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Abstract

Quality is often associated with expensive products and top brands. However, in
manufacturing the meaning of quality is more about manufacturing products that
are in given tolerances. Inspection of tolerances is usually implemented using a Co-
ordinate Measuring Machine (CMM) or portable scanner. Those measurement de-
vices give 3D point clouds as results and enable many different applications for di-
mensional and geometrical 3D Inspection.

3D Inspection needs data processing and calculation to get desired information
from the measured point clouds. There are numerous software available for 3D In-
spection including paid and open-source software. Widely used methods in those
software are point cloud registration and different form-fitting methods. In addi-
tion, the open-source software Python has lots of libraries for point cloud registra-
tion and form-fitting.

This thesis aims to investigate the possibilities of Python for 3D Inspection. The
thesis provides comprehensive background information in the form of a literature
review and a case study of 3D Inspection using Python with 3D scanned point
clouds. The case study includes 3D Inspection of cylindrical part diameters with
two other Python workflows. One of those workflows uses point cloud registration
and the nominal CAD data and the other uses cylinder-fitting without the nominal
CAD data. In addition, the case study compares state-of-the-art point cloud regis-
tration methods available for Python.

The investigation proved Python to be suitable for 3D Inspection. The measure-
ment results of Python workflows were extremely close to the industrial-aimed
Gom Inspect software with a maximum difference of 0,006 mm. In addition, there
were more accurate cylinder fitting algorithms available for Python than for the
open-source software CloudCompare. The algorithm used for Python was Least
Squares (LS) and for CloudCompare Ransac. The investigation was also imple-
mented for the point cloud registration methods available for Python. Noteworthy
was that the commonly used combination Random Sample Consensus (Ransac) +
Iterative Closest Point (ICP) gave more accurate results than the state-of-the-art
neural networks-based PointNetLK.

Keywords 3D Inspection, Point Cloud Registration, 3D Scanning, Cylinder Fit-
ting, Surface Comparison
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Tiivistelma

Laatu yhdistetdan usein kalliisiin tuotteisiin ja huippumerkkeihin. Valmistuste-
ollisuudessa laadun merkitys painottuu kuitenkin tuotteiden valmistamiseen an-
nettujen toleranssien mukaisesti. Toleranssien tarkastus toteutetaan yleensi koor-
dinaattimittauskoneella tai kannettavalla skannerilla. Nama mittauslaitteet tuotta-
vat tulokseksi 3D-pistepilvid, ja ne mahdollistavat monia erilaisia sovelluksia di-
mensionaaliseen ja geometriseen 3D-tarkastukseen.

3D-tarkastuksessa tarvitaan tietojen kasittelya ja laskentaa, jotta mitatuista pis-
tepilvistd saadaan haluttua tietoa. 3D-tarkastukseen on saatavilla lukuisia ohjel-
mistoja, mukaan lukien maksullisia ja avoimen ldhdekoodin ohjelmistoja. Naissa
ohjelmistoissa kiytetaan yleisesti pistepilvien rekisterdintia ja erilaisia muotojen-
sovitusmenetelmii. Kyseisten menetelmien kiyttoon on saatavilla lukuisia Pyt-
honille suunnattuja avoimen lahdekoodin kirjastoja.

Taméan opinndytetyon tarkoituksena on tutkia Pythonin mahdollisuuksia 3D-
tarkastuksessa. Opinndytety0ssd annetaan kattavat taustatiedot kirjallisuuskat-
sauksen muodossa ja suoritetaan tapaustutkimus, jossa Python-ohjelmistoa kayte-
taan gD-tarkastukseen skannattujen pistepilvien kanssa. Tapaustutkimus sisaltaa
sylinterimdisen kappaleen halkaisijoiden tarkastuksen kahdella Python-tyonku-
lulla. Toisessa ndista tyonkuluista kdytetdan pistepilven rekisterointia ja CAD-refe-
renssimallia ja toisessa sylinterin sovitusta ilman CAD-referenssimallia. Liséksi ta-
paustutkimuksessa suoritetaan vertailua Pythonille saatavilla oleville pistepilvien
rekisterdintimenetelmille.

