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Abstract

In the production line, inspection and quality control are essential to maintain the
quality of the products. It assures confidence in the manufacturer and provides
satisfaction to the customer. Product inspection is an indispensable tool of the mod-
ern manufacturing process. It helps in maintaining the quality of the product and
reduces manufacturing costs by eliminating scrap losses. Several non-destructive ex-
aminations (NDE), or non-destructive testing (NDT), are used to analyze materials for
inherent flaws such as fractures, dents or cracks. Same as the manufacturing pro-
cess, the inspection process should also be automatic.

Machine vision emerged as an important new technique for industrial inspec-
tion and quality control in the early 1980s. It is proven to be an accurate and inex-
pensive inspection tool for high volume, labour-intensive and repetitive inspection
operations in automotive and manufacturing industries. Machine vision provides
the technology and methods for imaging-based automatic inspection and analysis.
However, the reflective surface of the object puts some limitations on traditional
methods of machine vision. Generally, the inspection of the reflective surface is per-
formed in a dark environment, as the ambient lighting condition of the working
environment makes the reflective surface look highly specular.

This research mainly focuses on overcoming the limitation of traditional machine
vision methods. A novel three-dimensional (3D) measuring system is developed to
inspect a product with a highly specular surface accurately. This technique aims to
combine the concepts of stereo vision and laser triangulation for the 3D reconstruc-
tion of the product. This method provides a simple but accurate solution to inspect
the reflective surface. The main advantage of this system is that it works robustly
even in the presence of ambient light.

The thesis briefly explains the effect of background on the accuracy of the inspec-
tion. Also, a thorough comparison of red and blue light lasers in terms of accuracy
is described. In addition, the difficulties induced by the nature of the surface in am-
bient lighting conditions are evaluated. An algorithm is invented to overcome these
difficulties.

Along with accurate measurements, it is also essential to detect defects such as
dents, bumps, cracks, and scratches present in a product. As these defects are palpa-
ble and are not visible by the camera, it is tough to detect them using vision-based
inspection techniques in ambient lighting conditions. This thesis focuses on three
types of defects: Dents, Bumps, and Scratches. With the proposed 3D measurement
system, we can detect the defects of size 0.02mm accurately.

Artificial intelligence (Al) has many applications in the production industries. One
of the applications is to inspect the products for defects. However, Al is not used
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to reconstruct a 3D model of the product with reflective surfaces accurately. In this
research, we propose to use machine learning-based techniques for the accurate 3D
reconstruction of the product. The one-dimensional (1D) data of the projected laser
line is used to train machine learning (ML) and deep learning (DL) models. These
models are trained to detect the projected laser line accurately in the presence of
ambient light. The detected laser line plays a vital role in creating an accurate 3D
model of the product.

Finally, we compare different machine learning-based techniques with the above-
mentioned stereo-laser technique based on accuracy.

Keywords

Three-Dimensional(3D) measurement, Quality control, Highly specular surfaces,
Ambient lighting conditions, Defects detection, Stereo vision, Laser line projection,
Deep learning, Machine learning, One-Dimensional(1D) convolutional neural net-
work, Supervised regression, Recurrent neural network, Inspection.
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Chapter 1

Introduction

This chapter provides a brief background of machine vision for inspection in a large pro-
duction line. The critical parameters of this research, such as; the working environment’s
ambient lighting conditions, and the specularity of the product’s surface, are explained in
detail. Also, a brief introduction of Facteon Intelligent Technology Ltd. is provided. The
rationale of the study and motivations are as well specified in this chapter. A brief summary
of our approach for the inspection in ambient light is provided. Additionally, the problem
statements and research questions are presented; finally, the thesis’s structure is denoted by
a flow chart in Fig. 1.1.

1.1 Background

According to Campbell, “INSPECTION is a methodical examination or formal eval-
uation exercise. In engineering, inspection involves the measurements, tests, and
gauges applied to certain characteristics in regard to an object or activity [2].” In
the age of smart manufacturing, manufacturers look to gain higher product yield
and reduce scrap rates by improving the accuracy of inspection processes [3]. It
is also essential to measure all critical-to-quality features before the product leaves
manufacturing lines. The quality results help to simulate failure modes and verify
strength criteria to validate functional product design [4].

As the manufacturing process is automated, it is essential that the process of
quality checking is also automated. The automation in quality checking will save
time, reduce manual work and increase the accuracy of the output [5]. In auto-
mated manufacturing process, on-line non-destructive automated inspections are
well suited [4]. Machine Vision is the key to automation [6]. Its ability to acquire an
image, analyze it, and make an appropriate decision is extremely useful in inspec-
tion and quality control applications [2]. Accuracy, time and cost are some critical
parameters to consider while choosing the inspection process. The accuracy of the
results depends on the technique of inspection. However, the accuracy is compro-
mised when machine vision techniques are used upon reflective surfaces. As the
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Figure 1.1: Flow chart of the thesis.

ambient light will make the surface look highly specular (mirror-like). Additionally,
the manufacturing machinery causes vibrations, which can also affect the accuracy
of the inspection process. In addition, to save time, defects must be detected at the
same time as the 3D measurement. The ultimate goal of this research is to develop
an accurate 3D measurement system that works flawlessly even in ambient light.
Furthermore, the system should be fast, autonomous and cost-effective.

This research has been carried out in collaboration with Facteon Intelligent Tech-
nology Ltd. Facteon was founded in 1981 as the integral engineering division of
Fisher & Paykel Appliances. “Facteon is an international specialist in designing,
building and innovating world-class factory solutions [7].” Facteon is a member of
Haier’s industrial intelligence and automation division. It is also a member of in-
telligent equipment platform (IEP) Group. Facteon is trusted by some of the world’s
largest manufacturers to design, implement and maintain their production plants.
Facteon expertise in applying intelligent manufacturing technologies to focus on de-
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Figure 1.2: Washing machine drum.

livering a superior product to customers [7]. Automated quality control and inspec-
tion are some of the many important services that Facteon provides. This research
is formed as a part of Facteon’s automated inspection service. In this research, we'
focus on inspecting products manufactured by Facteon. It manufactures different
parts of consumer appliances such as drums, doors and panels, cabinets and cases,
water heater cases and refrigeration foaming lines [8].

A washing machine drum and the wash plate are the products that we are go-
ing to inspect throughout this research. The drum is balanced, of high-quality con-
struction and superior cosmetic appearance [4]. Figure 1.2 shows an image of a
high-quality drum manufactured by Facteon. Quality control is done before pro-
ceeding to the next assembly stage, as the drum is composed of several parts. Most
of the products manufactured by Facteon are made of stainless steel which has a
specular nature of surfaces (e.g. the surface has faceted reflection, it is very reflec-
tive with light). As shown in Fig. 1.3, the wash plate of the washing machine drum
has some dents which are visible in the left image. After slightly rotating the wash
plate, dents are invisible in the right image. The visibility of defects depends on the

I The use of “we” throughout this thesis is purposeful. It is used to involve the reader with the thesis
as recommended by Knuth [1].
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angle of the viewing plane, camera position, and projection lights” angles. There-
fore, it is not easy to perform quality inspections of highly specular surfaces using
computer vision-based techniques. In ambient conditions, the shape of the specular
surface causes reflection, making it difficult to inspect every tiny feature of the prod-
uct [9], [10]. Hence, our focus in this research is to perform inspections in ambient
lighting conditions.

Figure 1.3: Defected wash plate with some dents, bumps and scratches [9].

The traditional machine vision concepts, such as stereo vision and laser trian-
gulation are the base of our invented system. Research has also been done using
state-of-art supervised machine learning techniques such as convolutional neural net-
works (CNN), recurrent neural networks (RNN), long short-term memory (LSTM) and
traditional machine learning models such as support vector machine (SVM), decision
tree, K-nearest neighbors (KNN). We have used these techniques for accurate laser
line detection in ambient light, which is essential for our developed system. This is
described in detail in Chapter 2.
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1.2 Motivations

Morgan states the effect of quality control on an industry by, “Quality control affects
a company in various ways, from productivity and profitability to customer satisfac-
tion and public perception. In addition, quality control affects the overall operating
costs of a company [12].” Inspection is needed in every stage of the manufacturing
process. It helps maintain the quality of the product and reduces manufacturing
costs by eliminating scrap losses [10,11].

In this research, we will focus on a washing machine drum that is balanced, of
high-quality construction and superior cosmetic appearance (See Fig. 1.2). Inspec-
tion is performed to ensure the relative position between drain holes and dimple
pattern, the dimension of holes, and the drum’s roundness is inset tolerance. The
roundness of the drum is the most crucial feature since the drum will spin at a very
high speed of up to 1000 rotations per minute (RPM) to drain the water out. If the
drum is not perfectly round, then it will tremble and make noise while rotating at
high speed. It also reduces the durability of a washing machine. Moreover, the holes
should be positioned accurately in the middle of the dimple groove for the water to
be drained through the holes by centrifugal force. If their relative position is not
correct, the draining efficiency will decline considerably.

Reflective surfaces are the limitation of traditional machine vision inspection
methods. As the products manufactured by Facteon are mostly made of stainless
steel, it makes the surface of the product look reflective [10]. Also, the state-of-art
techniques for the inspection of reflective surfaces do not work in ambient lighting
conditions. Generally, the quality checking of reflective products is done in a semi-
automatic or manual way which consumes a lot of time and human effort. Still,
it is hard to achieve the accuracy of +/- 0.1 millimeters (mm) with manual work.
Therefore, this research aims to develop an autonomous 3D measurement system
that can reconstruct the accurate 3D model of the reflective surface in ambient light.
This method will be beneficial, as it saves time, reduces human efforts and increases
the accuracy of the output. Moreover, vision-based techniques could not be used to
detect palpable defects. Therefore, a novel technique for the detection of palpable
defects is also invented.

Al is now getting used in multiple fields to automate the system, to increase the
efficiency and performance of the system [13]. By observing the applications of Al in
numerous fields, we also tried to use Al with our developed 3D measurement sys-
tem in this research. We used different models of deep learning and machine learn-
ing to detect the projected laser line in ambient light. Thus, we have developed a
hybrid system by using Al in our stereo-laser system. Moreover, our proposed laser
detection algorithm in a stereo-laser system, is critically analyzed by performing a



6 1. Introduction

thorough comparison with different DL and ML models used for laser detection.

1.3 Problem Statements and Research Questions

Poor quality of the product can hurt a business’ finances through tangible and in-
tangible costs. Tangible cost covers things like rejection, rework and high repair
costs. On the other hand, intangible costs are less visually evident and conceptual
such as the loss of customer satisfaction, drop in employee morale, and a bad rep-
utation [14]. According to [15,16], “The traditional cost of poor quality (COPQ) has
usually been assumed to be between four per cent and five per cent of an organi-
zation’s annual revenue [16].” However, if we account for tangible and intangible
costs, COPQ would rise to be 10 per cent to 25 per cent of an organization’s annual
revenue [16].

To reduce tangible and intangible costs, product inspection is essential. How-
ever, the product with a surface that becomes highly specular in ambient light is a
limitation of many state-of-art inspection methods. “The fundamental reason is that
the metallic workpiece has a much higher level of intensity variation in their reflec-
tions compared with what can be captured by the 0-255 gray-level intensity range
of the camera [16].” Therefore, this research aims to inspect highly specular surfaces
accurately in ambient light.

The research questions of this study are listed as follows:

1. How to get accurate 3D dimensions of the product with reflective surface in
ambient light?

2. How to achieve the accuracy of £ 0.1 millimeters (mm) in the measured di-
mensions of the product?

3. How to detect palpable defects in the reconstructed 3D model?
4. How to make the process of 3D reconstruction automatic?

5. How to eliminate the effect of the vibrations caused by machinery on accu-
racy?

Overall, this research aims to develop a system that can reconstruct an accurate
3D model of any product with a reflective surface. We also aim to overcome the
limitation of state-of-art techniques by reconstructing the product in the presence of
ambient light.
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1.4 Original Contributions

This research aims to design, implement and evaluate a novel 3D measurement sys-
tem that can accurately inspect highly specular surfaces. This work is aimed at
addressing the shortcoming of state-of-art inspection methods in dealing with am-
bient lighting conditions of the working environment. We also propose a novel fault
detection method which helps the inspector in the decision-making process.

The laser line detection is a critical part of the developed system. To discover
the efficiency of our system, we employed Al techniques to detect the laser line. The
dataset to train supervised learning models is developed by projecting the blue light
laser on different parts of the product in ambient light. After pre-processing and
data cleaning, different ML regression models and 1D convolutional neural network
models are trained to detect the projected laser line. The main contributions of this
study are:

¢ Conducting a comprehensive survey of the literature covering both traditional
and deep machine learning technologies for inspecting specular surfaces.

e Comparative analysis of available commercial solutions.

* Development of an accurate 3D measurement system to automatize the in-
spection process.

¢ Implementation of a novel defect detection technique for reflective surfaces.

¢ Evolution of a novel diameter and height Measurement technique using a sin-
gle image.

* Proposing Al models for accurate detection of projected laser lines in ambient
light.

¢ Evaluation of the developed system by performing in-depth comparison with
Al models.

1.5 Structure of the Thesis

This thesis is organized into eight chapters. Chapter 2 provides a detailed review of
state-of-art approaches for 3D measurement and defects detection. This is followed
by an analytical and critical survey of the literature of available solutions for inspec-
tion. The theoretical concepts of deep learning and traditional machine learning
regression models are also presented in this chapter.
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Chapter 3 to 8 present the author’s contribution to the field. These chapters in-
clude four main contributions. Chapter 3 mainly focuses on crucial details of phys-
ical setup for the novel 3D measurement system.

Chapter 4 starts with a description of the theoretical foundation of this research
that exists in the area. Based on this, we developed a novel 3D measurement system.
This system is called a stereo-laser system throughout the thesis. Our proposed
algorithm of inspection in ambient light is also formulated in Chapter 4.

In Chapter 5, we explain a novel defects detection technique which is developed
as a part of a stereo-laser system. Chapter 6 provides a detailed comparison of red
vs blue light laser in stereo-laser system. Chapter 7 proposes a novel technique that
measures the principal dimensions of a cylinder using a single image.

Chapter 8 describes a comprehensive analysis of deep learning and machine
learning models for laser line detection.

The last Chapter 9 presents discussions; and limitations gives an overall conclu-
sion of the thesis, and highlights the original and significant contributions. Finally,
some critical future research directions are also mentioned.

Moreover, chapter-Appendix A shows the outputs obtained using SP1 stereo
vision system for 3D reconstruction of highly specular surfaces in ambient lighting
conditions. Appendix B presents the performance of deep learning and machine
learning regression models in particular scenarios caused by laser light diffusion.



Chapter 2

Review and Theoretical Background

The chapter starts with an explanation of the reflection model, which helps understand the
construction of images in ambient light. A comprehensive survey has been done on the
traditional methods of 3D shape measurement. We present a brief overview of all 3D re-
construction techniques. Stereo vision and structured lighting methods are proven to be
most effective compared to other surface non-contact inspection techniques in recent years.
State-of-art high-dynamic range (HDR) techniques are discussed for the inspection of spec-
ular surfaces. We provide critical analysis of methods and applications in the inspection of
specular surfaces and defects detection. An analytical comparison of all available commer-
cial solutions for the inspection of specular surfaces is mentioned in this chapter. Artificial
intelligence techniques have outperformed traditional techniques in different domains in re-
cent years. We discuss the impact of the advancement of machine learning techniques on the
inspection process. Moreover, a brief history of conventional machine learning and emerging
deep learning approaches is also depicted in this chapter. The emerging convolutional neu-
ral networks (CNN) approaches have been used widely for solving different computer-vision
problems, especially for defects detection. We summarize by outlining the effectiveness of
Al in automated 3D measurement systems. Material discussed in this chapter has been
published in my submitted publication [9,10].

2.1 Reflection Model

“Reflectance models have been used for producing realistic images in the fields of
computer graphics. In recent years, machine vision applications often require re-
flection models for image analysis and object recognition [17].” Figure 2.1 shows the
dichromatic reflection model proposed by Shafer. “The medium comprises the bulk
of the matter and is approximately transparent in general, while the pigments selec-
tively absorb the light and scatter it by reflection and refraction [18].” The surface
spectral reflectance of an object varies according to the geometries of illumination
and viewing. Also, the material composition of the product plays a vital role. Most
object’s reflectance is usually decomposed into two parts: specular reflectance and
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diffuse reflectance. The reflection from homogeneous materials like metals is due
mostly to the specular reflectance which occurs at the interface between the object’s
surface and air. On the other hand, in-homogeneous materials exhibit both reflec-
tions, but diffuse reflection dominates in this case. The diffuse reflection occurs from
light scattering among the pigment colorant layer of the subsurface [17,19,20].

Normal Specular
reflection
Incident
light
Diffuse
Diffuse - \ reflection .
reflection __ =

o Q05
= JO O o

Figure 2.1: Dichromatic reflection model [18].

According to Shafer’s dichromatic reflection model, reflected lights of in-homogeneous
objects are a linear combination of diffuse and specular components. As a result,
each pixel of the image taken by the charge coupled device (CCD) can be described
as:

1(z) = a(z) /Q A\ 2)BOVQN)AA + B(x) /Q BO)Q(N)dA 2.1)

where, I(z) is the spatial parameter and the color vector of image intensity, and =
is the two dimensional (2D) image coordinates. The weighting factors for diffuse and
specular reflections are «(z) and ((x), respectively. Here, A represents the wave-
length of the light spectrum, and the diffuse and specular spectral reflectance func-
tion are A(\, z) and B()\), sequentially. Q()) is the three element-vector of sensor
sensitivity, and the integration is done over the visible spectrum (2.

The equation 2.1 can be simplified as:

I(z) = a(x)D(z) + B(z)G (2.2)

Here, D(z) = [, A\, 2)B(A\)Q(A)dAand G = [, B(A\)Q(A)dA. The diffuse reflection
component is denoted by «(z)D(z), while §(x)G represents the specular reflection
component.
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The chroma of the image in the dichromatic reflection model is defined as fol-

lows:
I(z)

N C R AR e
B(z) = 0 when only the diffuse reflection component is present in the pixel. As

the chroma value is independent of the diffuse reflection weighting factor a(z), the
diffuse reflection chroma expression is:

(2.3)

D(z)
Dy (z) + Dy(z) + Dy(x)’

A(z) = (2.4)
where A = {A,, Ay, Ay}

In the same way, when the pixels only have specular reflection component a(z) =
0. The chroma value of the pixel is also independent of the specular reflection factor
B(x). Therefore, the specular chroma is defined as:

I(z) = e ¢

, 2.5

where I' = {I',,,T';, ', }. With regards to Equations 2.4 and 2.5, Equation 2.2 can be
written in terms of chromaticity:

I(z) = ma(x)A(x) + ms(x)T, (2.6)

where mg(z) = a(x)[D,(x) + Dy(x) + Dy(x)], ms(x) = B(x)(Gr + G4 + Gy).

This reflectance model is used to separate the specular reflection component
from the diffuse reflection component in image segmentation problems. In many
3D measurement techniques, the highlights caused by ambient light are detected in
the image by applying this reflection model [18].

2.2 Traditional Approach for 3D Measurement

Over the last decade, a significant number of techniques for three-dimensional (3D)
shape measurement have been proposed. These 3D measurement techniques can
be classified into two categories: surface contact and surface non-contact techniques
[21].

Coordinate Measuring Machine

A mechanical probe-based coordinate measuring machine (CMM) is one of the exam-
ples of surface contact techniques. For many years, this technique has been used to
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measure the geometric shape with high accuracy. A reflective surface is not a prob-
lem for this technique. However, CMM only measures a limited number of points
on the surface, and it is relatively slow compared to surface non-contact methods.
Also, the surface contact method increases the chances of damage to the object [22].

For high-speed 3D inspection of objects, surface non-contact techniques are pre-
ferred. Surface non-contact techniques are further classified into active and passive
techniques. Time-of-flight, laser range scanning and structured lighting are some of
the examples of active surface non-contact techniques. In the active form, 3D imag-
ing sensors generally operate by projecting electromagnetic energy onto an object
followed by recording the reflected energy. On the other hand, 3D imaging sen-
sors operate by acquiring electromagnetic energy from an object in the passive form.
Photogrammetry and stereo vision are passive surface non-contact 3D measurement
techniques [22,23].

Photogrammetry

“Photogrammetry is the art and science of making measurements from photographs
[24].” Photogrammetry uses one photograph or high-speed photography and re-
mote sensing to estimate accurate 3D relative motions. “The elaboration pipeline
consists basically of the following steps: camera calibration and orientation, im-
age point measurements, 3D point cloud generation, surface generation and texture
mapping [25-27].” The calibration of the camera is a crucial parameter for obtaining
accurate models. The measurement procedures can be automatic or semi-automatic.
Recently, photogrammetry techniques have been combined with other computer vi-
sion shape measurement techniques, to increase the measurement performance and
the automation levels [28-30]. In this research, we have used the concept of pho-
togrammetry in a calibrated environment to calculate the height of the drum.

Stereo Vision

Another surface non-contact technique is stereo vision. It is also a type of Pho-
togrammetry technique. It is a well-known ranging method because it resembles
the basic mechanism of the human eye. The computer stereo vision system uses
the same principle by replacing eyes with two CCD cameras. They are displaced
horizontally to obtain two different views. A disparity map is obtained by finding
corresponding points in two slightly different images [31]. Stereo vision is the most
accurate 3D shape measurement technique. However, it is relatively challenging to
obtain an accurate disparity map for reflective surfaces [10]. This is discussed in
detail in Chapter 4 and Appendix A.
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Time-of-Flight

In the time-of-flight (ToF) technique, the time difference between the emission of a
signal and its return to the sensor, after being reflected by an object, is calculated to
measure the distance between the sensor and the object. The most common type of
signal is light and sound [32]. Same as CMM, only a limited number of points are
measured in this technique. The measurement range of large range sensors is from
15 m to 100 m. “For large measuring ranges, time-of flight sensors give excellent re-
sults. On the other side, for smaller objects, about one meter in size, attaining 1 part
per 1,000 accuracy with time-of-flight radar requires very high-speed timing cir-
cuitry, because the time differences are in the pico-second range [23].” Additionally,
shiny surfaces reflect little back-scattered light energy, which increases the difficul-
ties for time-of-flight sensors [33-35].

Laser Triangulation

There are two types of laser triangulators: single-point and laser stripes triangula-
tors. The system comprises a laser source and a camera. The camera captures the
image of the projected narrow beam by the laser source. In the case of laser stripes,
the laser is equipped with a cylindrical lens, which expands the light beam along
one direction. Hence, a plane of light is generated, and multiple points of the object
are illuminated at the same time. The location of the laser beam in the image plane
is used for the measurement of the surface. The laser triangulators are very accurate
and are insensitive to surface texture effects [23,36]. The fundamentals of the laser
triangulation technique and its limitations are explained thoroughly in Chapter 4.

Structured Lighting

Among these surface non-contact techniques, structured lighting is one of the most
widely used 3D shape measurement techniques. It is used to perform the entire
field inspection with high resolution and accuracy. It shares the active triangula-
tion approach as mentioned above. A projector projects a sequence of coded pattern
onto the object surface, and the camera captures images of the reflected pattern. The
non-uniform object surface distorts the reflected pattern. The height information
of the object surface is embedded in the phase distribution of the reflected pattern.
Calibration is performed to understand the correspondences between the camera
and the projector. The 3D coordinates of the object surfaces can be calculated by us-
ing phase to height mapping in the calibrated environment. However, when dealing
with non-diffuse surfaces, the optical signal cannot be correctly retrieved. Therefore,
it is usually challenging for any optical method to accurately measure shiny objects
or objects with an extensive range of reflectivity variation across the surface [21].
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(a) A fringe pattern image of the plastic (b) A fringe pattern image of metallic
block [21]. workpiece [37].

Figure 2.2: Fringe pattern projection on different surfaces.

