

Geometric matching’s feature-based technique allowed for successful matches, even if the found 

edges did not completely match the template. This is particularly important due to the variability 

with the circular features that were dependent on both clip and mount orientation. The clip 

orientation caused slight shifts in the location of the circle, as well as the outer edge features. The 

mount features dictated which parts of the clip would be illuminated, affecting which circular 

feature edges were picked up relative to the outer edges. 
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Figure 3.35 - Bright field score results for geometric matching 

Figure 3.35 shows the raw score results from the bright field configuration. Because the template 

had the clip present, it is expected that the scores around 1000 signify a pass image (clip-present), 

while a score of zero signifies a fail image. The second data point in the fail set for the big clip is 

notable as it is the only false positive that occurred with geometric matching throughout the 

experiment. This data point was disregarded in the analysis portion of this experiment. 
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Figure 3.36 - Dark field score results for geometric matching 

The raw score results for the dark field configuration are detailed in Figure 3.36. Since the 

template setup was similar to that of the bright field configuration, the pass sample set should 

score around 1000 while fails should score zero.  

Figure 3.37 are the raw scores from the backlight configuration. With this setup, the scores were 

reversed with the fail image sets having a score around 1000 and the pass image sets returning 

zero. This inversion was a result of using a template from a clip-absent image from the fail image 

set rather than one from the pass image set. 
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Figure 3.37 – Backlight score results for geometric matching 

The templates used (Figure 3.38) produced more consistent results than those generated when the 

clip was present due to the lack of surface features with backlighting. 

  

Figure 3.38 – Templates for backlit geometric matching; small clip (left), large clip (right) 

  

Figure 3.39 – Failed backlit templates for geometric matching; small clip (left), large clip 

(right) 
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Initial attempts with defining a template for the backlighting configuration were unsuccessful, 

which was caused by a lack of features caused by this lighting configuration. The first attempt 

with clip-absent templates, as shown in Figure 3.39, proved to be unsuccessful with having both 

pass and fail image sets resulting in a score of or around 1000. To get the desired result, the 

horizontal edge features of the image were removed, creating a template that was similar in scope 

to the clip-present templates used with the bright field and dark field configurations but without 

the clip.  

3.6.4 Performance Measures 

This section discusses the methodology taken to compare the performance between lighting 

configurations for each inspection algorithm. For the purposes of a quantitative measurement of 

performance, this experiment took two variables into account: set span and separation of sets, 

which is based on discriminant analysis (Goldstein and Dillon, 1978). Set span describes the 

range of an individual data set (for example: bright field configuration, geometric matching score, 

small clip, pass image set) and is significant as it is a measure of noise in the set. This was 

originally labeled set variation but was changed to the current term as it is more concise and to 

remain consistent with Chapter 4. Separation of sets is the measure of the distance between the 

pass and fail image sets, for each light configuration-algorithm combination. Two separate 

measures were used for analysis, minimum separation and average separation. The measure of 

separation is significant as it demonstrates how much the pass and fail sets were differentiated. 

The optimum system would have minimized its set span, while maximizing its separation 

between pass and fail sets. The raw data for this analysis are documented in Appendix B.1.2. 
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3.6.4.1 Hole Measurement Equations 

Hole measurement produced a radius measurement of the detected circle in pixels. Let {ρ1,…,ρn} 

be the resulting radius measurements from the pass image set, n be the number of samples taken 

and define ρmax and ρmin as the maximum and minimum values from the pass set. Similarly, let 

{φ1,…,φn} be the radius measurements from the fail image set and define φmax and φmin as the 

maximum and minimum values from the fail set. Set span for hole measurement is defined as: 

	       (3-1) 

	       (3-2) 

Minimum separation of sets (MS) and average separation of sets (AS) are defined by the 

following: 

| , 	 , |   (3-3) 

∑ ∑     (3-4) 

Such that min({x1,…,xn}) returns the smallest value in the given set and max({x1,…,xn}) returns 

the largest value in a given set. 

3.6.4.2 Geometric Matching Equations 

Geometric matching outputs a score for a successful match, returning 1000 for a perfect match 

and zero if no match is found. Let {ε1,…,εn} be the resulting scores from the pass image set, n be 

the number of samples taken and define εmax and εmin as the maximum and minimum scores from 

the pass set. Similarly, let {κ1,…,κn} be the scores from the fail image set and define κmax and κmin 

as the maximum and minimum scores from the fail set. Set span for geometric matching is 

defined as: 
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	       (3-5) 

	       (3-6) 

Minimum separation of sets (MS) and average separation of sets (AS) are defined by the 

following: 

| , 	 , |   (3-7) 

∑ ∑     (3-8) 

Such that min({x1,…,xn}) returns the smallest value in the given set and max({x1,…,xn}) returns 

the largest value in a given set. 

3.7 Results 

The set span, minimum separation and average separation values were collected for each lighting 

configuration. Table 3.1 displays the results for backlighting, which performed best overall. This 

light configuration produced very separable pass-fail sets and very low noise for each set with 

both inspection algorithms. Table 3.2 and Table 3.3 show the raw results for the bright field and 

dark field configurations. 

Table 3.1 – Raw backlight configuration results 

Backlight 
Configuration 

Hole Measurement (pixels)  Geometric Matching 

Small Clip  Large Clip  Small Clip  Large Clip 

Set Span 
Fail  Pass  Fail  Pass 

9  17 
1.4  1.9  1.1  0.8 

Minimum Separation  7.9  9.8  991  983 

Average Separation  9.6  10.1  999  997 
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Table 3.2 – Raw bright configuration field results 

Bright Field 
Configuration 

Hole Measurement (pixels)  Geometric Matching 

Small Clip  Large Clip  Small Clip  Large Clip 

Set Span 
Fail  Pass  Fail  Pass 

113  155 
2.7  3.2  0.9  2.3 

Minimum Separation  2.4  4.0  887  839 

Average Separation  6.0  5.6  966  954 

 

Table 3.3 – Raw dark field configuration results 

Dark Field 
Configuration 

Hole Measurement (pixels)  Geometric Matching 

Small Clip  Large Clip  Small Clip  Large Clip 

Set Span 
Fail  Pass  Fail  Pass 

13  94 
1.8  4.1  5.0  2.7 

Minimum Separation  2.8  2.1  987  898 

Average Separation  6.5  0.4  995  974 

 

The percent change with each lighting configuration was calculated to quantitatively compare the 

three lighting configurations. Backlighting was used as the baseline for this comparison as it 

provided the best performance. 

Table 3.4 – Set span within a set, compared with backlighting 

 

Hole Measurement  Geometric Matching 

Small Clip  Large Clip 
Small Clip  Large Clip 

Fail  Pass  Fail  Pass 

Bright Field  90%  68%  ‐8%  180%  1158%  817% 

Dark Field  23%  118%  395%  231%  48%  455% 

 

Table 3.4 contains the comparison results for set span, which should be minimized if possible. 

Notice that there were significant increases with bright field and dark field configurations. A 

change of less than 30% was considered to not have a significant impact on performance, so with 

the exception of 2 conditions, backlighting outperformed the other two geometries. The fail set 
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for hole measurement with the large clip is the only measure that bests the results from 

backlighting, however this small improvement is not significant, especially since it was offset by 

a large variation increase with the pass set. 

Table 3.5 - Separation of sets, compared with backlighting 

 

Hole Measurement  Geometric Matching 

Minimum 
Separation 

Average 
Separation 

Minimum 
Separation 

Average 
Separation 

Small  Big  Small  Big  Small  Big  Small  Big 

Bright Field  ‐70%  ‐59%  ‐37%  ‐49%  ‐10%  ‐15%  ‐3%  ‐4% 

Dark Field  ‐65%  ‐78%  ‐33%  ‐96%  ‐0.4%  ‐9%  ‐0.4%  ‐2% 

 

Table 3.5 details the comparison results for the separation of sets for the bright field and dark 

field configurations against the results from the backlight configuration. As previously stated, it is 

desirable to maximize the amount of separation between pass and fail sets as it allows for distinct 

and separable sets even if more noise is introduced to the system. Backlighting outperformed the 

other two configurations in both minimum and average separation; however there is no 

significant advantage with geometric matching since there was less than a 30% change. 

3.8 Discussion 

From the results, it is evident that lighting had a significant impact on the performance of 

machine vision inspection algorithms and that backlighting offers the best solution. Backlighting 

produced the lowest set span values, signifying that there was the least noise with this 

configuration. This is evident when the raw photos are examined. The greyscale images are 

almost completely black and white, with no grey tones, making edges well defined due to the 

high contrast. Conversely, the contour and edge definitions with the bright field and dark field 

configurations were prone to noise. There was less contrast and a more gradual gradient around 
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the edge area, making the actual edge more difficult to define. Additional sources of noise were 

also generated as these two lighting configurations illuminated other surface features that were 

not required to identify the presence of a clip. 

The differences in the separation of sets, found in Table 3.5, were smaller than that found with set 

span. This was most apparent with the geometric matching results due to the limited range of the 

score from zero to 1000. Since any match would return a significantly high score and a score of 

zero if there was no match found, there is no significant percent change between the lighting 

geometries. The comparison results with hole measurement did return significant results 

demonstrating that backlight performed better in this regard, but it is important to understand 

what that implies. The amount of separation for each lighting configuration reflects the difference 

in apparent hole radii between the pass and fail image sets as determined by the hole 

measurement algorithm. The actual advantage is not backlighting itself, but the features that were 

made detectable in the pass and fail sets. A comparison of the pass and fail sample images (Figure 

3.22 and Figure 3.23 respectively) from the backlight configuration versus those found with 

bright field and dark field configurations shows an obvious difference in the algorithm-defined 

holes. While the clip-absent mounting hole in the fail set is relatively consistent, the measured 

hole when the clip is present is drastically smaller with backlighting. The real advantage was that 

backlighting highlighted a better feature for the identification of a clip that was not evident or 

detectable with the other lighting configurations. The key point is that the best lighting 

configuration is one that is tailored to highlighting a key feature, or feature set, that is able to 

distinguish between pass and fail sets, while shading or hiding other features that are just noise in 

the system.  
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There are other considerations that should be taken account that support backlighting’s 

superiority. In addition to the low noise in the images, the setup of this lighting configuration was 

also simplest in regards to the physical placement and calibration of the light source, as well as 

the edge strength calibration within both tested inspection algorithms. The dark field 

configuration proved the most sensitive due to the thin illuminated area that the line lights cast. 

The concept of this configuration depended on the edges appearing brightest in the acquired 

imaged by reflecting light from the dark field light sources, which only works if the position of 

both the mount and clips are correct. This should not be a deterrent from using a dark field 

configuration but its limited tolerance to physical shifts needs to be addressed in the design 

process of the inspection system.  

Restrictions and limitations do exist for backlighting, preventing its use. If an inspection 

algorithm depended on a surface feature, backlighting would not be a suitable option since no 

light is cast on the front surface. More complex items for inspection may also run into the issue of 

the occlusion of features if the light source was placed behind the object, where parts of the target 

block the features needed for inspection. There are also physical limitations with the inspection 

system where it may not be feasible to have a light source positioned behind the parts being 

inspected.  

3.9 Summary 

This chapter was an expansion on the paper “A Quantitative Study of Illumination Techniques for 

Machine Vision Based Inspection” (Yan and Surgenor, 2011). An experiment to study how 

various lighting configurations affect machine vision system performance was carried out using 

the quantitative measures of set variance and set separation. Two independent algorithms were 

used to determine the presence of J-clips on a sheet metal carrier and the raw measurements were 
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collected that would be used to make this determination. The results showed that changes in 

lighting using a traditional camera setup did measurably impact the performance of the inspection 

system, changing the set variance and set separation by upwards 30% when different lighting 

configurations were used. 

Sample images were collected with three basic lighting geometries: backlighting, bright field and 

dark field illumination. Each image consisted of an example of a location with a present and 

absent J-clip, which was analyzed by two LabVIEW® inspection algorithms: hole detection and 

geometric matching. The hole detection algorithm was considered to be a simple, edge-detection 

based algorithm where the presence of a J-clip was determined by the radius the perceived circle. 

Geometric matching was viewed as a more a complex algorithm that matched a user-provided 

template to sample images based on a generated set of geometric features. The performance 

metric was based on discrete analysis where the pass (clip-present) and fail (clip-absent) value 

sets should have minimized spans and the separation between the two sets should be maximized.  

The results from analysis showed that generally backlighting was the best performer in all light 

conditions for this application. When comparing performance with bright field and dark field 

configurations, there was a 30% improvement in both set span and set separation for hole 

measurement, and set span only for geometric matching. There was a less than 30% improvement 

for set separation with geometric matching. There was a less than 30% improvement for set 

separation for geometric matching as the increased complexity of the algorithm made it more 

light immune. This study shows that there is a measurable and significant impact lighting has on 

machine vision-based inspection systems. The main purpose of lighting should be to make the 

other parts of an inspection system simpler by reducing noise and highlighting only the features 

in an image that are necessary for the inspection problem. The starting point to the design of any 
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inspection system should be to identify the best features that distinguish between the states or 

types that need to determined, and design a lighting system that complements these features.  
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Chapter 4 

A Study of Three-Dimensional Machine Vision Using the Kinect 

This chapter investigates the use of a low-cost, commercial depth vision sensor for use in 

machine vision-based inspection systems. An experiment to characterize the performance of the 

Kinect® sensor and its performance in an inspection system is discussed and the quantitative 

results presented. The study is extended to show the invariance these system’s characteristics 

were to physical change. Some apparent advantages and disadvantages over traditional camera-

based inspection systems are also presented. 

4.1 Problem 

Camera-based machine vision systems are commonly used for automated inspection in industrial 

settings. Although such systems have proven to be robust and effective, they often require 

controlled environments and are intolerant to change in physical conditions. The results from the 

previous chapter demonstrated the significance of lighting on the performance of machine vision 

based inspection that relies upon discriminant analysis. Pixel-based feature detection algorithms 

also require a minimum level of uniformity with the acquired images to perform at the 

consistency required by industry. Flexibility and adaptability can be integrated into such systems, 

but at the cost of increased complexity of the system and potentially increased setup and training 

time. 

An alternative approach to traditional machine vision based inspection systems is the 

implementation of three-dimensional vision or depth sensors to gather information. Three-

dimensional images are often generated through two distinct methods, camera-based systems and 
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a laser-based systems.  Camera-based systems can be divided into systems that capture multiple 

views with multiple cameras as described in Section 2.3.2. The resulting data is richer than a 

standard video feed, adding an additional dimension of data that can be used to acquire features. 

However such systems still use cameras as an input device and are susceptible to the same 

weaknesses as traditional single camera systems, such as lighting changes. Computational 

overhead required to generate the three-dimensional data from two-dimensional images is also 

introduced. Laser rangefinders are the second type of sensor, as detailed in Section 2.3.3. These 

systems operate in various fields of view: point measurements, lines and full areas. The resolution 

and area of detection are often dependent on the price of the sensor. Laser-based sensors have an 

advantage over camera-based systems as they are more tolerant to environmental and lighting 

changes. There are drawbacks however, the effective detecting area can be limited compared to 

camera systems and the cost of sensors can be higher. A larger field of view can also come at the 

cost of both speed and resolution. 

The Microsoft Kinect®, a new depth sensor, was released in November 2010 and built around 

PrimeSense’s patented technology, as described in Section 2.3.4. Originally designed as a motion 

sensor and input device for the Microsoft Xbox 360®, a video game console, to provide scene 

data to track human operators. There is potential that this sensor’s application could be extended 

to the realm of machine vision inspection systems. In addition to a standard colour video stream 

which is suitable for traditional feature-based inspection, the sensor also generates a live, light-

invariant depth data set of its field of view that requires no additional computational overhead. 