Tutkimus osoitti Pythonin soveltuvan 3D-tarkastukseen. Python-tyonkulkujen
mittaustulokset olivat erittdin 1dhella teolliseen kiyttoon tarkoitettua Gom Inspect-
ohjelmistoa suurimalla erolla 0,006 mm. Lisdksi Pythonille oli saatavilla tarkempia
sylinterinsovitusalgoritmeja kuin avoimen ldhdekoodin CloudCompare-ohjelmis-
tolle. Pythonissa kaytetty algoritmi oli pienimmaén neliGsumman menetelma (LS)
ja CloudComparessa satunnaisotosmenetelma (Ransac). Tutkimusta suunnattiin
myo6s Pythonille saatavilla oleville pistepilvien rekisterdintimenetelmille. Huomi-
onarvoista oli, etta yleisesti kiaytetty yhdistelma (Ransac) + iteratiivinen lahimman
pisteen menetelma (ICP) antoi tarkempia tuloksia kuin viimeisimpaan tekniikkaan
(neuroverkkoihin) perustuva PointNetLK.

Avainsanat 3D-tarkastus, Pistepilvien Rekisterointi, 3D-skannaus, Sylinterinso-
vitus, Pintojen Vertailu
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1 Introduction

Quality is often associated with expensive products and top brands. However,
in manufacturing the meaning of quality is more about manufacturing prod-
ucts that are in given tolerances [1]. Tolerances are extremely important in
manufacturing due to the effects on manufacturing speed, customer satisfac-
tion, and manufacturing costs [1, 2].

Inspection of tolerances requires a lot from measurement devices. For exam-
ple, geometrical tolerances can be impossible to inspect without 3D model-
based measuring. The most common 3D inspection device is a coordinate
measuring machine (CMM) with contact or non-contact-based measuring
[3]. However mobile scanners are also used due to the advantages over CMM
which are speed, price, and suitability for large products [3].

The result from a 3D inspection device such as a CMM machine or mobile
scanner is just a series of point clouds [4]. Before getting the desired metrics
out, a lot of different data processing is required. Data processing includes
the registration of point clouds into the same coordinate systems, removing
noise and gaps from the model [4]. After that, the calculation of desired fea-
ture metrics can be done by comparing measured point clouds to the nominal
CAD data or using different form-fitting methods without the CAD data.

There are numerous additional 3D inspection software for point cloud data
processing and 3D inspection but these cost a lot of money from users. How-
ever, there is also an open-source software called CloudCompare that pro-
vides many different features for point cloud data processing and 3D inspec-
tion. In addition, Python has many other open-source libraries for point
cloud data processing and 3D inspection. One significant advantage of Py-
thon is that users can select the most suitable data processing methods for
specific applications.

1.1 Goals

This thesis aims to find out how accurate 3D inspection workflow can be cre-
ated using Python compared to the available 3D inspection open-source and
paid software.

This thesis also aims to explore state-of-the-art algorithms in 3D inspection
and find out Python libraries that use those algorithms. One objective is also
to present a repeatable investigation procedure for the 3D inspection of a
simple machined part. This process offers an efficient way to compare differ-
ent inspection software.



1.2 Research Questions

1. What are the state-of-the-art algorithms in data processing for 3D in-

spection?

Are there open-source libraries for Python that use the algorithms?

3. How accurate Python workflow can be created for 3D inspection com-
pared to available open-source and paid software?

N

1.3 Constraints

The thesis is limited to exploring the role of quality in production from a per-
spective of conformance only. In addition, the case study is limited to han-
dling only quality assurance of one machining part where separate point
clouds of scanned data are already registered to each other using the software
of the utilized 3D scanner.

3D inspection can be applied for inspecting a wide range of different forms
and features. However, this thesis focuses on the 3D inspection of the diam-
eters of a cylindrical part.

1.4 Structure

This thesis consists of a literature review and a case study. The literature re-
view provides background information about the importance of 3D inspec-
tion for manufacturing and explores the most used methods for it. In addi-
tion, it delves into computational algorithms used in 3D inspection and finds
out Python open-source libraries for using those algorithms.

The case study provides an easily repeatable investigation process for com-
paring different 3D inspection software. The investigation compares Python
workflow to other 3D inspection software including open-source software
CloudCompare and paid software Gom Inspect. In addition, the case study
includes a comparison between contact and noncontact-based 3D inspection
providing measurements taken by Zeiss CMM workflow.