Figure 2.2a shows a plastic block with the projected fringe pattern image, respec-
tively. Because of the diffuse surface of the plastic block, the camera can capture a
clear image of the fringe pattern. In contrast, when a fringe pattern is projected onto
a metallic workpiece, we can see in Fig. 2.2b that fringe patterns in regions with
low reflection become visible while regions with strong reflection become so bright
that image saturation occurs. Subject to high reflectance of the target surface, the
projected patterns are usually degraded drastically in the captured images. There-
fore, it is difficult to obtain 3D coordinates of a metallic workpiece with insufficient
information [21].

The conventional structured light method cannot directly measure the object
with shiny surfaces. There are some cost-effective options available to make the
surface of the object diffuse such as spraying a thin layer of powder onto the surface
or painting the object’s surface. However, this supplementary step is troublesome
and time consuming. Also, the accuracy is often dependent on the powder thickness
and its homogeneity [38].

Table 2.1 summarizes the main characteristics of traditional shape measurement
techniques. “The selection of which sensor type should be used to solve a given
depth measurement problem is a very complex task, that must consider (i) the mea-
surement time, (ii) the budget, and (iii) the quality expected from the measurement.
Additionally, the sensor performance may depend on the dimension, the shape, the
texture, the temperature and the accessibility of the object [23].” The strengths and
weaknesses of the different techniques are specified to help the selection process.
The accuracy of these techniques, when working with specular surface, is the most
critical aspect of our research. The critical parameters to consider are the type of
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Table 2.1: Comparison of 3D shape measurement techniques [23].

Passive

Technology Type Compatibility with Strengths Weaknesses
Highly Specular Surface
Coordinate Measuring|  Surface contact Yes Highly accurate, Time-consuming,
Machine Independent of the Less number of points,
texture of the surface Can damage the product.
Photogrammetry | Surface non-contact,| Not in ambient light Simple and inexpensive, Low data acquisition rate,

High accuracy on
well-defined targets.

Challenging computation,
Limited to well defined scenes.

Stereo Vision

Surface non-contact,
Passive

Not in ambient light

Simple, fast and inexpensive,
High accuracy on
well-defined targets.

Challenging computation,
Limited to well defined scenes,
Requires high data acquisition rate.

Time-of-Flight

Surface non-contact,

No because reflected

Medium measurement range,

Medium accuracy,

Active light scatters. Output independent of Slow, Measures limited
ambient light number of points.
Laser Triangulation | Surface non-contact,| Not in ambient light Fast and straightforward, Safety precautions required,
Active High accuracy, Expensive, Limited range
Insensitive to surface texture. and measurement volume.
Structured Lighting |Surface non-contact,| Not in ambient light High accuracy, Performance depends on

Active Fast, Intermediate

measurement volume.

ambient light, Complex,
Requires safety precautions.

the method (Surface contact or Surface non-contact), the acquisition time and the
safety conditions. In addition, we need to take into account if the accuracy of the
measurement is affected by the ambient light conditions.

2.3 Review of Inspection Techniques for Specular Sur-
faces

Generally, metallic workpieces are needed to be milled in industrial applications.
The surface of the workpiece becomes very bright after milling. As stated before,
conventional shape measurement techniques cannot be used to measure shiny sur-
faces. State-of-the-art methods for 3D shiny surfaces measurement are typically re-
ferred to as high-dynamic range (HDR) techniques. In standard photographic tech-
niques, no features are visible outside a specific range of brightness. The bright
area appears pure white, and the dark region appears pure black. HDR techniques
are used to reproduce a more extensive range of luminosity compared to standard
photographic techniques. Below, the work done for the 3D measurement of shiny
surfaces using different HDR techniques is described briefly [21].

HDR Techniques using Multiple Exposures

In this technique, a sequence of images is captured at different exposures. The
brightest unsaturated intensity value is selected to combine into a single set of HDR
images at each pixel. This technique was proposed by Zhang and Yau in 2009. The
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exposure time is manually adjusted to acquire high-quality fringe patterns. Here,
the adjustment of lens aperture is avoided as it can cause undesired motion between
system components, affecting the system’s calibration. “The images taken at low
exposure times contain valuable information from regions on the surface with high
reflectivity, whereas the images taken at high exposure times contain useful infor-
mation from regions on the surface of low reflectivity [39].” We cannot determine the
proper exposure time, since the used exposure time is subjectively selected. In some
cases, a large number of exposure times are required to synthesize the HDR images,
which makes the process time-consuming [39]. In an experiment, 23 exposures were
needed to obtain a high-quality point cloud of a China vase. With a three-step phase
shifting algorithm and three-frequency heterodyne phase-unwrapping algorithm, a
total of 3x3x27=207 fringe images are required to synthesize the HDR images.

Another research was carried out by Liu et al. in which they used a dual-camera
structured light system along with the use of multiple exposures to acquire the 3D
shape of shiny objects. Here, two camera-projector monocular systems were oper-
ated from different viewing angles to fill in missing data from regions with specular
highlights and diffused darkness [40].

When inspecting an unknown scenario, it is difficult to determine the initial val-
ues of the exposure time. Generally, it is recommended to use the exposure time as
much as possible. A technique of using a histogram to predict one or more optimal
exposure times based on the reflectivity distribution of the surface was developed
by Feng et al. [43]. These optimal exposure times were used to capture raw fringe
images to synthesize HDR images.

Alternatively, a technique for capturing raw fringe images by simultaneously
adjusting the exposure time and the projected light intensity was proposed by Jiang
et al. Instead of the brightest unsaturated intensity; this technique takes the highest
modulation intensity as the criterion for selecting the pixels from the raw fringe
images to synthesize the HDR images. The effect of ambient light is minimized
with this approach. However, it requires five times the number of fringe images
compared with the conventional phase measurement. The process becomes time
consuming because of the required number of fringe patterns [41].

To solve this time-consuming problem, an auto-exposure technique to predict
the required exposure time automatically according to the reflectivity of the mea-
sured object surface is presented by Ekstrand and Zhang. However, the single pre-
dicted exposure time does not always fit the surface with an extensive range of re-
flectivity variation [42]. Zhong et al. proposed a similar approach by selecting the
optimal exposure time as large as possible. However, these techniques are limited
to improve the signal-to-noise ratio (SNR) in the region of weak reflection [44].

Song et al. also presented an HDR based structured light approach for the precise
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3D reconstruction of specular targets. The image intensity-based sinusoidal pattern
is vulnerable to the reflective nature of shiny surfaces. “Therefore, the robust binary
strip shifting method is adopted as the structured light system (SLS) coding strat-
egy [37].” Multiple images of the target object are captured with various camera
exposure settings. The estimated camera response function is used to fuse multiple-
exposure images into a single image. The image with a middle exposure level is
selected as the reference image and used to slightly adjust the primary fused images
to make all the SLS images comply with unified lighting conditions. Later, 3D re-
construction of the specular surface is obtained based on the HDR structured light
images [37].

The spatial light modulator has also been used to control the camera exposure
time at individual pixels. The final exposure setting at saturated pixels is deter-
mined from multiple iterations. However, the technique developed by Jeong et al.
required additional optical and control hardware [45].

Apart from post-processing the captured raw fringe images, this technique ef-
ficiently performs shape measurement by adjusting the exposure time. However,
we cannot set the exposure time by using a digital light processing (DLP) projector
to project fringe patterns. Another requirement is that the camera and projector be
synchronised to precisely capture the projected grayscale values [44].

HDR Techniques by Adjusting Projected Pattern Intensities

In this technique, the maximum input gray level (MIGL) of projected sinusoidal fringe
patterns is modified to accommodate variable ambient illumination. Waddington
and Kofman proposed this technique to avoid image saturation [46—48]. Later, they
improved this technique by combining the MIGL reduction and pixel-by-pixel ap-
proaches. In an improvised version, they uniformly adjusted the projected fringe
pattern intensity and selected the brightest unsaturated pixels from raw fringe im-
ages captured at different illuminations to synthesize the HDR images. Similar to
multiple exposure techniques, these techniques are also proven to be time consum-
ing [49,50]. Li and Kofman developed another technique; where the MIGL in pro-
jected patterns is modified locally according to the local reflectivity of an object sur-
face. This is better than the uniform reduction of the MIGL for saturated regions.
Babaie et al. proposed a new method for 3D shape measurement. Here, the
intensities of the projected fringe pattern are adjusted at pixel level based on the
feedback from the reflected images captured by the camera [51]. Another adap-
tive technique was developed by Lin et al. In this technique, the projected fringe
pattern’s pixel-wise intensity is adjusted based on the camera response function ac-
cording to the reflectivity of the surface and to the illumination of ambient light and
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surface inter-reflections. Also, the required number of captured images to obtain the
point cloud is less compared to other techniques [52].

“An advantage of adjusting the projected pattern intensities is that the adjust-
ment can be performed pixel by pixel locally, rather than that of the adjustment of
the camera exposure time, which is global [21].”

HDR Techniques using Polarizing Filters

Polarizing filters are used to eliminate the effect of highlights on shiny surfaces.
The angle between the transmission axes of polarizers is changed. The basic idea is
to limit the reflected light incident on the image sensor at a certain angle to effec-
tively remove the intense specular light. However, it reduces the captured intensity
for the whole image, making the measurement process for dark regions very dif-
ficult [53,54]. “On the other hand, a parallel polarizer-analyzer alignment [57, 58]
can maintain good fringe quality at the dark regions, but not in the bright places.”
As a solution, the combination of techniques using multiple exposures and using
polarizing filters was developed by Feng et al [55].

In 2014, a multi-polarization fringe projection imaging system was developed by
Salahieh et al. in which saturated points are eliminated, and the fringe contrast is en-
hanced by selecting the properly polarized channel measurements. The fringes are
linearly polarized before projecting on the object. After that, the camera equipped
with a pixelated polarizer array captures the projected fringe patterns. However,
the hardware complexity increases if the object’s optical properties are unknown as
the adjustment of the polarizer depends on it [56].

HDR Techniques using Color Invariants

In this technique, the color of a point is determined by the color of the object itself
and the color of the light source. It is based on the dichromatic reflection model
proposed by Shafer [20]. “Diffuse reflection indicates the color information related
to the object itself, whereas the specular reflection represents the color information
for the light source [59].” In 2011, Benveniste and Unsalan introduced a novel color
invariant to detect the red stripe, green stripe, and highlights to segment robustly
the stripe from the captured image. The effects of highlights originating from the
ambient light were removed by using this color invariant in segmentation. They de-
veloped methods based on binary, ternary and quaternary color-coded patterns can
eliminate the effect of highlights and ambient light in the scanning process. How-
ever, the output of this technique is inevitably affected by the object itself if it con-
tains complex textures and multiple colors [60].
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Photometric Stereo Technique

This technique can recover both the 3D shape and albedo of surfaces. In this tech-
nique, multiple images at a fixed viewpoint under illuminations with different di-
rections are obtained. This technique aims to detect specular components or to sep-
arate reflecting components [61]. Here, we require one static camera and multi-
ple light sources. These light sources are switched on and off while capturing im-
ages [191]. However, the reflectance of the surface was required to be Lambertian.
For non-Lambertian surfaces, it is challenging to estimate the reflectance robustly.

This technique aims to detect specular components or separate reflecting com-
ponents by observing varying bidirectional reflectance distribution functions (BRDF). At
an opaque surface, the reflection of light is defined by BRDF function [62]. Gener-
ally, BRDFs are complicated nonlinear functions involving seven or more variables.
An efficient photometric stereo method to estimate BRDF parameters without the
3D geometric model of the object was invented in 2010 by Li et al. For surfaces with
both varying specular and diffuse properties, Goldman et al. proposed a method
with spatially varying BRDFs. “They modeled the surface reflectance as a linear
combination of fundamental materials and recovered the shape, material BRDFs,
and weight maps using the well-known Ward model [65].”

Sun et al. proposed a new algorithm based on reflection component separation
(RCS) and priority region filling in 2017. After finding the specular pixels in the
image, the reflection components are separated. However, this process changes the
color information of highlight due to more significant reflection components in ob-
jects with strong specularity. The color information is restored using the priority re-
gion filling theory which is independent of polarization or image segmentation [18].

Hin-Shun and Jiaya presented a new photometric stereo technique in which an
important visual cue, that is, the cast shadow silhouette of the object, was employed
to optimally recover global BRDF parameters and thereby was capable of recon-
structing convex object surfaces with different levels of roughness. Here, they did
not apply unreliable highlight separation and specularity estimation. However, this
technique requires high computing [63].

Another technique using a collimated illumination source and a plenoptic cam-
era was developed in 2015 by Meng et al. This system realizes a single-shot shape
measurement for specular surfaces. The camera captures BRDF variation of the ob-
ject surface in a single image in addition to the light field information from the scene.
However, their system only works for relief surfaces and will have problems to han-
dle the surfaces with steep slopes [64].

There are multiple ways to construct HDR images without saturation from dif-
ferent captured images. For example, multiple cameras, color light sources, color
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filters [66], and multiple light projection directions [67], have been used to handle
specular reflections.

Phase Measuring Deflectometry Technique

Phase measuring deflectometry (PMD) based methods are widely popular because of
their advantages: an extensive dynamic range, non-contact operation, full-field and
fast acquisition, high accuracy, and automatic data processing. Zhang et al. pro-
vided a thorough review of different PMD techniques in 2017. The flow chart shows
the procedure of a classical PMD technique (See Fig. 2.3). “The classical PMD tech-
nique uses the full-field fringe patterns to measure the slope information and then
slope integration to obtain the 3D shape data of the specular objects [68].” A charge
couple device (CCD) camera captures the modulated fringe patterns that appear de-
formed regarding the slope variation of the measured surfaces. Phase shifting al-
gorithms are used to demodulate the phase information from captured fringe pat-
terns. Spatial phase unwrapping and temporal phase unwrapping techniques are
used to get absolute phase data. This data is later applied to calculate the slope
of the measured surface using the system parameters. The slope data is integrated
to reconstruct the 3D shape of the specular surface. “However, the classical PMD
cannot directly measure complicated specular objects having discontinuous and/or
isolated surfaces because of the procedure of slope integration [68].”

In 2018, an advanced PMD method was presented by Niu et al. Bi-telecentric
lens were used to obtain 3D shape of a discontinuous specular object. Here, liquid
crystal display (LCD) screen is used to display sinusoidal fringe patterns. The camera
captures the deformed fringe patterns reflected by the measured specular surface.
The advanced method proposed can calculate the depth data directly from absolute
phase data [69].

Since visible light is sensitive to ambient light, Chang et al. developed Infrared-
Phase measuring deflectometry (IR-PMD) technique which exploits IR as the light source.
The discontinuous specular surfaces are directly measured from phase data by mov-
ing an IR camera. An IR projector projects sinusoidal patterns onto a ground glass
which is regarded as an IR display screen. Here, IR digital display is moved to
substitute the camera and the measured object’s movement [70].

Shape from Multiple Images

In 2015, Bulbul et al. proposed a new technique for the reconstruction of 3D specular
spherical surfaces using structure from motion software and the concept of hough
transform. Firstly, a 3D point cloud is created from multiple images. “Each element
of this point cloud has vertex, color RGB and normal information. From this infor-
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Figure 2.3: Flowchart of 3D shape measurement of specular objects by using classi-
cal PMD.

mation, a Hough Transform like process was proposed to infer the centres and radii
of the spheres [71].”
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Scanning from Heating

An infrared system was developed as an extension of scanning from heating tech-
nique for 3D scanning of metallic surfaces. Here, the surface of the product is locally
heated by a laser source. The thermal emission of a surface is measured using an
IR camera. “Moreover, the study of thermophysical properties of metals, the mod-
eling of the thermal problems and the simulations are required to determine the
characteristics of the laser (wavelength, power) [72].”

Dual Camera Fringe Projection System

In 2016, Feng et al. developed a novel dual camera fringe projection system to mea-
sure shiny objects from two different directions. “The erroneous phase obtained
from a saturated pixel is corrected by the phase of its corresponding pixel in the
other view which is free from the saturation problem [73].” Here, sub-pixel match-
ing is performed for finding corresponding high light intensity areas in cameras to
achieve high accuracy [73].

Recently, Xu et al. invented a technique in which a set of sinusoidal patterns
with maximum intensity are projected onto the target object. The dichromatic re-
flection model is used to signify specular pixels in each image. The adaptive fringe
projection technique is carried out to minimize the specular reflection components.
Pixel inpainting is used as an alternative technique for the region that the adaptive
fringe projection technique cannot handle. However, this approximation technique
does not work accurately with discontinuous or irregular surfaces [74].

Table 2.2 summarizes various techniques for the inspection of highly specular
surfaces. Our stereo-laser system is also mentioned for comparison purposes. These
techniques are compared on the basis of achieved accuracy and complexity. The
number of required projections is also specified for most of the techniques. Whether
the system works in ambient light condition of working environment or not is one
of the most critical parameters. The cost and complexity of the system are depended
on these critical parameters. Even though the best accuracy is achieved with pho-
tometric stereo technique, the measurement volume size is really small in this case.
Also, 30 projections in different directions are required. This makes the system more
complicated. Therefore, we can mention that our stereo-laser system has the overall
best performance in terms of achieved accuracy which is 0.02 mm within a large
measurement volume size. Additionally, the system can inspect highly specular
surfaces in ambient light, and it requires the lowest number of projections per scan.
Therefore, the stereo-laser system provides a simple but efficient solution for the
quality control program of large-scaled production lines.
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Table 2.2: Techniques for the inspection of highly specular surfaces.

tion System

ramic ball of radius
34.992 mm.

ular reflection areas.

Technique Reference | Number of required | Achieved Accuracy | Complexity Works in ambi-
projections ent light
Stereo-Laser [10] One projection for | 0.02 mm  within | More simple. Yes
System one scan. 600mm * 600mm
270mm measurement
volume size.
HDR Tech- [41] 84 projections. 0.016mm within | Complicated calcula- | Yes
niques  using 100mm * 40mm = | tions.
Multiple Expo- 31lmm measurement
sures volume size.
[37] 30 projections. 0.06 mm
HDR Tech- [52] 31 projections are | 0.012mm within | Simple, because it | No
niques by required if four-step | 320mm * 30mm * | only involves the
Adjusting  Pro- phase shifting and | 150mm measurement | matrix inverse opera-
jected  Pattern heterodyne  phase | volume size. tions.
Intensities unwrapping  algo-
rithms are used.
HDR Tech- [43] 13 projections are | 0.045 mm within | More simple. Not specified
niques  using required, one of | 300mm * 30mm *
Polarizing  Fil- which is uniform | 250mm measurement
ters white light. volume size.
HDR Tech- [60] It needs 4 projections | 0.506 mm  within | Most simple. No
niques  using if quaternary color- | 750mm % 650mm
Color  Invari- coded patterns are | 200mm measurement
ants used. volume size.
Photometric [64] 30 projections in dif- | 0.005 mm  within | More complicated. Yes
Stereo Tech- ferent directions. 12.5mm+10mms*1mm
nique measurement  vol-
ume size.
[18] Not specified. The highlight pixel | Removes specular re- | No
numbers are de- | gions.
creased by  10.1
times.
Phase Measur- [68] Not specified. High accuracy, fast | Difficulties with dis- | No
ing Deflectome- and automatic data | continuous specular
try Technique processing. surfaces.
[70] 24 projections. 0.022 mm, when | Expensive and com- | No
measuring a step of | plex.
size 6.099 mm.
[69] 12 projections. 0.0233 mm, when | Expensive and com- | No
measuring a step of | plex calculations.
size 7.0248 mm.
Shape from [71] 122 input images. Accuracy is better | Complex,and appli- | Yes
Multiple  Im- than traditional Visu- | cable only to spheri-
ages alSFM. cal surfaces.
Scanning from [72] Not specified. Accuracy is lower | The power of the | No
Heating compared to other | laser depends on the
techniques. material of the prod-
uct. This method is
not applicable to steel
products.
Dual Camera [74] Not specified. 0.566 mm, when try- | Error increases when | No
Fringe Projec- ing to measure a ce- | fitting too large spec-
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Defects Detection Techniques

The automatic detection of defects on specular surfaces is currently one of the great-
est issues faced in the automotive industry. During the last decade, several systems
have been developed to solve this issue. “However, these, to the best of our knowl-
edge, have been focused solely on flat surfaces and have been unable to inspect
other parts of the surfaces, namely style lines, edges and corners as well as deep
concavities [78].”

In 2008, a method was proposed for real-time defect detection on highly reflec-
tive curved surfaces by Rosati et al. Here, the rays emitted from a light source are
conveyed on the surface by a curved mirror. The camera collects the reflected rays
from the surface. The defects appear as a shadow of different shapes and sizes in
the image [75].

Another method to inspect chrome-coated highly reflective ring components
was developed by Boby et al. in 2010. They compared four different algorithms:
Fourier filtering, Image convolution, auto-median and single-step thresholding based
on the efficiency of defect classification and speed [76].

Recently, a method based on image library matching was developed to iden-
tify defects on the highly reflective roller surface. Firstly, the initial images are pre-
processed by using the accelerated optimized bilateral filtering. Next, a rough seg-
mentation of defects is done by using the entropy and the grid gray gradient infor-
mation. “Finally, a defect fine identification method based on the Hu invariant mo-
ment matching integrated with morphological classification is proposed for achiev-
ing image library matching and further quickly removing the pseudo defects [77].”
Shao et al. achieved an accuracy of 98.2% by using this method [77].

Molina et al. introduced a novel approach that computes defects in less than
15 seconds using deflectometry and vision-based technologies. In the first step of
the process, an image fusion algorithm is proposed to enhance the contrast between
the defected region and the region with no defects. Next, a local directional blurring
method is used for image background extraction. This step is repeated several times
to detect defects of different sizes each time [78].

In 2016, Xu et al. presented a polarized light filtering based method for automatic
visual inspection of the cylindrical smooth surface of components such as pistons.
This method enhances the defect image contrast, enlarges the detection range and
suppresses the flawless area noise. Due to the characteristics of a favorable light
wavelength, smallness and long life, a white rectangular light emitting diode (LED)
light source was adopted in this vision system. The picture contrast was enhanced
by applying polarizers to the camera lens and the vertical light source. “A series of
specific visual image processing algorithms were developed to extract the features
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of surface defects based on the acquired images. The defects can then be recognized
and classified into different categories based on the defect database [79].”

“The surface imperfections provoke important light rays’ deviations [80].” Based
on this property, Seulin et al. developed a particular lighting system to inspect spec-
ular surfaces for defects. The product is placed inside a lighting tunnel for the in-
spection. The binary type lighting is composed of a succession of zones of null
luminous intensity and zones of maximal luminous intensity. A defect appears as a
set of luminous pixels among a dark zone or a set of dark pixels among a luminous
zone [80].

A new vision defect inspection system has been shown in [81]. A synthetic is
reconstructed from a set of images captured under various illumination conditions.
The basic algorithm is to integrate all defects in a single synthetic image. The com-
bination of morphology technique and template matching is proposed to achieve
defects inspection from the synthetic image.

Table 2.3 shows selected publications on defects detection in reflective surfaces.
The technology and required hardware are mentioned to determine the complex-
ity of the method. Here, the accuracy of the system is denoted by ACC for [77].
We can see that our method achieves the best accuracy by detecting the defects of
size 0.02 mm. All the other methods have one common disadvantage that they
are non-measurable processes. In contrast to our method, these methods can accu-
rately detect the defects but cannot measure the dimension of defects. Also, it is
significantly challenging to detect palpable defects using vision-based techniques.
Furthermore, these techniques are not a part of the 3D reconstruction process. This
adds to the time of the inspection process. However, our defects detection technique
is a part of stereo-laser inspection system. Therefore, the 3D model of the product is
reconstructed along with the defect detection process.

2.4 Commercial Solutions for 3D Measurement

Many commercial solutions are available in the market for inspecting reflective sur-
faces. Trevista Surface 50 is one of the most popular solutions. This system of Stem-
mer imaging combines a structured lighting arrangement with shape-from-shading
technology to inspect surface defects on metal components. This system can per-
form an automatic inspection of objects over a 50 mm measurement field. The hard-
ware is a piece of dome-shaped equipment that ensures optimum and even illumi-
nation from different directions and suppresses interference from ambient light [82].