This extra data set could prove to be an effective new method of generating data that is 

independent of lighting due to how the sensor functions. A tolerance to camera position shifts and 
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environmental changes may also be inherently present through its ability to gather three-

dimensional information of the entire scene. 

4.2 Experiment 

This experiment used the Microsoft Kinect® sensor as a height gauge tool to measure the height 

of wheels on a flat surface to determine if the wheels in the scene were upright (vertical) or laying 

down (horizontal). Measurements were collected with three camera heights, two distinct lighting 

conditions and two surface materials to demonstrate the sensor’s robustness to physical 

environmental changes. The sensor’s performance was characterized by its precision and 

accuracy at each environment condition, and inspection performance was measured with 

discriminant analysis. Once initially setup, no calibration or changes were made to the software. 

4.3 Experiment Hardware 

4.3.1 Overview 

This experiment, as shown in Figure 4.1 consisted of three main physical components: the 

Microsoft Kinect® sensor, the testing surface and the wheels that are the target of inspection. The 

Microsoft Kinect® was mounted on an adjustable tripod, above the test surface where the wheels 

were placed.  
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Figure 4.1 – Experiment setup; A – Kinect, B – test surface, C - wheels 

4.3.1.1 Physical Layout 

The physical placement of the sensor and the wheel was to ensure that the minimum distance 

between the two represented by the measure d would remain greater than the minimum depth 

range of the sensor of 70 cm at every position, as shown in Figure 4.2. 

 

Figure 4.2 – Physical measurements 

The heights for each of the three positions (Table 4.1) were determined by the range of the tripod 

and offered a visually distinct change in perspective of the surface (Figure 4.3) and the wheel. 
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Table 4.1 – Sensor heights at different locations 

Location  Height (h)  Distance (d) 

Low  0 cm  78 cm 

Mid  12.5 cm  87 cm 

High  25 cm  97 cm 

 

 
Camera Position: High 

 
Camera Position: Mid 

 
Camera Position: Low 

Figure 4.3 - Sample view at each location 
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4.3.2 Camera/Sensor 

Although there were other commercially available depth sensors using PrimeSense technology, 

due to availability and support the Microsoft Kinect® was used in this experiment. This sensor 

provided an image stream representing the depth, in addition to a colour video stream. Depth data 

was generated by a proprietary form of structured lighting called LightCoding® as detailed in 

Section 2.3.4, developed by PrimeSense Inc. The sensor also contained a four-microphone array 

and a motorized tilt function; neither of which were used in this experiment. 

4.3.2.1 Specifications 

A VGA quality colour video stream at a resolution of 640 by 480 pixels was captured at 

approximately 30 frames per second. Similarly, the depth data was received as a monotone image 

of the same resolution, reporting 11-bit resolution depth reading at each pixel. There is also a high 

resolution mode where both colour and depth images are increased to 1280 by 1024 pixels, but at 

the expense of frame rate which is reduced to 10 frames per second due to system limitations. The 

high resolution mode was not used in this experiment. 

Due to the properties of the projected pattern, the sensor has a defined effective distance range for 

depth detection of approximately 0.7 to 6 metres from the face of the sensor. This limitation is 

due to the visibility of the projected pattern, which is too dense at a close range and too sparse at 

a long range. The single source projection also led to shadows being cast by objects in the scene 

which prevent background objects from being visible. A similar effect can be replicated by 

holding an object up to a projector where an image-less shadow is cast behind it. The sensor is 

also shown to have a horizontal viewing angle of 57° and a vertical of 43°.  
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4.3.2.2 Effective Image Resolution 

Using the viewing angles in the previous section, the real size of each pixel was calculated for 

each of the positions. Table 4.2 shows that the absolute width and height resolution for each 

camera position, which results in a pixel height and width representing approximately 1.3 to 1.6 

mm. 

Table 4.2 – Real life image and pixel sizes 

Camera 
Position 

w 
(cm) 

h 
(cm) 

d 
(cm) 

Effective Image Width  
(cm) 

Effective Image Height 
(cm) 

Pixel Area 
(mm2) 

High  55  80  97.1  105.4  76.5  2.6 

Mid  55  67.5  87.1  94.6  68.6  2.1 

Low  55  55  77.8  84.5  61.3  1.7 

 

4.3.2.3 Depth Resolution 

The depth sensor reports depth at each pixel at a resolution of 11-bits, giving 2048 possible 

values. Assuming that the maximum range of the sensor is 6 m, the depth resolution was: 

600	
2048	

0.29	 2.9  

Thus, the assumed theoretical depth resolution should be approximately 3 millimetres.  

4.3.3 Target – Wheel 

Wheels from the Lynxmotion A4WD1 Rover were used as targets for inspection in this 

experiment. An example of the rover is shown in Figure 4.4. 
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Figure 4.4 - Lynxmotion robot 

The size of the wheels was suitable for the sensor. Previous attempts used small plastic pucks 

(Figure 4.5) which proved too small for the sensor to consistently detect. The black rubber 

material on the wheels also made detection a little more difficult when used in conjunction with a 

black rubber surface. This is discussed further in the following section.  

 

Figure 4.5 - Small plastic puck example 

The inspection problem in the experiment was to determine if the wheels on the surface were in 

the up (vertical) or down (horizontal) orientations as shown in Figure 4.6. There is no distinct 

orientation for the down position, but for the purposes of this experiment the orientation of the up 
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position had the wheel face pointed toward the camera. One example of each position was present 

in each inspection sample with the location (left or right) being switched between sample sets. 

 
Location: Left wheel up 

 
Location: Right wheel up 

Figure 4.6 - Possible wheel orientations 

12.2 cm
11.3 cm

6.6 cm 

 

Figure 4.7 - Wheel dimensions 

The outer wheel dimensions are shown in Figure 4.7. These were the height measurements used 

in the analysis of the system’s performance. It should be noted that due to the shape of the wheel, 

a small discrepancy was present with the detected height because the wheel could not sit flat in 

the upright orientation, the apparent height from the surface ranged between 11.9 cm and 12.1 

cm. 
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4.3.4 Surfaces 

Two surfaces were used in this experiment, as shown in Figure 4.8. The first was a red, hard 

plastic surface which offered a large amount of contrast between both the black rubber tire and 

white hub of the wheel.  

 

Figure 4.8 – Test surfaces (left: hard, red plastic; right: textured, black rubber mat) 

Due to the finish of the plastic surface and the positioning of the overhead lighting, there were 

small amounts of glare which did not interfere with the acquisition of depth data. The second 

surface material was a black rubber mat. It was chosen as it is visually similar to the rubber 

component of the wheel, which would be undesirable for traditional camera-based machine vision 

systems. A height gauging task would have been very difficult to perform in the tires due to the 

lack of contrast between the rubber surface and the tire, with the exception of a backlit lighting 

setup with a side-view camera. 

4.4 Experiment Software 

The experiment software was designed to measure the height of objects detected on a flat surface 

of a provided image. The software acquired two types of raw footage from a Microsoft Kinect® 

in the form of a live colour video feed and a depth map feed. With the depth map data, the largest 

flat surface was automatically detected, objects on the surface defined and the heights of those 
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objects calculated relative to the surface. Heights were returned as real-life measurements based 

on factory calibrations. 

4.4.1 RGBDemo 

The software used in this experiment was built on top of RGBDemo 0.6.0, a piece of open-source 

software developed by Nicolas Burrus. This code offered a complete set of features such as full 

access to both of the sensors video streams (colour image and depth), a functioning user interface 

(see Figure 4.9) and the ability to map the sensor data into a point cloud. A table-object 

identification program was also functional and was used as the starting point for the experimental 

code. This is discussed further in Section 4.4.2, which will encompass both the detection 

algorithm and the height calculation. 

 

Figure 4.9 - RGBDemo: Main Window 

RGBDemo itself is based on over a dozen open-source libraries; notably the OpenNI library, 

OpenCV, PCL and QT. The OpenNI was used to interface to the sensor, which was supplied by 
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the sensor manufacturer (PrimeSense® Inc.). OpenCV is an open source computer vision library 

and Point Cloud Library (PCL) is an open-source library for three-dimensional point cloud 

processing; both projects are run by Willow Garage. PCL was used as the framework for 

generating the point clouds in this software and the identification of objects on a surface. Finally, 

QT, an open source library from Nokia Corporation, was used as the framework for the graphical 

user interface. Appendix D provides detailed instructions to install and run RGBDemo. 
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4.4.2 Height Detection 

4.4.2.1 Existing Algorithm 

RGBDemo version 0.6.0 came with a working table top object detection algorithm which would 

identify objects on a flat surface. After capturing a frame of data (both colour and depth images), 

a point cloud was created to identify the largest and closest flat surface, called the detector plane. 

Once this plane was established, the points above this plane were collected and objects were 

defined by grouping adjacent points together forming a subset of points. Since the initial point 

cloud only identified the visible surfaces of objects the generated subsets were not solid objects, 

but hulls (or shells) of the detected objects. Solid models were generated by filling in the space 

between the hull of each object and the plane. The technique used was to generate lines from each 

point in the hull to the plane along the normal of the plane. A colour display of the point cloud 

with just the detected objects was displayed in the left portion of the window, which is navigable 

with a mouse. An overlay of the detected objects with the colour image taken was displayed on 

the right portion of the window. 

4.4.2.2 Height Measurement Modifications 

The point cloud data set, generated from the depth data, was used to determine the height of each 

detected object. The model for visualization purposes was generated in a different coordinate 

system throughout the existing code, which changed the coordinate system and accurate real life 

measurements were lost. During the generation of the solid model the point at the greatest y-

coordinate would be recorded as it was treated as the highest part of the detected object. The 

coordinate system generated by the depth map had the origin set at the camera’s focal point, in 

this case the centre of the image. Relative to the camera’s point of view; the x-axis was the 

horizontal, increasing while moving to the right; the y-axis described the vertical axis, increasing 
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in the upwards direction; and the z-axis described the axis running into the camera, increasing 

toward the camera.  

When all the points on the hull were checked, the shortest distance would be measured from the 

maximum y-coordinate point to the detector plane, establishing the objects height (Figure 4.10). 

The height of the object was determined by measuring the distance from this point to the detector 

plane (which is length of the line segment that runs along the normal of the detector plane that 

intersects the point). Heights were displayed to users through the GUI, as shown in Figure 4.11. 

Each object had an object identification number that was at the upper left hand corner of the blue 

bounding box with the heights listed at the top left corner of the image. 

 

Figure 4.10 - Height measurement with the Kinect 
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Figure 4.11 - RGBDemo: Object Capture Window 

Certain limitations in camera position exist with the current approach of finding the highest point 

along the y-axis as the measure of height. For this algorithm to remain functional, the acquired 

image must not see past the far top edge of the wheel. 

4.5 Experimental Procedure 

Three environmental variables were examined in this experiment, as detailed in Table 4.3. For the 

purposes of this experiment a scene is defined as a unique combination of those variables. There 

were two possible wheel locations combinations for each scene as an example of up and down 

positions were present for each sample, as described in Section 4.3.3. Each location was tested 

twice per scene. For each location, 5 separate readings were taken without moving the wheels or 

changing any of the variables in an attempt to measure the sensor’s performance in this 

application. 

#0: h = 6.272276 cm 
#1: h = 11.475683 cm 
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Table 4.3 - Experimental variables 

Variable  Possible Values 

Camera Position  High, Mid, Low 

Lighting (Intensity)  Bright, Dark 

Surface Type  Red, Black 

 

The software remained unchanged without any form of calibration between scenes or positions. 

In total, 20 readings were taken per scene from the 12 different scenes for a total of 240 readings. 

4.6 Results 

The results were divided into two distinct analyses. The first characterized the sensor’s 

performance in terms of accuracy and precision. The later part analyzed the data collected from 

the perspective of an inspection task by analyzing the separability and distinctiveness of the 

measured up and down position heights. This methodology was similar to that carried out in 

Chapter 3. Results were broken down by scene to show the impact the different variables had or 

did not have on the performance of the system. 

4.6.1 Sensor Performance 

The metric for sensor performance was the measure of its accuracy and precision. Accuracy is 

vital in understanding how the height measurement by the sensor reflects actual values, while 

precision speaks to the repeatability and consistency of the measurement task. These two 

measures were also compared between each scene to examine the impact of external variables. 

4.6.1.1 Sensor Accuracy 

Accuracy was measured by the amount of error that occurred with each height measurement, such 

that: 
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expected measured     (4-1) 

The expected height (hexpected) for the up position was set at 11.9 cm and for the low position at 

6.6 cm. Figure 4.12 to Figure 4.15 present the minimum, maximum and average error values 

generated from each of the physical experimental configurations. Average error was calculated by 

taking the mean of error over every sample for each configuration. Although the data is identical, 

the following figures were sorted by different physical variables in order to examine if trends 

were present. 

 

Figure 4.12 - Experimental error sorted by wheel orientation (up and down paired) 

It is evident from Figure 4.12 that the down wheel position generated a smaller amount of error. 

This was not unexpected, as discussed in the wheel’s physical description in Section 4.3.3, due to 
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the variability in the wheel’s pose in the upright position. The red surface also appeared to have 

generally performed better, as seen in Figure 4.13 where the error decreased in all cases except in 

the case where the camera was in the mid-position and the lighting level was high. 

 

Figure 4.13 - Experimental error sorted by surface type (black and red paired) 
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Figure 4.14 - Experimental error sorted by lighting (high, mid, low grouped) 

Although there is some difference between conditions, it should be noted the estimated depth 

resolution was roughly 0.3 cm (Section 4.3.2.3) which could account for the variance. Sensor 

accuracy was also not noticeably affected by the change from high to low light, regardless of 

surface type or camera position. From Figure 4.14, a greater amount of change in average error 

was observed with a change in lighting. However the maximum change was only 0.4 cm (with the 

upright tire position and high camera height, on a black surface) which is negligible in this 

application. A similar pattern persists with the transition from the black rubber surface to the red 

plastic surface as seen in Figure 4.15. With both high and low camera heights, a small decrease in 

average error was seen, however it increased for the mid camera position in most cases.  
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Figure 4.15 - Experimental error sorted by camera position 
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on the overall performance of the system. Finally, the data demonstrated that there is a negligible 

change in average error when changing camera positions where the change was smaller in low 
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Table 4.4 – Average error at each camera position 

Camera Position  Up (cm)  Down (cm) 

High  0.6  0.4 

Mid  0.7  0.4 

Low  0.5  0.5 

Overall  0.6  0.4 

 

4.6.1.2 Sensor Precision 

The precision of the sensor was measured by calculating the standard deviation of measured 

heights for each scene. For each scene, four sets of five readings were taken where there were no 

physical or software changes for each set and the wheel location was changed between sets. The 

average standard deviation of each of those sets is displayed in Figure 4.16, describing the level 

of noise in the height readings for that scene. 

 

Figure 4.16 – Averaged set standard deviation 
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Note that the theoretical resolution of the sensor was approximately 0.3 cm, so the expected 

theoretical maximum deviation would be 0.15 cm. All scenes produced less than the theoretical 

maximum deviation, with exception of the high camera height. 

Table 4.5 shows the average standard deviation taken over a constant variable for each wheel 

position. The results covered each of the possible physical variables to highlight any trends that 

may exist. 

Table 4.5 - Averaged set standard deviation by variable 

Constant Variable  Up (cm)  Down (cm) 

Camera Height High 0.18 0.17

Mid 0.10 0.11

Low 0.09 0.08

Surface Material Red 0.13 0.12

Black 0.11 0.13

Lighting High 0.10 0.10

Low 0.14 0.14

Overall 0.12 0.12

 

The change in camera height showed the greatest amount of change in average standard 

deviation, with the low height performing the best. The standard deviation changed an average of 

35% between the low and mid camera heights, and over 100% when comparing low to high 

heights. Although this does show that the low position does perform better in general, the 0.18 cm 

average deviation for the high camera height is only 20% greater than the theoretical deviation of 

0.15 cm that was expected. 