2 Background Information

This section provides background information about the importance of 3D
inspection in production and about the methods used in it. In addition, the
section delves into the point cloud data processing behind 3D inspection and
explores the state-of-the-art calculation methods of it. The outcome of the
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section is to find out the available Python open-source libraries for using
those methods.

2.1 Quality

David A. Garvin's article Competing on the Eight Dimensions of Quality 1987
illustrated the importance of quality in meeting customer needs [5]. The ar-
ticle also illustrated the importance of quality in inter-firm competition with
the example of the United States and Japan competing in the production of
Random-Access Memory chips. The US was the underdog in terms of prod-
uct quality and needed new strategies to improve it.

According to Garvin, product design needed to focus more on life-cycle costs,
and new methods of production management were needed to identify quality
from the point of view of customer needs. As a solution, Garvin proposed
eight dimensions to assess quality more effectively. The eight dimensions of
quality can be found in the following Figure 1. The highlighted dimension

number 8 is the most significant dimension for manufacturing and inspec-
tion, and the next section talks more about it.

8 Dimensions of Quality

21222228

- REliﬂbi“w - Durabiljty
5. Serviceability 6. Aesthetics 7. Perceived Quality

Figure 1. Garvin's Eight Dimensions of Quality

2.2 Quality in Manufacturing

Dimension number 8 (Conformance) plays a major role in manufacturing. It
means that manufactured products must meet specified requirements, in-
cluding material specifications and tolerances [1]. Both are extremely
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important in production, as material requirements directly affect the cost of
the product in terms of material and the appropriate manufacturing process
[6]. In addition, the material has an impact on the cost-effectiveness of man-
ufacturing. For example, in machining, stiff and strong materials can be slow
to operate [7].

Tolerances also play a crucial role in manufacturing and set the limits for
manufacturing accuracy. Tolerances are not intended to ensure that parts are
produced in the same dimensions in the same way all the time, but within a
range of precision that meets the customer needs. Tighter tolerances demand
more from production and the basic assumption is that as the tolerance range
is reduced, production costs increase. [2]

2.3 Inspection

Tolerances require always inspection. Inspection slows down the throughput
time of products and therefore only a small proportion of products are usu-
ally inspected. Depending on the product, inspection measurements can be
carried out with different types of measuring devices. Measurement devices
can operate based on contact or non-contact measuring. For all, calibration
needs to be done at regular intervals. [1]

Common measurement devices used for inspection are CMM, 3D scanner,
micrometer, caliper, and oscilloscope. 3D-based measurement devices CMM
and 3D scanners are usually used according to the possibility of estimating
different geometrical features using mathematical calculation. Inspection in-
creases additional costs and takes time, but it aims to generate long-term
savings by reducing the number of defective products and increasing cus-
tomer satisfaction [3].

Inspection can be carried out during manufacturing or after it [3]. For ex-
ample, in additive manufacturing, automatic quality control during the man-
ufacturing process has been found useful for optimizing printing settings for
the remaining layers [8]. In many cases, inspection during manufacturing
can be also implemented by operator [9]. For example, during manual ma-
chining operators usually inspect dimensions using micrometers or calipers.

The basic rule of selection of inspection device is not to use too accurate one.
Measuring devices are expensive and increase considerable costs for produc-
tion. In addition, the use of more accurate measuring equipment is slower. It
is therefore advisable to start with a less accurate method of precision meas-
urement and to move to a more accurate method only if the measurement
results are close to the tolerance limits set for the product. However, it should
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be noted that there are standard measurement methods suitable for certain
tolerances and features [9].

2.3.1 Coordinate Measuring Machine (CMM)

Coordinate measuring machines are widely used for inspection in industry.
They find a set of points on the surface of a piece and establish a connection
between these points. Coordinate measuring machines are a fast and accu-
rate means of verifying dimensions and can be based on contact or non-con-
tact measurements [3]. Different types of coordinate measuring machines
are better or worse suited to specialized measuring applications, but in gen-
eral, any coordinate measuring machine can measure any geometric feature,
as long as there are no obstacles in front of the surface to be measured and
the object to be measured is not too large in relation to the measuring device

[4].