Helmee designed another popular vision system using structured lighting tech-
niques with phase measuring deflectometry. First, the object to be inspected is
picked up and placed under a 180° reflective semi-transparent hemispherical dome.
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Table 2.3: Defects detection techniques for highly specular surfaces.

First Author | Reference | Required Hard- | Technology Defect Size | Works in | System Func-
/ Year ware Ambient tion
Light

Dawda 2020 [9] Stereo Cameras, | Stereo matching | 0.02 mm. Yes Detects and
Blue light laser. | of blue line laser. measures

defects.

Shao 2020 [77] Camera, LED | Bilateral filtering, | ACC = 98.2% | Yes Detects only.
light source, | Hu invariant mo-
several  optical | ment matching.
lenses, digital
micro-mirror  de-
vice (DMD) and
a fotal internal
reflection  (TIR)
prism.

Molina 2017 [78] QEyeTunnel Sys- | Deflectometrty 0.2 mm Yes Detects only.
tem. and vision-based

techniques.

Xu 2017 [79] LED light source, | A polarized light- | Not  speci- | Yes Only en-
hood and a cam- | filtering ~ based | fied. hances  the
era. method. appearance

of defects.

Zhang 2015 [81] Camera and a|Morphology and |1mm Yes Detects only.
group of light | template match-
sources. ing techniques.

Boby 2010 [76] Camera and halo- | Fourier filtering, | Not  speci- | No Detects only.
gen lamp. image convolu- | fied.

tion, auto-median
and  single-step
thresholding.

Rosati 2008 [75] Camera, lamp | Defects appear as | Not  speci- | No Detects only.
and a curved | ashadow. fied.
mirror.

Seulin 2002 [80] Camera, lighting | Structured light- | Not  speci- | No Detects only.
tunnel, fluores- | ing with adaptive | fied.
cent tubes and |lighting system.
light diffuser.

In this system, the object is illuminated with several phase-shifted sinusoidal pat-
terns using three projectors. This creates an illusion of texture on the smooth sur-
face of the product. The slope variation of the surface deforms the projected fringe
patterns. By analyzing the images of these deformed fringe patterns, accurate mea-
surements are obtained [83].

Table 2.4 compares the commercial products available in the market for the in-
spection of surfaces. Here, only the products that work with specular surfaces are
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Table 2.4: Comparison of available commercial solutions.
NoJ Products |Ref. | Technology Compatibility | Field of View | Accuracy| Working | Time In  |Quantity |[Cost | Amount
with  Highly Distance Am- (NZD) |(NZD)
Specular Sur- bient
face Light
Min Max
1 |ATOS5 Blue LED struc-|only matt fin-|170  %|1000 *|0.002mm-880 mm [0.2 sec-|No |1 275,316 |275,316
[84] |tured lighting ~ |ished surface |140mm?|800mm?|0.06mm onds per
scan
2 |ATOS Dual laser line|only matt fin-|6 * (40 *|0.0lmm—|- - No |9 226,413 |2,037,717
Triple [85] |triangulation ished surface |6mm? [40mm? |0.61mm
Scan with blue struc-
tured lighting
3 | Gocator Dual laser line|- 390mm. |1260mm/|0.092mm~+800 mm |- - 1 19,253 |19,253
2800 [86] |triangulation 0.488mm
with red laser
line
4 | Gocator Blue LED struc-|- 71 *|100  *[0.06mm—|110 mm |Minutes |- 2 20,324 140,648
3200 [87] |tured light snap- 98mm? | 154mm?|0.09mm
shot sensors
5 |Gocator Blue LED struc-|- 121 *|13 *|6.7um —|7 mm Minutes |- 18 29,416 |529,488
3504 [88] | tured light snap- 13.2mm315mm?2 | 7.1um
shot sensors
6 | Gocator Blue LED struc-|- 27 *|30 *[0.02mm—|25 mm |Minutes |- 6 24,600 (442,800
3506 [89] |tured light snap- 45mm? |45mm? [0.025mm
shot sensors
7 |Ensenso Structured light-|- - - - - - - - 11,232 |-
N30 [90] |ing with blue
LED random dot
pattern projector
8 |Ensenso Structured light-|- - - - - - - - 12,943 |-
N35 [90]|ing with blue
LED random dot
pattern projector
9 | Ensenso Structured light- |- - - - - - - - 23,7476 |-
X30 [91]|ing with blue
LED random dot
pattern projector
10 |Stereo- | [9] |Stereo matching|Yes 70 % 35¢m? 0.02mm |40 cm -|Minutes*{Yes |1 11,350 {11,350
Laser of blue line laser 50 cm*
System
Height of Drum = 27 cm.
*Working distance depends on the size of the product.
“*Time can be improved by using higher frames per second (fps) camera with graphics processing unit (GPU).

considered. The products developed by ATOS only work on objects with matt fin-
ished surfaces. All products work on the concept of sheet-of-light or stereo vision.
The - in the table indicates that the information is not available. The cost of all
products are in New Zealand dollars (NZD). The quantity specifies the number of
laser profilers required to inspect the washing machine drum of height 27 cm. As
shown in Table 2.4, there is always a trade-off between output accuracy and the field
of view (FOV) covered by the system for inspection. To detect palpable defects, the
accuracy of the output must be high. In this case, the FOV covered by the product
would be relatively small. To inspect the washing machine drum of size 27 cm, we
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would require multiple units of the laser profilers (See Table 2.4). The total number
of units required for each product is calculated in Table 2.4. This will significantly
increase the cost of the inspection process. Moreover, most of these products do
not work accurately in ambient light conditions. We would need to create a suit-
able working environment with no ambient light to remove the reflection problem
to use these products. All commercial products are compared with our stereo-laser
system in terms of type of surface, working environment, FOV, accuracy and cost.
From the comparison, we can summarize that our stereo-laser system performs ac-
curately in ambient light on specular surfaces. Moreover, our system is one of the
most cost-efficient solutions compared to other available commercial solutions.

2.5 Artificial Intelligence for Inspection

Artificial intelligence (Al) is the term invented by John McCarthy in the year 1950
[92]. ”Al is a bigger concept to create intelligent machines that can simulate hu-
man thinking capability and behavior [93].” The subset of Al which is known as
machine learning is an established research discipline. It allows machines to learn
from data without being programmed explicitly. The algorithm on which machine
learning works is developed by learning from historical data [93]. From advanced
web search engines, recommendation systems, understanding human speed to self-
driving cars, Al has grown rapidly in every field [94]. Machine learning techniques
have been used to create and develop smart factories within manufacturing indus-
try. The creation of smart factories has inspired research that analyzes process data
collected from internet of things (IOT) sensors, to predict product quality control in
real time [95]. Supervised, unsupervised, semi-supervised, and reinforcement learn-
ing are various types of machine learning techniques. The nature and characteristics
of data determine the effectiveness, performance and efficiency of a machine learn-
ing solution. ”In the area of machine learning algorithms, classification analysis,
regression, data clustering, feature engineering and dimensionality reduction, asso-
ciation rule learning, or reinforcement learning techniques exist to effectively build
data-driven systems [96].” Deep learning, which is part of a broader family of ma-
chine learning methods, can intelligently analyze the data on a large scale [96]. In
this section, we shall begin with the basics of a fundamental tool of DL, which is
deep and conventional convolutional neural networks. Moreover, an explanation
of selected traditional supervised machine learning regressors is followed by a brief
review of work done for quality control.
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Deep Conventional Machine Learning for Inspection

"Deep learning is part of a wider family of artificial neural networks (ANN) based ma-
chine learning approaches with representation learning [96].” The concept of neural
networks has its root in artificial intelligence [97]. “"Neural networks are a series of
algorithms that mimic the operations of a human brain to recognize relationships
between vast amounts of data. A “neuron” in a neural network is a mathemati-
cal function that collects and classifies information according to a specific architec-
ture [98].” ANNs are comprised of three types of node layers: an input layer, one
or more hidden layers, and an output layer. Here, each artificial neuron or a node
connects with another node. Every node has an associated weight and threshold.
The node is activated when the output of any individual node is above the spec-
ified threshold value. Only the activated node can send data to the next layer of
the network [101]. While a single layer neural network can still make approximate
predictions, the accuracy is refined by additional hidden layers [99]. The adjective
"deep” in deep learning refers to the use of multiple layers in the network [100].
These multiple layers are used to extract higher-level features from the raw input
progressively.

Machine learning and deep learning models are usually categorized as super-
vised learning, unsupervised learning and reinforcement learning [99]. ”Almost all
the value today of deep learning is through supervised learning [103].” The labeled
datasets are required in supervised learning to make predictions. The input data
needs to be labeled correctly for accurate predictions [99]. ”A supervised learning
algorithm analyzes the training data and produces an inferred function, which can
be used for mapping new examples. This requires the learning algorithm to gener-
alize from the training data to unseen situations in a “reasonable” way [102].” The
training data has multiple pairs consisting of an input object and a desired output
value.

The type of training data plays a vital role in supervised learning. In this re-
search, we are working with sequential data, which generally does not quite fit the
supervised learning framework. The reason being the training data consists of N ex-
amples of (z;,y;) pairs, where x; = (2,1, %2, ...,%i,7;) and y; = (Y1, Yi2, - Yi, Ty )-
“These sequences exhibit significant sequential correlation, which means nearby x
and y values are likely to be related to each other [104].” Moreover, sequential su-
pervised learning is often confused with time-series prediction. However, there are
two key differences. ”“First in sequential supervised learning, the entire sequence
(21, ..., zr) is available before we make any predictions of the y values, whereas in
time-series prediction, we have only a prefix of the sequence up to the current time
t + 1 [104].” Second, we are not given any y values in sequential supervised learn-
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ing, and we must predict them all. On the other hand, we have the true observed y
values up to time ¢ in time-series analysis.

Supervised learning techniques are further categorized into classification anal-
ysis and regression analysis. In classification analysis, a class label is predicted for
a given example as an output. On the other hand, a continuous result variable is
predicted based on the value of one or more predictor variables. “The most signif-
icant distinction between classification and regression is that classification predicts
distinct class labels, while regression facilitates the prediction of a continuous quan-
tity [96].” Regression models are widely used in various real-world scenarios such
as weather condition predictions, cost estimation, marketing trends analysis, time
series analysis and many more. In this research, we have applied supervised learn-
ing techniques for regression analysis.

Multi layer perceptron (MLP), convolutional neural network (CNN) and long short-
term memory recurrent neural network (LSTM-RNN) are the most common deep learn-
ing algorithms [96]. During this research, we have applied these algorithms to one-
dimensional (1D) data. Therefore, instead of CNN, we will discuss one-dimensional
convolutional neural network (1D-CNN), which works explicitly with 1D data. Fur-
thermore, the basics of LSTM-RNN will also be explained briefly.

Multi-Layer Perceptron
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Figure 2.4: A structure of a MLP network [96].
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Multi layer perceptron (MLP) is a feed-forward artificial neural network that gen-
erates a set of outputs from a set of inputs. A typical MLP is a fully connected layer
that consists of at least three layers: input layer, output layer and hidden layer. MLP
is a deep learning method which utilizes back-propagation technique to train the
network. Generally, MLP has one or more hidden layers.

As shown in Fig. 2.4, each node in one layer connects to each node in the follow-
ing layer at a certain weight [96]. Additionally, each node uses a nonlinear activation
function except for the input nodes. “Each neuron in the hidden layer transforms
the values from the previous layer with a weighted linear summation, followed by
a non-linear activation function like the hyperbolic tan function [105].” Moreover,
MLP is sensitive to weight initialization and feature scaling. Also, it requires a vari-
ety of hyper-parameters to be tuned such as the number of hidden neurons, layers
and iterations [105].

One-Dimensional Convolutional Neural Network

Convolutional neural networks (CNN) have become the de-facto standard for com-
puter and machine learning applications. Same as MLP, CNNss are also feed-forward
ANNSs and are trained using a back-propagation algorithm. [106]. The hidden lay-
ers of CNNs are typically consisting of convolution, pooling and fully connected
layers [107,108]. CNN was mainly designed for 2D data processing. Deep 2D
CNNs with many hidden layers and millions of parameters can be trained on a mas-
sive size database to learn complex objects and patterns. “Rather than using hand-
crafted features, deep learning methods, specifically CNNs, provide a structure in
which both (feature extraction and prediction) are performed together in a single
body block, unlike other traditional methods [112].” Yet, this may not be a viable
option when the training d-ata is scarce 1D signals [106]. To overcome this issue, a
modified version of 2D CNNs, called 1D convolutional neural network (1D-CNN)
has recently been developed [109-111]. 1D-CNNs are able to learn challenging tasks
involving 1D signals with relatively shallow networks and less computational com-
plexity. Due to their low computational requirements, 1D-CNNs are suited for real-
time and low-cost applications. Therefore, 1ID-CNNs are advantageous and thus
preferable to their 2D counterparts in dealing with 1D signals [107].

In 1D-CNNSs, sequential or time-series data is fed to the convolution input layer.
The convolution layer consists of multiple kernels of the same size, followed by
pooling layer, which will perform (average or max) pooling method. Both con-
volution and pooling layers are mainly used for features extraction from the in-
put. The output of pooling layer is later sent to the prediction or fully-connected
layer [111,114]. "The core system consists of 1D-CNN that can merge the two ma-
jor blocks: feature the extraction and prediction of a 1D signals task into a single
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learning system. This prevents the computing burden and the problems arising
from the choice and design of handcrafted features and maximizes prediction per-
formance [113].”

Convolutional Layer

Kernel Size =3

W1 W3 W3
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Figure 2.5: 1D convolution operation [112].

1D-CNN performs convergence over the local area of input signals to create the
corresponding feature. With the use of weight sharing, 1D-CNN requires fewer
parameters to converge with compared to traditional neural network models; thus,
the convergence of 1D-CNN is faster. “Every kernel has unique characteristics on
the feature map (FM) in all locations [109,112].”

An example of 1D convolution operation is shown in Fig. 2.5. The kernel of
size 3 is used, meaning all weights (wy, w2, ws) will be shared by every stride of the
input layer (21, x2, ..., £, ), and the outputs (y1,y2, ..., y»). The feature map value is
generated by summing up the values of weights multiplied with input values. In
the example shown, the feature y4 is obtained from ys = (wiz3 + woxs + wsxs).
The number of parameters for training are reduced because of the weight-sharing
function. Assuming L; is a 1D convolution layer, the formula is demonstrated in
Equation 2.7.

ol = fSM kL 40 (2.7)

The output of the convolution layer is feed forwarded to the next layer as input.
The Algorithm 1 shows the training procedure of 1D-CNN model. The input sig-
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Algorithm 1. Training procedure for 1D-CNN model.
* Input: Training and validation dataset
* Output: Trained 1D-CNN model
1 Initialize: weights and biases
2 For each iteration Do:
3 Process records of the training data
Compare actual and predicted values
Calculate loss function
Back-propagate error and adjust weights
If better loss Do:

Save network (model, weights)

O 0 J & Ul W=

End If
10End For

nal convolution operations are carried out to get one-dimensional features. Also,
various kernels extract specific characteristics from the input signals [115].

Pooling Layer Pooling layers are crucial to speeding up the CNNs [111]. Also.
Pooling methods are intended to solve the issue of over-fitting. Pooling methods can
be considered down-samples to minimize the number of parameters while main-
taining the major features. Since there are more feature maps in the downstream
sampling phase, leading to an increased data dimensionality, which does not make
calculations possible [112]; therefore, each feature map is processed at this phase
with either average or max pooling method [116]. The output of the max-pooling
method selects the highest parameters in the default window. On the other hand,
the output value of average-pooling method is based on the pre-determined pooling
window.

Figure 2.6 shows an example of max-pooling operation. The length of the input
layer is 6 and the pooling size is set to 2. The output values will be reduced to 3, and
the maximum values for the next network layer will be selected.

Dropout Layer The dropout method can also resolve the problem of over-fitting
during the training phase [117,118]. The dropout layer is one kind of hidden layer
between the input and output layers. During training, the dropout approach in-
volves random selection of neurons. The disabled neurons have no output values
or values are set to zero. The connections from disabled neurons are also removed.
The neural network still functions effectively, although some neurons are temporar-
ily disabled [119-121].

Fully Connected Layer In computer vision applications, the fully connected (FC)
layer of convolutional neural networks is a vital component [122]. “The CNN pro-
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Figure 2.6: 1D max pooling operation [112].

cess starts with convolution and pooling, breaks down the input into a vector of
features, then independently analyses them [124].” This process leads to the final
decision which is taken by fully connected layer. The output of network’s earlier
layer is reshaped into a single vector. Weights are applied on the inputs taken from
the feature map to determine the correct label. The output layer of FC gives the final
probabilities for every label.

Batch Normalization Batch normalization (BN) improves neural network effi-
ciency and stability and prevent gradient vanishing and over-fitting [125]. Normal-
ization and standardization techniques transform the data by putting all the data
points on the same scale [124]. BN is further utilized in feature maps to fix prob-
lems with internal covariance shift [126]. ”"The change in the internal covariance
is a change in the distribution of hidden unit values that slows convergence and
requires careful initialization of network parameters [127].” The previous activation
output is normalized by subtracting the batch-mean then dividing by the batch stan-
dard deviation. BN works as a regularizer and eliminates the need for dropout in
some cases. The neural network’s stability is also increased, as BN enables us to
use much higher learning rates and to take less care of initialization. Furthermore,
each network-layer will learn a little more independently from other layers due to
BN [128].

Lk — KB
NCITE:

where, € is a random noise for stability, « is the mini-batch variance, up rep-
resents the mini-batch mean, o represents a scale parameter, and 3 is the shifting
parameter for the layer. Both a and S are trainable and updated in an epoch-wise
manner [112].

BN (1) = o )+ 8 28)
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Network Optimization Neural network’s performance, accuracy and validity
are determined by its hyper-parameters [129]. Optimizers are one of the important
hyper-parameters used to adjust the weight and learning rate of the neural network;
also, optimizers aim to minimize losses. Stochastic gradient descent (SGD) is one of the
most influential and popular deep learning neural network optimization algorithms
[130]. However, it performs computations across the entire dataset, which have been
reported to be redundant and inefficient. Momentum and Nestrov acceleration are
few strategies proposed to improve SGD performance [131].

” Adaptive optimizations have become popular recently as they adjust the learn-
ing rates of parameters in different scales instead of directly regulating the overall
phase sizes, resulting in a smoother training process and faster convergence. The
adaptive learning rate is determined by dividing the gradients by a denominator,
representing the square root of the global mean for previous gradient squares [132].”
Out of all adaptive optimizers, Adam optimizer is the most popular since it con-
verges way faster than other adaptive methods. Adam combines the advantages
of SGD extensions, RMSProp and AdaGrad [137-139]. “Other adaptive algorithms,
such as AdaDelta [135], RMSProp [136], and AdaBound [140] were mainly proposed
to replace the denominator by the square root of the exponential moving average of
past gradient squares.” Various studies reported that AdaGrad optimizer usually
converges faster than vanilla SGD when the gradients are sparse [133]. However,
its generalization performance is relatively poor [134]. The effect of different opti-
mizers and other hyper-parameters on 1D-CNN network will be discussed more in
detail in Chapter 8.

LSTM-RNN

Long short-term memory (LSTM) is an artificial recurrent neural network (RNN) used in
the field of deep learning. Before we get details of LSTM, it is essential to understand
the basics of RNN. Traditional feed forward CNNs does not work well with sequen-
tial data. RNNs have become state-of-art algorithms for sequential data. RNN is the
only network with an internal memory unit to remember its input, making it ide-
ally suited for machine learning problems involving sequential data [141]. Figure
2.7 shows the unfolded RNN model. Here, every prediction at time (h;) is depen-
dent on all previous predictions and the information learned from them. "However,
vanilla RNNSs fail to understand the context behind an input. Something that was
said long before, cannot be recalled when making predictions in the present [142].”
This is called the problem of vanishing gradient. This issue can be resolved by
applying a slightly tweaked version of RNNs- the Long short-term memory net-
works [142].

LSTM allows information to persist. LSTM has an internal mechanism called
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Figure 2.7: Recurrent neural network architecture [142].

gates that helps regulate the flow of information by learning which data in a se-
quence is necessary to keep or throw away. LSTM’s cell state acts as a transport
highway, it passes the relevant information down the long chain of sequences to
make predictions. The information gets removed or added to the cell state via gates.
There are total three gates in an LSTM cell to regulate the flow of information. A
forget gate, input gate and output gate [143].

Input Gate Output Gate

1 2 3 )

Forget Gate
Long Term Memory

e = . P

Forget irrelevant Pass updated

information LSTM information
HT“ 4 / Hl

Short Term Memory

add/update new
information

Figure 2.8: LSTM cell architecture [144].

Figure 2.8 shows the LSTM cell architecture in its simplest form. Same as RNN,
an LSTM also has a hidden state. Here, H,_; and H; represent the hidden state of
the previous and current timestamp, respectively. Additionally, a cell state of LSTM
is sequentially represented by C;_; and C; for previous and current timestamp. In
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LSTM, hidden state and cell stare are known as short term and long-term memory,
respectively [144].

Now, we shall understand the roles played by these gates in LSTM architec-
ture. Forget gate decides whether we should keep the information from the pre-
vious timestamp or forget it. The second gate, which is input gate tries to learn
new information from the input to the current cell. If the information is relevant, it
gets added to the cell state at the current timestamp, otherwise the information is
subtracted from the cell state. At the end, the cell passes the updated information
from the current timestamp to the next timestamp through output gate [144]. The
topics of hyper-parameter tuning and network optimization for LSTM network are
described in detail in Chapter 8.

Selected Traditional Supervised Regressors for Inspection

In this section, we discuss selected traditional regressors which we used in our stud-
ies. Due to the type of the input data being sequential, we have not used linear
regressors in our research.

Support Vector Machine

Support vector machines (SVM) are a set of supervised learning methods. It constructs
a hyper-plane or set of hyper-planes in a high or infinite dimension space. In gen-
eral, the hyper-plane that has the largest distance to the nearest training data points
of any class achieves a good separation. When this method is used for regression
analysis, it is called support vector regression. The model developed by this method
depends only on a subset of the training data, because the cost function of the model
ignores samples whose prediction is close to their target. This feature of using subset
of training points called support vectors makes the method memory-efficient [145].

This method is still effective in cases where the number of samples is lesser than
the number of dimensions. However, the regularization term and the chosen kernel
function are crucial parameters in this scenario.

K-Nearest Neighbors

Despite its simplicity, this method is popular in cases where the data labels are con-
tinuous. Thus, the accuracy achieved by this method is superior to linear regression
methods in the case of sequential data. In K-nearest neighbors (KNN), the label as-
signed to a query point is computed based on the mean of the labels of its nearest
neighbors. Here, k is the value of nearest neighbors which is specified by the user.
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"This regression method utilizes uniform weights, which means each point in the lo-
cal neighborhood contributes uniformly to the classification of a query point [146].”
Alternatively, weights proportional to the inverse of the distance from the query
point can also be applied [146].

Decision Trees

”Decision trees (DT) are a non-parametric supervised learning method used for re-
gression [147].” The value of a target variable is predicted by learning simple deci-
sion rules inferred from the data features. A tree can be seen as a piece-wise constant
approximation. To understand or interpret the model, trees can be visualized. De-
cision trees perform well even if its assumptions are somewhat violated by the true
model from which the data were generated. One of the advantages of this method is
that it requires little data preparation. However, it does not support missing values.
Moreover, there is a chance of over-fitting by creating over-complex trees that do not
generalize the data. If the dataset is not balanced prior to fitting with the decision
tree, we may get biased results if some classes dominate [147].