From Table 4.5, it is shown that the surface material has no significant impact on the average 

standard deviation of the system. High lighting performed best with a 40% increase when 

transitioning to low-lighting. Both overall standard deviations were less than the theoretical 
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maximum standard deviation of 0.15 cm. In fact all the values in Table 4.5 were less than the 

theoretical maximum, with the exception of the high camera height. It is important to note that 

these trends are persistent in both up and down tire positions; showing that the performance is 

consistent regardless of the height of the object being inspected. 

4.6.2 Inspection Performance 

The inspection performance was characterized by two sets of values, the set span and set 

separation. The set span is the measure of range of height measurements of a wheel orientation 

for a particular scene. There is measure for each wheel orientation and a smaller span signifies 

improved performance. Set separation describes the distance between the up and down height 

values for a particular scene. The greater the separation the better the performance as it allows for 

easier separation between the two sets and is more tolerant to noise. A similar performance 

measure was used in the experiment outlined in the previous chapter. 

4.6.2.1 Set Span 

For a set of heights {h1, …, hn}, the set span, ς is defined as: 

, … , , … ,     (4-2) 

such that max ,… ,  returns the highest value in the given set and min ,… ,  

returns the smallest value in the given set. This serves as a measure of the range of values 

possible in a set of measured heights (either for upright or horizontal wheel orientations). For 

optimal performance, this should be minimized to reduce the chances of overlapping with a 

different data set. The results of set span were provided in Figure 4.17, where the 6 data sets are 

from each wheel orientation and camera height combination. The x-axis addresses the other two 

physical variables: the lighting (high or low) and the surface material (black or red). 
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Figure 4.17 - Set span results for all scenes, expected value (dashed straight red line), 

expected value increased by 30% (dashed straight purple line) 

The theoretical resolution of the sensor used was approximately 0.3 cm, which coincides 

approximately with the empirical sensor resolution tested in Section 4.6.1.2. This would lead to a 

similar expected set span of approximately 0.3 cm. However, from the results in Figure 4.17, it 

can be seen that only one condition actually resulted in a span near the expected value, while the 

average set span value doubles the expected value. This can be attributed to set span’s all-

encompassing measure of noise that includes the inherent noise in the sensor (characterized in 

sensor precision) and also any noise caused by moving and resetting the targets. Such physical 

variations in the wheel were discussed in detail in Section 4.3.3. 

The percent change of the set span for both wheel orientations were calculated in an attempt to 
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4.7, Table 4.8, and 4.9 covering changes in orientation, lighting, surface type and camera height, 

respectively. 

Table 4.6 - Percent change from up to down orientation 

Cam. 
Height 

Surface 
Type  Lighting Span 

H  Black  High  44.6%

H  Black  Low  ‐10%

H  Red  High  ‐28%

H  Red  Low  ‐16.0%

M  Black  High  ‐40%

M  Black  Low  ‐27%

M  Red  High  ‐11.8%

M  Red  Low  ‐31.2%

L  Black  High  ‐34%

L  Black  Low  ‐19%

L  Red  High  ‐12.6%

L  Red  Low  ‐10.5%

 

Table 4.7 –Percent change in set span by 

changing lighting from high to low 

Cam. 
Height 

Surface 
Type  Up  Down 

H  Black  88%  17%

H  Red  25%  47%

L  Black  ‐32%  ‐16%

L  Red  0%  2%

M  Black  30%  58%

M  Red  ‐13%  ‐32%

Table 4.8 –Percent change in set span by 

changing surface from black to red 

Cam. 
Height Lighting  Up  Down

H  High  114%  6%

H  Low  43%  33%

L  High  ‐26%  ‐2%

L  Low  8%  20%

M  High  83%  169%

M  Low  23%  16%
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Table 4.9 – Percent change in set span by changing camera height from low 

Cam. 
Height 

Surface 
Type  Lighting Up  Down

H  Black  High  ‐57% ‐5%

H  Black  Low  19% 34%

H  Red  High  26% 4%

H  Red  Low  58% 48%

M  Black  High  ‐53% ‐58%

M  Black  Low  ‐11% ‐20%

M  Red  High  16% 17%

M  Red  Low  1% ‐22%

Although there is significant change (greater than 30%) in set span when variables were changed, 

there was no existing discernable trend that was caused by a change in a single physical variable. 

It should be noted however that the direction of change (increasing or decreasing) was the same 

for both wheel orientations, but in varying magnitudes, demonstrating that these trends are 

unrelated to wheel orientation. The only exception to this trend was the last entry in Table 4.9, 

with the mid camera height, red surface and low lighting.  On average, the set span 

performed the best with the camera at the mid-height, regardless of the other physical variables as 

seen in Table 4.9. 

The best and worse examples of set span were included in Figure 4.18. Each Raw Height 

Measurement graph presents the height measurements for both upright and horizontal wheel 

orientations for a particular scene. Each line represents the five consecutive samples taken 

without any physical or software changes. Notice that while both examples have clearly distinct 

and separable sets representing the measured upright and horizontal wheel positions, the smaller 

span would allow for a reliable distinction even if the difference in the two heights were less. 
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Best:  
Camera height = mid,  

Surface = black,  
Lighting = high 

Worst  
Camera height = high,  

Surface = red,  
Lighting = low 

Figure 4.18 - Best and worst results for set span 

4.6.2.2 Set Separation 

Two set separation values were considered in this analysis: the minimum set separation and 

average set separation. Minimum set separation is defined as the smallest distance between the 

set of measured upright-orientation and down-orientation wheel heights, while the average set 

separation is the distance between the averages of each wheel height set. For an optimal 

inspection system, the separation values should be maximized.  

For a given set of upright-orientation heights {x1, …, xn} and down-orientation heights {y1, …, 

yn}, the minimum set separation (σmin) was defined as: 

, … , 	 , … ,    (4-3) 
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and average set separation (σavg) was defined as: 

∑ ∑
     (4-4) 

The results for the minimum set separation and average set separation were presented in Figure 

4.19 and Figure 4.20, respectively. Each data set (line) represents the values from camera height 

and the x-axis distinguishes the other two physical variable combinations: the lighting (high or 

low) and the surface material (black or red). 

 

Figure 4.19 – Minimum set separation 
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Figure 4.20 – Average set separation; expected value (dashed straight red line), expected 

value increased by 30% (dashed straight purple line) 
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wheel-orientation, the expected value of separation is 5.3 cm. A minimum separation was 
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should be 5.9 cm.  

As expected, the all the minimum set separation values were below the expected range of 4.7 cm 

to 5.3 cm. However, when examining the average set separation values in Figure 4.20, all the 
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Table 4.10 –Percent change in set span by 

changing lighting from high to low 

Cam. 
Height 

Surface 
Type 

Min. 
Sep. 

Avg. 
Sep 

H  Black  5%  10%

H  Red  9%  9%

L  Black  9%  ‐4%

L  Red  2%  ‐1%

M  Black  ‐8%  ‐2%

M  Red  2%  ‐3%

Table 4.11 –Percent change in set span by 

changing surface from black to red 

Cam. 
Height Lighting 

Min. 
Sep. 

Avg. 
Sep 

H  High  ‐2%  5%

H  Low  1%  4%

L  High  4%  ‐2%

L  Low  ‐2%  1%

M  High  ‐12%  ‐1%

M  Low  ‐3%  ‐2%

 

Table 4.12 – Percent change in set span by changing camera height from low 

Cam. 
Height 

Surface 
Type  Lighting

Min. 
Sep. 

Avg. 
Sep 

H  Black  High  ‐0.3% ‐11%

H  Black  Low  ‐4% 2%

H  Red  High  ‐7% ‐4%

H  Red  Low  ‐0.5% 5%

M  Black  High  19% ‐4%

M  Black  Low  1% ‐1%

M  Red  High  0.0% ‐2%

M  Red  Low  ‐0.2% ‐4%

The performance of both minimum and average separation set appeared to be immune to any 

change of the physical variables. From Table 4.10, Table 4.11 and Table 4.12, one notice the 

greatest amount of change was a 19% increase in minimum separation when going from a low 

camera position to mid-camera position when the lighting was high on the black rubber surface. 

On average there was a less than 5% change when changing the lighting conditions, camera 

heights or surface material. Examples of the best and worst data sets for minimum set separation 

and average set separation were included in Figure 4.21 and Figure 4.22, respectively. Each Raw 

Height Measurement graph presents the height measurements for both upright and horizontal 
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wheel orientations for a particular scene. Each line represents the five consecutive samples taken 

without any physical change. 

In Figure 4.21, the difference in the span of the upright and horizontal wheel measurement sets is 

more apparent than the difference in separation. This also holds true with the best and worst 

examples of average set separation, as shown in Figure 4.22. In all cases, it is evident that there 

are two distinct and separable sets representing the measured heights of the upright and horizontal 

wheels. The existing separation here is governed by the physical geometry of the wheel and the 

difference in vertical height measurement that exists with the two different orientations. Even 

with an increased span, there is still a large separation between the two height measurements, 

which is most evident with the worst case of minimum set separation in Figure 4.21, 

demonstrating this could be a functional inspection system that is immune to the tested physical 

changes. Set span is more of a determining factor in the system performance in this application. 
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Best:  
Camera height = mid,  

Surface = black,  
Lighting = high 

Worst  
Camera height = high,  

Surface = red,  
Lighting = high 

Figure 4.21 - Best and worst results for minimum separation 

Best:  
Camera height = high,  

Surface = red,  
Lighting = low 

Worst  
Camera height = high,  

Surface = black,  
Lighting = high 

Figure 4.22 - Best and worst results for average separation 

0.00

2.00

4.00

6.00

8.00

10.00

12.00

14.00

1 2 3 4 5

H
e
ig
h
t 
(c
m
)

Raw Height Measurements

0.00

2.00

4.00

6.00

8.00

10.00

12.00

14.00

1 2 3 4 5

H
e
ig
h
t 
(c
m
)

Raw Height Measurements

0.00

2.00

4.00

6.00

8.00

10.00

12.00

14.00

1 2 3 4 5

H
e
ig
h
t 
(c
m
)

Raw Height Measurements

0.00

2.00

4.00

6.00

8.00

10.00

12.00

14.00

1 2 3 4 5

H
e
ig
h
t 
(c
m
)

Raw Height Measurements



Chapter 4 – r02b 
2/29/2012 6:17 PM 

 

97 

4.7 Discussion 

The results of this experiment have shown that the sensor’s performance is functionally immune 

to external changes at the task of gauging the height of an object. Both sensor precision and 

accuracy remain functionally consistent as the camera height, environmental lighting and the 

surface material were all changed. In the context of an inspection system, analysis on the set 

separation and span showed that the set separation was immune to changes in external variables, 

but set span demonstrated noticeable (over 30%) changes with changes in external variables. 

However this variation did not affect the inspection data as the measured heights of the upright 

and horizontal wheel orientations stayed distinct and separable in all conditions. 

The lower performance of the set span could be attributed to compounding external errors. The 

resting position of the wheel, especially in the upright position, was prone to variation due to the 

profile of the wheel. The plane detection and estimation may also have added to the error as the 

detected plane was assumed to be flat and would not account for any deflection or variation in the 

surface. The plane is vital to the inspection algorithm as it is the basis for identifying objects as 

well as the height measurement, which is based both on the position and the normal of the plane. 

It should be noted that the plane detection was repeatable and consistent, or such error would also 

propagate in the analysis of sensor precision.  

Another source of measurement error could be rooted in the physical geometry of the wheels used 

for the test. Depth is inferred by measuring the density of projected laser dots, as discussed in 

Section 2.3.4, which implies that there exists a sampling area in which depth is calculated. This 

can pose a problem as the highest point on the wheel is often quite small, especially when the 

wheel is upright where the apex maybe a single point. This would also pose a problem in the 
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horizontal position to a less of an extent, as the apex of the wheel forms a circle around the 

contour of the tire. The resulting measured heights would be less than the actual height due to an 

averaging effect over the sample area.  

Limitations with the sensor itself must also be taken into account. The design and implementation 

of the Kinect® was intended to track people’s movements for a video game console, and as such 

the optics and field of view were optimized for such a task. As a result, the sensor has a wide field 

of view for the purposes of this inspection task and the optics were not particularly clear or sharp, 

something that was not a requirement for the intended task. An increase in image resolution 

would also result in an increase in measurement resolution while an increased frame rate maybe 

required for real-time inspection tasks, especially with continuous-motion manufacturing.  

Even with these limitations, this sensor technology has shown potential in the application of 

inspection systems. The invariance to environmental lighting stems from the actual function of 

the depth map generation process as the laser projector also serves as the light source. The limited 

bandwidth of this infrared system ensures that there is no interference with the RGB feed, which 

allows for traditional vision systems to supplement and support the depth data. Another big 

advantage is that the added depth data allowed for the height measurement to be taken in 

reference to an external feature, in this case the detector plane, and allowed the system to interpret 

the data outside of the perspective of the camera. These features allowed the inspection system to 

tolerate shifts in sensor location and changes in target position within the sensor’s field of view. 

Improvements could be made by implementing the depth-sensing technology in a more flexible 

system allowing users to tailor the optics to a specific task. Such a system should use the off-the-

shelf optical components that are already available for industrial vision systems. The connectivity 
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of the sensor also needs to be upgraded; current industrial cameras operate with the USB 3.0 or a 

gigabit Ethernet connection. The increased data throughput from these types of connections 

would allow for increased image resolution, increased frame rate or both; which is especially vital 

as the sensor returns two video streams (depth and colour) simultaneously.  

4.8 Summary 

In this chapter, an investigation was carried out on a low-cost, commercial three-dimensional 

vision sensor for use in a vision-based inspection system. A Microsoft Kinect® was used as the 

sensor which provided web-cam-quality colour video in addition to a depth map of its field of 

view. The precision and accuracy were characterized and the system’s performance was 

evaluated in an inspection task using discriminant analysis. The impact that physical changes had 

on these measures were also tested in this experiment. The results showed that accuracy, 

precision and set separation varied less than 30% with physical change, while set span varied 

greater than 30%. There were no obvious trends correlating physical changes to variations in the 

discriminant analysis. 

The vision system was setup to measure the height of tires from a small robotic rover. The 

measurements were repeated and compared to the actual values to measure the sensor’s precision 

and accuracy. For the inspection task, the system determined the orientation of the tire by the 

measured height which was lower when the tire was on its side. Discriminant analysis was used 

to measure the performance of the inspection task with the set span and set separation measures. 

Three physical features were changed in this experiment: the camera height, lighting and the test 

surface (texture and colour).  
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With a theoretical precision of ±0.15 cm, the results showed an average measured precision of 

±0.12 cm over the various conditions. On average the accuracy was found to be 0.6 cm for the 

vertical orientation of the wheel and 0.4 cm in the horizontal orientation, where the theoretical 

resolution is 0.3 cm. Precision was found to improve as the camera height was reduced and the 

sensor was moved closer to the tires, however there was no significant impact on performance 

with any of the physical changes. The discriminant analysis of the inspection task demonstrated 

that the system would have successfully identified the orientation of the tires as the height 

readings were well defined and separate in all the various physical configurations. The set span 

was affected by physical change, although no discernable trend could be established. Overall, this 

sensor demonstrated an inspection system that would successfully function and cope with 

physical changes in camera location, lighting, and with different surface textures and colours. 
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Chapter 5 

Conclusions and Recommendations 

5.1 Conclusions 

This paper investigated two distinct, but related topics in machine vision. The first is the effect of 

lighting on the performance of a vision-based inspection system. The lighting component of 

machine vision has often been overlooked; an attempt was made to quantify the impact on 

existing machine vision algorithms. The second topic explored the applications of a data-rich 

vision sensor that was capable of providing depth data in a wide range of ambient lightning 

conditions for industrial applications. Results from the experiments have shown that lighting has 

a measurable effect on the performance of machine vision systems and that the precision and 

accuracy of  Microsoft Kinect® (using PrimeSense Inc. sensor technology) make it suitable for 

use in a machine vision inspection system. This sensor also demonstrated robustness in its 

performance to various physical changes, including lighting. 