Nowadays, coordinate measuring machines are typically equipped with nu-
meric control and scanning probes. Both touch and non-contact machines
can automatically measure a very large number of points in a short time. A
contact-based measurement can measure up to 200 p/s at a speed of 150
mm/s. Non-contact measurement achieves even faster measurement speeds
by relying on optical principles such as autofocus, triangulation and, others.

[3]

A coordinate measuring machine can contain different measuring sensors
and consist of slightly different components. Different configurations of
measuring devices have different advantages and disadvantages and are
therefore suitable for different measurement applications. In general, a co-
ordinate measuring machine configuration includes a mechanical setup of
machine axes and transducers, sensors, a control unit, and a computer with
software for data processing. [4] Figure 2 below shows a CMM setup which
was also used in the case study section.
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Figure 2. Zeiss CMM Setup.

The sensor of the CMM machine plays the most important role in inspection
accuracy. As mentioned earlier, sensors come with different operating prin-
ciples. Some of them physically touch the object to be inspected and others
can perform the measurement without physical contact. Sensors that physi-
cally touch the object are widely used because they achieve the highest pos-
sible accuracy. However, compared to non-contact sensors, they are not only
slow but also unsuitable for measuring objects that cannot be touched, for
example, because of their soft structure. [4]

For non-contact sensors, on the other hand, there are many different meas-
urement techniques. These measurement techniques include for example la-
ser triangulation, various focalization technologies, confocal holography, and
vision systems. With non-contact sensors, there are more situations where
measurement fails. For example, deep holes can be impossible to measure.
In addition, the accuracy of these sensors is not as good as that of touch sen-
sors. In general, non-contact sensors are much faster and there are also situ-
ations where they are the only option, for example in the measurement of soft
objects and printed circuits. [4]
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The book Metrology 2006 presents non-contact measurement techniques
used in CMM machines. According to the book, the most common metrology
techniques used in those machines are the methods based on optical trian-
gulation which includes for example laser triangulation, photogrammetry,
and fringe projection. The great popularity of these methods is based on their
cost-effectiveness, high accuracy, and high measurement speed. [10]

The working principle of triangular measurement methods is that two sen-
sors are working together. One sensor is an active sensor that transmits light
to the surface of the workpiece. The second sensor is a passive sensor, which
does not emit any energy to the surface of the workpiece but records the po-
sition of the light transmitted to the surface of the workpiece. Once the dis-
tance between the sensors and the triangulation angle is known, the distance
to the workpiece can be calculated using geometric formulas. [3]

2.3.2 Portable Scanners

3D scanning can be used for inspection in addition to the CMM machine with
portable 3D scanners. The scanning process is quick, and the size of the prod-
uct is not so limiting factor. Portable 3D scanning devices can be also inte-
grated into CNC-controlled machine tools or robots to achieve an automated
inspection solution [3]. They can also be used to scan products at different
locations, which makes the process flexible, for example for maintenance ap-
plications [10].

The advantages of quality assurance with a mobile scanner are the same as
with a non-contact CMM device, but without the constraints of the CMM ma-
chine's trajectories, making it even faster and more suitable for complex
shapes. In addition, it is also significantly less expensive than CMM. How-
ever, a significant disadvantage is that the measurement accuracy is lower
than the accuracy of CMM. In addition, it is more sensitive to ambient light
than scanning-based CMM. [3, 10]

A wide range of scanners are available for many different industrial applica-
tions. Table 1 below shows the accuracies, resolutions, and scanning areas of
some Artec 3D and Zeiss scanners. The difference between resolution and
accuracy is important to understand. Accuracy refers to how close the meas-
ured points are to the actual surface of the measured part. Resolution refers
to how detailed measurements can be taken which means the distances be-
tween measured points.

Table 1 shows that the properties of the scanners differ considerably. The Ar-
tec Micro II and the Metronom 1 scanners seem to be designed for precise
scanning of small parts achieving a very high accuracy of 0,005 mm and
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resolutions of 0,04 mm and 0,03 mm. [11, 12]. The Atos Q 12M can be moved
by the user and allows a larger measuring area but the larger measuring area
degrades the resolution to 0,12 mm [12]. The Artec Leo can be also moved by
the user and has the largest measuring area but the accuracy of 0,10 mm and
resolution of 0,20 are worse than the accuracies and resolutions of Artec Mi-
cro IT and Metronom 1 scanners [11].