Random Forest

Random forests (RF) is a type of ensemble method, which was developed to solve
the problem of over-fitting in decision trees. Here, each tree in the ensemble is built
from a sample drawn with replacement from the training set. ”A random forest
is a meta estimator that fits a number of classifying decision trees on various sub-
samples of the dataset and uses averaging to improve the predictive accuracy [148].”
Additionally, at the time of nose splitting during the construction of a tree, best split
is found either from all input features or a random subset of size. "The purpose of
these two sources of randomness is to decrease the variance of the forest estimator
[149].” The high variance problem of DT is also solved in RF by combining diverse
trees. However, this slightly increases the bias [149].

Extreme Gradient Boosting

Extreme gradient boosting is mainly known as XGBoost. XGBoost is another decision-
tree based ensemble machine learning algorithm. This method uses a gradient
boosting framework. This algorithm is popular for its wide range of applications in
regression and classification analysis. To improve the run time, XGBoost approaches
the process of sequential tree building using parallelized implementation. Also, the
computational performance is significantly improved because of the depth-first ap-
proach in tree pruning. Moreover, It penalizes more complex models through both
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Lasso (L1) and Ridge (L2) regularization to prevent over-fitting [150].” The need to
specify the exact number of boosting iterations required in a single run is overcome
because the algorithm performs cross validation algorithm at each iteration [150].

Evaluation Metrics for Quality Inspection

In order to assess the accuracy of the developed deep conventional neural networks
or traditional regression models, several statistical measures have been used. In
this research, Pearson correlation (R?), Root mean square error (RMSE), Mean absolute
error (MAE), and mean squared logarithmic error (MSLE) have been used as evaluation
metrics. Each statistical measurement is shown in Equations 2.9, 2.10, 2.11, 2.12 as
mathematical representation. The values of Pearson correlation ranges between -1 to
+1. The values near to 1 show better predictions. MAE, MSLE and RMSE are ranged
between 0 and co. The closer the forecast to 0, the better the prediction [151,152].
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where, y; and §; represent the actual value and predicted value, respectively. p
is the number of dataset elements, 1 < i < p.

Machine Learning for Quality Control

We summarized selected papers using traditional machine learning or conventional
deep learning for quality inspection of specular surfaces in Table 2.5. Here, F1 score
is an evaluation metric for machine learning classifiers. Also, TPR stands for true
positive rate, which is also an evaluation metric for classification. All selected papers
use machine learning or deep learning techniques to detect different types of de-
fect visible on the specular surface. All papers require a huge dataset consisting of
images of defects on a shiny surface.
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Table 2.5: Artificial intelligence methods for quality inspection of specular surfaces.

’ Author, Year H Reference ‘ Method ‘ Output ‘
Zhoul, 2020 [155] CNN for classifica- | F1=0.7513
tion
Yun, 2020 [95] CNN with Data | ACC=99.69%
augmentation
Zhang, 2019 [156] CNN for classifica- | ACC=98.74%
tion
Maestro-Watson, 2019 [153] CNN with Deflec- | ACC=88.91%
tometry
Xiao, 2019 [157] ANN, SVM, Ad- | MAE=0.383(ANN),
aBoost for classifi- | MAE=0.311(SVM),
cation MAE=0.333 (AdaBoost)
Zhou, 2019 [158] SVM, YOLO-V3, | F1=0.492(SVM),
Faster R-CNN for | F1=0.515(YOLO-V3),
classification F1=0.905(Faster R-CNN)
Martinez, 2017 [154] ANN with Image | TPR=90.16%, FPR=1.98%
fusion technique

After reviewing the literature, we can mention that the machine learning tech-
niques have never been used for 3D reconstruction of the product for inspection
purposes. Moreover, all the methods specified in these papers cannot measure the
size of defects. Additionally, some palpable defects present on reflective surfaces
are not visible in the image captured by the camera. Therefore, these image-based or
vision-based techniques cannot be used in the production line for defects detection
in shiny surface. In our research, we have combined conventional deep learning and
traditional machine learning techniques with our stereo-laser inspection system. By
combining them, we developed a hybrid method which not only reconstructs the
accurate 3D model of the product but also detects defects in the product at the same
time.

2.6 Summary

The specularity of the surface increases the difficulty of the inspection process. Tra-
ditionally, a person is appointed for the 3D inspection of specular surfaces in pro-
duction line. This increases the probability of error and makes the process of in-
spection time consuming. We summarized the results of this literature review as
follows:
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¢ Traditional 3D measurement techniques have been discussed. Any traditional
3D measurement methods do not prove to be effective when it comes to shiny
surfaces.

* The state-of-art HDR techniques require the product to be in a dark environ-
ment to get an accurate result. The ambient lighting conditions of the working
environment are hindrance to these methods.

* Any defects detection techniques specified in this section, which either use
machine learning approach or traditional approach cannot measure the size of
the defect.

* The available commercial solutions can inspect the specular surfaces accu-
rately. However, the accuracy is affected by the ambient light.

¢ Artificial intelligence techniques have only been used to detect visible defects
in specular surfaces. They have never been used for 3D measurement of the
specular product for inspection purposes.

¢ Itis found that almost all applications of DL and ML use supervised learning
with labeled image dataset.

By critically analyzing the literature, we found out the strengths and weaknesses
of the traditional approach. As our method is developed by combining two tradi-
tional methods, we expect our stereo-laser system to overcome the limitations of
traditional methods.

From comparison with commercial products, we can mention that our inspection
system is accurate and cost-effective. Additionally, the ability of our system to work
in ambient light makes it a more feasible solution.

With this review, we have tried to cover all possible areas related to the inspec-
tion of specular surfaces in ambient light. Whether it is traditional approach, state-
of-art methods, commercial solutions or Al techniques, we have thoroughly ana-
lyzed each field to determine its pros and cons.

As stated before, most of the DL and ML techniques specified in this section use
image datasets. Also, these techniques have not been used for 3D measurement.
With our hybrid approach of using Al with our stereo-laser system for 3D measure-
ment, we aim to improve the performance of our inspection system.

We hope that this survey not only provides a better understanding of deep 1D-
CNN architectures but also facilitates future research activities and application de-
velopments in the field of traditional regression and machine learning for quality
control.






Chapter 3

Setup for 3D Measurement using the
Stereo-Laser System

This chapter starts with an explanation of the setup of the stereo-laser system. The crucial
details of the setup, which affects the system’s accuracy, are also described in detail. Addi-
tionally, the hardware components required to build this system are mentioned with their
essential parameters. Halcon software is used to perform image processing tasks. A brief
description of Halcon software of also provided in this chapter. Moreover, the effect of the
background color on the accuracy of the 3D measurement is also demonstrated in this chap-
ter. A portion of this chapter has been published in my publication [159].

3.1 Setup

The setup of the stereo-laser system is shown in Fig. 3.1. A laser line of blue light is
projected on the product to be inspected, which is placed on the rotating table. The
product is rotating at a constant speed. The encoder is embedded with the rotating
table to provide the trigger signal through a synchronization cable. When the stereo
cameras receive the trigger signal, the stereo images of the product with the pro-
jected blue laser line are captured. The stereo cameras, with identical focal lengths,
are placed in standard epipolar geometry. In this arrangement, the stereo cameras
are mounted on a plane with a displacement that is perpendicular to the cameras’
optical axis [191]. The b denotes the distance between the two cameras, which is
also known as the baseline distance. With a large baseline distance, we can better
depth resolution at high distances. On the other hand, we can examine close objects
accurately with a small baseline distance. The stereo images captured by the stereo
cameras are displayed in respective monitors. The stereo images are processed to
inspect the product. All experiments are performed in ambient light to develop a
system, which overcomes the limitation of the traditional 3D measurement meth-
ods, and inspects a highly specular surface in ambient light.
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Figure 3.1: Setup of the stereo-laser system.

The important parameters of the hardware components of the system are spec-
ified below. Also, a brief introduction of the Halcon software is provided, which is
used to perform all image processing tasks.

1. Stereo cameras. We have used a pair of Genie Nano M4020 monochrome cam-
eras, which has 4112 x3008 resolution. The speed of these stereo cameras is
9.7 fps. Both cameras have identical focal lengths. As stated above, the stereo
cameras are placed in canonical stereo geometry, which means their optic axes
are parallel. The LM16XC Kowa lens with a focal length of 16 mm is used with
these cameras [160].

2. Laser line projector. The Z-laser model Z20M18H3-F-450-1p45 is used dur-
ing this research. It is a blue light laser of class 2M with a 45deg fan angle,
which projects a sharp narrow band of the blue light laser line. The width of
the projected narrow laser line is 0.3 mm. In addition, the output power and
the wavelength of this laser are 20 milliWatt (mW), and 450 nanometres (nm),
respectively [161]. Due to its low output power, we can use this laser in an
open environment to perform experiments. The position of the laser is the
most critical parameter of the setup, which is discussed later in this section.
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3. Rotating Table. The diameter of the rotating table is 70 cm, which is chosen
according to the size of the washing machine drum, and the wash plate. Due
to the low fps of stereo cameras, the rotating table is rotated at a relatively slow
speed of 0.02 RPM. This speed is chosen to make sure that the stereo cameras
do not drop any frames. One rotation should not take more than 4-5 seconds
when using the stereo-laser system in real-world applications. Moreover, the
rotating table is painted black to avoid the effect of the background on the
accuracy of the output. This is explained in detail in the next section.

4. Encoder. The encoder is attached with the rotating table, which is used to pro-
vide the trigger signal to stereo cameras through a synchronization cable. We
have used an incremental encoder Sick DBS36E, which generates 2500 pulses
per revolution. Therefore, the stereo cameras capture 2500 images of the prod-
uct in one rotation [162].

5. Halcon software. Halcon is the comprehensive standard software developed
by MVTec, to perform image processing tasks for machine vision applications.
"The software provides the latest state-of-the-art machine vision technologies,
such as comprehensive 3D vision and deep learning algorithms [163].” The
software is compatible with different operating systems, such as Windows,
Linux, and macOS. It can also access entire libraries from common program-
ming languages like C, C++, and .NET [164]. Moreover, Halcon also provides
an extensive library of more than 1100 operators for blob analysis, morphol-
ogy, pattern matching, 3D calibration.

Furthermore, the perimeter of the wash plate is 2103.8 mm, and the encoder
produces 2500 pulses per revolution. Therefore, the distance between every two
consecutive captured images is 2103.8/2500 = 0.84 mm for this setup.

Position of the Laser

One of the most critical parameters of this technique is the position of the laser line.
We projected a narrow band of a horizontal laser line onto a flat surface to under-
stand the concept. As shown in Fig. 3.2, the laser line diffuses and appears thick and
bright when it is projected directly in the centre of the image. The sharp bell-shaped
curve in Fig. 3.3 shows the ideal intensity distribution of the laser. Here, the x-axis
depicts the width of the region of interest (ROI) image. The gray value intensity of the
laser is plotted on the y-axis. Compared to the ideal intensity distribution curve, the
bell-shaped curve becomes wider and round, when the laser is projected directly in
the centre of the image (See Fig. 3.4). As the distance from the centre increases, the
intensity of the projected laser line decreases gradually. If the laser line is projected
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too far from the centre of the image, then the laser line merges with the background
surface due to its low intensity. The intensity distribution of the laser for this case is
shown in Fig. 3.5. "Hence, we need to choose the laser position in such a way that it
does not cause any reflection and does not get merged with the background in both
images [159].”

Figure 3.2: Change in the intensity of laser [159].

3.2 Calibration of Stereo Cameras

After setting up the system, the first step of the experiment is to calibrate the stereo
cameras, which we have carried out using the Halcon software. First, a calibration
data model is developed by specifying the internal camera parameters, and the cal-
ibration object. The figure shows the image of the calibration plate used during this
research. Halcon supports the calibration plate with hexagonally arranged marks,
containing five finder patterns, i.e., unique mark hexagons where either four or six
marks contain a hole (See Fig. 3.6). To find the calibration plate in the image and
estimate its pose relative to the observing camera using Halcon software, at least
one finder pattern must be completely visible in the image [165].

Each camera acquires multiple images of the calibration plate in different poses.
Additionally, the calibration plate is placed directly on the measurement plane to
obtain extrinsic parameters. In these images, the markers of the calibration object
are extracted, and their (pixel) coordinates, together with the indices of the camera,
calibration object, and calibration object pose and with a tuple containing the indices
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Figure 3.3: Ideal intensity distribution of the laser line.
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Figure 3.4: Intensity distribution for the case, when the laser line is projected in the
centre of the image.

of the corresponding markers, are stored in the calibration data model. ”As a result
of the calibration process, only the calibration error is returned, which corresponds
to the average distance (in pixels) between the back-projected calibration points and
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Figure 3.5: Intensity distribution for the case, when the laser line is projected too far
from the centre of the image.

their extracted image coordinates. An error of up to 0.5 pixels indicates that the
calibration of stereo cameras was successful [165].” The values of calibration error
were 0.4 pixels and 0.3 pixels in the case of wash plate and washing machine drum,
respectively. The calibration data is used to rectify stereo images before processing
them further. Moreover, the world coordinates of a point are also obtained from its
image coordinates using the calibration data.

3.3 Effect of Background color

Generally, the wash plate and the washing machine drum contain drainage holes.
It is essential to accurately measure the dimension of each hole. However, the ac-
curacy is affected by the color of the background. An experiment is carried out to
understand this effect. A stainless steel sheet with a grid pattern of holes is created.
We have captured two images of the metal sheet, one with a white background, and
another with a black background, in ambient light (See Fig. 3.7).

When the color of the background is white, it is difficult to extract the edges of
the holes accurately. Additionally, the holes merge with the reflected region because
of the white background. A shadow appears for each hole in ambient light, which
is visible because of the white background. This adds to the difficulties of extracting
the edges of holes. On the other hand, we can easily extract the edges of holes, even



3.3. Effect of Background color 49

Figure 3.6: Calibration plate.

(a) Image with a white background. (b) Image with a black background.

Figure 3.7: Effect of the background color.

in the reflected region, with the black background. Moreover, we can clearly see the
sharp edges of holes even in ambient light. Therefore, we have painted the rotating
table with black color, to reduce the difficulties while inspecting the holes present in
the wash plate. The black rotating table provides the effect of black ground, which
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makes the inspection process more manageable. Furthermore, the washing machine
drum is covered from the top during the experiment to avoid the same problem.

3.4 Summary

We have found out that the position of the laser and the background color are the
two most crucial parameters of the setup. These parameters play a vital role when
it comes to the accuracy of 3D measurement. Overall, a detailed explanation of the
hardware components of the stereo-laser system is provided in this chapter. The
calibration process for stereo cameras is also mentioned. Moreover, some critical
parameters, such as the total number of images, the speed of the rotating table, the
arrangement of stereo cameras, and the distance between two consecutive images,
are provided for future reference. It is essential to keep these parameters in mind,
while setting up the system for 3D measurement.



Chapter 4

Stereo-Laser System

Stereo vision and laser triangulation are among many traditional 3D measurement methods
used in Computer Vision. In this chapter, we start with a detailed explanation of these two
techniques. Next, we discuss the limitations imposed by the specularity of the surface on
these techniques. After understanding these concepts, we discuss our proposed algorithm,
which combines these two concepts to inspect the highly specular surface in ambient light.
Some special cases of the intensity distribution of a laser, which occur due to the ambient
light of the working environment, are described with their possible solution using the stereo-
laser system. Moreover, the experimental results show the reconstructed washing machine
drum and the wash plate using our stereo-laser system. An accuracy test is performed to
evaluate the accuracy of the system, which is also explained in this chapter. The material of
this chapter has been published in my publication [9,10].

4.1 Stereo Vision and Laser Triangulation

Stereo vision and laser triangulation are a type of surface non-contact techniques.
For high-speed inspection of products in a production line, surface non-contact tech-
niques are preferred. Here, laser triangulation is an active technique, in which 3D
imaging sensors operate by projecting an electromagnetic energy signal onto an ob-
ject followed by recording the reflected energy. In contrast, stereo vision is an exam-
ple of the passive technique. The 3D sensors operate by acquiring electromagnetic
energy from an object in this form [22,23].

Stereo Vision

According to Howard and Rogers, “Stereopsis is a term that is most commonly used
to refer to the perception of depth and 3-dimensional structure obtained on the ba-
sis of the visual information deriving from two eyes by individuals with normally
developed binocular vision [166].” As the eyes of humans and many animals are
located at different lateral positions on the head, two slightly different images are
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obtained as a result of binocular vision. These images are projected to the retinas
of the eyes. The difference in the relative horizontal position of objects in the two
images is referred to as binocular disparities. The visual cortex of the brain pro-
cesses disparities to yield depth perception. Stereoscopic vision probably evolved
as a means of survival [166].

Nowadays, Stereo Vision is a well-known ranging method because it resembles
the basic mechanism of human eyes. The computer stereo vision system uses the
same principle by replacing eyes with two CCD cameras. They are displaced hori-
zontally to obtain two different views. A disparity map, which encodes the differ-
ence in horizontal coordinates of corresponding image points, can be obtained by
comparing these two slightly different images. The values in the disparity map are
inversely proportional to the scene depth at the corresponding pixel location [31].

As stated above, two CCD cameras replace human eyes in the computer stereo
vision system; thus, they should be as identical as possible for avoiding difficulties.
In canonical stereo geometry, both the cameras have identical effective focal lengths
and they should be arranged in such a way that they have parallel optic axes [191].

B M

Figure 4.1: Left and right camera image for canonical stereo geometry [191].

In an ideal case, both the images have collinear row y (See Fig. 4.1). However, in
practice, stereo cameras need to be calibrated, and stereo images need to be rectified
before calculating the disparity. Here, the left image is the base image indicated
by B, and the right image is the matched image indicated by M. The projection of
point P in the base image is displayed by pixel p(z,y). Now, we have to search for
a corresponding pixel on the same epipolar line in the matched image M. “The two
pixels are corresponding if they are projections of the same point P in the scene.”
The pixel g(z + d,y) is the corresponding pixel of pixel p, where d is the value of
the disparity, which is plotted in a disparity map. So, a disparity map encodes the
difference in horizontal coordinates of corresponding image points. For any pixel
P, if the value of disparity is 0, then the pre-image P is at infinity. The larger the
disparity value, the closer is the pre-image to the cameras. We can generate the 3D
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world coordinates for each pixel by processing the disparity map. “An increase in
the image resolution is a general way to improve the accuracy of depth levels [191].”

Overall, the stereo vision technique has very accurate abilities among all the sur-
face non-contact techniques [22]. However, a highly specular surface in ambient
lighting conditions causes highlights in some parts of an object. Sometimes, the
highlights caused by ambient light would be visible from the view of only one of
the cameras. Therefore, some parts of the object will appear brighter in one image
and darker in the other image. Moreover, specular surfaces do not have any tex-
ture. All this will increase the difficulty of finding corresponding points in stereo
images. This will lead to an incorrect disparity value for the reflected regions of the
surface [10].

To understand the limitation of the stereo vision technique, we have carried out
an experiment using the SP1 stereo vision system, which performs stereo matching
in real-time based on semi-global matching (SGM) algorithm. In this experiment, the
stereo vision system is used to reconstruct the washing machine drum in ambient
light. A detailed explanation of this experiment and its results is provided in Ap-
pendix A.

Laser Triangulation

In the laser triangulation method, a light pattern, such as a ray, a plane of light,
a grid pattern, is projected under calibrated geometric conditions onto an object
whose shape needs to be recovered. We have used one light source and one camera.
Calibration is performed to determine the pose of the light source with respect to
the camera [191].

Traditionally, there are two types of laser triangulation systems. The first is the
point laser triangulation system. In this system, the laser aims a single beam at
the desired location, and the system calculates the coordinates of the spot. The same
process is repeated after slightly moving the point till the laser has been moved over
the entire scene. From the calculated coordinates, a 3D picture of the scene can be
formed. However, the data acquisition speed of point laser triangulation systems is
very slow. Therefore, a line laser triangulation system is the other option to reduce
the scene reconstruction time. The line laser triangulation system can also be used
to find the general shape of the object and its distance from the system [167].

A narrow band of light is projected onto a 3D surface of the object in laser-based
triangulation systems. This projection produces a line of illumination that appears
distorted from an observation perspective other than that of the projector. A pro-
file of the object is represented by the laser line. Figure 4.2 shows an example of
laser-based triangulation geometry. The object is moved relative to the measure-
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Figure 4.2: Laser-based triangulation system [168].

ment system to reconstruct the whole surface of the object [169].

A laser-based triangulation system consists of four main components: the cam-
era, the line projector, a mechanism that moves the object, and a software system
to process the captured image and accurately translate pixel offsets to height dif-
ferences. For the standard geometry shown in Fig. 4.2, the height variations in the
object do not produce a change in the line’s y coordinate values (horizontal transla-
tion). This simplifies the calibration process and makes the system faster and more
accurate. Because the camera views the object from an angle, it increases the depth
of field it must accommodate to maintain focus as object height varies. Also, some
parts of the line will be blocked or occluded from the camera’s view in this geome-
try [169].

The problem of occlusion can be solved in reverse geometry where the positions
of the laser and the camera are exchanged. “This setup offers increased height reso-
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lution over the standard configuration, since the oblique angle of laser illumination
means a given change in object height produces a more significant shift in the posi-
tion of the laser line [169].” However, this geometry makes the calculation process
complex as a change in height causes a change in the line’s y coordinate [169].

One key parameter, which can cause measurement errors, is the power unifor-
mity of the line beam. Due to manufacturing variations and tolerance effects, it can
fluctuate which causes intensity variations at the beam edges, non-flat top inten-
sity profile and scattering of light. The performance of the system in the absence
of manufacturing errors depends on the variations in line width over its length.
Width variations occur when the distance from the laser to the object under test
changes [169].

The last parameter is the straightness of the laser line. In real world, the pro-
jected laser lines are rarely straight. It usually is in a bowed or slightly ”S” shape.
” A bowed shape is most often caused when the incident laser beam enters the beam
shaping optics at a non-normal angle of incidence [169].” The straightness of the
line depends on optical alignment. All these factors affect the calibration process.
This system offers greater speed and accuracy than most other 3D vision technolo-
gies. However, it is a very complex system in which the results critically depend on
several system parameters [169].

Moreover, the specular surface of the object diffuses the projected light pattern.
Also, the defects present in the region of reflection will not be visible. In addition,
it is difficult to inspect small features present in the highlighted region. Thus, we
cannot reconstruct an accurate 3D model of the product with the distorted light
pattern [10].

4.2 Proposed Algorithm

To overcome the above-specified difficulties, we propose a novel method that com-
bines the concept of structured lighting and stereo vision. A narrow beam of laser
light is projected onto a reflective surface. In the calibrated environment, stereo cam-
eras capture images of the deformed laser line, which represents a surface profile of
an object. We have developed an algorithm to accurately detect the laser line even
in the presence of highlights. Some challenging scenarios caused by the presence of
ambient light are also explained in detail. After detecting the distorted laser profiles
in both images, stereo matching is performed on detected laser profiles for accurate
representation in the world coordinate system (WCS). A solution for defects detection
is also provided. This method cannot only detect defects, but it can also measure
the dimension of defects accurately. The flow chart shown in Fig. 4.3 represents our
approach for the 3D measurement with defects detection [10].
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The stereo images of the product with a projected narrow band of laser line are
captured in the calibrated environment. Here, the deformed laser line resembles the

shape of the product.
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Pre-processing of Stereo Images

The first step after capturing the stereo images is to rectify them. In the case of
repetitive patterns in the image, the matching process may be confused because
many points look alike. “In order to make the matching process fast and reliable,
the stereo images are rectified such that pairs of conjugate points always have iden-
tical row coordinates in the rectified images, i.e., that the search space in the second
rectified image is reduced to a line.” The stereo images are rectified using the inter-
nal camera parameters and the relative pose. The results of the rectification process
depend on the calibration results. Therefore, it is crucial to calibrate the stereo cam-
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eras with maximum accuracy.