5.1.1 Chapter 3: Lighting Study 

Chapter 3 was an expansion on the paper “A Quantitative Study of Illumination Techniques for 

Machine Vision Based Inspection” (Yan and Surgenor, 2011). An experiment to study how 

various lighting configurations affect machine vision system performance was carried out using 

quantitative measures based on discriminant analysis. Two independent algorithms were used to 

determine the presence of J-clips on a sheet metal carrier and the raw measurements were 

collected that would be used to make this determination. The results showed that changes in 

lighting using a traditional camera setup had a measurable impact on the performance of the 
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inspection system, changing the set separation and set separation by upwards of 30% when 

different lighting configurations were used. 

The results from analysis showed in generally that backlighting was the best performer in all light 

conditions for this application. When comparing the performance of the other two lighting 

conditions to backlighting, a greater than 30% change was present in set span and set separation 

for hole measurement and only set span for geometric matching. There was a smaller change in 

set separation with geometric matching as the increased complexity of the algorithm made it more 

light immune. This study shows that lighting has a measurable and significant impact on machine 

vision-based inspection systems. The main purpose of lighting should be to make the other parts 

of an inspection system simpler by reducing noise and highlighting only the features in an image 

that are necessary for the inspection problem. The starting point to the design of any inspection 

system should to be identify the best features that distinguish between the states or types that need 

to be determined, and subsequently design a lighting system that complements these features.  

5.1.2 Chapter 4: Kinect Study 

In Chapter 4, an investigation was carried out on a low-cost, commercial three-dimensional vision 

sensor for use in a vision-based inspection system. A Microsoft Kinect® was used as the sensor 

which provided web-cam-quality colour video in addition to a depth map of its field of view. The 

precision and accuracy were characterized and the system’s performance was evaluated in an 

inspection task using determinant analysis. The impact physical changes had on these measures 

were also tested in this experiment. The results showed that accuracy, precision and set separation 

varied less than 30% with physical change, while set span did not. There were no obvious trends 

correlating physical changes to variations in the determinant analysis. 
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With a theoretical precision of ±0.15 cm, the results showed an average measured precision of 

±0.12 cm over the various conditions. On average the accuracy was found to be 0.6 cm for the 

vertical orientation of the wheel and 0.4 cm in the horizontal orientation, where the theoretical 

resolution is 0.3 cm. Precision was found to improve as the camera height was reduced and the 

sensor was moved closer to the tires, however there was no significant impact on performance 

with any of the physical changes. The discriminant analysis of the inspection task demonstrated 

that the system would have successfully identified the orientation of the tires as the height 

readings were well defined and separate in all the various physical configurations. The set span 

was affected by physical change, although there was no discernable trend could be established. 

Overall, this sensor demonstrated an inspection system that would successfully function and cope 

with physical changes in camera location, lighting, and with various surface textures and colours. 

5.2 Recommendations 

5.2.1 Chapter 3: Lighting Study 

The natural extension to the work done thus far would be to experiment with the more complex or 

advanced lighting systems that are commercially available and discussed in Section 2.2.1.4. A 

similar study could also be taken to see the effectiveness of combining lighting geometries to 

increase the performance of machine vision inspection systems. One issue with increasing the 

number of light sources would be the increased overall brightness of the image, which reduces the 

contrast between features needed for inspection and the rest of the image. Strobing is one possible 

technique that could maintain a high level contrast within a sample image while using multiple 

sources. It is a technique of having light sources shine at a high intensity for a short period of 

time, like those used in photography and high speed inspection systems. With the correct camera 

settings, the resulting image can be one where there is high contrast, highlighting desired features. 
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Multiple strobes or flashes can be combined digitally with multiple exposures, a process of 

stitching multiple images together similar to that of high dynamic range (Section 2.2.3), or can be 

captured on a single, long exposure. Given that the significance of set span depends on set 

separation, the ratio of set span and set separation could provide an additional measure of 

performance for future studies. 

What is still lacking is a standard, scientific method for light selection or system in which can 

establish an optimal lighting condition for a given target. A systematic method could be created to 

identify useful distinguishing features in the parts being inspected and derive an optimal lighting 

condition from these user-determined features. However this still requires a user to have thorough 

knowledge of lighting and vision systems and effectively formalizes the “art” that currently exists 

in lighting design for machine vision systems. Alternatively, a system could be created to 

replicate all the different lighting geometries to find the optimum lighting setup for a particular 

part. With the current availability of three-dimensional scanning technology, this system could be 

digital as ray tracing software already exists, primarily for large scale lighting design like stage 

productions and commercial lighting, as described in Section 2.2.2. However, there are 

limitations with modeling the reflectiveness of different surface finishes and materials, as well as 

being unable to see some of the sources of noise within the part itself. The J-clips on the mount 

are an excellent example as they rotated unpredictably when sample images were taken. A 

physical test rig would produce sample images that reflect the real-world conditions more 

accurately. Features could then be picked out of this set of sample images to establish the 

strongest set that can be used to determine between classes of images. An automated or intelligent 

system for feature selection maybe beneficial at this time, as it is free from bias and may pick out 

less obvious features that maybe have been overlooked by a user. With an optimized lighting 
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geometry and feature set, a user can then proceed with integrating the camera and software 

implementations for a machine vision inspection system. 

5.2.2 Chapter 4:  Kinect Study 

The experiments carried out with the Microsoft Kinect® and the PrimeSense depth sensing 

technology have yielded positive results for its use in a machine vision inspection application, 

however there are some apparent weaknesses. The effect of limited view and shadowing is one 

such constraint, resulting in an incomplete data set. However this is a problem that is inherent to 

systems relying on a single point of view and not restricted to the PrimeSense depth sensing 

technology. The single point of view sensing also prevents the creation of complete models, 

which may be needed for an inspection process. The second weakness lies with the functional 

limitations of the Microsoft Kinect®, which was designed to be a single-purpose commercial 

product. This resulted in fixed optics and a defined field of view optimized to detect and track 

human-sized objects in a living room. The nature of this optimization results in poorer 

performance in resolution and accuracy that is needed in industrial applications, and prevents 

experiments with smaller components that are often found in manufacturing. 

Shadowing and limited view stems from the fixed perspective of a single camera. This limited 

perspective also limits inspection to one view of the target object, which may not be enough to 

complete a full inspection. It would not be possible to generate a complete model with a fixed 

perspective system, which may be useful for inspection purposes especially when attempting a 

CAD model comparison. Two possible solutions to address this issue would be to have a moving 

camera system that was able to have difference perspectives of the object or to have a multi-

camera system positioned to have a complete view of the target object. A moving camera system 

would be able to capture a full model of an object or environment, either my continuously 
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stitching together the 3D data with techniques similar to SLAM or by merging still shots at 

different locations. Generating a complete model would allow for a complete inspection and 

allow for comparison to existing CAD models. Alternatively the object can be rotated in the 

sensor’s field of view to create a full model. A multi-camera system would allow for a complete 

view with fewer moving parts at the cost of additional sensors. With low-cost sensors, this maybe 

a simpler and cheaper solution that offers the additional advantage of being able to create a 

complete view in real-time without having to wait for a single camera to move to take multiple 

readings. However due to the dependence of a projected laser pattern for depth sensing, sensor 

cross-talk is one issue that would need to be addressed in a multi-camera system. 

The PrimeSense-based depth sensing technology has shown potential in machine vision 

applications; however the Microsoft Kinect® is not optimized for such applications and the 

performance of a resigned sensor could result in better performance. Since the Kinect® is a 

consumer product; the quality of the optics can also be improved from the plastic lenses currently 

found in the sensor. A redesigned sensor would have a configurable field of view and scale the 

range of depth sensing. The PrimeSense sensor technology has a fixed depth resolution, so the 

optics dictated the operating range and sensitivity of the sensor. While the Kinect® was designed 

to detect human-sized objects in a room, the optics of the IR pattern projection system could be 

optimized to detect in a smaller range, increasing the resulting sensitivity. An increase in 

sensitivity would allow for the detection of smaller objects. This system should use off-the-shelf 

optical components that are industry standard and readily available, which allows for flexibility 

and ease of customization. A configurable sensor could also address the crosstalk issues with a 

multi-camera system by varying the wavelengths of the IR project system with each camera. 
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Appendix	A	 	DVD	Media	Content	

This appendix contains a listing of the files included in the attached DVD.  

A.1 Directory	Overview	

 
Figure A.1 - Directory 

A.2 Datasheets	

The …/Datasheets/ directory contains the data sheets discussed in Appendix E. 

Table A.1 - Datasheet file breakdown 

Filename Description 

…/Datasheets/Camera/ Camera related datasheets 

Han Quick Install.pdf Camera quick install guide 

HAN Series.pdf Camera datasheet/specifications 

Han_user_manual_v3.0.pdf Camera user manual 

…/Datasheets/Kinect/  

FMF_2.PDF PrineSensor reference design overview 

primesensor_datasheet.pdf PrimeSensor datasheet 

…/Datasheets/Lighting/  

Backlight-EdmundOptics-NT58-330.pdf Backlight specification sheet 

LineLight-AdvancedIllumination-LL3148.pdf Line light specification sheet (for dark field) 

RingLight-NerliteMicroscan-NER-
011607046.pdf 

Right light specification sheet (for bright field) 
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SpotLight-AdvancedIllumination-BL5420.pdf Spot light specification sheet (for bright field) 

	

A.3 Chapter	3	–	Lighting	Experiment	

The …/CH3-Lighting Experiment/ directory contains all the data pertaining to the experiment 

detailed in Chapter 3. The files are broken up into the following directories: 

Table A.2 - Directory breakdown for .../CH3-Lighting Experiment/ 

Directory Description 

/Analysis/ This directory contains the files used to analyze 
the captured data. They include the raw values 
generated by the vision algorithms and excel 
documents of all calculations and analysis. 

/Documentation/ This directory contains documentation related 
to the software and LabVIEW components. 

/Image Data/ This directory contains the images captured for 
this experiment. 

/Software/ This directory contains all the files pertaining 
to the QVision2 application. Please note that 
you will need LabVIEW 2010 (or later) 
installed to run it. 

	

A.3.1 Analysis	Directory	

GD-QV2_r03-20101114_t3.xlsx contains the complete analysis for this experiment. It holds all 

the raw numerical data, graphs and analysis. There are sheets for all the data collected, many 

which were not included in the analysis or discussion of the experiment. The following sheets 

were included in this work: “!cDF-DF”, “!cBL-BL-t3” and “!cBF-BF-t3”. 
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A.3.2 Documentation	

Table A.3 - Files in the Analysis directory 

File Description 

Vision Concepts 
Manual.pdf 

The NI Vision Concepts Manual introduces the basic concepts of 
machine vision and provides an in-depth description of the 
machine vision processes available in LabVIEW. 

vision_kit.zip A package of National Instruments documentation relating to 
machine vision systems and lighting. 

	

A.3.3 Image	Data	Directory	

This directory contains the image files collected for this experiment, both the converted 8-bit 

greyscale (which is the required format for the LabVIEW machine vision processes) and the raw 

images. All the images taken are included for reference, but only those directories listed below 

were discussed. 

Table A.4 - Content breakdown for the Image Data directory 

Directory Description 

…/RawData/8-bit Photos/ Converted 8-bit greyscale images. 

…/Calibration/ Calibration set for original set of images. 

8b-CameraSettings.jpg 
Screen capture of the camera settings 
used for image capture. 

8b-HardwareSetup.jpg 
Screen capture to detail mount 
positioning for image capture. 

…/Take 2/ 
Second attempt at capturing images, not 
used. 

…/Take 3/ 
Third attempt at capturing images, bright 
field and dark field images used. 

…/T3-P1-Rev-BF/ 
Test images used in the experiment for 
bright field. 

8b-T3-P1-Rev-BF-F-##.jpg 

Test image file for bright field. 

- P1 is the designation for the 
mount position. 

- BF is the illumination type, 
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in this case: bright field. 
- F is the designation for a fail 

(clipless) example. The 
alternative is pass: P. 

- ## is the image number. 

…/T3-P1-Rev-BF-cal/ 
Calibration images used in the 
experiment for bright field. 

8b-T3-P1-Rev-BF-F-##.jpg See above. 

…/T3-P1-Rev-BL/ 
Test images used in the experiment for 
backlighting, see above for the file 
convention. 

…/T3-P1-Rev-BL-cal/ 
Calibration images used in the 
experiment for backlighting, see above 
for the file convention. 

…/Test/ 
Original image set, the darkfield is used 
in the experiment. 

…/DF-P1/ 
Test images used in the experiment for 
backlighting, see above for the file 
convention. 

…/RawData/Raw Photos/ 

Raw photos captured with MATLAB: 
The following sets of images were used 
in the experiment: 

- P1-DF 
- T3-P1-BF 
- T3-P1-BL 

 

A.3.4 Software	Directory	

There are three versions of the QVision2 software, each calibrated for one of the lighting 

conditions. 

Table A.5 - QVision2 file listing 

File Description 

QV2_r03-cal_BF-P1-b02-rev_t3.vi QVision2 calibrated for bright field. 

QV2_r03-cal_BL-P1-b02-rev_t3.vi QVision2 calibrated for backlighting. 

QV2_r03-cal_DF-P1-b01-rev.vi QVision2 calibrated for dark field. 
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A.4 Chapter	4	–	Kinect	Experiment	

The …/CH4-Kinect Experiment/ directory contains all the data pertaining to the experiment 

detailed in Chapter 4. The files are broken up into the following categories: 

Table A.6 - Overview of directories in .../CH4-Kinect Experiment/ 

Directory Description 

/Analysis/ This directory contains the files used to analyze 
the captured data. They include the raw values 
generated by the vision algorithms and excel 
documents of all calculations and analysis. 

/Installation Files/ This directory contains the installation files of 
the supporting software that is required to run 
the Kinect test software. Please refer to 
Appendix D for a full installation guide. 

/Raw Data/ This directory contains the raw images 
captured for this experiment. 

/Software/ This directory contains all the files pertaining 
to the Kinect experiment software. 

	

A.4.1 Analysis	Directory	

Kinect-RawData-Analysis5b+ExpandedLeg.xlx contains all the raw numerical data, analysis and 

graphs used in this experiment. 

A.4.2 Raw	Data	Directory	

Raw images are stored in Word documents, organized by each hardware configuration. The 
naming convention is as follows: 

Kinect-RawData-<Camera Height>-<Surface Type>-<Lighting Setting>.docx 

such that: 

- Camera height is high (H), mid (M) or low (L) 

- Surface type is black or red 

- Lighting setting is high or low 
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A.4.3 Software	Directory	

The …/rgbdemo-0.6.0/ is the experimental code used in the experiment. Follow the instructions 

outlined in Appendix D to install and execute the software. 

A.4.4 Installation	Files	

The complete set of installation files required, as described in Appendix D, can be found here. 

 

Figure A.2 - Installation files for RGBDemo 
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Appendix	B	 Raw	Experimental	Data	

This appendix contains the raw numerical data that was discussed previously in chapters 3 and 4. 

B.1 Lighting	Experiment	–	Chapter	3	

The raw values from the lighting experiment are presented, along with the resulting analysis. 