Table 1. Properties of Industrial 3D Scanners.

Scanner Measuring Area (mm?2) | Accuracy (mm) | Resolution (mm)
Artec 3D:

Artec Micro IT 200x 200 0,005 0,04

Zeiss:

Atos Q 12M 100x70-500x 370 - 0,03-0,12
Zeiss: 165 x 140 0,005 0,03
Metronom 1

Artec 3D:

Artec Leo 244 x 142 - 838 x 488 0,10 0,20

The scanners presented in table 1 can be found in Figure 3 below. On the left
is the Atos Q 12 M, on the top right is the Artec Leo, on the lower left is the
Zeiss Metronom 1, and on the lower right is the Artec Micro II.

Figure 3. The Industrial Scanners Presented in Table 1.
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2.3.3 Point Cloud Processing

3D measurement device gives the measurements as point clouds [4]. Usually,
more than one measurement is needed to pick up all desired features, and
then occurs a problem where each measured point cloud is in a different co-
ordinate system [13, 14]. For achieving a coherent point cloud, each point
cloud needs to be connected to the same coordinate system. This process is
called point cloud registration. The basic idea of point cloud registration is to
pick up equal points or features from point clouds and calculate the transfor-
mation matrix to minimize the distances between them [14].

When all measurements are taken and registered with each other, the coher-
ent point cloud needs to be processed before evaluating its dimensions and
features. This processing means removing unneeded features and outliers.
After that, the point cloud or the mesh made from the point cloud can be used
for 3D inspection. For the 3D inspection procedure, software is used that cal-
culates dimensions from the point cloud using form-fitting methods or com-
paring measured data to nominal CAD data using point cloud registration
algorithms. [4, 15]

2.4 Point Cloud Registration Algorithms

Point cloud registration includes lots of different algorithms which can be
roughly divided into global and local registration. Global registration meth-
ods give rough initial alignment as a result and they do not need any pre-
alignment [16]. Local registration aims to optimize the registration as accu-
rately as possible using initial alignment from global registration algorithms
[16]. Usually, a combination of global and local registration algorithms is
used to achieve the most accurate registration result [17]. In addition, neural
networks can be used for end-to-end point cloud registration where the
whole process is implemented at once [18].

This section provides information about registration algorithms commonly
found in literature and explains their advantages and disadvantages. The
chosen algorithms include global and local registration. In addition, end-to-
end neural network-based algorithms are presented.

241 Random Sample Consensus (RANSAC)

Random sample consensus (RANSAC) is the most widely used robust match-
ing method in computer vision [19]. RANSAC is based on a hypothesis and
test tactic, where a minimum number of points are selected from the refer-
ence data and matched with corresponding points from the target data[19,
20]. A rigid transformation is then performed on the target data and the fit
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of all points to the resulting model is checked based on their distances [21].
The fitting is repeated numerous times, and the best-fitting model is selected
as the solution.

RANSAC is suitable for a wide range of applications, as it can process data
that contains errors such as noise [16]. The RANSAC method distinguishes
between inliers and outliers in scoring results [19]. Inliers points are points
located at the required distance from the fit and are used to evaluate the re-
sults. Outliers are points that are far from the fit and are discarded in the
evaluation of the results. Based on this, the RANSAC algorithm can reject the
incorrect part of the data.

RANSAC is an efficient method for pre-registering point cloud data, but it
needs a very large number of iterations to achieve accurate results [20].
Therefore, RANSAC is usually used for pre-registration, and optimization is
performed by another method. In addition, the RANSAC method is challeng-
ing to register a large amount of data due to the amount of computation it
requires [16]. However, several versions of the RANSAC method are available
to reduce the need for counts [16].

2.4.2 Normal Distribution Transform (NDT)

Normal distribution transform (NDT) was originally developed for 2D data
registration in 2003 [22]. In 2008, the method was extended to also work for
3D data [22]. The idea of the method is that instead of single points, the
method uses a combination of normal distributions that describe the proba-
bility of finding a given point at a given location [23]. In 3D registration, the
algorithm divides the point cloud model into cubes [24]. The algorithm then
computes a mean vector and a covariance matrix for the reference point data
in each cube, which are used to generate a separate normal distribution for
each cube [24]. The target and the reference data are combined using numer-
ical solution methods [24].