Region of Interest for Laser Detection

After rectification, these images are pre-processed to nullify the effect of vibrations
caused by machinery. The setup of the stereo-laser system is one unit (See Fig. 4.4).
The vibrations caused by machinery generally vibrate the whole unit. The shift in
the product due to vibrations is normally the same as the shift in the stereo cameras
and the laser. Therefore, the effect of vibrations gets nullified in general. However,
if the setup is not a single unit, there are two possible cases, which can affect the
accuracy of the output. In the first case, only the product is shifted, and the stereo
cameras and a laser are in an ideal position. On the other hand, the stereo cameras
and a laser are shifted, but the product is steady. We have found a solution to nullify
the effect of vibrations caused by machinery for both cases.

Vibrations Nullification Algorithm

Figure 4.5 is the reference image to understand the vibrations nullification algo-
rithm. The extreme point C on the outer edge of the product is taken as a reference.
This point C is obtained by detecting the projected laser line on the outer edge of
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the product. AC shows the projected laser line on the product. Now, we try to
detect the laser point A using the known distance AC. The detected laser point is
taken as a reference point for obtaining the point B on the same row. Now, the dis-
tance AB is calculated when the product is not rotating, which means there are no
vibrations. When the 3D measurement process starts, we calculate the distance AB
for every stereo image pair. The calculated distance AB is compared with its ideal
value. Next, the difference in distance AB in image coordinates is converted to 3D
world coordinates. The average difference in distance AB is +/- 2 pixels. This could
cause the error of +/- 0.3 mm in world coordinates. The computed value of differ-
ence in AB is later added to the 3D detected laser line AC. In this way, we nullify
the effect of the vibrations caused by machinery for both cases mentioned above.

After computing the difference in distance AB, the stereo image pairs are cropped
to create the region of interest (ROI) images. The height and the width of the ROI im-
ages are decided according to the shape of the product. Moreover, it is important to
consider the shift in the height of the product, while determining the dimensions of
the ROI images.

Laser Detection

The most crucial step of this process is to accurately detect the projected laser line
in ROIs in ambient lighting conditions. Our algorithm to detect a laser line in the
presence of ambient light is explained in detail. The red curve in Fig. 4.6 depicts
the intensity distribution of the projected laser line, which resembles a bell-shaped
curve. Here, the x-axis represents the width of the ROl image. The gray value inten-
sity of the laser is plotted on the y-axis. The first step of the detection algorithm is to
smooth the curve using a Gauss function [170]. The blue curve shows the smoothed
function. Next, we find local maximums for the blue curve [171]. The pixel loca-
tion of each local maximum is compared with the location of the highest gray value
pixel of the red curve. "We try to find the area which is nearest to the location of the
highest gray value pixel. The most immediate local maximum would be considered
as the detected point of the laser line [9].” In the case of multiple values, the algo-
rithm considers the gray value intensity at each local maximum point. The decision
is made by selecting the local maximum point with the highest gray value intensity.

Special Cases

If the ROI contains highlights caused by ambient light or the product has a hole,
the intensity distribution would be affected. Hence, we cannot repeat the same pro-
cess for each row. We found six exceptional cases of intensity distribution, while
reconstructing the wash plate and the drum.
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Figure 4.6: Intensity distribution for region without highlights.

Case 1

In the first case, the highlight is present in the ROI The highlight is caused due
to the reflection of the ambient light, when projected onto the specular surface of
the product. However, the highlight is separate from the projected laser line in
this case. Figure 4.7 shows the intensity distribution for the first case. Here, the
first bell-shaped curve represents the highlight, and the second curve represents the
projected laser line. "Now, if we follow the same method, then it will assume the
highest intensity of highlight as a projected laser profile [10].” Our algorithm takes
the location of the detected laser line in the previous row as a reference for the next
row to solve this problem. "If the location of the detected laser profile is (x, y), then
in the next row, we search pixel locations (x + 1,y — 10) to (z + 1,y + 10) for finding
the pixel with the highest gray value [9].” The laser line is detected using the same
method as the first row; but, in a smaller region.

Case 2

The intensity distribution for the second case is shown in Fig. 4.8. In this case, the
highlight is merged with the projected laser line. It is not possible to extract the
location of the laser line pixel when it is merged with the highlight. The algorithm
will assume the output to be the same as the output of the previous row. If the
highlight is visible in only one of the images of the stereo image pair, we can solve
the problem of this case in the next step of the reconstruction process. Typically, the
highlights caused by ambient lighting conditions will not be visible in both photos.
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Figure 4.8: Intensity distribution for case 2.

Therefore, the highlights which are present in the left image will not be present in
the right image and vice versa. For the case where the laser line is merged with the
highlight in one shot, we would still be able to detect the laser line accurately in the
other image. By comparing detected laser lines of both images, we can specify the
region which has inaccurate output because of the reflection. Then, the inaccurate
output values are replaced by the approximate output values. These approximate
output values are generated from one of the images’ accurate output values [10].
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Figure 4.9: Intensity distribution for case 3.

Case 3

The third case occurs when the product has a hole. The intensity distribution in the
presence of a hole is displayed in Fig. 4.9. When the algorithm searches for the peak
between the pixel locations (z + 1,y — 10) to (x + 1,y + 10), it will consider any
local maximum (small peak) in this region as a part of the laser line. To avoid this
problem, we specify the minimum gray value to be considered a laser line. If the
gray value of the detected peak is higher than the minimum value, then the peak is
detected as a laser point. To make it easier and even more accurate, we detect the
holes during the pre-processing stage using edge detection [172]. After that, we set
the gray value of the detected region to be 0. This simplifies the detection process.

Case 4

When the product’s shape changes drastically, the laser line may get shifted outside
the search range of y — 10 to y + 10. The pixel location of the detected laser for
the previous row is 160. There is no peak in the search range. However, there is a
bell-shaped curve outside the search range (See Fig. 4.10). There is a possibility of
getting the same intensity distribution in the presence of a hole and a highlight. In
the case of a hole, the gray values in the search range will be 0. In contrast, we get
some small gray values in the search range for this case. The gray values will be
smaller than the minimum threshold value, so it will not be detected as a laser line.
In this case, we expand the search range and repeat the process to detect the laser
line.
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Figure 4.10: Intensity distribution for case 4.

Case 5

The following case usually appears after the second case. In this case, we get two
peaks in the search region (See Fig. 4.11). One is a sharp peak, representing the
laser line, and the other is the broad peak representing the highlight. The laser
line is slightly merged with the highlight in this case. Here, both peaks appear in
the search range. For accurate detection, the algorithm first calculates the distance
between the pixel value of the detected laser point of the previous row and the pixel
value of each peak. Even though the highlight has a higher gray value compared to
the laser line, the sharp peak of the laser will be closer to the detected laser point of
previous row. By analyzing the distances, the algorithm will select the sharp peak
as the correct output.

Case 6

Due to the object’s shape, sometimes we acquire the intensity distribution as shown
in Fig. 4.12. We obtain two peaks of nearly the same gray values in the search range
even after smoothing the curve. This case generally occurs due to the diffusion of
the laser line. There is no highlight present in this case. First, the algorithm will
calculate the distance between two peaks. If the distance is lesser than the threshold
value, the average of both peaks’ pixel locations is considered the point of a detected
laser line. On the other hand, if the distance is higher than the threshold value, the
peak nearest to the previous pixel location is selected.

To compare the detected laser lines, the length of both the detected laser line
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Figure 4.11: Intensity distribution for case 5.
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Figure 4.12: Intensity distribution for case 6.

is divided into small segments of equal lengths. The slope and the maximum dif-
ference in pixel values are calculated for each segment. We can find the inaccu-
rately detected region by comparing the above-calculated values of every segment
of one image with the corresponding values of every segment in the other image.
Now, the inaccurately detected segments are replaced by the approximate segments.
These approximate segments connect their previous segment with their next seg-
ment. Also, every approximate segment has the same slope value as its correspond-



4.3. Experiments and Results 65

ing segment of the other image. However, if the highlight is visible in both images
of the stereo pair, it is impossible to detect the laser line in that region accurately.
Therefore, we cannot detect defects or reconstruct that region accurately. This is the
limitation of working in ambient light.

Stereo Matching and 3D Reconstruction

After detecting the laser profile in both images, the next step is to perform stereo
matching only on the detected laser line. The disparity values, which define the
column difference of the image coordinates of two corresponding features on an
epipolar line, are calculated for the detected laser point for each row of the ROIs.
The image coordinates of the detected laser profile in the left image, along with its
disparity values, are used to compute the corresponding points in the world coor-
dinate system [173].

The product is rotated slightly in a clockwise direction after the reconstruction
of one 3D profile. After rotation, the process of reconstructing the 3D profile is re-
peated. Later, the reconstructed 3D profile is also rotated slightly around the Z-axis
and merged with the previously reconstructed laser profile [174,175]. The rota-
tion angle between every two consecutive scans is constant throughout the process.
Also, the rotation angle between the location of the first scan and the current scan
is identical to the angle between the first reconstructed 3D profile and the current
reconstructed 3D profile. This process is repeated till the whole product is recon-
structed, that is, till the product has been rotated for 360 degrees. The reconstructed
product is compared with the ground truth model for accuracy evaluation. The
defects detection process is also a part of the stereo-laser system, which will be ex-
plained in the next chapter.

4.3 Experiments and Results

In the experiments, we have used the stereo-laser system to reconstruct a washing
machine drum and its wash plate (See Fig. 4.13). Both products are made of stainless
steel, which makes its surface look reflective. The wash plate has some palpable
defects, such as dents, bumps and cracks, which are also accurately detected using
our method. Both products have small critical features/details which are needed to
be accurately measured for customer satisfaction. By inspecting these two products,
we have solved all possible critical scenarios or problems that may occur due to the
product’s shape. Moreover, the stereo image pairs are acquired in different weather
conditions to understand the problems that may occur due to the ambient lighting
condition of the working environment.
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(a) A washing machine drum. (b) A wash plate.

Figure 4.13: Products with highly specular surfaces.

L1 R1 L2

(a) Detected laser profiles in a drum.  (b) Detected laser profiles in a wash plate.

Figure 4.14: Detected laser profiles.

We have already discussed the setup of the stereo-laser system in Chapter 3. The
baseline distance is 130 mm for this experiment. After calibrating the stereo cam-
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(a) 3D reconstructed drum. (b) 3D reconstructed wash plate.

Figure 4.15: 3D model of products in WCS.

eras with utmost precision, the stereo images are rectified. As stated before, a total
of 2500 stereo images are captured for the 3D reconstruction of the product. The
projected laser line is detected in the ROI images using our proposed algorithm.
Figure 4.14 shows two cases of the stereo ROIs with the detected laser lines for both
products. Later, we perform stereo matching only on detected laser lines to recon-
struct the 3D laser profile in WCS. The generated laser profile is rotated and merged
with the previously reconstructed lines. This method is repeated for 2500 scans to
reconstruct the accurate 3D model of the product. The rotation angle between two
consecutive scans is 0.002513 radian. The output 3D model for both products is
shown in Fig. 4.15.

For this experiment, the accuracy of our method is 0.02 mm. In the case of the
drum, there are six scans for which the laser is not detected accurately. On the other
hand, ten scans are inaccurate in the case of the wash plate. Moreover, in the case
of inaccurate detection, the maximum deviation in pixel locations is 3 pixels for the
drum, and for the wash plate, it is 5 pixels.

Accuracy Test

To test the accuracy of our system, a small experiment was performed. In the same
setup as the above experiment, we projected a laser light on a metal cube. Later, a
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(a) Metal cube. (b) Metal cube on a thin metal sheet.

Figure 4.16: Metal cube images for accuracy test.

Figure 4.17: 3D reconstructed laser profiles for accuracy test.
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thin sheet of height 0.038 mm was placed below the same metal cube, and we pro-
jected a laser line on this cube (See Fig. 4.16). The process mentioned above was
repeated to reconstruct the projected laser line in both cases. Figure 4.17 shows the
reconstructed laser profile for both cases in one model. We calculated the height
difference between the two reconstructed laser profiles. The calculated height dif-
ference is 0.033 mm. Therefore, we can determine that our stereo-laser system can
achieve an accuracy of 0.005 mm.

44 Summary

After understanding the concepts of stereo vision and laser triangulation techniques,
the functionality of our stereo-laser system is explained in detail. The proposed al-
gorithm represents the combination of stereo vision and laser triangulation meth-
ods. The proposed algorithm is divided into three parts: Pre-processing, laser de-
tection, and 3D reconstruction, for a better understanding of the system. The ex-
ceptional cases of intensity distribution, caused due to ambient light, are described
with their specific solutions. In addition, the system is capable of neutralizing the
effect of vibrations caused by machinery. The performance of the developed system
is evaluated by the accuracy test. The experimental results show the reconstructed
3D model of the drum and the wash plate with an accuracy of 0.02 mm. Overall,
our system provides a novel, feasible, accurate and cost-effective solution for the 3D
measurement of specular surfaces in ambient light.






Chapter 5

Defects Detection

The detection of defects in the product is a critical part of the inspection process. Dents,
bumps, and scratches are the type of palpable defects, which could be present in the product.
Due to the specularity of the surface, it is difficult to detect these defects using vision-based
techniques. Defects detection is a part of our stereo-laser system. This chapter explains
our proposed algorithm for automatic defects detection in detail. In this chapter, we have
used the stereo-laser system to detect three types of defects (Dents, Bumps, and Scratches)
present in the wash plate. The experimental results show that our system cannot only detect
the defects but can also measure the size of the defects present in the product. Moreover,
the experiments are performed in ambient light. Thus, we have overcome the limitation of
traditional 3D measurement methods with this research. Material discussed in this chapter
has been published in my publication [9].

5.1 Introduction

Defects Detection is an integral part of the inspection process. Along with the ac-
curate measurements of the product, it is crucial to detect any defects present in
the products. In this research, we principally focus on the detection of defects in
highly specular surfaces. There are two classes of defects: Visible and Palpable.
Small bumps, dents, cracks and scratches are some examples of defects [176]. Dents,
bumps and scratches are the types of defects, which are present in the wash plate.
As stated before, the wash plate is made of stainless steel. Thus, the surface of the
wash plate is highly specular in ambient light. The visibility of the defects in the
wash plate depends on the camera angle, camera position, and its point of view.
Additionally, it also depends on the angles of the projection lights. ”Indeed, the
shape of the product causes reflection in ambient lighting conditions. The specu-
larity of the surface makes it difficult to see every small feature of the product [9].”
Therefore, we cannot use computer vision-based techniques for defects detection in
reflective surfaces [9].
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The comprehensive review of literature on defects detection, which is described
in Chapter 2, depicts that the available defects detection methods cannot measure
the dimensions of the defects. ”If the accurate 3D measurement of the product is
necessary for the inspection, it is crucial that the defects are detected at the same
time of 3D reconstruction [9].” Therefore, the stereo-laser system is developed to
detect the defects present in the product at the same time; it reconstructs the 3D
model of the product for quality control. The reconstructed 3D profiles of a defective
product are compared with the 3D profile of the non-defective product for defects
detection [9].

5.2 Proposed Algorithm for Defects Detection

Defects detection is a part of the stereo-laser system. As described, a laser line is
projected on the object, which is rotating at a constant speed. The stereo cameras
capture the image of the projected laser line in ambient light. The projected laser
line appears deformed, and it resembles the shape of the object. The stereo images
are processed, and the projected laser line is accurately detected using the proposed
algorithm of laser detection. After that, the concept of stereo matching is applied
only to the detected laser line in stereo images. We get the disparity value for the
laser line as an output of stereo matching. The detected laser points are transformed
into WCS, using the internal camera parameters, the relative pose, and the disparity
values. This process is repeated for each pair of stereo images. The 3D reconstructed
laser profile is merged with the previously reconstructed laser profiles after it has
been rotated according to the rotation of the product. After repeating this process
for the total number of scans, the 3D model of the object is created.

Instead of rotating the 3D profile for defects detection, we translate the 3D pro-
file in one direction for defects detection [177]. In this experiment, we translate the
3D profile along the Z-axis. Now, the translation distance between every two con-
secutive scans is constant. This process will create the 3D unwrapped model of the
product. Next, we find the transformation between the 3D unwrapped model of the
defective product and the 3D unwrapped model of the ideal product by using the
registration process [178]. In this process, it is assumed that both translated models
have a known approximate spatial relation. The pose of the defective product is
transformed according to the outcome of the registration process [179]. Later, we
compute the distances between the points of the two models. The distances are cal-
culated using the K-dimensional (KD) tree method. In this method, the points of the
defective product are organized in KD-tree. This speed up the search for the closest
point in the ground truth data [180]. The output distance map clearly shows the
defects present in the product. Moreover, the dimension of the defect can also be
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(a) An object with bumps as (b) An object with dents as (c) An object with scratches
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Figure 5.1: Defected object [9].
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(a) Detected laser profile in (b) Detected laser profile in (c) Detected laser profile in
presence of bump. presence of dent. presence of scratch.

Figure 5.2: Detected laser profiles in the presence of defects [9].

calculated from the distance map.

Sometimes, there is a difference in the elevation of the two products. If we com-
pare the 3D reconstructed model with the ground truth model, this elevation dif-
ference is also detected as a defect in the product. To avoid this problem, we have
proposed this new approach, which compares the translated 3D models instead of
reconstructed 3D models. The product is rejected automatically, if any defects are
detected in the product.

5.3 Experiments and Results

The setup for this experiment is similar to the setup of the stereo-laser system. The
wash plate of the washing machine drum is used as an object. The object has three
types of defects: Dents, Bumps and Scratches (See Fig. 5.1). The effect of a bump is
created by using the marker. We have projected a narrow band of blue light laser at
the location of the defects on the object. The stereo images of the object, with a pro-
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Figure 5.3: 3D profiles of defective and non-defective products in WCS [9].
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Figure 5.4: Defects Detection.

jected laser line, are captured in the calibrated environment. Figure 5.2 shows the
images of the detected laser line in the presence of defects on the object. After detect-
ing the laser line in stereo ROIs, the 3D laser profiles are obtained after performing
stereo matching. We have shown the reconstructed 3D profiles in the presence of
defects with the ground truth data in Fig. 5.3, to show that the stereo-laser system
has accurately detected the defects [9].

The proposed defects detection algorithm is used to detect the bump, which is
a line drawn by a marker (See Fig. 5.1a). The unwrapped 3D model of the product
is created by combining the translated 3D laser profiles. Figure 5.4a shows the un-
wrapped 3D model of the defective product. For visualization purposes, we have
shown only 50 scans instead of a total of 2500 scans. We have also shown an un-
wrapped 3D model of the ideal product in Fig. 5.4b. The distance between each
consecutive scan is 0.005 points. In the distance map shown in Fig. 5.4c, we can
see the green line in the highlighted region, which represents the line drawn with
a marker to create the effect of a bump in the product. If any defect is present in
the product, whether it is a dent or bump, it will be present in at least 10 continu-
ous reconstructed 3D profiles. Therefore, the scattered green points present in the
distance map are not considered as defects, rather they are considered as noise. The
dimension of this bump can be calculated from the distance map. Therefore, we can
accurately detect the dents and bumps of size 0.03 mm and 0.07 mm, respectively.
However, accurate detection of scratches is proven to be more difficult compared
to other palpable defects such as dents and bumps. As shown in Fig. 5.3c, “the
depth of the scratch nearly equals to the noise present in the output. Therefore, the
removal is noise is necessary for detection of scratches [9].”
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54 Summary

To summarize, we cannot only detect but also measure the palpable defects of the
minimum size of 0.03 mm accurately. As the experiments are performed in ambient
light, the limitation of traditional 3D measurement techniques has been overcome.
Along with the detection of defects, this system reconstructs the 3D model of the
product for 3D measurement, at the same time. This combined approach saves time
in real-world quality control processes. Unlike commercial profilers, there is no
constraint such as a trade-off between the field of view and the accuracy of the out-
put. Therefore, we can perform both tasks of 3D measurement and defects detection
without making any changes in the setup. Moreover, there is no requirement for ex-
tra hardware to make the defects visible. The accuracy of our system is independent
of the visibility of the defects. Thus, our approach is proven to be a simple, feasible,
accurate and cost-effective solution for defects detection in highly specular surfaces.



Chapter 6

Comparison of Red versus Blue Light Laser
for Stereo-Laser System

In this chapter, we have tried to examine the accuracy of our system with different colors
of laser light. As the experiments are performed in ambient light, it is essential to project
the correct type of laser light to achieve maximum accuracy. Two different colors (Red and
Blue) of laser lights are compared in this experiment. Additionally, the commercial laser
profilers that use red light laser are compared with those using a blue light laser. We have
reconstructed 3D profiles of three objects of different shapes using these two laser lights.
The output 3D profiles obtained using a red light laser are compared with what was achieved
using a blue light laser. The results are quantitatively evaluated in terms of accuracy with the
ground truth 3D model of the acquitted objects for accuracy evaluation. Moreover, we have
also discussed the dependency of laser light on the specularity of the surface. The material of
this chapter has already been published in my publication [159].

6.1 Red and Blue Light Laser

Eye injury hazard

0 100 300 1000
— Power, milliwatts (1 Watt)
Class 2 Class 3R Class 3B Class 4
G-1mW  1-5mW 5 - 500 mW 500 mW+

ly look or stare into the beam).
safe after about 52 f (16 m),

Figure 6.1: Laser classes and eye injury hazard [185].

The accuracy of the stereo-laser system mainly depends on the accurate laser
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detection. To get accurate results in ambient light, the projected laser light needs
to be sharp and narrow, and it should resemble the shape of the product. In this
chapter, we have used red and blue colors of laser light, to evaluate the performance
of the system with different colors of laser light in ambient light.

A laser emits coherent light, due to which the projected laser beam stays nar-
row and focused over a great distance [181]. The wavelength of the blue light laser
diode is normally 450 nm, 473 nm, or 488 nm. On the other hand, the wavelengths
of 638 nm, 650 nm, and 670 nm belong to the red light laser diode [182]. In the
electromagnetic radiation spectrum, all these wavelengths come under the visible
light region [183]. We can classify the visible-beam lasers into four classes based on
their maximum output power: Class 2, Class 3R, Class 3B and Class 4 [184]. "Fig-
ure 6.1 shows that the chances of eye injury hazard increases as the lasers” power
increases [159,185].” Keeping the safety parameters in mind, we have used class 2
lasers to perform experiments in ambient light.

Red Blue
Figure 6.2: Detection of laser light in the presence of highlight [159].

One critical factor of the laser detection process is that the reflected region in
the shiny surface, should not be considered as a part of the projected laser profile,
because of its high intensities. In contrast to blue light laser, the red light laser has
higher absorption depth. Thus, it penetrates deeper into the target surface. More-
over, the chances of the red light laser merging with the background increases, be-
cause it appears blurry and diffused in ambient light. On the other hand, the blue
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light laser generates a sharply focused band when projected on the reflective surface
in ambient light [159, 186]. To prove this, an example is shown in Fig. 6.2. The red
light and blue light lasers, with the same output power, are projected on the wash-
ing drum. The stereo-laser system is used to detect the projected laser line. "Here,
the red light laser has low intensities compared to the blue light laser [159].” There-
fore, the stereo-laser system detects the highlighted region as a part of the laser line
in the case of a red light laser. In contrast, the projected blue light laser is detected
accurately even in the presence of the highlighted region [159]. To check the overall
impact on the accuracy of the system, we have carried out few experiments, which
are discussed later in this chapter.

6.2 Comparison of Commercial Solutions

Table 6.1 compares laser profilers of LMI Technologies, Micro-Epsilon, and Cognex,
which work on the concept of sheet-of-light for 3D measurement. The products are
compared in terms of field of view (FOV), resolution, measurement distance and
clearance distance. Also, the compatibility of the products with the reflective surface
is mentioned in this table. The - indicates the lack of information regarding that
particular product. We can see a trade-off between the accuracy of the output and
the field of view covered by the system. The products with higher resolution cover
very small FOV. Therefore, multiple units of the product will be required to inspect
large objects. This directly increases the cost of the inspection process. Additionally,
the resolution of the red light laser profiler is lower than that of the blue light laser
profiler. Moreover, the red light laser profilers cannot inspect the highly specular
surfaces. Also, one common disadvantage is that all profilers mentioned in the table,
do not work in ambient light conditions when working with the reflective surface.
Thus, blue light laser profilers are preferred over red light laser profilers to inspect
shiny surfaces [159].