B.1.1 Raw	Values	

In this section, the raw values gathered from the experiment are presented. This data can be found 

in the Excel file: GD-QV2_r03-20101114_t3.xlsx. The match scores and position of the match 

from Geometric Matching at each location, as well as the radius and centre coordinates of the 

circles found in each location.  
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B.1.1.1 Bright	Field	

From sheet “!BF-BF-t3”. 

Table B.1 - Raw data from bright field lighting configuration 

Note: Calibrated to Bright Field (QV2_r03‐cal_BF‐P1‐b02‐rev_t3) 

Title 

Geometric Matching  Best Circles 

Left  Right  Left  Right 

Pos.x Pos.y Score Pos.x Pos.y Score Radius Pos.x Pos.y Radius Pos.x Pos.y 

8b‐T3‐P1‐Rev‐BF‐F‐01.jpg  0  0  0  0  0  0  19.11  143  295.8  16.01  703.6 296.59

8b‐T3‐P1‐Rev‐BF‐F‐02.jpg  0  0  0  0  0  0  18.76  145.1  289.6  15.32  705.4 299.63

8b‐T3‐P1‐Rev‐BF‐F‐03.jpg  0  0  0  0  0  0  19.26  144.3  294.4  16.14  704.6 297.57

8b‐T3‐P1‐Rev‐BF‐F‐04.jpg  0  0  0  0  0  0  19.18  143  292.8  14.66  703.7 295.78

8b‐T3‐P1‐Rev‐BF‐F‐05.jpg  0  0  0  0  0  0  18.56  143.3  299.4  15.72  703.7 292.97

8b‐T3‐P1‐Rev‐BF‐F‐06.jpg  0  0  0  0  0  0  19.27  141.6  292.6  15.37  702.5 296.74

8b‐T3‐P1‐Rev‐BF‐F‐07.jpg  0  0  0  0  0  0  18.64  142.7  294.3  15.43  703.1 295.96

8b‐T3‐P1‐Rev‐BF‐F‐08.jpg  0  0  0  0  0  0  18.61  144.6  293.2  15.31  705.1 297.21

8b‐T3‐P1‐Rev‐BF‐F‐09.jpg  0  0  0  0  0  0  18.87  144.7  294.4  16.26  706  294.93

8b‐T3‐P1‐Rev‐BF‐F‐10.jpg  0  0  0  0  0  0  18.91  143.5  295.4  15.53  704.1 290.4 

8b‐T3‐P1‐Rev‐BF‐P‐01.jpg  134.2  296.6 984.1 699.2 297.8 943.7 27.75  136.8  293.1  22.69  690.6 294.82

8b‐T3‐P1‐Rev‐BF‐P‐02.jpg  140.1  302.3 980.4 702.1 300  854.4 28.31  141  297.7  24.31  696.2 299.23

8b‐T3‐P1‐Rev‐BF‐P‐03.jpg  132.7  297.5 995.2 702  300  827  25.81  140.2  293.3  22.11  691.3 303.47

8b‐T3‐P1‐Rev‐BF‐P‐04.jpg  153.6  294.3 965.5 718.1 303.9 855.9 23.26  145  287.5  22.08  709.3 299.19

8b‐T3‐P1‐Rev‐BF‐P‐05.jpg  147.6  295.7 989.9 710.8 302.9 916.8 26.41  142.7  292  22.14  701.9 300.53

8b‐T3‐P1‐Rev‐BF‐P‐06.jpg  136.2  299.8 941.7 698.1 300.3 893.3 28.26  139.8  293.8  22.2  692.5 298.13

8b‐T3‐P1‐Rev‐BF‐P‐07.jpg  139.7  295  947  704.8 297.7 920.9 27.3  141.8  292.5  21.79  693.6 294.71

8b‐T3‐P1‐Rev‐BF‐P‐08.jpg  147.7  297  946.2 709  296.8 906.5 27.43  141.7  290.8  21.95  702.1 293.74

8b‐T3‐P1‐Rev‐BF‐P‐09.jpg  134  300.9 981.6 698.8 300  932.2 27.98  136.7  296.7  20.29  698.9 299.86

8b‐T3‐P1‐Rev‐BF‐P‐10.jpg  139.9  298.5 930.3 702.9 298.2 876.2 25.86  138.1  292.9  20.81  692.9 293.88
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B.1.1.2 Dark	Field	

From sheet “!cDF-DF”. 

Table B.2 - Raw data from dark field lighting configuration 

Note: Calibrated to Backlight (QV2‐r03‐cal_BL‐P1‐b01) 

Title 

Geometric Matching  Best Circles 

Left  Right  Left  Right 

Pos.x  Pos.y  Score Pos.x Pos.y Score Radius  Pos.x Pos.y  Radius  Pos.x Pos.y 

8b‐P1‐DF‐F‐01.jpg  0  0  0  0  0  0  15.71  96.98 290.3  22.62  661.7 296.7 

8b‐P1‐DF‐F‐02.jpg  0  0  0  0  0  0  15.8  93.35 289.5  21.28  660.1 296.84 

8b‐P1‐DF‐F‐03.jpg  0  0  0  0  0  0  16.19  98.7  292.7  23.36  668.1 296.79 

8b‐P1‐DF‐F‐04.jpg  0  0  0  0  0  0  14.83  94.4  292.6  23.39  664.6 296.86 

8b‐P1‐DF‐F‐05.jpg  0  0  0  0  0  0  15.69  96.12 287.4  23.27  667.9 297.02 

8b‐P1‐DF‐F‐06.jpg  0  0  0  0  0  0  15.22  100.2 292.7  18.86  660.2 297.84 

8b‐P1‐DF‐F‐07.jpg  0  0  0  0  0  0  15.96  95.79 289.7  23  659.6 296.03 

8b‐P1‐DF‐F‐08.jpg  0  0  0  0  0  0  15.61  95.95 285.9  23.87  665.5 296.68 

8b‐P1‐DF‐F‐09.jpg  0  0  0  0  0  0  16.59  98.71 290  23.25  663.2 296.44 

8b‐P1‐DF‐F‐10.jpg  0  0  0  0  0  0  15.46  99.58 292.4  22.53  658.3 296.41 

8b‐P1‐DF‐P‐01.jpg  99.02  293.3  993.2  653.1 297.6 968.6  19.38  102.1 291  21.75  658.2 298.01 

8b‐P1‐DF‐P‐02.jpg  87.84  293.5  991.2  655.6 295.7 990.1  22.33  102.6 291.2  22.39  661.4 295.56 

8b‐P1‐DF‐P‐03.jpg  79.44  291.7  986.7  654.3 297.9 990.9  21.6  101.2 288.4  21.79  660.7 297.94 

8b‐P1‐DF‐P‐04.jpg  97.41  291.5  1000  653.8 295.7 986.1  22.15  101.4 290.9  22.07  658.2 296.22 

8b‐P1‐DF‐P‐05.jpg  97.1  290.3  994.7  653.5 296.5 981.6  22.38  103.3 289.8  21.76  658.3 297.03 

8b‐P1‐DF‐P‐06.jpg  103.2  288.6  1000  659.3 299.1 986.4  22.49  104.5 287.8  24.46  658.6 296.07 

8b‐P1‐DF‐P‐07.jpg  97.74  292.5  994.2  651.1 266.8 897.7  22.77  103.6 290.4  24.14  660.1 297.37 

8b‐P1‐DF‐P‐08.jpg  98.33  292.2  994.9  660.2 300.5 991.5  22.43  103.9 291.3  23.45  659.4 298.3 

8b‐P1‐DF‐P‐09.jpg  105.7  292.3  999.6  661  293.1 969.7  23.49  104.7 292.9  24.19  661  297.26 

8b‐P1‐DF‐P‐10.jpg  101.1  289.1  996.1  658.8 298  981.3  22.69  104.5 288  23.6  660.4 297.36 
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B.1.1.3 Backlight	

From sheet “!cBL-BL-t3”. 

Table B.3 - Raw data from backlight configuration 

Note: Calibrated to Backlight (QV2_r03‐cal_BL‐P1‐b02‐rev_t3) 

Title 

Geometric Matching  Best Circles 

Left  Right  Left  Right 

Pos.x  Pos.y Score Pos.x Pos.y Score Radius  Pos.x  Pos.y  Radius  Pos.x Pos.y 

8b‐T3‐P1‐Rev‐BL‐F‐01.jpg  130.4  297.3 940.5 692.6 295.2 1000  18.72  129.1  297.2  13.8  687.7 296.39

8b‐T3‐P1‐Rev‐BL‐F‐02.jpg  129.5  292.3 998.6 692.2 294.7 995.7 19.39  129.8  294.3  13.82  687.8 295.6 

8b‐T3‐P1‐Rev‐BL‐F‐03.jpg  129.9  296.4 969.6 692.7 293.9 1000  18.97  128.6  296.7  14.23  688.1 295.31

8b‐T3‐P1‐Rev‐BL‐F‐04.jpg  128.7  289.8 992.7 690.8 297.3 996.2 17.91  126.6  292.1  13.18  686.1 298 

8b‐T3‐P1‐Rev‐BL‐F‐05.jpg  130.4  299.1 986.1 693.2 294.3 976.1 18.3  129.8  298.5  13.62  688.5 295.06

8b‐T3‐P1‐Rev‐BL‐F‐06.jpg  129.8  295.6 993.7 692.3 294.4 1000  19  128.5  295.6  13.88  687.9 295.5 

8b‐T3‐P1‐Rev‐BL‐F‐07.jpg  130.9  294.8 989.7 693.1 294.6 1000  18.85  128.5  295.4  13.8  688.2 295.6 

8b‐T3‐P1‐Rev‐BL‐F‐08.jpg  128  294.4 997.6 691.5 297.2 1000  18.64  127.8  293.1  13.79  686.8 298.2 

8b‐T3‐P1‐Rev‐BL‐F‐09.jpg  129.8  296.7 994.3 693.9 293.7 1000  18.77  129.8  295.7  14.57  690.2 294.99

8b‐T3‐P1‐Rev‐BL‐F‐10.jpg  129.2  291.4 1000  692.4 295.1 984.6 18.94  128.2  291.6  13.7  687.7 295.94

8b‐T3‐P1‐Rev‐BL‐P‐01.jpg  0  0  0  0  0  0  7.946  135  296.9  4.88  687.3 294.38

8b‐T3‐P1‐Rev‐BL‐P‐02.jpg  0  0  0  0  0  0  8.361  133.3  302  7.121  689.8 295.49

8b‐T3‐P1‐Rev‐BL‐P‐03.jpg  0  0  0  0  0  0  8.697  135.9  301.2  4.909  687.3 299.45

8b‐T3‐P1‐Rev‐BL‐P‐04.jpg  0  0  0  0  0  0  8.014  133.8  299.5  6.004  688.1 295 

8b‐T3‐P1‐Rev‐BL‐P‐05.jpg  0  0  0  0  0  0  8.057  131.8  296  4.842  685.9 300.2 

8b‐T3‐P1‐Rev‐BL‐P‐06.jpg  0  0  0  0  0  0  7.84  133.9  299.7  7.028  690.2 295.01

8b‐T3‐P1‐Rev‐BL‐P‐07.jpg  0  0  0  0  0  0  7.998  133.3  296.3  5.017  688.6 294 

8b‐T3‐P1‐Rev‐BL‐P‐08.jpg  0  0  0  0  0  0  9.077  119.2  299.7  23.26  688.1 298.33

8b‐T3‐P1‐Rev‐BL‐P‐09.jpg  0  0  0  0  0  0  7.982  133.1  299.4  4.56  686.8 299.5 

8b‐T3‐P1‐Rev‐BL‐P‐10.jpg  0  0  0  0  0  0  7.874  134  296.6  4.987  687.9 300.77
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B.1.2 Raw	Analysis	Values	

This section provides the basic raw data for set span, as well as average and minimum set 

separation. It can be found on the same Excel file as the Raw Data in the previous section. 

B.1.2.1 Bright	Field	

From sheet “!BF-BF-t3”. 

Table B.4 - Analysis of bright field results 

Geometric Matching  Best Circles 

Left  Right  Left  Right 

Pos.x  Pos.y  Score  Pos.x Pos.y Score Radius  Pos.x Pos.y  Radius  Pos.x Pos.y 

Set Span 

Fail  0  0  0  0  0  0  0.71476 3.503 9.8308  1.59673  3.536 9.2287

Pass  20.89978  8.064  64.81  19.95 7.138 116.7 5.05004 8.231 10.218  4.02537  18.69 9.7307

Minimum Separation 

132.709  294.3  930.3  698.1 296.8 827  3.98457 ‐3.41 ‐8.133 4.02913  ‐3.54 ‐5.889

Average Separation 

‐140.558  ‐298  ‐966.2  ‐705  ‐300  ‐893  ‐7.921  3.203 1.1615  ‐6.46229  7.234 ‐1.978

 

B.1.2.2 Dark	Field	

From sheet “!cDF-DF”. 

Table B.5 - Analysis of dark field results 

Geometric Matching  Best Circles 

Left  Right  Left  Right 

Pos.x  Pos.y  Score  Pos.x  Pos.y  Score  Radius  Pos.x  Pos.y  Radius  Pos.x  Pos.y 

Delta    

Fail  0  0  0  0 0 0 1.7549 6.844 6.8099  5.00966  9.791 1.8118

Pass  26.22253  4.852  13.26  9.904 33.73 93.83 4.11128 3.498 5.1467  2.71073  3.245 2.7453

Minimum Separation    

79.44452  288.6  986.7  651.1 266.8 897.7 2.79621 0.975 ‐4.913  ‐2.1208  ‐3.11 ‐1.812

Average Separation    

‐96.6898  ‐292  ‐995  ‐656 ‐294 ‐974 ‐6.4644 ‐6.2 0.1519  ‐0.4187  3.289 ‐0.354
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B.1.2.3 Backlight	

From sheet “!cBL-BL-t3”. 

Table B.6 - Analysis of backlighting results 

Geometric Matching  Best Circles 

Left  Right  Left  Right 

Pos.x  Pos.y  Score  Pos.x Pos.y Score  Radius  Pos.x Pos.y  Radius  Pos.x Pos.y 

Delta 

Fail  2.907303  9.238  59.55  3.09  3.568 23.908081  1.47154 3.197 6.9285  1.39892  4.093 3.2088

Pass  0  0  0  0  0  0  1.23738 16.7  6.031  18.702  4.293 6.7747

Minimum Separation 

128.0018  289.8  940.5  690.8 293.7 976.09192  8.83635 ‐3.2  ‐2.535  ‐1.39892 ‐4.08 ‐3.209

Average Separation 

129.6449  294.8  986.3  692.5 295  995.26108  10.5636 ‐3.67 ‐3.693  6.57877  ‐0.08 ‐1.156
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B.2 Kinect®	Experiment	–	Chapter	4	

The raw values from the Kinect® experiment are presented, along with the resulting analysis are presented in this section. 