NDT is presented in the article provided by Gu et al. 2020 as a global regis-
tration method [17]. In many other articles, it is also considered suitable for
local registration. For example, in the article provided by Magnusson et al.
2007, the NDT method was compared to the ICP method in a 3D mapping
test [23]. The article recommended the use of a modified version of the NDT
method due to its accurate results with a shorter registration time than ICP.
However, the application discussed in the article was aimed at the registra-
tion of large point clouds and may give a misleading view of smaller-scale
applications.
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In conclusion, NDT is a potential method for a variety of point cloud regis-
tration applications. It is useful for handling large point clouds since record-
ing normal distributions requires less memory than point clouds [23]. The
previously mentioned study provided by Magnusson et al. 2007 also reported
faster registration results compared to the ICP method [23]. However, the
registration accuracy and speed of the NDT method are greatly affected by
the size of the cubes [25]. Larger cubes give a faster process, but less accurate
results, and smaller cubes do the opposite.

2.4.3 lterative Closest Point (ICP)

Iterative closest point (ICP) is a widely used method for local point cloud reg-
istration [26]. It is an iterative method that aims to minimize the distances
between the closest reference and target points until the given threshold is
achieved [27]. According to the literature, the advantages of ICP are its accu-
racy and simple utilization[27, 28]. However, it also has some disadvantages.
The main disadvantages of the algorithm are slowness and the need for good
initial alignment [29].

Without good initial alignment, ICP can stuck into the local minimum when
it tries to minimize the distances between closest points [29]. In addition, it
needs lots of calculations because typically it uses all points of the point
clouds [29, 30]. However, lots of different ICP variants are developed to
speed up the calculation time. These variants exploit larger features instead
of points. Two common variants of ICP are point-to-line and point-to-plane
ICP algorithms [17, 26]. However, those variants can reduce the accuracy of
the registration [17].

2.4.4 Coherent Point Drift (CPD)

Andriv Myrenko et al. 2006 presented a probabilistic Coherent Point Drift
algorithm for registering non-rigid point clouds. Andriv Myrenko and Xubo
Song 2010 presented their follow-up to the previous paper. This time, the
CPD algorithm was brought to be used also for the registration of rigid point
clouds. The idea of the CPD method is that the Gaussian Mixture Model
(GMM) is fitted to the first point cloud, whose Gaussian centroids are fitted
to the second point cloud data. The transformation uses a coherence con-
straint that forces the GMM centroids to move as a group to preserve the top-
ological structure of the point data. [31, 32]

In both papers, experiments were conducted comparing the CPD algorithm
with commonly used registration methods such as ICP. The results of the pa-
pers showed that CPD was more accurate than ICP when noise and missing
points were included in the conditions.
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2.4.5 Neural Networks

Neural networks are important to consider regarding point cloud registra-
tion. There are many other ways to use neural networks. End-to-end-based
registration algorithms can implement the whole registration procedure at
once. Feature-based learning methods can be used for accurate preregistra-
tion when the optimization can be done for example using RANSAC with just
a few iterations. That kind of combination is useful for large point clouds
where Ransac alone is too slow. One way is also to use neural networks for
preregistration and implement the fine registration by commonly used fine
registration methods such as ICP. [18]

Akiyoshi et al. 2020 presented an efficient registration method based on neu-
ral networks [33]. The method used PointNet for point cloud detection and
implemented fine registration itself. PointNet is a widely used object detec-
tion method due to its high accuracy. However, the development of the meth-
ods is fast and there are more accurate methods available. ModelNet40 and
ModelNet40-C keep the lists of the most accurate point cloud detection
methods including their academic papers [34, 35]. On these lists, neural net-
works are widely used in the most accurate methods.

The article compared ICP, and several registration methods based on neural
networks. Results of the article showed that neural networks-based methods
had more accurate results than ICP. Wen-Chung Chang et al. 2019 have also
compared the neural networks- and ICP [36]. Their investigation work
showed that convolutional neural networks can reduce the time of registra-
tion keeping the accuracy at the same level as ICP.