6.3 Experiments and Results

The setup of the experiment is the same as the setup of the stereo-laser system ex-
plained in Chapter 3. We have used class 2M red and blue light lasers to perform 3D
measurements in ambient light. Both lasers have the same maximum output power
of 20 mW. Also, the fan angle of both lasers is 45 degrees. The position of the laser
is the same for both lasers, and it does not change throughout the experiment. The
baseline distance between the stereo cameras is 130 mm for this experiment. In this
experiment, we have projected a laser line on three different shapes of the object.
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Table 6.1: Comparison of laser profilers [159].

Laser Profiler Laser Field Resolution | Resolution | Measurement| Clearance | Compatibility
Light of Z (mm) X (mm) Distance Distance with  Shiny

View (mm) (mm) Surface
(mm)

Gocator 2510, || Blue 13.0- - 0.008 6 17.0 Yes

2512 [187] 14.5

Gocator 2520 || Blue 25.0- - 0.013- 25 47.5 Yes

[187] 325 0.017

Gocator 2880 || Red 390- 0.092- 0.375-1.1 800 350 No

[187] 1260 0.488

Cognex Blue 9.4- 0.001 0.0073- 8 52.5 Yes

In-Sight 10.7 0.0084

Laser Profiler
DS910B [188]

Cognex Blue 23.4- 0.002 0.0183- 25 53.5 No
In-Sight 29.1 0.0227

Laser Profiler

DS910 [188]

Cognex Red 64-162 | 0.010- 0.063- 220 135 No
In-Sight 0.052 0.158

Laser Profiler

DS1101 [188]

Cognex Red 90-140 | 0.016- 0.088- 725 180 No
In-Sight 0.265 0.410

Laser Profiler
DS1300 [188]

Micro-Epsilon || Red 83.1- 0.012 1280 100 - No
29xx-100 [189] 120.8 points  /
profile

We have tried to reconstruct the projected laser profile on a washing machine drum,
a prism and a cube. As we know, the drum is made of stainless steel, which makes
its surface highly specular. On the other hand, we have wrapped the cube and the
prism in aluminum foil to get the effect of the reflective surface. First, we have used
the red light laser for 3D reconstruction. Later, the experiment is performed using
the blue light laser in the same working environment. We have used the proposed
algorithm of the stereo-laser system for 3D measurement tasks [159].

In a calibrated environment, the laser line is projected on three objects. Figure 6.3
shows images of the different objects with a projected laser band. The projected laser
band is detected in the captured stereo images. The left and right ROI images with
detected laser profiles in the case of red light laser are shown in Fig. 6.4. The process
is repeated for each object using the blue light laser. The detected laser profiles in
stereo ROIs are shown in Fig. 6.5. Stereo matching is performed on detected laser
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(a) Drum. (b) Prism. (c) Cube.

Figure 6.3: Objects with projected laser profile [159].
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Figure 6.4: ROIs with detected laser profiles using red-light laser [159].

profiles in the ROI images. The calculated disparity values are used to transform
the detected laser points into world coordinates. In Fig. 6.6, we compare the output
reconstructed 3D profiles by red light laser with the output reconstructed 3D profiles

Table 6.2: Output accuracy for red and blue light laser [159].

Parameters Object 1: Drum | Object 2: Prism | Object 3: Cube
Red ‘ Blue Red ‘ Blue Red ‘ Blue
Total No. of Scans 1250 2500 500 1000 100 200
Accuracy (mm) 0.7 0.02 0.4 0.02 0.4 0.018
No. of False Positives 14 6 12 0 6 0
Maximum Deviation (Pixels) +5 +3 +3 +1 +3 +1
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Figure 6.5: ROIs with detected laser profiles using blue-light laser [159].
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Figure 6.6: 3D reconstructed laser profiles [159].

by blue light laser. The output accuracy is dependent on the detection of laser in the
ROI images [159].

Table 6.2 summarizes the performance of the stereo-laser system with different
laser lights. The total number of scans required to reconstruct the product is men-
tioned in the table. As the width of the red light laser is more significant than the
blue light laser, the total number of possible scans with a red light laser is nearly
half of the number of scans possible with a blue light laser. “"Here, the number of
false positive specifies how many times the reflection is falsely detected as a part of a
laser line [159].” The deviation results depict that the detected red light laser is quite
noisy compared to the detected blue light laser, which is quite sharp. Additionally,
the number of false positives for small objects is 0, when using the blue light laser.
The maximum accuracy achieved by the system with a red light laser is 0.4 mm. On
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the other hand, the maximum accuracy of 0.018 mm is achieved with the blue light
laser. The maximum deviation is only 1-3 pixels with the blue light laser. Therefore,
the stereo-laser system can detect all small features of the object accurately when the
blue light laser is projected on the object [159].

6.4 Summary

To conclude, a blue light laser is proven to be more accurate than a red light laser
for the 3D shape measurement of highly specular surfaces in identical conditions.
Additionally, the projected beam of red light laser diffuses and merges with the re-
flection caused by ambient light. On the other hand, the blue light laser does not
penetrate the shiny surface. It provides a sharp narrow beam when projected onto
a highly specular surface even in ambient light. Therefore, we can accurately de-
tect the blue light laser even in the presence of reflection. Even comparing different
commercial laser profilers, we can see that the blue light laser profilers have better
accuracy than red light laser profilers. In addition, the red light laser profilers are
not compatible in inspecting specular surfaces. Moreover, the accuracy of the out-
put is highly improved by using the blue light laser. Thus, we recommend using a
blue light laser with the stereo laser system for accurate 3D measurement of highly
specular surfaces in ambient light.






Chapter 7

Diameter and Height Measurement using a
Single Image

In production lines, different applications require different features to be inspected. Due to
time constraints, some applications may require only essential parameters of the manufac-
tured object to be measured during the inspection. For example, the perimeter and height
are considered essential parameters for symmetric 3D geometric shape objects. This chap-
ter proposes a simple approach to calculate the diameter and height of a highly specular or
transparent cylinder from a single image captured in a calibrated environment. The dimen-
sions are measured accurately for three different sizes cylinders. Out of three, one is made of
transparent plastic material, and the other two are made of stainless steel. Moreover, the ex-
periments are performed in ambient lighting conditions, overcoming the limitations of many
standard 3D measurement methods. In the experiment, the cylinders are translated in X
and Y directions with respect to the camera to check the effects of camera position on the
accuracy of the results. The dimensions of the cylinders are calculated and compared for five
different poses. In the end, the accuracy of the system is analyzed by comparing the results
with actual dimensions. The material of this chapter has been published in my submitted
publication [190].

7.1 Rationale and Significance of this Research

The detailed 3D model of the object is not required by some applications during the
inspection process. We cite [190], “Only the overall shape of the object and some
necessary measurements are sufficient.” For a cylindrical object, the diameter and
height are considered the essential parameters to be measured. We focus on cylin-
drical objects in this research. Generally, we require at least two images: one from
the top and another from the front to calculate the diameter and height of the cylin-
der. To capture these two images, we need to use at least two cameras. Before cap-
turing the images, we first need to calibrate the cameras accurately. The captured
images need to be processed to measure the dimensions [190].
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Figure 7.1: Overall approach for 3D reconstruction of the cylinder [190].

In high-scale production lines, stereo vision or laser triangulation methods re-
construct a 3D object using multiple cameras or laser respectively [165]. However,
both concepts have their own sets of difficulties. To understand these difficulties,
we suppose that the cylinder is in a vertical position. Two slightly different images
of the cylinder are captured in a calibrated environment for stereo matching. Stereo
matching is performed on these two slightly different images to generate the dispar-
ity map [191]. However, the probability of finding corresponding points accurately
in slightly different images of highly specular or transparent objects is low. The
difficulties are increased due to the ambient lighting of the working environment.
Also, we can reconstruct only the front half of the cylinder in one go from the dis-
parity map. Moreover, we need to rotate the cylinder by 180 degrees to reconstruct
the other half. In the end, both halves are merged to reconstruct the whole cylinder.
However, it is challenging to merge both halves of the cylinder accurately.

Another popular method of inspection uses the concept of laser triangulation. In
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laser triangulation, a thin luminous straight laser line is projected on to the surface
of the cylinder. The camera captures images of the projected line. ”"To reconstruct
the whole surface of an object, the object must be moved relative to the measure-
ment system, i.e., the unit built by the laser line projector and the camera [165].” If
the cylinder is rotated at regular intervals for reconstruction, it is very challenging
to calibrate a laser and a camera with respect to a rotating positioning system. On
the other hand, if we use a linear positioning system, then only half of the cylin-
der would be reconstructed in one scan. Again, the same problem of merging two
halves of the cylinder accurately arises. Also, the optical signal cannot be correctly
retrieved if the surface of the cylinder is reflective. ”Therefore, it is usually chal-
lenging for any optical method to accurately measure shiny objects or objects with
a broad range of reflectivity variation across the surface [190].”

The time constraint during industrial inspection does not allow us to use the ex-
pensive process of finding corresponding points such as stereo vision or to do laser
triangulation [165]. The flow chart in Fig. 7.1 represents our suggested approach
for the 3D reconstruction of a cylinder using a single camera. “The same approach
could also be applied to calculate the dimensions of other solid shapes such as cubes,
cuboids, or prisms [190].” However, the border of the bottom part of the object must
be visible in the image [190].

7.2 Single Camera Calibration and Ellipse Fitting

Single Camera Calibration

"To perform metric measurements accurately in the world coordinate system (WCS),
the only prerequisite is that the camera has been calibrated. The camera is calibrated
for a specific plane in WCS for which measurements are obtained [165].” In our case,
we have placed the calibration plate beside the cylinder to define the measurement
plane. The calibration plate with hexagonally arranged marks has been used in this
research. Out of five finder patterns present in the plate, at least one of them should
be completely visible in the image for estimating the relative camera pose [190].
For calibration, we have captured multiple images of a calibration plate in differ-
ent poses in a specified plane. Here, the specified plane is the measurement plane,
which is defined as the plane Z = 0 of the WCS. "The captured images, along with
the internal camera parameters and the description of calibration plate, work as
inputs for calibration. The output comprises the internal and external camera pa-
rameters [165].” External parameters are determined from the pose of the calibra-
tion plate, which is placed directly on the measurement plane. The external camera
parameters describe the relationship between the measurement plane and the cam-
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Figure 7.2: Transformation of image points in WCS [165].

Figure 7.2 shows how an image point is transformed into world coordinates.
The goal is to determine the world coordinates of the corresponding point in the
measurement plane from the image coordinates of one point. “For this, the line of
sight, i.e., a straight line from the optical centre of the camera through the given
point in the image plane, must be intersected with the measurement plane [165].”
First, the image coordinates are transformed into camera coordinates and later into

world coordinates using the calibration data. The process of measuring dimensions
accurately after calibrating the camera is described in the next section.
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Ellipse Fitting

Ellipse extraction is an essential task in the vision-based application as this geomet-
ric shape frequently occurs [192,193]. The process of ellipse extraction is difficult for
highly specular or transparent objects, because low contrast affects accurate extrac-
tion of edge contours [194]. “There are three main categories of ellipse extraction
methods: Fitting algorithms, Hough-transform techniques, and edge contour fol-
lowing methods [195].” An ellipse equation is fitted to a sequence of points in the
first category. The second category performs ellipse extraction by considering it as
a peak-seeking problem in parameter space. In the last category, arc-segments are
extracted and grouped into an elliptic hypothesis [195].

In this research, we use the fitting-based edge extraction method, as it is proven
to be the most accurate among other available methods [196-199]. This method fits
an ellipse equation to a sequence of points and minimizes the error between the
given data and an ellipse equation [200-203]. “There are two types of ellipse-fitting
algorithms, algebraic fitting which solves the minimization problem by exploring
the algebraic equation, or geometric fitting which minimizes geometric distances of
given points to the fitted elliptic curve [195].”

For this research, we use Fitzgibbon’s approach for ellipse fitting. This method
incorporates the ellipticity constraint into the normalization factor by minimizing
the algebraic distance. The benefit of using this approach is that it provides useful
results under all different noise and occlusion conditions. Also, this direct least-
squares fitting method is specifically designed for ellipses. It guarantees that the
output will be an ellipse [204].

7.3 Measurement of the Diameter of a Cylinder

In contrast to conventional 3D reconstruction techniques, the camera is looking at
the cylinder from the top instead of the front in our approach. We take a single
image of the cylinder from the top after calibrating the camera. Figure 7.3 shows
an example of the image of the cylinder used for 3D reconstruction. Among the
three cylinders used for this research, the cylinder shown in the image is the largest
one. “This right circular cylinder is made of stainless steel, which makes its surface
highly reflective. Here, the cylinder is positioned in a way that the bottom and the
top of the cylinder is perpendicular to the optical axis of the camera [190].” We can
noticeably see two elliptical contours in the image. The camera is calibrated for
the bottom plane. Therefore, the edge of the inner ellipse is extracted to measure
the diameter of the cylinder. In Fig. 7.3, the image of the cylinder with detected
elliptical contours is shown. "It is essential to extract the edges of elliptical contours
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Figure 7.3: An image of the cylinder from the top with extracted edges [190].

accurately. We need to make sure that the reflection caused by ambient lighting does
not affect the accuracy of edge extraction [190].”

Now, we fit an ellipse through the inner contour, which gives us the diameter
of the cylinder in the image coordinate system. As stated before, the Fitzgibbon et
al. approach is used for ellipse fitting [204]. The diameter in metric units is calcu-
lated by projecting this extracted inner contour in WCS. We cite [190], “The world
coordinates are determined for each point of the detected elliptical contour in the
measurement plane. A circular contour will be formed in the measurement plane.
We fit a circle through this circular contour using an algebraic approach.” This ap-
proach minimizes the algebraic distance between the contour points and the result-
ing circle [206]. The diameter of this circular contour in plane Z = 0 corresponds
to the diameter of the cylinder. The diameter is calculated in metric units using the
calibration data [190].

7.4 Measurement of the Height of a Cylinder

In this section, the method to measure the height of the cylinder is described in
detail. The setup to measure the height is the same as before. First, the image of the
cylinder is processed to extract the edges of two ellipses, which presents the top and
the bottom of the cylinder. After extracting the edges, we fit an ellipse through these
contours using Fitzgibbon’s approach [205]. Figure 7.3 shows the cylinder with two
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extracted edges of elliptical contours. We cite [190], three possible cases: (1) the
projection centre of the camera and the cylinder’s centre line are collinear. (2) the
cylinder is horizontally shifted. (3) the cylinder is vertically shifted.
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Figure 7.4: Three different cases for height measurement [190].

Case 1, Case 2 and Case 3 are illustrated in Fig. 7.4, (a), (b) and (c), respectively.
As we can see in Fig. 7.4 (a), we get two concentric elliptical contours in the im-
age plane for Case 1. Figure 7.4 (b) shows the second case. Here, the centre of the
camera is not collinear with the centre line of the cylinder. Therefore, we get two
elliptical contours which are not concentric. However, the centres of these two ellip-
tical contours share the same horizontal axis. In Fig. 7.4 (c), the third case where the
cylinder is vertically displaced is shown. Similar to Case 2, the centre of the camera
is not collinear with the centre of the cylinder, and we get two non-concentric ellip-
tical contours in Case 3. Instead of horizontal axis, the centres of these two elliptical
contours share the same vertical axis. Now, our method to measure the height of the
cylinder is described in detail below [190].

To calculate the height, it is essential to find the ratioof a : b: ¢ : d (See Fig. 7.4).
Here, a and d are the distance in pixels between the left extreme points and the
right extreme points of both contours, respectively. In cases 1 and 2, b and ¢ are the
distance between the optical centre and the left and the right extreme points of the
internal elliptical contours, respectively. In case 3, b and c are the distance between
the optical centre and the top and the bottom extreme points of the internal elliptical
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contours, respectively. Also, the distance in pixels between the top extreme points
and the bottom extreme points of both contours are ¢ and d, respectively. To find
theratioof a: b: c: d for case 1 and 2, it is essential to know the X - coordinates
of the horizontal extreme points of the contours and of the optical centre of the
camera in the image plane. Contrastingly, in case of vertical displacement, we need
to know Y- coordinates of the vertical extreme points of the contours and of the
optical centre of the camera in the image plane. The image coordinates of the optical
centre of the camera are calculated during the calibration. We can get this parameter
by extracting the intrinsic parameters of the camera. After obtaining all the image
coordinates, we can calculate the ratio a : b: c¢: d. This ratio will now correspond
to theratioof A: B: C': D in the world coordinate system. A and D represent the
height of the cylinder in measurement plane [190].
We already know that,
B+C=D (7.1)

where, D, is the diameter of the cylinder which is calculated before.
From Fig. 7.4,
A=azx, B=bzx, C=cx, D =dx (7.2)

Substituting in Equation 7.1,
bx + cx = Dy (7.3)

Here, z is an unknown factor which converts from image coordinate system to
world coordinate system:

(b+c)x =D, (7.4)
x=D1/(b+c) (7.5)

The value of z is substituted in Equation 7.2 to calculate A, B, C'and D. We also need
to know the distance between the camera and the measurement plane to measure
the height of the cylinder. While calibrating the camera, we place the calibration
plate directly onto the measurement plane. Therefore, we can find out the distance
between the camera and the measurement plane by determining the pose of the
calibration plate. The pose of the calibration plate is obtained during the calibration
process. By accessing the external parameters of the camera, we can measure the
distance between the camera and the measurement plane denoted as Z [190].
Now,
tan8 =Z/(A+ B)=h/Atan 8 =Z/(C+ D) =h/D (7.6)

In Fig. 7.4 (c), the angle 3 is shown slightly to the right to understand the image
better. In reality, the angle /3 is the angle of the right triangle formed by the camera,
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the bottom extreme point of the outer ellipse and the projection of the centre of the
camera in the measurement plane.

h=(A)(A+B)) Z,h=(D/(C+D))-Z (7.7)

Here, h is the height of the cylinder. We can cross-check the results by using the
D/(C + D) ratio for height calculation. By measuring the cylinder’s height and
diameter, we can accurately reconstruct the cylinder from a single image.

7.5 Experiments and Results

Figure 7.5: Setup for experiment [190].

Genie Nano M4020 monochrome camera, which has 4,112 x 3,008 resolution,
has been used throughout this research. HALCON is the software used to perform
image processing tasks. Firstly, we calibrate the camera by using the HALCON cal-
ibration plate with hexagonally arranged marks. As stated before, the calibration
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plate is placed beside the cylinder (See Fig. 7.5). This specifies the bottom of the
cylinder as the measurement plane. For large objects, we can also place the calibra-
tion board inside the cylinder. The camera is mounted at a distance Z from the top
of the cylinder [190].

To test this concept, we have used three cylinders of different dimensions. Among
them, two cylinders are made of stainless steel, and one is made of transparent plas-
tic material. Here, a can and a washing machine drum are used to study the case
of highly specular surfaces. A small plastic container of cylindrical shape is used
as a transparent object. Figure 7.6 shows the images of three cylinders used for this
research. We have performed all experiments in ambient lighting conditions of the
working environment. ”A single image of the cylinder with the calibration board is
captured from the top. The camera is calibrated by using the image of the calibra-
tion board as a reference. Now, the cylinder is translated in X and Y directions with
respect to the camera.” We have calculated the dimensions of the cylinder for five
different positions [190].

(a) Transparent Cylinder. (b) Can. (c) Drum.

Figure 7.6: Cylinders [190].

The input images of the objects used for this research is shown in Fig. 7.7. In
Fig. 7.7a, the case when transparent Cylinder 1 is in leftmost position with respect
to the camera is shown. Figure 7.7b represents the top-most position of Cylinder
2 (a can) with respect to the camera. Figure 7.7c depicts the collinear axes case for
Cylinder 3 (a drum).

The edges of the two elliptical contours are extracted by applying thresholding
and edge detection algorithms. After extracting the edges, Fitzgibbon’s approach is
applied to fit an ellipse through these contours [205]. “The image coordinates of the
extreme points of the two elliptical contours are obtained from elliptical contours.
Also, the projection of the optical centre of the camera in the image coordinate sys-
tem is obtained as a result of calibration.” The diameter of the inner ellipse in the
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(a) Cylinder 1 in left-most (b) Cylinder 2 in top-most (c) Cylinder 3 in centre po-
position. position. sition.

Figure 7.7: Cylinders with extracted elliptical contours [190].

world coordinate system depicts the diameter of the cylinder. In Fig. 7.7, the diam-
eters of all three cylinders for the given case are mentioned [190].

Table 7.1: Comparison of output dimensions [190].

Objects Cylinder 1 Cylinder 2 Cylinder 3
Positions Height (cm) | Diameter (cm) | Accuracy (%) |Height (cm) | Diameter (cm) | Accuracy (%) |Height (cm)|Diameter (cm) | Accuracy (%)
Actual Dimensions 3 3 - 125 73 - 37 495 -
Left-most Position 279 28 94 11.58 7.22 94.94 36.71 49.26 99.39
Right-most Position 287 3 97.83 12.38 721 98.93 36.85 4898 99.22
Centre Position 2.89 3 98.16 1243 722 99.24 36.92 4917 99.53
Top-most Position 269 29 96.83 1249 722 99.54 35.74 4879 97.72
Bottom-most Position| ~ 2.75 29 95.5 1237 72 98.93 36.98 4924 99.67

Now, the crucial parameters for height calculation are the distance between the
camera and the measurement plane and the image coordinates of the optical centre
of the camera. We have already obtained both parameters as a result of calibration.
In this experiment, the distance between the camera and the measurement plane is
35.194 centimeters (cm) for Cylinder 1 and 2 and 106.062 cm for Cylinder 3.

The height of the cylinder is measured using the method mentioned earlier. “Ta-
ble 7.1 compares the results for five different positions of the cylinders in either X
or Y direction with the actual parameters for Cylinder 1, 2 and 3. The actual heights
of cylinders 1, 2 and 3 are 3 cm, 12.5 cm, 37 c¢m, respectively. 3 cm, 7.3 cm, 49.5 cm
are the diameters of all cylinders sequentially.” Output accuracy is also calculated
in the table. Results show that the accuracy of output is independent of the position
of the camera. Furthermore, the accuracy of the output predominantly depends on
the accuracy of the calibration. The edge detection and ellipse fitting step for the
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two elliptical contours is another crucial factor in terms of output accuracy [190].

7.6 Summary

To summarize, this research provides a simple, fast, cost-effective and feasible ap-
proach for the measurement of essential parameters of a highly specular or transpar-
ent cylinder from a single image. To do so, the only prerequisite is that the top and
the bottom of the cylinder are visible and perpendicular to the optical axes of the
camera. Also, it is crucial to accurately extract the two elliptical contours which rep-
resent the top and the bottom of the cylinder. The accurate calibration of the camera
is another essential factor, as all essential parameters required for measurements are
obtained from the output of the calibration. Thus, we can state that the accuracy of
output is inversely proportional to the calibration error. For small calibration error,
we can achieve the highest accuracy. By analyzing the results, the accuracy of the
output is independent of the position of the cylinder with respect to the camera or
on the size of the cylinder. Another advantage is that the research could be per-
formed in ambient light, which saves time, cost and human effort. Additionally, we
overcome the limitation of traditional 3D measurement methods by performing this
experiment in ambient light.

Moreover, this research could also be used for calculating the dimensions of
other types of solid shapes such as cubes, cuboids or prisms. Also, we can mea-
sure the volume and the surface area of the product from measured dimensions.
Owing to the time efficiency of the designed solution, the method is applicable in
the high-scale industrial production and inspection process.