B.2.1 Raw	Values	

Table B.7 - H-Red-Low 

Cam. 
Height 

Mat 
Type  Lighting 

Group 
# 

Shot 
# 

Position  Height  Set Avg  Set Dev Square  Overall Avg  Overall Dev Square 

Up  Down  Up  Down  Up  Down  Up  Down  Up  Down  Up  Down 

H  Red  Low  1  1  R  L  11.55  6.36  11.46  6.04  0.1835  0.3113  11.70  6.25  3.398295  2.479655 

H  Red  Low  1  2        11.57  5.72          

H  Red  Low  1  3        11.42  6.29          

H  Red  Low  1  4        11.15  5.70          

H  Red  Low  1  5        11.59  6.11          

H  Red  Low  2  1  L  R  12.01  6.15  12.29  6.08  0.3815  0.0811 

H  Red  Low  2  2  12.65  6.18          

H  Red  Low  2  3  12.43  6.07          

H  Red  Low  2  4  12.58  6.01          

H  Red  Low  2  5  11.77  6.00          

H  Red  Low  3  1  R  L  11.58  6.77  11.51  6.79  0.0936  0.099 

H  Red  Low  3  2        11.50  6.72          

H  Red  Low  3  3        11.35  6.72          

H  Red  Low  3  4        11.54  6.96          

H  Red  Low  3  5        11.57  6.78          

H  Red  Low  4  1  L  R  11.48  6.27  11.55  6.10  0.2843  0.1439 

H  Red  Low  4  2  12.04  6.22          

H  Red  Low  4  3  11.30  5.96          

H  Red  Low  4  4  11.44  5.96          

H  Red  Low  4  5  11.49  6.08             
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Table B.8 - H-Black-Low 

Cam. 
Height 

Mat 
Type  Lighting 

Group 
# 

Shot 
# 

Position  Height  Set Avg  Set Dev Square  Overall Avg  Overall Dev Square 

Up  Down  Up  Down  Up  Down  Up  Down  Up  Down  Up  Down 

H  Black  Low  1  1  R  L  11.07  6.45  11.11  6.04  0.125  0.3171  11.29  6.06  1.925295  1.43118 

H  Black  Low  1  2        11.10  5.58          

H  Black  Low  1  3        10.94  6.18          

H  Black  Low  1  4        11.27  5.99          

H  Black  Low  1  5        11.19  6.02          

H  Black  Low  2  1  L  R  11.53  6.10  11.00  6.04  0.33  0.3402 

H  Black  Low  2  2  10.84  5.71          

H  Black  Low  2  3  11.09  6.53          

H  Black  Low  2  4  10.67  6.13          

H  Black  Low  2  5  10.89  5.72          

H  Black  Low  3  1  R  L  11.52  6.03  11.55  6.12  0.2633  0.2254 

H  Black  Low  3  2        11.70  6.00          

H  Black  Low  3  3        11.72  6.00          

H  Black  Low  3  4        11.10  6.52          

H  Black  Low  3  5        11.70  6.04          

H  Black  Low  4  1  L  R  11.53  5.74  11.51  6.04  0.0427  0.2913 

H  Black  Low  4  2  11.52  6.28          

H  Black  Low  4  3  11.47  5.71          

H  Black  Low  4  4  11.57  6.31          

H  Black  Low  4  5  11.47  6.14             
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Table B.9 - H-Red-High 

Cam. 
Height 

Mat 
Type  Lighting 

Group 
# 

Shot 
# 

Position  Height  Set Avg  Set Dev Square  Overall Avg  Overall Dev Square 

Up  Down  Up  Down  Up  Down  Up  Down  Up  Down  Up  Down 

H  Red  High  1  1  R  L  11.28  6.95  11.12  6.74  0.212  0.1922  11.52  6.52  2.431245  1.02468 

H  Red  High  1  2        11.07  6.66          

H  Red  High  1  3        10.81  6.68          

H  Red  High  1  4        11.35  6.93          

H  Red  High  1  5        11.07  6.50          

H  Red  High  2  1  L  R  11.63  6.63  11.70  6.61  0.2532  0.0885 

H  Red  High  2  2  11.54  6.75          

H  Red  High  2  3  12.01  6.62          

H  Red  High  2  4  11.40  6.54          

H  Red  High  2  5  11.90  6.53          

H  Red  High  3  1  R  L  11.18  6.42  11.35  6.50  0.1678  0.0792 

H  Red  High  3  2        11.36  6.49          

H  Red  High  3  3        11.21  6.63          

H  Red  High  3  4        11.39  6.47          

H  Red  High  3  5        11.60  6.47          

H  Red  High  4  1  L  R  11.98  6.29  11.91  6.21  0.0654  0.103 

H  Red  High  4  2  11.82  6.31          

H  Red  High  4  3  11.86  6.25          

H  Red  High  4  4  11.95  6.09          

H  Red  High  4  5  11.92  6.11             
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Table B.10 - H-Black-High 

Cam. 
Height 

Mat 
Type  Lighting 

Group 
# 

Shot 
# 

Position  Height  Set Avg  Set Dev Square  Overall Avg  Overall Dev Square 

Up  Down  Up  Down  Up  Down  Up  Down  Up  Down  Up  Down 

H  Black  High  1  1  R  L  10.73  6.15  10.71  6.12  0.0776  0.1013  10.91  6.14  0.54802  0.605655 

H  Black  High  1  2        10.83  6.14          

H  Black  High  1  3        10.63  6.19          

H  Black  High  1  4        10.66  6.17          

H  Black  High  1  5        10.69  5.94          

H  Black  High  2  1  L  R  10.92  5.88  10.97  5.96  0.0962  0.0798 

H  Black  High  2  2  10.90  6.05          

H  Black  High  2  3  10.99  5.98          

H  Black  High  2  4  10.91  6.01          

H  Black  High  2  5  11.13  5.87          

H  Black  High  3  1  R  L  10.98  6.16  10.88  6.22  0.1543  0.077 

H  Black  High  3  2        10.92  6.31          

H  Black  High  3  3        10.72  6.28          

H  Black  High  3  4        10.72  6.24          

H  Black  High  3  5        11.06  6.13          

H  Black  High  4  1  L  R  11.07  6.24  11.07  6.27  0.0967  0.2359 

H  Black  High  4  2  10.98  6.23          

H  Black  High  4  3  10.97  6.13          

H  Black  High  4  4  11.14  6.68          

H  Black  High  4  5  11.19  6.09             
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Table B.11 - M-Red-Low 

Cam. 
Height 

Mat 
Type  Lighting 

Group 
# 

Shot 
# 

Position  Height  Set Avg  Set Dev Square  Overall Avg  Overall Dev Square 

Up  Down  Up  Down  Up  Down  Up  Down  Up  Down  Up  Down 

M  Red  Low  1  1  R  L  11.38  6.37  11.37  6.42  0.0084  0.186  11.27  6.31  1.539255  0.56592 

M  Red  Low  1  2        11.37  6.23          

M  Red  Low  1  3        11.38  6.28          

M  Red  Low  1  4        11.37  6.63          

M  Red  Low  1  5        11.36  6.61          

M  Red  Low  2  1  L  R  11.10  6.11  11.33  6.21  0.2213  0.1011 

M  Red  Low  2  2  11.20  6.11          

M  Red  Low  2  3  11.67  6.34          

M  Red  Low  2  4  11.42  6.25          

M  Red  Low  2  5  11.28  6.26          

M  Red  Low  3  1  R  L  11.61  6.52  11.46  6.35  0.3217  0.1089 

M  Red  Low  3  2        11.45  6.32          

M  Red  Low  3  3        11.79  6.33          

M  Red  Low  3  4        11.50  6.37          

M  Red  Low  3  5        10.93  6.22          

M  Red  Low  4  1  L  R  10.91  6.09  10.91  6.24  0.1035  0.2215 

M  Red  Low  4  2  10.83  6.27          

M  Red  Low  4  3  10.86  5.97          

M  Red  Low  4  4  10.87  6.54          

M  Red  Low  4  5  11.09  6.34             
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Table B.12 - M-Black-Low 

Cam. 
Height 

Mat 
Type  Lighting 

Group 
# 

Shot 
# 

Position  Height  Set Avg  Set Dev Square  Overall Avg  Overall Dev Square 

Up  Down  Up  Down  Up  Down  Up  Down  Up  Down  Up  Down 

M  Black  Low  1  1  R  L  10.72  5.76  10.70  6.06  0.0363  0.2203  11.10  6.03  1.85408  0.425055 

M  Black  Low  1  2        10.66  6.28          

M  Black  Low  1  3        10.74  6.28          

M  Black  Low  1  4        10.71  6.01          

M  Black  Low  1  5        10.66  5.99          

M  Black  Low  2  1  L  R  11.30  5.85  11.36  6.05  0.0526  0.175 

M  Black  Low  2  2  11.37  6.01          

M  Black  Low  2  3  11.37  6.00          

M  Black  Low  2  4  11.33  6.33          

M  Black  Low  2  5  11.44  6.05          

M  Black  Low  3  1  R  L  10.94  6.10  10.91  6.10  0.0548  0.0449 

M  Black  Low  3  2        10.90  6.07          

M  Black  Low  3  3        10.96  6.18          

M  Black  Low  3  4        10.93  6.08          

M  Black  Low  3  5        10.82  6.08          

M  Black  Low  4  1  L  R  11.39  5.95  11.41  5.92  0.0182  0.0412 

M  Black  Low  4  2  11.44  5.95          

M  Black  Low  4  3  11.41  5.88          

M  Black  Low  4  4  11.42  5.87          

M  Black  Low  4  5  11.41  5.95             
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Table B.13 - M-Red-High 

Cam. 
Height 

Mat 
Type  Lighting 

Group 
# 

Shot 
# 

Position  Height  Set Avg  Set Dev Square  Overall Avg  Overall Dev Square 

Up  Down  Up  Down  Up  Down  Up  Down  Up  Down  Up  Down 

M  Red  High  1  1  R  L  10.85  6.47  10.89  6.54  0.0634  0.1106  11.30  6.18  2.31432  1.51328 

M  Red  High  1  2        10.85  6.47          

M  Red  High  1  3        10.87  6.72          

M  Red  High  1  4        11.00  6.46          

M  Red  High  1  5        10.87  6.56          

M  Red  High  2  1  L  R  11.75  5.75  11.80  5.89  0.0909  0.1299 

M  Red  High  2  2  11.72  5.95          

M  Red  High  2  3  11.95  5.96          

M  Red  High  2  4  11.81  5.76          

M  Red  High  2  5  11.76  6.04          

M  Red  High  3  1  R  L  11.14  6.21  11.15  6.31  0.0327  0.1402 

M  Red  High  3  2        11.11  6.45          

M  Red  High  3  3        11.16  6.22          

M  Red  High  3  4        11.15  6.20          

M  Red  High  3  5        11.20  6.48          

M  Red  High  4  1  L  R  11.28  6.00  11.35  6.00  0.1097  0.0586 

M  Red  High  4  2  11.43  6.06          

M  Red  High  4  3  11.21  6.01          

M  Red  High  4  4  11.37  5.90          

M  Red  High  4  5  11.48  6.01             
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Table B.14 - M-Black-High 

Cam. 
Height 

Mat 
Type  Lighting 

Group 
# 

Shot 
# 

Position  Height  Set Avg  Set Dev Square  Overall Avg  Overall Dev Square 

Up  Down  Up  Down  Up  Down  Up  Down  Up  Down  Up  Down 

M  Black  High  1  1  R  L  11.39  6.22  11.47  6.24  0.0763  0.0418  11.36  6.21  0.534575  0.184095 

M  Black  High  1  2        11.39  6.20          

M  Black  High  1  3        11.55  6.28          

M  Black  High  1  4        11.52  6.21          

M  Black  High  1  5        11.51  6.29          

M  Black  High  2  1  L  R  11.41  6.21  11.45  6.26  0.1942  0.0361 

M  Black  High  2  2  11.26  6.25          

M  Black  High  2  3  11.67  6.26          

M  Black  High  2  4  11.27  6.27          

M  Black  High  2  5  11.63  6.31          

M  Black  High  3  1  R  L  11.25  6.27  11.24  6.23  0.0466  0.0723 

M  Black  High  3  2        11.32  6.10          

M  Black  High  3  3        11.21  6.26          

M  Black  High  3  4        11.22  6.23          

M  Black  High  3  5        11.21  6.27          

M  Black  High  4  1  L  R  11.46  6.36  11.29  6.11  0.1968  0.1455 

M  Black  High  4  2  11.19  6.05          

M  Black  High  4  3  11.07  6.12          

M  Black  High  4  4  11.19  6.00          

M  Black  High  4  5  11.53  6.03             
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Table B.15 - L-Red-Low 

Cam. 
Height 

Mat 
Type  Lighting 

Group 
# 

Shot 
# 

Position  Height  Set Avg  Set Dev Square  Overall Avg  Overall Dev Square 

Up  Down  Up  Down  Up  Down  Up  Down  Up  Down  Up  Down 

L  Red  Low  1  1  R  L  10.95  6.30  11.05  6.29  0.127  0.054  11.47  6.29  2.27158  0.79668 

L  Red  Low  1  2        11.04  6.26          

L  Red  Low  1  3        10.93  6.22          

L  Red  Low  1  4        11.06  6.36          

L  Red  Low  1  5        11.25  6.32          

L  Red  Low  2  1  L  R  11.69  6.25  11.79  6.24  0.0888  0.0259 

L  Red  Low  2  2  11.85  6.27          

L  Red  Low  2  3  11.83  6.20          

L  Red  Low  2  4  11.87  6.24          

L  Red  Low  2  5  11.69  6.23          

L  Red  Low  3  1  R  L  11.19  6.72  11.26  6.57  0.054  0.0918 

L  Red  Low  3  2        11.24  6.47          

L  Red  Low  3  3        11.26  6.55          

L  Red  Low  3  4        11.34  6.55          

L  Red  Low  3  5        11.26  6.55          

L  Red  Low  4  1  L  R  11.75  5.87  11.79  6.05  0.0635  0.1133 

L  Red  Low  4  2  11.73  6.16          

L  Red  Low  4  3  11.88  6.13          

L  Red  Low  4  4  11.84  6.04          

L  Red  Low  4  5  11.77  6.03             
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Table B.16 - L-Black-Low 

Cam. 
Height 

Mat 
Type  Lighting 

Group 
# 

Shot 
# 

Position  Height  Set Avg  Set Dev Square  Overall Avg  Overall Dev Square 

Up  Down  Up  Down  Up  Down  Up  Down  Up  Down  Up  Down 

L  Black  Low  1  1  R  L  10.72  6.28  11.10  6.29  0.2344  0.0235  11.25  6.12  1.368175  1.06828 

L  Black  Low  1  2        11.32  6.29          

L  Black  Low  1  3        11.08  6.28          

L  Black  Low  1  4        11.13  6.27          

L  Black  Low  1  5        11.26  6.33          

L  Black  Low  2  1  L  R  11.49  5.83  11.33  5.83  0.1559  0.1195 

L  Black  Low  2  2  11.49  5.98          

L  Black  Low  2  3  11.30  5.71          

L  Black  Low  2  4  11.17  5.92          

L  Black  Low  2  5  11.19  5.72          

L  Black  Low  3  1  R  L  10.86  6.36  10.99  6.37  0.1038  0.0295 

L  Black  Low  3  2        10.97  6.34          

L  Black  Low  3  3        11.15  6.42          

L  Black  Low  3  4        10.98  6.37          

L  Black  Low  3  5        10.98  6.37          

L  Black  Low  4  1  L  R  11.58  5.96  11.57  5.97  0.0409  0.0644 

L  Black  Low  4  2  11.59  6.04          

L  Black  Low  4  3  11.50  6.03          

L  Black  Low  4  4  11.60  5.89          

L  Black  Low  4  5  11.59  5.93             
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Table B.17 - L-Red-High 

Cam. 
Height 

Mat 
Type  Lighting 

Group 
# 

Shot 
# 

Position  Height  Set Avg  Set Dev Square  Overall Avg  Overall Dev Square 

Up  Down  Up  Down  Up  Down  Up  Down  Up  Down  Up  Down 

L  Red  High  1  1  R  L  10.93  6.33  11.05  6.45  0.0702  0.1864  11.51  6.30  1.68658  1.73078 