Neural networks seem to be state-of-the-art methods for point cloud regis-
tration because of their robustness, accuracy, speed, and possibility to imple-
ment the registration process at once [18, 33, 36]. However, there are some
limitations regarding the use of neural networks which are the fact that they
need training and registration results can decrease in unknown conditions
[18]. In addition, considering local structure information can be difficult [18,

33].

2.5 Point Cloud Cylinder Fitting Algorithms

Cylinder fitting is a widely used method in point cloud processing and there
are lots of different algorithms for it. From a perspective of 3D inspection,
the most used algorithms are Least Squares (LS) also known as Gaussian fit
and Minimum Zone (MZ) also known as Chebyshev fit [4]. In addition, Ran-
sac is commonly used in applications where outliers are faced [37].
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3D inspection has also cases where filtering of suitable points is essential. For
example, when the shaft and hole are fitted, measuring can aim to investigate
the maximum or minimum values of the diameters. Therefore, the Maximum
Inscribed Element (MIE) and Minimum Circumscribed Element (MCE) are
important to consider regarding 3D inspection and cylinder fitting.

2.5.1 Least Squares (LS)

LS is a widely used cylinder fitting method in different applications in 3D
inspection [4, 38]. The idea of LS is to minimize the sum of square error be-
tween measured points and fitted form [4]. One major advantage of LS is that
it gives a good overall picture of the inspected dimension due to the consid-
eration of all measurement points. In addition, LS is more robust for dimen-
sional error of measurement points than MZ and therefore it is preferred for
dimensional inspection [4]. Figure 4 below shows the weighting of measure-
ment points of the LS algorithm.

Figure 4. LS Cylinder Fitting [39].
2.5.2 Minimum Zone (MZ)

MZ fits two cylinders with the same centre points into the point cloud. One
cylinder is fitted inside the point cloud with maximum diameter and the
other outside the point cloud with minimum diameter. Using the cylinders
with the maximum and minimum diameters the algorithm enables also a cyl-
inder to be fitted in the middle of them. In addition, MZ is found to be more
suitable for inspection of geometrical tolerances than the least squares
method but one significant disadvantage of MZ is sensitivity for outliers. Fig-
ure 5 below illustrates the working principle of the algorithm. [4, 39]
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Figure 5. MZ Cylinder Fitting [39].
2.5.3 Maximum Inscribed Element (MIE)

The idea of MIE cylinder fitting is to fit a cylinder inside a point cloud with a
maximal diameter [40]. The difference between the MIE cylinder and the
smaller cylinder of MZ is the different centre points due to the equality of the
centre points of MZ cylinders [4]. MIE cylinder fitting is needed in different
functional fitting applications, but the disadvantages are sensitivity for out-
liers and an inaccurate overall picture of the measured diameter [4, 39, 40].
Figure 6 shows the working principle of MIE cylinder fitting.

i g

e | A

Figure 6. MIE Cylinder Fitting [39].
2.5.4 Minimum Circumscribed Element (MCE)

MCE is another useful method for different functional fitting applications.
The method gives the smallest cylinder that covers all measurement points
[40]. The difference between the MCE cylinder and the MZ larger cylinder is
the different positioning of centre points [4]. The disadvantage of the method
is the inaccurate overall picture of the measured diameter and sensitivity for
outliers [4, 39, 40]. Figure 7 below shows the working principle of MCE cyl-
inder fitting.
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Figure 7. MCE Cylinder Fitting [39].

2.5.5 Ransac

Previously presented Ransac regarding point cloud registration is also used
in different point cloud cylinder fitting applications. The advantages of Ran-
sac are its robustness for outliers and calculation efficiency. However, in cyl-
inder fitting the strengths of Ransac are in applications where noisy point
clouds are handled without high accuracy requirements. [37, 41]

2.6 Python Libraries for Point Cloud Registration

This section provides two Python open-source libraries Open3D and Learn-
ing3D for point cloud registration. Open3D provides Ransac for global regis-
tration and ICP for local registration and Learning3d focuses on neural net-
works-based registration methods. According to the literature research,
these algorithms cover the most used algorithms and the state-of-the-art al-
gorithms to be investigated.