Chapter 8
Artificial Intelligence for Laser Detection

Active vision sensors are an essential part of 3D shape measurement techniques. An accu-
rate detection of projected laser light is crucial for all active vision sensors. As we know,
the specularity of the surface increases the difficulty of active vision sensors. Additionally,
active vision sensors tend to have lower accuracy in ambient light. Moreover, the detection
of laser is the most essential part of our stereo-laser system as well. Keeping the advantages
of Al in mind, this chapter aims to develop a novel machine learning based algorithm for
laser detection in ambient light. Data collection is the first step of developing any machine
learning based algorithm. The chapter starts with a thorough description of our dataset used
for supervised learning models. Next, we have proposed different models using deep con-
ventional networks, such as 1D-CNN, LSTM and MLP. The effect of hyper-parameters on
these models is thoroughly analyzed. Furthermore, we have also applied machine learning
based traditional regressors to detect the laser. The evaluation metrics such as R?, RMSE
and MAE are used to assess the accuracy of developed models. In the end, an in-depth com-
parison of all developed supervised learning models with our stereo-laser system is provided.

8.1 Data Description

As stated before, the accuracy of our stereo-laser system depends on the detection
of a laser. Accurate detection of the projected laser line in ambient light is the most
crucial part of our system. After reviewing the literature on laser detection, we
found only one method developed by Zhao et al. [207], which used the concept of
neural networks for laser detection. To train the laser-stripe-detection neural network
(LSDNN) developed by Zhao et al., a large dataset of labeled images is created by
projecting a laser line in a dark environment. The LSDNN network classifies the
pixels in the image between different labels of real laser stripe, background, am-
bient light and pseudo-light stripe. Here, pseudo-light stripes are formed due to
the surface reflection capabilities of some metals, which are present in the environ-
ment [207].
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Figure 8.1: Example of an input sequence.

In contrast to [207], we have used 1D data, which shows the intensity distribu-
tion for the laser line, to train different supervised learning models. The setup is
similar to the one shown in Chapter 3. A laser line is projected on the wash plate in
ambient lighting conditions. The laser line of approx 30 cm in length, is projected on
different parts of the wash plate, to cover the difficulties caused by various shapes
and lighting conditions. As stated before, the wash plate is made of stainless steel,
which makes its surface highly specular. A camera captures an image of the product
with the projected laser line. The region of interest (ROI) is obtained by the method
specified in Chapter 4. The ROl is a cropped image which only focuses on the laser
line. Figure 8.1 shows an example of an ROI and the smoothed intensity distribu-
tion for the first row of the ROI image. The actual intensity distribution curve is
smoothed using the Gauss function for better performance [166]. The vertical axis
shows the intensity value at each pixel. On the other hand, the horizontal axis shows
the length of the sequence, which is the same as the width of the ROI image.

The smoothed intensity distribution of each row in the ROI image is used as an
input 1D sequence for machine learning models. If the size of the ROl image is Ax B,
A presents the length of each input sequence, and B depicts the number of input
sequences in one image. In Fig. 8.1, the location of the peak of the output sequence
depicts the output label for the corresponding input sequence. The peak shows the
centre of the projected laser. Therefore, each input sequence has one output label. In
addition to being 1D, our input data is also sequential, as the output of the current
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sequence also depends on the output of the previous sequence. Based on our input
and output data, many-to-one model architecture will be required to detect the laser.

Data 1 Data 2

200
16¢ 200

14
150
0 100

. 6
1 a 50

(a) Test dataset 1. (b) Test dataset 2.
Data 3 Data 4
i / ' |
: N
(c) Test dataset 3. (d) Test dataset 4.

Figure 8.2: Test datasets.

For our research, we have used 22 ROI images of size 276 x 1734 pixels. These
images cover all exceptional cases of intensity distribution mentioned in Chapter 4.
The dataset consists of a total 22 x 1734 = 38, 148 sequences of length 276. Out of 22
ROI images, we randomly selected 12 for training, 6 for validation, and 4 for testing.
Therefore, we have 20,808 sequences for training, 10,404 sequences for validation,
and 6,936 sequences for testing. Figure 8.2 shows the four test datasets, i.e. the
four images of the projected laser line. We have taken our stereo-laser system as a
standard for laser detection. Thus, we have manually labeled each input sequence
with the output label generated using the stereo-laser system.

All machine learning based models are programmed by Jupyter Notebook in
Anaconda3 (Python3.8). A computer equipped with a 3.6 GHz intel core i7-7700,
16GB of RAM, and an NVIDIA GeForce GTX 1060 graphic card, is used to test all
models. Some deep learning frameworks used in this research, their advantages and
disadvantages, are summarized in Table 8.1; all these deep learning frameworks are
open-source [211].
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Table 8.1: Deep learning frameworks and libraries.

Framework/ library H Language Processor Benefits Drawbacks
TensorFlow [208] Python, CPUs/ High performance li- | Only Nvidia GPUs
C++, CUDA | GPUs/ brary, operates at large | are supported.
TPUs scale datasets, really
compatible with industry.
Keras [209] Python CPUs/GPUs | Fast prototyping and | It cannot be used
easily  extensible li- | as an independent
brary, works seamlessly | framework, not

with  CNTK, Theano, | good enough for
TensorFlow and Auto- | data processing.
Keras [210]; easily acces-
sible deep learning tools.
Scikit-learn [211] Python CPUs Efficacious for statistical | Not efficient with
modelling techniques | GPU.

such as classification and
regression, clustering
on medium-scale data
based on supervised and
unsupervised  learning
algorithms.

8.2 Deep Conventional Networks for Laser Detection

One-Dimensional Convolutional Neural Network

One-Dimensional convolutional neural network (1D-CNN) provides a combination of
feature extraction and prediction into one learning body block. This attribute of 1D-
CNN maximizes the prediction performance of the network by solving the problem
of handcrafted feature selection in other networks [112]. In addition to being rel-
atively easier to train, 1D-CNNs achieves cutting-edge performance with minimal
computational complexity. Therefore, we have applied 1D-CNN, the most suitable
deep learning approach for 1D data, to accurately predict the centre of the projected
laser line in ambient light.

The structure of the 1D-CNN model and its parameter settings are obtained
through several experiments. Figure 8.3 presents the structure of 1D-CNN, which
incorporates convolution layers, pooling layers and a full connection layer. The
number of convolution layers and pooling layers is decided through multiple trials.
Each convolution layer comprises the appropriate number and size of convolution
kernel to perform one-dimensional convolution operations. To compute the appro-
priate number of convolution layers, we have trained three models with 3, 5 and 6
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Figure 8.3: The structure of 1D-CNN for laser detection.

convolution layers respectively. The model with three convolution layers use 128,
256 and 512 convolution kernels of size 12x1 in layers 1, 2, and 3 respectively. The
second model has five convolution layers. Five convolution layers use 64 kernels
of size 4x1 (Conv1), 128 of size 4x1 (Conv?2), 256 of size 8x1 (Conv3), 512 of size
8x1 (Conv4), and 768 of size 8x1 (Conv5). The last model with six convolution
layers uses 64 convolution kernels of size 2x1 in Convl, 128 convolution kernels of
size 2x1 in Conv2, 256 convolution kernels of size 2x1 in Conv3, 512 convolution
kernels of size 4x1 in Conv4, 768 convolution kernels of size 4x1 in Conv5, and
1024 convolution kernels of size 6x1 in Convé6 layer. Rectified linear unit (ReLU) is
the activation function for the convolution layers. The nonlinear activation function
ReLU makes the output neurons with a negative input value zero, which speeds up
the calculation and reduces the interdependence among parameters.

The pooling layer is appended to the convolution layer. Except for the last pool-
ing layer, 2 x 2 max-pooling operation is carried out by other pooling layers. The
global average pooling layer is appended to the last convolution layer to minimize
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Figure 8.4: 1D global average pooling [212].

over-fitting by reducing the total number of parameters in the model. Global aver-
age pooling computes a single average value for each of the input channels (See Fig.
8.4) [212]. A dropout operation with a ratio of 0.4 is performed before the global
average pooling layer. The dropout layer solves the problem of over-fitting and en-
hances the generalization ability of the network. It randomly selects and deletes
neurons from the model, to form a random subset of a neuron. The features ex-
tracted from the above convolution layers are fed to the dense layer with a linear
activation function. The output layer contains one neuron to predict the centre of
the laser.

W Ascending M Descending
99.5545 99.6407 99.7187

98.7472
98
96 95.206
94

92.478

92
90
88

3 5 6

No. of Convolution Layers

Accuracy (%)

Figure 8.5: The influence of the order of the convolution layers on the accuracy of
the models with the different number of convolution layers.
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There are several hyper-parameters to train the proposed models, such as learn-
ing rate, filter size, batch size and an optimizer. The learning rate was set to 0.0001
for all deep learning models. In addition, ReduceLROnPlateau class of Keras frame-
work was applied while training, which reduces the learning rate when the loss
function has stopped decreasing. The number and size of the convolution kernel
also influence the accuracy of the model. To understand this, we have trained above
mentioned three models in ascending and descending order. In ascending order, the
number of convolution kernels gradually increases with the increment of the size of
the convolution kernel. On the other hand, the number and size of the convolution
kernel reduce in descending order. The experimental results shown in Fig. 8.5 de-
picts that the 1D-CNN model has higher accuracy when the number of convolution
kernels increases with the size of the convolution kernel for the different number of
layers. Furthermore, the accuracy in ascending order increases with the increase in
the number of layers. In contrast, the accuracy of the model is inversely proportional
to the number of convolution layers in descending order.

W2 m8 m32 m128

99.5
99
98.5
98
97.5
97
96.5
3 5 6

No. of Convolution Layers

Accuracy (%)

Figure 8.6: The influence of different batch sizes on model accuracy.

Another critical factor to consider while training the model is the batch size. It
impacts not only the training speed, but also the accuracy. An extensive batch size
expedites the training process, but large memory space is required in a computer.
Although the operation speed is slower for small batch sizes in the training process,
some noise is produced, which prevents the training process from falling into local
optimal [213]. In this research, four different batch sizes (2, 8, 32, 128) are selected
to check the effect of different batch sizes on models with the different numbers of
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Table 8.2: Architecture of the 1D-CNN for laser detection.

Network Layer Type H Filter Size ‘ No. of Filters ‘ Activation ‘ Output Characteristic

Convolutional 2 64 ReLU 275%x 64
Max-pooling 2 - - 137 x64
Convolutional 2 64 ReLU 136x128
Max-pooling 2 - - 68x128
Convolutional 2 64 ReLU 67 %256
Max-pooling 2 - - 33x256
Convolutional 4 64 ReLU 30x512
Max-pooling 2 - - 15x512
Convolution layer 4 64 ReLU 12x768
Max-pooling 2 - - 6x768
Convolutional 6 1024 ReLU 1x1024
Dropout 0.4 - - 1x1024
Global average pooling - - - 1x1024
Dense - 1 Linear 1x1

convolution layers. The number and size of convolution kernels are in ascending
order in the selected models. Figure 8.6 shows the experimental results, which in-
dicate that the accuracy obtained with a batch size of 2 and 8 is nearly the same in
each model. The accuracy of more than 99.5% is achieved by all models with the
batch size of 2 and 8. The accuracy with the batch size of 32 is also above 99% for all
models. The model with six convolution layers performs with the highest accuracy
of 99.71 % with batch size 2. With the further increment in batch size, the accuracy
decreases for all models. The lowest accuracy of 97.78% is achieved by five layers
model for the batch size of 128.

1D-CNN neural network with six convolution layers, where the number and
size of convolution kernels are in ascending order, trained with the batch size of
2, is chosen for further comparison with different machine learning models. Table
8.2 shows the specific network structure parameters of this network. This network
has been optimized by different optimizers. The performance and outcomes are
discussed in the next sub-section.

Long Short-Term Memory

Long short-term memory (LSTM) is a popular recurrent neural network (RNN) with se-
quential data. RNNs are proven to be more accurate with sequential data compared
to CNNs. An LSTM model is developed to check the accuracy of the proposed 1D-
CNN model for laser detection. The structure of the developed LSTM model with
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its network parameters are shown in Fig. 8.7.
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Figure 8.7: The structure of the LSTM network for laser detection.

We have selected different optimizers, such as Adam, Adamax, RMSprop, Nadam
and SGD, to optimize the LSTM and 1D-CNN models. The optimized models are
tested on test dataset 1. Figures 8.8 and 8.9 represent the loss functions (MAE) of
LSTM and 1D-CNN models, while training the models with different optimizers.

As can be observed in Fig. 8.8, the LSTM network does not converge to 0 when
optimized with an SGD optimizer. Not only the LSTM network converges faster
with the RMSprop optimizer algorithm, but the final loss is also the lowest. Despite
being slow to converge, the Adam optimizer was found to be the best optimizer for
the 1D-CNN network with the lowest final loss (See Fig. 8.9). The 1D-CNN network
optimized with RMSprop converged fastest, in only 26 epochs. In terms of accuracy,
1D-CNN optimized by Adam have shown better performance compared to other
optimization algorithms. Additionally, the network with the RMSprop optimization
algorithm is proven to be the fastest converging network. Moreover, the training
dataset loss function is not much lower than the validation dataset loss function,
meaning that network did not over-fit during the training process.

Table 8.3 compares the performance of LSTM and 1D-CNN networks by the ob-
tained MAE, RMSE, MSLE and R? results. The RMSE value of the proposed 1D-
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Figure 8.8: Loss functions (MAE) while training the LSTM model.
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Figure 8.9: Loss functions (MAE) while training the 1D-CNN model.

CNN-Adam model is lower than the other models. Except for the LSTM-RMSprop
model, the RMSE value of other LSTM networks is higher than the other models. In
the case of the 1D-CNN network, there is a minor difference in the R? value of dif-
ferent optimizers, which means the performances of all networks are approximately
equal. Figure 8.10 represents the values of RMSE of each optimizer and show that
the 1D-CNN-Adam network outperforms other networks. Overall, the 1D-CNN
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Table 8.3: Comparison of different optimization algorithms.

Optimizer || Evaluation | LSTM | 1D-CNN
Adam MAE (Loss) | 6.5943 1.9071
RMSE 13.4067 | 7.7189
MSLE 0.0664 0.0494
R? 0.9646 0.9972
Adamax || MAE (Loss) | 5.0784 2.437
RMSE 13.1519 8.782
MSLE 0.0639 0.0614
R? 0.9756 0.996
RMSprop || MAE (Loss) | 2.4799 2.4581
RMSE 10.3639 | 9.3014
MSLE 0.067 0.0662
R? 0.9908 0.994
Nadam MAE (Loss) 8.27 2.2368
RMSE 14.8192 8.782
MSLE 0.074 0.0558
R? 0.9624 0.9955
SGD MAE (Loss) | 47.8285 | 2.7563
RMSE 54.8319 | 10.3239
MSLE 0.4753 0.0827
R? 0.0218 0.9941

network is more accurate compared to the LSTM network for laser detection.

8.3 Traditional Supervised Regressors for Laser Detec-

tion

The developed 1D-CNN and LSTM networks are compared with the six different
traditional regressors that are based on machine learning and deep learning. The
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Figure 8.10: Bar chart of RMSE.

six regressor models are MLP, SVM, KNN, DT, RF, and XGBoost. The specific pa-
rameters of MLP network models are selected with the same selection method as
the parameters of the 1D-CNN and LSTM models. GridSearchCV (10-fold cross-
verification parameters) is used to select several parameters that affect the perfor-
mance of SVM, RF, DT, and KNN models. Experiments are carried out for four test
datasets i.e. the data obtained from the four different images of the projected laser

line.

1.

The parameters of each model are as follows:

Multi layer perceptron model. The first, second, and third layers are the
whole connective layer with 100, 200 and 100 neurons, respectively. The ac-
tivation function is Relu. The fourth layer is the output layer with one neuron
and linear activation function. The learning rate is set to adaptive and the op-
timizer is Adam. The number of maximum iterations is set to 500. This model
optimizes the squared loss using stochastic gradient descent.

. Support vector machine model. Epsilon-support vector regression is applied

to train the model. The GridSearchCV (10-fold cross-verification parameters)
is adopted. Gaussian kernel (RBF) is selected as the kernel function of SVM.
The penalty factor C is determined to be 125.

K-nearest neighbors model. The GridSearchCV (10-fold cross-verification pa-
rameters) is used for the KNN model to determine the best K value of 10. The
uniform weights are applied to all neighbors.

Decision trees model. The mean squared error function is used to measure
the quality of a split. It minimizes the L2 loss using the mean of each terminal
node [147]. The maximum depth of the tree is chosen to be 200.

Random forest model. The GridSearchCV (10-fold cross-verification parame-
ters) is adopted. One-hundred decision trees are used to construct the random
forest model. The maximum depth of the random forest tree is 50.
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6. Extreme gradient boosting model. The gbtree tree-based booster is applied to
the XGBoost model. The learning rate of 0.1 is selected. The maximum depth
of the model is 50 in our case.

Table 8.4: Accuracy of eight different models.

Method Accuracy (%) Average Accuracy (%)
Test Data 1 \ Test Data 2 \ Test Data 3 \ Test Data 4

1D-CNN 99.7187 98.8857 99.6468 98.8885 99.2849
LSTM 99.0784 94.146 99.5527 96.8494 97.4066
MLP 85.8226 62.0334 69.4292 69.4292 71.6786
SVM 99.0175 53.8798 99.0423 91.0539 85.7484
KNN 99.379 72.6727 99.8257 97.5882 92.3317
DT 99.2566 51.1068 86.4157 71.6032 77.0956
RF 99.5366 71.5846 93.3604 87.7297 88.0528
XGBoost 98.8086 76.0858 94.9553 87.3825 89.3081
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0 ‘ |
0 ‘l ““ “| II|| “ ““ “l ‘l“

Data 1 Data 2 Data 3 Data 4

1

Accuracy (%)
u a ~ o] Ye) [=]
(=) (=] (=} (=] Q

IS
=]

w

Data

Figure 8.11: Accuracy of different models for different test datasets.

Each model is cross-validated with 10-fold when tested on different test datasets,
to better evaluate the performance of the model. Experimental results of various
laser detection methods are shown in Table 8.4. Figure 8.11 shows the accuracy
of the eight models, including the best 1D-CNN and LSTM models, for the four
test datasets. Except for the KNN model, other machine learning based methods
perform worse than the 1D-CNN and LSTM models.The leading cause of poor pre-
diction quality for the SVM model is that the SVM model does not perform well in
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datasets with many feature points. The SVM model considers the length of the input
sequence as the number of feature points, which severely affects the prediction ac-
curacy. RF and DT models are sensitive to noise, which quickly leads to over-fitting.

Compared to other datasets, every model has lower accuracy for test dataset 2
(See Fig. 8.11). DT model has achieved the lowest accuracy of 51.10% for the test
dataset 2. The highest accuracy, in the case of test dataset 2, is 98.89%, accomplished
by the 1D-CNN model. On the other hand, each model has obtained the highest
accuracy for test dataset 1. The reason behind this could be that the train dataset has
more images, which are kind of similar to test dataset 1. Additionally, the 1D-CNN
model outperforms other models for all test datasets, with the difference between
the highest accuracy and the lowest accuracy being only 0.83%. Overall, the deep
learning method is superior to the machine learning methods, mainly because ma-
chine learning cannot learn non-linear relations in complex intensity distribution
datasets. Furthermore, machine learning methods are also unable to interpret se-
quential data.

8.4 Results and Discussions

Figure 8.12 shows the average accuracy of different models for laser detection. The
average accuracy of the 1D-CNN model is 99.28%, which is the highest achieved
accuracy. The LSTM network has the second-best performance with an accuracy
of 97.41%. Out of all traditional regressors, the average accuracy of KNN net-
work(97.41%) is higher than XGBoost (89.31%), RF (88.05%), SVM (85.75%), and
DT (77.10%). Even though MLP is a deep learning based method, the MLP model
has performed poorly with an average accuracy of 71.68%.

Average Accuracy
E1D-CNN HLSTM ESVM ®mMLP EKNN HDT ERF HXGBoost
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Figure 8.12: Average accuracy of different models.
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(g) Predicted output by RF model. (h) Predicted output by XGBoost model.

Figure 8.13: Predicted outputs by different models.

As the highest accuracy is achieved for test dataset 1, the prediction results of
each model for test dataset 1 are shown in Fig. 8.13. The predicted outputs by
different models for other datasets are presented in Appendix B. According to the
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accuracy, we have selected the 1D-CNN network optimized by Adam optimizer and
the LSTM network optimized by the RMSprop optimizer. The MLP model has the
worst result compared to other models. The detected laser line obtained by XGBoost
and SVM model is not smooth, which can affect the accuracy of 3D measurement.
The fluctuation of more than 2-3 pixels is considered inaccurate in the laser detec-
tion process. The KNN, DT and RF models show an incorrect detection by one big
fluctuation in the dark region. Therefore, the accuracy of these models is affected
by the dark region. The results show that the discontinuity of the surface does not
affect the accuracy of the 1D-CNN and LSTM models. These models have the best
performance even in the presence of holes in the surface. In addition, the developed
1D-CNN model is not affected by the specularity of the surface.

To conclude, the highest average accuracy achieved model 1D-CNN can be com-
bined with our stereo-laser system to develop a hybrid system. Once trained, the
model can accurately detect the projected laser line on any shape and material of
the surface. Additionally, the data is obtained in ambient light; thus; the network
is trained to overcome the difficulties caused by ambient light. The prediction re-
sults obtained of all models specified in this chapter, for the exceptional cases men-
tioned in Chapter 4, are shown in Appendix B. The prediction time of the trained
1D-CNN model is 1-2 seconds. Therefore, this model is a novel, time-efficient, and
cost-efficient way to detect the laser line projected by any active vision sensors. In
future, we will focus on achieving high accuracy for not only the different datasets
but also for the special cases. Thus, we will be able to detect the projected laser line
accurately in ambient light.

8.5 Summary

In this chapter, we describe the use of artificial intelligence techniques to detect the
laser from its 1D intensity distribution data. DL and ML based different models
are tested to predict the output for four test datasets. The datasets are obtained by
projecting a laser light on a highly specular wash plate in ambient light. This is an
inexpensive laser detection solution compared to commercial products available in
the market. From analyzing the results, we can conclude that the 1D-CNN, LSTM
and KNN networks can provide even better results if the datasets are obtained in a
dark environment. However, by detecting the centre of the laser accurately for the
specular surface in ambient light, this research aims to overcome the limitation of
traditional and commercial 3D measurement methods. The results of this chapter
are summarized as follows:

1. For all test datasets, the 1D-CNN achieves the best accuracy. However, when
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compared with the output of stereo-laser system, the fluctuations present in
the predicted result of the 1D-CNN affects the accuracy of 3D measurement.

2. Even though the RNNs are more popular than CNNs with the sequential data,
we achieved better average accuracy for the 1D-CNN than the LSTM network.

3. The accuracy of 1D-CNN increases, as the number of convolution layers in-
creases, In addition, the 1D-CNN has higher accuracy, when the number of
convolution kernels increases with the size of the convolution layers, which
means in ascending order.

4. The smaller batch sizes show better performance than the larger batch size in
1D-CNN.

5. Despite being slow in the training process, the 1D-CNN optimized by Adam
optimizer has the best results, compared to other optimizers.

6. Only the LSTM network optimized by the RMSprop optimization algorithm
has a similar performance to the 1ID-CNN model. Other optimizers perform
poorly; SGD with the highest RMSE.

7. Out of all the traditional regressors, KNN has shown the best performance
with an average accuracy of 92.33%, despite the type of data being sequential.

8. The KNN, DT and RF networks show a considerable fluctuation in the pre-
dicted results for the dark region, where the projected laser light merges with
the background due to its low intensity.






Chapter 9

Discussion and Conclusions

This chapter discusses the key contribution and achievements of this thesis. The answers
to the research questions, posed in Chapter 1, are addressed in detail. Next, the limitations
of our stereo-laser system and the developed Al models for laser detection are mentioned in
detail. The chapter concludes with an overview of future directions.

9.1 Discussion

We discuss the research questions with their proposed solutions, which satisfies the
requirements of Facteon Intelligent Technology Ltd. for quality inspection of prod-
ucts with reflective surfaces in ambient light.