L  Red  High  1  2        11.11  6.77          

L  Red  High  1  3        11.09  6.35          

L  Red  High  1  4        11.04  6.34          

L  Red  High  1  5        11.06  6.46          

L  Red  High  2  1  L  R  11.77  6.03  11.79  6.03  0.1152  0.0657 

L  Red  High  2  2  11.60  5.99          

L  Red  High  2  3  11.85  6.03          

L  Red  High  2  4  11.86  5.97          

L  Red  High  2  5  11.88  6.14          

L  Red  High  3  1  R  L  11.60  6.73  11.59  6.68  0.0148  0.0998 

L  Red  High  3  2        11.61  6.80          

L  Red  High  3  3        11.59  6.57          

L  Red  High  3  4        11.59  6.58          

L  Red  High  3  5        11.57  6.71          

L  Red  High  4  1  L  R  11.51  6.04  11.61  6.04  0.113  0.0055 

L  Red  High  4  2  11.74  6.03          

L  Red  High  4  3  11.72  6.04          

L  Red  High  4  4  11.60  6.04          

L  Red  High  4  5  11.50  6.03             
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Table B.18 - L-Black-High 

Cam. 
Height 

Mat 
Type  Lighting 

Group 
# 

Shot 
# 

Position  Height  Set Avg  Set Dev Square  Overall Avg  Overall Dev Square 

Up  Down  Up  Down  Up  Down  Up  Down  Up  Down  Up  Down 

L  Black  High  1  1  R  L  11.52  5.93  11.46  5.96  0.0472  0.0733  11.32  5.98  3.94662  1.328855 

L  Black  High  1  2        11.44  5.85          

L  Black  High  1  3        11.49  6.01          

L  Black  High  1  4        11.42  6.02          

L  Black  High  1  5        11.41  6.01          

L  Black  High  2  1  L  R  11.75  5.67  11.72  5.72  0.0224  0.0811 

L  Black  High  2  2  11.71  5.82          

L  Black  High  2  3  11.69  5.65          

L  Black  High  2  4  11.73  5.67          

L  Black  High  2  5  11.72  5.80          

L  Black  High  3  1  R  L  10.72  6.24  10.58  6.38  0.1078  0.1264 

L  Black  High  3  2        10.46  6.50          

L  Black  High  3  3        10.48  6.25          

L  Black  High  3  4        10.62  6.49          

L  Black  High  3  5        10.61  6.41          

L  Black  High  4  1  L  R  11.50  5.87  11.54  5.85  0.0402  0.0406 

L  Black  High  4  2  11.50  5.78          

L  Black  High  4  3  11.53  5.85          

L  Black  High  4  4  11.58  5.88          

L  Black  High  4  5  11.58  5.87             
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B.2.2 Analysis	

B.2.2.1 Sensor	Analysis	

Table B.19 - Sensor accuracy/error 

   Min  Max  Avg  Avg Dev  Std Dev 

Cam. 
Height 

Mat 
Type  Lighting  Up  Down  Up  Down  Up  Down  Up  Down  Up  Down 

H  Black  High  0.71  0.08 1.27  0.73  0.993  0.4645 0.1376  0.11395  0.169833  0.155309 

H  Black  Low  0.18  0.07 1.23  1.02  0.6055  0.541 0.2785  0.2109  0.318326  0.274454 

H  Red  High  0  0.02 1.09  0.51  0.4096  0.189 0.2786  0.1307  0.325963  0.154133 

H  Red  Low  0.11  0.12 0.75  0.9  0.4205  0.4435 0.1436  0.1805  0.186081  0.226513 

L  Black  High  0.15  0.1 1.44  0.95  0.577  0.6215 0.3725  0.2102  0.45576  0.264461 

L  Black  Low  0.3  0.18 1.18  0.89  0.6525  0.484 0.2245  0.215  0.268345  0.237119 

L  Red  High  0.02  0.02 0.97  0.63  0.389  0.362 0.2337  0.204  0.297939  0.220277 

L  Red  Low  0.02  0.05 0.97  0.73  0.429  0.326 0.319  0.1388  0.34577  0.183974 

M  Black  High  0.23  0.24 0.83  0.6  0.5375  0.3905 0.1435  0.0757  0.167736  0.098434 

M  Black  Low  0.46  0.27 1.24  0.84  0.804  0.5665 0.292  0.11485  0.312383  0.14957 

M  Red  High  0.05  0.04 1.05  0.85  0.607  0.428 0.2826  0.228  0.339769  0.26265 

M  Red  Low  0.11  0.01 1.07  0.63  0.6315  0.296 0.2358  0.125  0.284629  0.165256 
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Table B.20 - Sensor precision 

   Avg Set STDEV  Min Set STDEV  Max Set STDEV  Overall Avg  Std Dev 

Cam. 
Height 

Mat 
Type  Lighting  Up  Down  Up  Down  Up  Down  Up  Down  Up  Down 

H  Black  High  0.106183  0.123505 0.077589  0.077006  0.154272  0.23586 10.907  6.1435  0.169833  0.17854 

H  Black  Low  0.190235  0.293501 0.042661  0.225433  0.32997  0.34025 11.2945  6.059  0.318326  0.274454 

H  Red  High  0.174615  0.115715 0.065422  0.079246  0.253239  0.192172 11.5164  6.516  0.357715  0.232229 

H  Red  Low  0.235723  0.158833 0.093648  0.081056  0.381471  0.311336 11.7005  6.2515  0.422916  0.361259 

L  Black  High  0.054407  0.080349 0.022361  0.04062  0.107796  0.126372 11.323  5.9785  0.45576  0.264461 

L  Black  Low  0.133736  0.059206 0.040866  0.023452  0.23435  0.119457 11.2475  6.116  0.268345  0.237119 

L  Red  High  0.078323  0.089367 0.014832  0.005477  0.115195  0.186414 11.511  6.299  0.297939  0.301817 

L  Red  Low  0.083323  0.071238 0.054037  0.025884  0.127004  0.11327 11.471  6.286  0.34577  0.204769 

M  Black  High  0.128466  0.073927 0.046583  0.036056  0.196774  0.145499 11.3625  6.2095  0.167736  0.098434 

M  Black  Low  0.040475  0.120364 0.018166  0.041231  0.054772  0.220295 11.096  6.0335  0.312383  0.14957 

M  Red  High  0.074184  0.109822 0.032711  0.058566  0.109681  0.14025 11.298  6.184  0.349008  0.282217 

M  Red  Low  0.163725  0.154392 0.008367  0.101143  0.321683  0.221517 11.2685  6.308  0.284629  0.172584 
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B.2.2.2 Inspection	Performance	Analysis	

Table B.21 - Set span and separation results 

   Up  Down  Overall Average  Span           Span       

Cam. Height  Mat Type  Lighting  Min  Max  Min  Max  Up  Down  Up  Down  Min. Sep  Avg. Sep     Up  Down  Min. Sep  Avg. Sep 

H  Black  High  10.63  11.19  5.87  6.68  10.907  6.144  0.56  0.81  3.95  4.76     0%  125%  ‐16%  ‐13% 

H  Black  Low  10.67  11.72  5.58  6.53  11.295  6.059  1.05  0.95  4.14  5.24     88%  164%  ‐12%  ‐4% 

H  Red  High  10.81  12.01  6.09  6.95  11.516  6.516  1.2  0.86  3.86  5.00     114%  139%  ‐18%  ‐8% 

H  Red  Low  11.15  12.65  5.70  6.96  11.701  6.252  1.5  1.26  4.19  5.45     168%  250%  ‐11%  0% 

L  Black  High  10.46  11.75  5.65  6.5  11.323  5.979  1.29  0.85  3.96  5.34     130%  136%  ‐16%  ‐2% 

L  Black  Low  10.72  11.6  5.71  6.42  11.248  6.116  0.88  0.71  4.30  5.13     57%  97%  ‐9%  ‐6% 

L  Red  High  10.93  11.88  5.97  6.8  11.511  6.299  0.95  0.83  4.13  5.21     70%  131%  ‐12%  ‐4% 

L  Red  Low  10.93  11.88  5.87  6.72  11.471  6.286  0.95  0.85  4.21  5.19     70%  136%  ‐11%  ‐5% 

M  Black  High  11.07  11.67  6.00  6.36  11.363  6.210  0.6  0.36  4.71  5.15     7%  0%  0%  ‐5% 

M  Black  Low  10.66  11.44  5.76  6.33  11.096  6.034  0.78  0.57  4.33  5.06     39%  58%  ‐8%  ‐7% 

M  Red  High  10.85  11.95  5.75  6.72  11.298  6.184  1.1  0.97  4.13  5.11     96%  169%  ‐12%  ‐6% 

M  Red  Low  10.83  11.79  5.97  6.63  11.269  6.308  0.96  0.66  4.20  4.96     71%  83%  ‐11%  ‐9% 
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Table B.22 - Percentage change trends by change in physical variable 

       Lighting High to Low     Black to Red     Change from Low 

Cam. Height  Mat Type  Lighting  Up  Down  Min. Sep  Avg. Sep     Up  Down  Min. Sep  Avg. Sep     Up  Down  Min. Sep  Avg. Sep 

H  Black  High        ‐57%  ‐5%  0%  ‐11% 

H  Black  Low  88%  17%  5%  10%        19%  34%  ‐4%  2% 

H  Red  High     114%  6%  ‐2%  5%     26%  4%  ‐7%  ‐4% 

H  Red  Low  25%  47%  9%  9%     43%  33%  1%  4%     58%  48%  0%  5% 

L  Black  High       

L  Black  Low  ‐32%  ‐16%  9%  ‐4%       

L  Red  High     ‐26%  ‐2%  4%  ‐2%    

L  Red  Low  0%  2%  2%  ‐1%     8%  20%  ‐2%  1%    

M  Black  High        ‐53%  ‐58%  19%  ‐4% 

M  Black  Low  30%  58%  ‐8%  ‐2%        ‐11%  ‐20%  1%  ‐1% 

M  Red  High     83%  169%  ‐12%  ‐1%     16%  17%  0%  ‐2% 

M  Red  Low  ‐13%  ‐32%  2%  ‐3%     23%  16%  ‐3%  ‐2%     1%  ‐22%  0%  ‐4% 

    Average  16%  13%  3%  2%     41%  40%  ‐2%  1%     0%  0%  1%  ‐2% 

    ABS Average  16%  14%  3%  2%  25%  21%  2%  1%  20%  17%  3%  3% 
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Appendix	C	 Lighting	Experiment	Software	(QVision2)	

This appendix presents the details of the experimental software used (QVision2) in the 

experiment described in Chapter 3. The system requirements and a functional description of the 

software components are included. 

C.1 Setup	and	Required	Files	

The QVision2 software developed and run in National Instruments LabVIEW 2010. Although it 

should be compatible with future versions of LabVIEW, it has not been tested or confirmed. In 

addition to the base software, several additional extensions must be installed for QVision 2 to 

function. 

Table C.1 - Required software/installations 

Software Description 

LabVIEW 2010 Main development environment and software launcher 

NI Vision 
Development 
Module 

Software extension that allows for a GUI setup of machine vision 
subroutines. 

IMAQ Driver software for acquiring images. 

NI LabView 
Report 
Generation 
Toolkit for 
Microsoft Office 

Software extension that allows for spreadsheet file output. 

 
There a three versions of the QVision2 software that can be run. Each file is calibrated for a 

particular lighting geometry. The files can be found on the attached digital media, refer to 

Appendix A. 

Table C.2 - QVision2 files 

File Name Description 

QV2_r03-cal_BF-P1-b01.vi Calibrated for bright field illumination. 
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QV2_r03-cal_DF-P1-b01.vi Calibrated for dark field illumination. 

QV2_r03-cal_BL-P1-b01.vi Calibrated for backlighting. 

C.2 Program	Overview	

QVision2 is based on LabVIEW, so there are two main parts two the code: the Graphic User 

Interface (GUI) and the block code. 

C.2.1 Graphic	User	Interface	

 

Figure C.1 - QVision2 GUI 

The GUI is where the user setups up and processes data for the experiment. The user must set the 

input folder containing the sample images that are to be analyzed and the output file where the 

generated data is recorded. 

C.2.2 Block	Code	

LabVIEW code differs from traditional coding as it uses interconnected blocks to represent a 

piece of software instead of text. Figure C.2 is an image of the complete code for QVision 2. This 

code is broken down into its functional components in the following section so that the code is 

more easily understood.
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Figure C.2 - QVision2 Block Code 
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C.3 Operating	Procedure	

This outlines, step-by-step, the procedure to run QVision2: 

Table C.3 - Operating procedure 

Step Image Description 

1a. 

 

Select image folder. (must be 
JPEG files) 

1b. 

Select an excel file to hold the 
data. 
Any existing data will be 
overwritten! 

2. 

 

Run program 

3. - Check excel file for new data. 

C.3.1 Excel	Output	File	

Figure C.3 is a sample of the data outputted by QVision2. The software only outputs rows of data, 

including the filenames, the headers were added afterward for clarity. 

Title 

Geometric Matching  Hole Measurement 

Left  Right  Left  Right 

Pos.x  Pos.y  Score  Pos.x  Pos.y  Score  Radius  Pos.x  Pos.y  Radius  Pos.x Pos.y 

8b‐P1‐DF‐F‐01.jpg  0  0 0 0 0 0 15.71 96.98  290.3  22.62 661.7 296.7

8b‐P1‐DF‐F‐02.jpg  0  0 0 0 0 0 15.8 93.35  289.5  21.28 660.1 296.84

8b‐P1‐DF‐F‐03.jpg  0  0 0 0 0 0 16.19 98.7  292.7  23.36 668.1 296.79

Figure C.3 - Sample Excel table 

For geometric matching, the location of the centroid and the score of the best match in each 

location is recorded. The x- and y-coordinates of the centroid are recorded in pixels where the top 

left corner of the image is the origin. The score is reported out of 1000. Hole measurement returns 
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the location of the centroid of the circle (with the same conventions as geometric matching) and 

also returns the radius of the circle in pixels. 

C.4 Functional	Components	

The complete block code can be broken down into function subsets that are described in Table X. 

Table C.4 - Functional component listing 

Description Block Code 

 

Takes the input for the 
sample image folder, 
access all the JPEG files 
in the folder and loads 
them into the program 

 

Sets up access to the user-
designated Excel file for 
data output. 

 

Images fed into the 
system are processed in 
parallel through the 
Geometric Matching and 
Hole Measurement 
subVIs. The value data is 
passed out to be recorded 
in the Excel file and an 
image with the found 
geometry overlaid is sent 
to the GUI to be displayed 
to the user. 
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Processes data from 
Geometric Matching so 
that it can be written into 
the Excel file. 
 

Note: This is in a 
true/false block so that a 
value of “99999” is 
written to the position 
coordinates and the score 
if no matches are found. 
This had to be done 
because no data is 
generated if there are no 
matches. 

 

This compiles all the 
results from both vision 
algorithms to be recorded 
in the Excel file. 

These are the functions 
required to properly write 
the data from the vision 
algorithms to the Excel 
file. 
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C.5 Subroutine/SubVI	Setup	

Subroutines in LabVIEW are called subVIs and are self-contained in individual icons/blocks. The 

following describes a brief overview of the subVIs used in QVision2 and how each was setup.  

Table C.5 - SubVI listing from QVision2 

SubVI Description 

 

Geometric Matching 

 

Hole Matching 

 
Output Image to GUI 

 

Double-clicking on a subVI will bring up a window with options for editing parameters. Figure 

C.4 is brought up when editing the machine vision subVIs. In the following sections, notes on 

how each machine vision algorithm is discussed in context with the experiment. The National 

Instruments Vision Concepts Manual should be referenced for more detail in regards to geometric 

matching or the hole measurement algorithms. The built-in help menu is also an excellent 

resource for all the various functions within LabVIEW. The National Instruments Vision 

Concepts Manual is included in the attached media, refer to Appendix A. 

In the NI Vision Assistant window (Figure C.4), various filters and vision algorithms can be 

applied to an image. These can be selected in the menu on the left hand side. The example 

provided is setup for two geometric matching routines which can be seen on the bottom part of 
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the window, above the “Help” button. Once one of these algorithms is selected and added to the 

“Script”, its parameters can be adjusted by double clicking on the desired block. 