1. How to get accurate 3D dimensions of the product with the reflective surface
in ambient light?

To get accurate 3D measurements of the product with the highly specular sur-
face, we have developed the stereo-laser system, by combining the concept of
stereo vision and laser triangulation. Both stereo vision and laser triangulation
separately have limitations when it comes to reflective surfaces. However, the
stereo-laser system combines both methods. Like the laser triangulation tech-
nique, we project a narrow band of laser light on the product, rotating at a
constant speed. Instead of one camera, we have used stereo cameras in stan-
dard epipolar geometry to capture stereo images of the product in a calibrated
environment. Additionally, the proposed algorithm is developed to detect the
projected laser line accurately even in the presence of ambient light. The con-
cept of stereo vision is used to perform stereo matching on the detected laser
profile in stereo ROIs. The disparity values of the projected laser profile are
used to generate the 3D profile in WCS. By merging the 3D profiles of the
rotating product, the output 3D model of the product is created for quality
control.
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2. How to achieve the accuracy of + 0.1 mm in the measured dimensions of the

product?

The most critical part of the research is to achieve the accuracy of 0.1 mm in
the presence of ambient light. The accuracy of the proposed system depends
on many factors, such as the position of the laser, the calibration of stereo cam-
eras, the type of the laser light, the pre-processing of stereo images to nullify
the effect of vibrations, and the accuracy of the proposed laser detection al-
gorithm. During this research, we have closely analyzed each factor affecting
the accuracy of the system. We need to project the laser on the object in such
a way that the laser line does not get diffused or reflected, and it should also
not get merged with the background. In this thesis, we have explained the
experiments performed using red and blue light lasers. After examining the
results, we concluded that the accuracy achieved using the blue light laser is
higher, as the blue light laser does not penetrate the surface. We have also per-
formed an accuracy test to check the maximum accuracy that we can achieve
by using this system. Results show that the maximum achievable accuracy by
the system is 0.005 mm.

. How to detect palpable defects in the reconstructed 3D model?

The detection of defects is an essential part of any inspection process. The pal-
pable defects are the limitation of vision-based defects detection techniques.
The stereo-laser system is developed to not only perform 3D measurements of
the product, but also detects the defects present in the object at the same time.
Instead of merging each 3D laser profile to create the 3D model, the 3D profiles
are translated along the Z-axis to create the unwrapped model of the product.
The unwrapped 3D model of the defective product is compared with the un-
wrapped model of the non-defective product. The distance map is calculated
as a result of the comparison, which shows the defects present in the product.
The elevation difference is not detected as a defect with this technique. The
experimental results show that the bump and dent of size 0.07 mm and 0.03
mm respectively are detected accurately.

. How to make the process of 3D reconstruction automatic?

After detecting the defects, the stereo-laser system decides to either keep the
product or reject it based on the size of the defects. Additionally, the system
starts the 3D reconstruction process, as soon as it receives the first pair of stereo
images. Therefore, the process of the 3D measurement is fully automatic.

. How to eliminate the effect of the vibrations caused by machinery on accu-

racy?
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It is essential to nullify the effect of the vibrations caused by machinery. Gener-
ally, the setup of the stereo-laser system is one single unit. Therefore, the effect
of vibrations gets automatically nullified. However, the stereo-laser system
has a pre-processing stage, in which the effect of vibrations can be nullified if
present. To do so, the stereo images are captured in a steady position in the cal-
ibrated environment. The extreme point of the product in the image is taken
as a reference point. The laser point is detected for the same row of the ex-
treme point. The distance between these two points is calculated for a steady
position. When the system starts the operation of 3D measurement, the refer-
ence point, and the distance between the reference point and the laser point is
calculated for each stereo image pair. The shift in the extreme point is compen-
sated by adding a border or by cropping a border of the image. The change in
the distance is compensated, when we create the 3D laser profile from dispar-
ity values of the projected laser line. This way, we try to indemnify the effect
of vibrations on the output accuracy.

9.2 Summary of Remarks

This novel work [9,10,159,190] utilizes stereo matching and laser triangulation to in-
spect the product with the highly specular surface in ambient light. With recent ad-
vancement in Al, the concepts of deep learning and machine learning are also com-
bined with the developed system, to create a hybrid system. The stereo-laser system
developed during this research is proven to be the only system, which performs 3D
measurement of reflective surfaces in ambient light. By doing so, the system over-
comes the limitation of traditional and state-of-art shape measurement techniques.
Unlike machine vision based defects detection methods mentioned in Chapter 2, the
system measures the size of the defect along with the detection of defects.
The primary research contributions of the thesis can be summarized as follows:

* A novel system is developed for the 3D inspection of specular surfaces in am-
bient light. This system is simple, automatic, feasible and cost-efficient solu-
tion for 3D measurement in ambient light. This system achieves the accuracy
of 0.005 mm.

¢ A comprehensive survey related to the traditional methods, state-of-art tech-
niques, and commercial solutions for shape measurement is provided in this
research. The above-mentioned techniques are extensively compared with the
developed system, to get a better understanding of the limitations of these
techniques.
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* The special cases of intensity distribution are mentioned in this research, which
exhibits the effect of ambient light. The proposed system is capable of detect-
ing the laser line accurately even in the presence of ambient light. This is the
main contribution of this research.

* A novel defects detection algorithm is proposed, which can also measure the
size of the defects. The palpable defects of the minimum size of 0.03 mm can
be detected accurately with this system.

¢ The effect of vibrations caused by machinery is also nullified by this system.

* A simple technique is suggested to measure the height and the diameter of the
cylindrical objects from a single image.

* The basics of supervised learning for regression analysis are learned to utilize
later for laser detection.

* A novel idea for laser detection is proposed, which uses the 1D intensity dis-
tribution of the projected laser, instead of the image data, as an input.

¢ The 1D data to train the DL and ML models is created and labelled manually
from the intensity distribution of the laser.

¢ Different DL and ML models are compared conscientiously to evaluate the
performance of each model. The performance of each model is also examined
for special cases of intensity distributions caused by ambient light. The 6 layer
1D-CNN model optimized with Adam optimizer has the overall best average
accuracy for different test datasets. On the other hand, the KNN model has
the best performance in special cases of intensity distributions.

9.3 Limitations of the Stereo-Laser System

This section is divided into two parts. Besides the remarks that have been made
hitherto, we found four limitations of the stereo-laser system during our research,
which are described in detail below. Later, we explain the limitations of AI, when it
comes to laser detection in ambient light.

Limitation 1

The first limitation is that we cannot reconstruct a region with highlights if the high-
lights are visible in both left and right camera images. Figure 9.1 shows one such
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Figure 9.1: Stereo image pair for limitation 1.

case. Here, the projected laser line is merged with the highlight in both camera im-
ages. Therefore, we cannot detect the laser line in this region with highlight. If the
defect is present in this region, it will not be detected. To avoid this, we need to block
light from specific directions. Another solution is to use blue light filters for stereo
cameras. The quality of stereo images will be improved, and the effect of ambient
light will be reduced by using the blue light filters with stereo cameras.

Limitation 2

The second limitation occurs due to the setup of the experiment. In the case of
the wash plate, the stereo cameras capture images from the top. Figure 9.2 shows
an example of the ROI image, where the stereo cameras are looking at the product
from the top. The projected laser line in the circled region of the image is not visible
by the stereo cameras. Therefore, we cannot reconstruct that border of the product
with this method. Moreover, we will not be able to detect any defects present in that
region. This limitation is only present in the case of the wash plate. In the case of a
drum, we can accurately reconstruct the 3D model of the whole product.
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Figure 9.2: An image for limitation 2.

Limitation 3

The third limitation of this technique is concerned with scratch detection. There are
two scratches on the wash plate (See Fig. 9.3). As we can see, scratch 1 is vertical;
thus, when a vertical laser line is projected on the product, it merges with the scratch
1. Any displacement in the laser line is not visible, as the width of the laser line is
more significant than the width of the scratch [9]. Therefore, it is challenging to
detect scratch 1 when the laser line is projected directly on scratch 1. However,
scratch 2 is detectable with this method [9].

Limitation 4

The last limitation is a surprising fact that we found out during our research. If
we write on the product using a black marker, we will not be able to measure that
region accurately. As we can see in Fig. 9.4, the projected laser line is absorbed by the
black paint of a marker. Therefore, our algorithm considers it a drilled hole because
the gray value for that region is below the threshold value, and the laser light is
invisible. This is the last limitation of this system.
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Figure 9.3: An object with scratches.

Figure 9.4: An image for limitation 4.

Limitations of Artificial Intelligence Methods

There are few limitations of supervised learning models when they are used for laser
detection in ambient light, which are mentioned below:
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* The accuracy requirement of the inspection process in the production line is 0.1
mm. The performance of DL and ML models in ambient light shows that the
models require more train data for the special cases of intensity distribution to
get desired output accuracy.

* The trained DL and ML models are not generalized enough, to use the models
trained with the laser data for the wash plate data, to test on the data obtained
from projecting the laser on a drum.

* The limitations of the stereo-laser system are also the limitation of AI models
because the models are trained on the intensity distribution data of the pro-
jected laser line.

* As the width of the ROl is not constant for different products, we need to train
the models with the train datasets corresponding to the products.

9.4 Future Directions

In future, we are planning to use blue light filters for stereo cameras. This may
help in the case where the highlight is merged with the projected laser line. It may
also help with the first limitation of the stereo-laser system. Additionally, we can
improve the time factor for this method by installing multiple units of stereo cam-
eras and a laser. Each unit will reconstruct some part of the product. Also, the
Halcon software’s processing time for one scan is higher than other open-source
coding platforms. We can make a significant difference in time by switching to an-
other platform. Another way to improve the processing time is by combining the
Al approach of laser detection with the stereo-laser system. For this, the DL and
ML models need to be trained with more data, especially for the special cases of
intensity distribution, as the motive of this research is to perform 3D measurements
of highly specular surfaces in ambient light.



Appendix A

SP1 Stereo Vision System for 3D
Reconstruction of Reflective Surfaces

In the starting phase of this research, we tried the traditional 3D measurement techniques
to check their effectiveness when it comes to reflective surfaces. This chapter focuses on
the concept of stereo vision for the 3D reconstruction of the reflective surface. As stated
before, stereo vision is proven to be the most accurate and simple method to perform a 3D
measurement in ambient light. However, like every other traditional method, shiny surfaces
are also a limitation of the stereo vision method. To prove this, we carried out few experiments
with the SP1 stereo vision system. This system is a product of Nerian Vision Technologies,
which performs stereo matching by applying the idea of semi-global matching. We have
reconstructed a washing machine drum and a ceramic artifact with the SP1 system. The
chapter starts with an explanation of the setup of the system, followed by the calibration
process of stereo cameras, and the experimental results are shown at the end.

A.1 SP1 Stereo Vision System

Nerian Vision Technologies developed the stand-alone SP1 stereo vision system
to perform stereo matching in real-time. This system has an integrated field pro-
grammable gate array (FPGA), which makes it capable of processing stereo images
from two industrial cameras in real-time. Alternatively, the SP1 can also process the
stereo image data transmitted from a client computer. A dense disparity map is pro-
duced as an output, which can be described as a mapping of image points from the
left camera image to corresponding image points in the right camera image. The 3D
location of the corresponding scene points can be reconstructed from the disparity
map by using the disparity-to-depth matrix, which is generated at the time of the
calibration of stereo cameras. As stated above, the system uses a semi-global matching
(SGM) algorithm to perform stereo matching in real-time [214]. SGM algorithm has
been developed for accurate, pixel-wise matching at low run time [215]. It combines
the concepts of global and local stereo methods [216].
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Setup

The first step of the experiment is to set up the SP1 system. As illustrated in Fig.
A1, the universal serial bus USB stereo cameras are connected with the SP1 through
a USB hub, which is mandatory because the SP1 only features one USB port. The
synchronization cable is used to provide the trigger signals to both cameras because
only the frames with a matching timestamp will be processed by the SP1. A client
computer is connected to the SP1’s Ethernet port, to receive and display processing
results. The Sp1 requires the network to support data rates of at least 25 MB/s with-
out packet drops, to transmit high bandwidth data to the client computer. More-
over, NVCom application is used to receive and display disparity maps from the
SP1 [214].

USB cameras Computer

SP1

Ethernet

Synchronization cable

Figure A.1: Setup of the SP1 stereo vision system [214].

Calibration of SP1 Stereo Vision System

The SP1 stereo vision system is configured through a web interface to calibrate the
connected stereo cameras. We have used a pair of 1.3 megapixels (MP) Point gray
Chameleon 3 cameras. As the concept of stereo vision resembles the functionality
of our eyes, the stereo cameras have to be in standard epipolar geometry to perform
stereo matching. In this arrangement, stereo cameras with identical focal lengths are
mounted on a plane with a displacement that is perpendicular to the cameras’ opti-
cal axis [191]. The distance between both cameras is referred to as baseline distance.
The depth resolution at high distances improves with a large baseline distance. On
the other hand, a small baseline distance allows for the observation of close ob-
jects [214]. Figure A.2 shows the setup of the stereo cameras in standard epipolar
geometry. We have chosen the baseline distance of 15 cm for this experiment. More-
over, the stereo cameras capture the stereo images of 640 x480 pixels resolution at
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the speed of 15 frames per second (fps).

Figure A.2: Stereo cameras in standard epipolar geometry

Intrinsic and extrinsic camera parameters of a given camera configuration are
specified by the camera calibration process. The parameters are required to rectify
stereo images, and also to create a disparity map. The (effective) focal length, dimen-
sions of the sensor matrix, sensor cell size, radial distortion parameters, coordinates
of the principal point, or the scaling factor are some of the intrinsic parameters,
calculated as a result of the calibration process. “Extrinsic parameters are those of
the applied affine transforms for identifying poses (i.e. location and direction) of
cameras in a world coordinate system [191].” Figure A.3 shows an image of the cal-
ibration board supported by the SP1 system. The pattern of an asymmetric grid of
black circles on a white background is printed on a flat panel to create the calibra-
tion board [214]. The stereo cameras capture multiple image pairs of a calibration
plate at several different positions. As a result of the calibration process, intrinsic
and extrinsic parameters are calculated by the SP1 stereo vision system.

A.2 Experiments and Results

To check the concept of stereo vision with reflective surfaces, we have captured
stereo images of the washing machine drum made of steel, and of an artifact made
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Figure A.3: Calibration plate [214].

of ceramic, in ambient light. The stereo images are rectified before the stereo match-
ing process. Therefore, the corresponding pixels in both images should only differ
in their horizontal coordinates. The disparity map thus only encodes a horizontal
coordinate difference. The SP1 produces a disparity map from the perspective of
the left camera as a result of stereo matching. The obtained disparity maps for the
drum and the ceramic artifact are shown in Fig. A.4c and A.4d. The SP1 can also
generate a 3D point cloud of the product from the obtained disparity map (See Fig.
Ade, A 4f).

The 3D point cloud of both the products shows unsatisfactory results. The poor
quality of the 3D point cloud of the drum could be due to the less texture on the
surface of the drum. Additionally, the reflection of the background in the drum also
affects the accuracy of the system. In the case of the ceramic artifact, the top-right
portion is not reconstructed, as it appears like a bright shiny surface in the input
image pair (See Fig. A.4b). The other parts of the artifact, which are not illuminated
by the ambient light, are reconstructed accurately. Moreover, the presence of texture
on the artifact also improves the accuracy of the reconstructed product.
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(c) Disparity map of a drum. (d) Disparity map of an artifact.

(e) 3D reconstructed image of a drum.  (f) 3D reconstructed image of an artifact.

Figure A.4: Experimental results.

A.3 Summary

To summarize, it is difficult to reconstruct the reflective surface in ambient light us-
ing the concept of stereo matching. In addition, the surface with no texture adds
to the difficulties for the SP1 stereo vision system. Moreover, only the front part



128 A. SP1 Stereo Vision System for 3D Reconstruction of Reflective Surfaces

of the product is reconstructed at a time. We need to merge that with the recon-
structed back part to cover the whole product. However, the poor quality of the
reconstructed 3D point cloud makes the process of merging two point clouds stren-
uous. Furthermore, the SP1 stereo vision system might perform well with textured
shiny surfaces in a dark environment. However, we can not use the concept of stereo
matching to perform 3D measurements of reflective surfaces in ambient light.
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Laser Detection in Ambient Light: Special
Cases

This chapter focuses on the special cases of intensity distribution, which occur when the
laser line is projected on the highly specular surface in the ambient light. The specularity of
the surface causes highlights in ambient light. Additionally, the projected laser line scatters
and creates a pseudo-light-stripe in ambient light. The pseudo-light-stripes have a similar
intensity distribution to the actual projected laser line. Therefore, the detection of laser in
ambient light is a critical problem in computer vision. The algorithm of our stereo-laser sys-
tem accurately detects the laser for the special cases specified in Chapter 4. The effectiveness
of Al models for laser detection in ambient light is tested in this chapter. This chapter starts
with the prediction results of Al models for the test datasets 2, 3 and 4. The comprehensive
analysis of Al models specified in Chapter 8 for exceptional cases of intensity distribution is
provided in this chapter.

B.1 Prediction Results of AI Models for Different Test
Datasets

The results predicted by Al models for test dataset 1 are shown in Chapter 8. The Al
models are further tested with test datasets 2,3, and 4 to evaluate the performance
of the models. Except for the 1D-CNN model, the other model’s performance is
unsatisfactory for test dataset 2 (See Fig. B.1). On the other hand, the 1D-CNN,
LSTM, KNN and SVM models produce adequate results for test dataset 3. For test
dataset 4, even the 1D-CNN network shows some fluctuations, which are consid-
ered inaccurate predictions. The performance of all other models, except for KNN,
is substandard. Moreover, the MLP model cannot be used in real-world applica-
tions, due to its consistent poor performance. To summarize, only the 1ID-CNN and
KNN models show satisfactory results for laser detection on the highly specular
surface.
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1D-CNN LST™M

(a) Predicted output by 1D-CNN model.  (b) Predicted output by LSTM model.

(c) Predicted output by MLP model. (d) Predicted output by KNN model.

(f) Predicted output by DT model.

RF XGBoost

(g) Predicted output by RF model. (h) Predicted output by XGBoost model.

Figure B.1: Predicted outputs by different models for test dataset 2.

B.2 Performance of AI Models in Special Cases

The ideal intensity distribution of the laser light is a bell-shaped curve. However,
the shape of the object can sometimes change the intensity distribution of the laser.
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1D-CNN LST™M

(a) Predicted output by 1D-CNN model.  (b) Predicted output by LSTM model.

MLP KNN

(c) Predicted output by MLP model. (d) Predicted output by KNN model.

SVM DT

—hctua predicted —

(e) Predicted output by SVM model. (f) Predicted output by DT model.

RF XGBoost

(g) Predicted output by RF model. (h) Predicted output by XGBoost model.

Figure B.2: Predicted outputs by different models for test dataset 3.

In addition, the camera also captures the reflection of the background, which means
the intensity distribution is also affected by the color of the background objects. We
found a total of six exceptional cases of intensity distribution when the laser light
is projected on a shiny surface in ambient light. To avoid the problems caused by
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1D-CNN LST™M

(a) Predicted output by 1D-CNN model.  (b) Predicted output by LSTM model.

MLP KNN

(e) Predicted output by SVM model. (f) Predicted output by DT model.

RF XGBoost

(g) Predicted output by RF model. (h) Predicted output by XGBoost model.

Figure B.3: Predicted outputs by different models for test dataset 4.

reflective surface in ambient light, generally, commercial products perform 3D mea-
surement tasks in a dark environment. We have developed the stereo-laser system
to overcome the limitation, which considers all exceptional cases while detecting
the laser. The Al models specified in Chapter 8 are also trained with the intensity
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distribution of laser light in ambient light. In this section, we cover the test of the Al
models (1D-CNN, LSTM, SVM, KNN, RE, DT, MLP, XGBoost) for six special cases
of the intensity distribution.

Figure B.4 shows the ideal case of the intensity distribution. The ground truth
shows the output of the stereo-laser system. The intensity distribution of each spe-
cial case is fed into the Al network as an input sequence. The predicted output
value of the centre of the laser is obtained as a result. Except for the MLP model,
other models have accurately detected the laser in the ideal case.
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Figure B.4: Ideal case.
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Figure B.5: Special case 1.

Special case 1 occurs when a highlight is present in the ROI near the projected
laser line. The predicted value by the KNN model is closest to the actual value
(See Fig. B.5). The output of LSTM, MLP and RF models are considered inaccu-
rate. However, it is essential to note that the predicted results are near to the actual
projected laser. Therefore, the models are accurate enough to not predict the high
intensity value of highlight as laser light.
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Figure B.6: Special case 2.

In special case 2, the highlight is merged with the projected laser line, it creates
a broad bell-shaped curve as shown in Fig. B.6. The KNN, DT and RF networks
predict the accurate results in special case 2. On the other hand, the predicted results
by other models are relatively far from the actual value. In addition, the MLP model
predicts the value which is greater than the length of the sequence. Any predicted
values, which are less than zero or greater than the maximum length of the input
sequence are converted to 0. The results for special case 3 are displayed in Fig. B.7.
Special case 3 depicts the absence of a projected laser line, which happens when the
product contains holes. The results show that all models work accurately in the case
of the discontinuous surface.

Special Case 3

Figure B.7: Special case 3.

Special case 4 presents the jump in the height of the product. The projected laser
line gets shifted to either right or left by a considerable distance, compared to the
previously detected location of the laser. Figure B.8 shows that the KNN and DT
models have the perfect prediction in special case 4. In contrast, the XGBoost model
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Figure B.8: Special case 4.

has performed poorly in this case.
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Figure B.9: Special case 5.
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Figure B.10: Special case 6.

Special case 5 is almost similar to the case 3. The projected laser line is slightly
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Table B.1: Accuracy of eight different models in special cases.

Method Predicted Values Average
Ideal Case ‘ Case 1 ‘ Case 2 ‘ Case 3 ‘ Case 4 ‘ Case 5 ‘ Case 6 | Accuracy (%)

1D-CNN 38 126 167 0 216 156 224 97.28
LSTM 39 122 191 0 212 186 212 97.79
MLP 33 115 0 0 196 191 209 40.48
SVM 38 130 156 0 203 173 223 98.41
KNN 39 128 162 0 221 190 225 99.96
DT 39 130 162 0 221 157 225 97.43
RF 39 134 164 0 211 175 224 98.83
XGBoost 38 129 181 0 204 163 230 96.70

Average Accuracy (%)

100.00 97.28 97.79 98.41 97.43 98.83 99.96 96.70
90.00
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Figure B.11: Average accuracy of different models in special cases.

merged with the highlight. As we can see in Fig. B.9, the peak of the highlight is
closer to the peak of the laser. Where the LSTM model detects the peak of the high-
light as a laser, the KNN model accurately detects the peak of the laser light. Instead
of a sharp bell-shaped curve, if the intensity distribution of the laser is similar to Fig.
B.10, an average of the locations of the two peaks is considered the centre of the laser.
The predicted results of KNN, SVM, 1D-CNN and DT models are considered accu-
rate in this case. Table B.1 summarizes the performance of different models for laser
detection in ambient light. The KNN model achieves the highest average accuracy
of 99.96%, followed by the RF and SVM models with 98.83% and 98.41% (See Fig.
B.11). The lowest achieved accuracy is 40.48% by the MLP model. Other models
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have also obtained an average accuracy of more than 96%.

B.3 Summary

To culminate, the KNN model is generalized enough to make accurate predictions
for special cases of the intensity distribution. Even though the 1D-CNN has shown
overall better average accuracy compared to other models for different test datasets,
the average accuracy of 1D-CNN for special cases is unsatisfactory. The accuracy of
1D-CNN can be improved by feeding the network with more examples of special
cases. However, the network will take longer to train with more data. The overall
performance of all networks can be enhanced by training them with the diverse
dataset, which covers the difficulties added by shapes, materials, the color of the
background, and ambient light. From this research, we can conclude that AI models
can be introduced to detect the projected laser light in real-world applications.
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