 

Figure C.4 - NI Vision Assistant window 

C.5.1 Geometric	Matching	Setup	

Geometric matching attempts to match the features from a template in the defined region of 

interest in a given sample image. 
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Table C.6 – Geometric Matching settings 

Setting Option Notes 

Add a label to this process. 

The template is set with a pre-saved image 
that can be loaded, alternatively the user can 
crop one out from an existing sample image. 
 
The performance of this algorithm does 
depend on the selection and tuning of the 
template. The image should be limited to the 
clip and external features can be manually 
erased on the template by pressing the “Edit 
Template” button. 
 
Template example: 
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Curve settings were not changed, these are 
the default values. 

The settings control what is reported as a 
proper match. For the purposes of this 
experiment, we only required one match for 
each side of the clip. The amount of rotation 
was also set to a maximum to allow or any 
orientation of the clip that may have shown 
up in the sample images. 
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C.5.2 Hole	Measurement	Setup	

Hole measurement identifies the strongest circle in a defined region of interest. 

Table C.7 – Hole Measurement settings 

Setting Option Notes 

Add a label to this process. 
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Search direction had a large impact on the 
quality of the results. Searching from the 
outside in led to a larger and more accurate 
representation of the hole that was present. 
 
Edge strength was the main variable to be 
calibrated to determine what values counted 
as an edge. The Edge Strength Profile was 
very helpful in interpreting the data to help 
decide on a good value for this parameter. 

The results with the current settings on a 
given sample image. 
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Appendix	D	 Kinect®	Experiment	Software	

This appendix presents the details of the experimental used in the Kinect® experiment described 

in Chapter 4. Setup and installation instructions, as well as details into the workings of the 

software itself are all discussed. With the exception of RGBDemo (which was written in C++), all 

the other components were installed executables or compiled libraries that were not modified. 

D.1 Setup	and	Installation	

The experimental software is based on RGBDemo 0.6.0, an open source framework for the 

Microsoft Kinect® that is itself built on a set of open-source programs. Because of these 

prerequisites, there are a large number of programs to install before the software can function. 

D.1.1 Required	Files	

All the required software installation files are included in the attached media, with the exception 

of Microsoft Visual Studio and CMake. Refer to Appendix A for full details on location of the 

installation files. 

D.1.2 Installation	Procedure	

These are the installation procedures for a system running a 64-bit version of Windows 7 using 

Microsoft Visual Studio 2010 with code based on a 32-bit RGBDemo 0.6.0. At the time of the 

experiment, a procedure for this system configuration was not available from the developer. If 

you are using an alternate system configuration, check the RGBDemo site for installation and 

setup instructions. 

Table D.1 - Installation Procedure 

Step Description File 

1 
Install Microsoft Visual Studio  

- with C++ module 
 

2 Install CMake cmake-2.8.5-win32-x86.exe 
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3 Install Boost Boost-1.46.1-vs2010-x86.exe 

4 Install CMINPACK CMINPACK-1.1.3-win32.exe 

5 Install Eigen Eigen-3.0.0-win32.exe 

6 Install Flann flann-1.6.9-win32.exe 

7 Install Qhull qhull-6.2.0.1373-win32.exe 

8 Install VTK VTK-5.6.1-win32.exe 

9 Install OpenNI OpenNI-Win32-1.3.2.1-Dev.msi 

10 Install SensorKinect 
SensorKinect-Win-OpenSource32-
5.0.3.3.msi 

11 Install NITE NITE-Win32-1.4.1.2-Dev.msi 

12 
Install Cudatoolkit 

- use the “typical” setting 
cudatoolkit_4.0.17_win_32.msi 

13 Install Gpucomputingsdk gpucomputingsdk_4.0.19_win_32.exe

14 Install Python python-2.7.2.msi 

15 Install Pywin pywin32-216.win32-py2.7.exe 

16 Install Numpy 
numpy-1.6.1-win32-superpack-
python2.7.exe 

17 Install NSIS nsis-2.46-setup.exe 

18 
Extract QT and jom.exe 

- to C:\QT\ 
QT:  
jom.exe:  

19 

Setup QT: 
a. add “C:\QT\” to system path environment 

variable 
b. run "Visual Studio Command Prompt 

(2010)" 
c. Run the following command in the vs 

prompt: 
“cd C:\QT” 

d. Run the following command in the vs 
prompt: 
“set QTDIR=C:\QT\bin” 

e. Run the following command in the vs 
prompt: 
“set QTMAKESPEC=win32‐msvc2010” 

f. Run the following command in the vs 
prompt: 
“configure ‐opensource ‐platform win32‐
msvc2010 ‐nomake examples ‐nomake 
demos ‐nomake docs” 

g. Run the following command in the vs 
prompt: 
“jom ‐j 4” 
Note: this specifices the # of cores in the computers 
CPU, change as necessary. 
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20 
Extract OpenCV 2.3.0 to C:\kinect\source\opencv‐
2.3.0 

- create the directories if need be 

 

21 
Create the build directory:  

C:\kinect\source\opencv‐2.3.0\build 
 

22 
Extract TBB to C:\kinect\source\tbb\ 

- create the directories if need be 

 

23 Copy Python27_d.lib to C:\Python27\libs\  

24 

CMake OpenCV 
a. Run CMake 
b. Press “Browse Source” 
c. Select source directory for OpenCV: 

C:\kinect\source\opencv‐2.3.0 
d. Press “Browse Build” 
e. Select the build directory for OpenCV: 

C:\kinect\source\opencv‐2.3.0\build 
f. Check the two checkboxes: 

o “Grouped” 
o “Advanced” 

g. Press the “Configure” button. 
h. Select “Microsoft Visual Studio 2010” 
i. Check off the following options: 

o EIGEN_INCLUDEPATH 
o BUILD_EXAMPLES 
o PYTHON*** (all options) 
o WITH_EIGEN 
o WITH_OPENNI 
o WITH_QT 
o WITH_QT_OPENGL 
o WITH_TBB 
o TBB_INCLUDE_DIR 
o OPENNI_*** (all options) 

j. Press the “Configure” button again, check 
for errors in red. 

k. Press the “Generate” button; a ready 
message appears in the status bar (bottom 
left) when complete. 

 

25 

Compile OpenCV in MS Visual Studio: 
- Open OpenCV solution file: 

…\opencv‐2.3.0\build\OpenCV.sln 
- Look for the Build/Release dropdown menu 

and select “Release” 
- Go to the menu bar, select “Build” then 

“Build Solution” 

 

26 
CMake PCL 

a. Run CMake 
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b. Press “Browse Source” 
c. Select source directory for OpenCV: 

C:\kinect\source\pcl‐1.1.0 
d. Press “Browse Build” 
e. Select the build directory for OpenCV: 

C:\kinect\source\ pcl‐1.1.0\build 
f. Check the two checkboxes: 

o “Grouped” 
o “Advanced” 

g. Create directory: C:\Program 
Files\PCL\lib\pcl 

h. Press the “Configure” button. 
i. Select “Microsoft Visual Studio 2010” 
j. Check off the following options: 

o VTK_DIR 
o visualisation 

k. Press the “Configure” button again, check 
for errors in red. 

l. Press the “Generate” button; a ready 
message appears in the status bar (bottom 
left) when complete. 

27 

Compile and install PCL 
- Open OpenCV solution file: 

…\pcl‐1.1.0\build\PCL.sln 
- Look for the Build/Release dropdown menu 

and select “Release” 
- Go to the menu bar, select “Build” then 

“Build Solution” 
- Wait till the build finishes 
- Now build the “INSTALL” solution (on the 

left side menu) 
- Copy to C:\Program Files\PCL\lib\pcl\ : 

o PCLDepends.cmake  
o PCLDepends‐debug.cmake  
o PCLDepends‐release.cmake  

 

28 
Modify PATH variables for OpenCV and PCL 

- Add …\bin\refs 
 

 

Following the instructions laid out in Table D.1, the system should be setup to run RGBDemo or 

our Kinect® experimental software. 

D.1.3 Setting	Up	Experimental	Software	

The original RGBDemo must be built before the functional experimental software can be grafted 

in. This is similar to the use of CMake to build solutions for OpenCV and PCL. 
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Table D.2 - RGBDemo and experimental software setup 

Step Description 

1 
Extract RGBDemo 0.6.0 to: 

C:\kinect\source\rgbdemo‐0.6.0\ 

2 
Create build directory: 

C:\kinect\source\rgbdemo‐0.6.0\build 

3 

CMake RGBDemo 
a. Run CMake 
b. Press “Browse Source” 
c. Select source directory for OpenCV: 

C:\kinect\source\ rgbdemo‐0.6.0 
d. Press “Browse Build” 
e. Select the build directory for OpenCV: 

C:\kinect\source\ rgbdemo‐0.6.0\build 
f. Check the two checkboxes: 

o “Grouped” 
o “Advanced” 

g. Press the “Configure” button. 
h. Select “Microsoft Visual Studio 2010” 
i. Check off the following options: 

o Under NESTK group 
 NESTK_BUILD_SAMPLES 
 NESTK_USE_EMBEDED_EIGEN 
 NESTK_USE_EMBEDED_GLEW 
 NESTK_USE_EMBEDED_PMDSK 
 NESTK_USE_OPENNI 
 NESTK_USE_PCL  

o Check if QT is found 
j. Hit “Configure” 
k. Check, if not found, browse the installs from Table D.1 

o OPENNI group 
o NITE group 

l. Hit “Configure” 
m. Check for errors in the following, may need to point to the installs from Table D.1 

o EIGEN group 
o FLANN group 
o GLEW group 
o OPENGL group 
o QHULL group 
o OPENNI_*** (all options) 

n. Press the “Configure” button again, check for errors in red. 
o. Press the “Generate” button; a ready message appears in the status bar (bottom 

left) when complete. 

4 

Compile RGBDemo 
- Open OpenCV solution file: 

…\ rgbdemo‐0.6.0\build\RGBDemo.sln 
- Look for the Build/Release dropdown menu and select “Release” 
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- Go to the menu bar, select “Build” then “Build Solution” 

5 

Graft in experiment code by copying the following folders from the attached media to …\ 
rgbdemo‐0.6.0\build\. 

- nestk 
- object 
- viewer 

Note: you will have to over write the existing files. 

6 Rebuild the solution. 
 

To run the software, execute rgbd-object.exe in …\ rgbdemo‐0.6.0\build\bin\Release\ after it 

has been compiled/built. 

D.2 Program	Overview	

The Kinect® experimental software is built from the table-top detector demo in RGBDemo, 

which has a large collection of functioning demos using the Kinect®. The table-top detector 

demo itself is based on various open-source projects, most notably Point Cloud Library (PCL) 

and QT. PCL provides the framework for three-dimensional visualization and the algorithm to 

isolate objects on a surface. QT is the graphic user interface framework used to develop the user 

front-end of the software. The official Windows drivers were not used for connecting the 

Kinect®, instead the drivers from PrimeSense Inc. were used.  

D.2.1 GUI	

The experimental software consists of two windows. The window in Figure D.1 is the main 

interface for any RGBDemo which displays the raw data taken from the Kinect at any given time. 

The colour gradient in the image represents the perceived depth by the sensor, which can be 

changed by accessing the menu bar. This was useful in positioning the camera and to ensure that 

the objects of interest were in the sensor’s field of view.  
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Figure D.1 - Main window 

Figure D.2 is the window for tabletop object detection. When the “Acquire New Models” button 

is pressed, a depth and video image are grabbed, the largest surface in the image identified and 

the objects above that surface are isolated. The left portion of the window shows three 

dimensional model representations of the found objects, using the colour video image to overlay 

an image of the object surface on the visible side of the model. The program automatically fills 

the visible hull to create the 3D object and the window is fully manipulatable (pan, tilt and zoom) 

using a mouse. The right portion features the colour image with the point cloud of each object in 

pink and a blue bounding box. Identification numbers (in white) for each object are found at the 

top left corner of each bounding box with the determined heights listed at the top left corner of 

the image. “Reset Models” clears the current models displayed and “Save to objectXXX.ply” will 
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output the models in PLY format. PLY files are object files for 3D animation software such as 

Blender. 

 

Figure D.2 - 3D object detection window 

D.2.2 Code	

Within Microsoft Visual Studio, RGBDemo is a collection called a solution which holds all the 

different parts of code for the different functions available. Within the solution, groups of code 

are divided into projects which are functional groupings. These are be background functions such 

as calibration routines to the actual executable code for a portion of RGBDemo. Out of the 29 

projects in RGBDemo, three were examined when editing the code for the experiment: rgbd-

object, nestk and table-top-object. RGBDemo is written in C++. 

Table D.3 - Project breakdown 

Project Description 

rgbd-object The program code to run the table top object detector demo in RGBDemo. 

nestk The core library for RGBDemo, this provides access to the Kinect features and 
the basic framework for storing and processing data form the Kinect. 

table-top-object Contains the file that implements the table top detector process. 
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D.3 Code	Changes	

The section just highlights the changes made to RGBDemo 0.6.0. 

D.3.1 table_object_rgbd_modeler	

table_object_rgbd_modeler provides the framework for an individual item found on the 

detector plane. The data and attributes of this model, as well as function relating to it, are all 

contained with this program under the nestk project. Additions were made to the modeler to 

accommodate storing the object height, as well as calculating the height when the object is 

created. 

D.3.1.1 Header	File	

 

Figure D.3 – Added variables 

Figure D.3 lists the private variables declared to measure the height of an object. 

D.3.1.2 C++	File	

There are two steps to determine the height of an object with this implemented algorithm. 

 

Figure D.4 – Establishing the maximum y coordinate 

The first, as shown in Figure D.4, is to determine the maximum y-coordinate point on the object. 

 

Figure D.5 – Height calculation 
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Height is calculated by finding the height from the coordinate with the maximum y-coordinate to 

the detector plane, as shown in Figure D.5. The distanceToPlane() is a pre-build method that 

returns the distance from any given point to the detector plane along its normal. 

D.3.2 GUIController	

GUIController is part of the rgbd_object project and is the top-level code that governs this 

application and its GUI. 

D.3.2.1 Header	File	

No changes. 

D.3.2.2 C++	File	

 

Figure D.6 – Modification to display height values 

The modifications in the code, as shown in Figure D.6, appear in Figure D.2. The identification 

number (cluster_id) of each object is displayed adjacent to the object’s bounding box, which 

is accomplished with lines 351 to 357 of the code. The height listings are generated with lines 363 

to 367. The entire block of code is within a for-loop such that it executes for each object 

identified on the detector plane.  
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Appendix	E	 Hardware	Specifications	

E.1 Lighting	Experiment	

 

Figure E.1 - Camera overview, page 1 (IMI-Tech, 2011) 
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Figure E.2 - Camera specifications, page 2 (IMI-Tech, 2011) 
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E.1.1 Lighting	Specifications	

 

Figure E.3 - Backlighting specifications (Edmund Optics, 2011) 
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Figure E.4 - Line light specifications (Advanced Illumination, 2011) 
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Figure E.5 - Ring light specifications, page 1 (Nerlite/Microscan, 2011) 
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Figure E.6 - Ring light specifications, page 1 (Nerlite/Microscan, 2011) 
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Figure E.7 - Spot light specifications (Advanced Illumination, 2011) 
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E.2 Kinect	Experiment	

 

Figure E.8 - PrimeSensor specifications, page 1 (PrimeSense Inc. 2011) 
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Figure E.9 - PrimeSensor specifications, page 2 (PrimeSense Inc. 2011) 
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Figure E.10 - PrimeSensor specifications, page 3 (PrimeSense Inc. 2011) 
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Figure E.11 - PrimeSensor specifications, page 4 (PrimeSense Inc. 2011) 
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