2.6.1 Open3D

Open3d is an open-source library that can be used in Python and C++. The
library includes many features for handling 3D data such as point clouds and
mesh structures. For point cloud registration Open3D provides Ransac for
global registration and ICP for local registration. Open3D has also visualiza-
tion tools that can be used for both point clouds and mesh structures. [42]

2.6.2 Learning3D
Learning3D is an open-source library for Python that provides neural net-

work algorithms for different 3D data processing applications. The library
provided PointNetLK, PCRNet, DCP, PRNet, RPM-Net, and DeepGMR
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algorithms for point cloud registration. In addition, it had two options for
shape detection which were PointNET and DGCNN algorithms. [43]

Learning3D provided also pre-trained models of registration algorithms but
allowed also the implementation of training by user. The library had compre-
hensive instructions on its websites and there were also ready-made codes
for different applications including point cloud registration. [43]

2.7 Python Libraries for Cylinder Fitting

This section provides available cylinder fitting libraries for Python. It was
noteworthy that there were not many libraries available for that purpose and
only two other libraries were found. One of the libraries used the Ransac al-
gorithm and the other used the LS algorithm. The algorithms were in line
with the literature about the most used algorithms for cylinder fitting.

2.7.1 PyRANSAC-3D

PyRANSAC-3D is an open-source library that uses the Ransac algorithm for
fitting different forms into point clouds. Provided fitting shapes of the library
were plane, cylinder, cuboid, sphere, line, circle, and point. However, there
was a warning on the library website for the cylinder fitting. The warning in-
formed that the development process of the cylinder fitting algorithm was
still in progress and the algorithm did not provide accurate results. [44]

2.7.2 Py-cylinder-fitting

Py-cylinder-fitting is an open-source library for Python, and it provides a cyl-
inder fitting method based on the LS algorithm. On the website of the library
readymade codes for cylinder fitting can be found. The method needs coor-
dinate points of the point cloud as input and it returns the radius of the fitted
cylinder. [45]

3 Python Workflow for 3D Inspection of Machined
Tolerance Bar

This section provides a case study for 3D inspection of a machined cylindrical
tolerance bar using Python and its libraries for point cloud registration and
cylinder fitting. The 3D inspection of the tolerance bar was focused on four
different diameters with the same nominal dimension but different toler-
ances. In addition, the case study provides comprehensive instructions for
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any parts of the process including designing, manufacturing, scanning, and
validation of results.

3.1 Design

The design process was implemented using Creo software for 3D modelling.
The design was a simple machining part that was designed to be manufac-
tured by turning and milling. The design included four diameters with the
same nominal dimension 25 mm but different tolerances. The diameters
were separated by 2 mm wide grooves. In addition, a keyway was designed at
the other end of the tolerance bar.

The most important features were the different diameters inspected using the
Python workflows. The grooves were just designed to make the turning pro-
cess easier and the keyway for making it easier to visualize the tolerance bar
during 3D inspection. Later, this thesis provides the inspection results using
numbers 1-4 of the inspected diameters. The numbers and the design can be
seen in Figure 8 below.

Figure 8. Diameter Numbers of the Tolerance Bar.

When designing for manufacturing, it needs to be considered that all dimen-
sions are tolerated, and all features are possible to manufacture by the de-
sired manufacturing method. In the case of the tolerance bar the width and
radius of the keyway needed to be dimensioned in such a way that the keyway
was able to be milled using an end mill with a diameter of 3 mm. Figure 9
below shows the drawing of the tolerance bar. The dimensions of the keyway
and all other features can be seen in Figure 9. In addition, it can be seen that
there are specific tolerances given for the diameters and all other dimensions
are tolerated using the general tolerances.
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Figure 9. Drawing of the Tolerance Bar.

3.2 Manufacturing

Manufacturing was implemented by turning and milling using S355 as a raw
material. In addition, coating was conducted using blackening. The purpose

of the coating was to make scanning process easier regarding less of lightning
from the coated surface.

The first stage in the manufacturing process was turning. Turning was im-
plemented using a manual lathe. The steps of the process were roughing, sin-
gle cut grooving, finishing, and chamfering. In addition, at the beginning of
the process, a small hole was drilled at the end of the bar for fixturing the
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workpiece as shown in Figure 10. The purpose of the fixturing from both ends
was to reduce vibration and deflection of the workpiece to maximize the
straightness of the final product

Figure 10. Turning of the Tolerance Bar.

Turning parameters were essential for a successful turning process. There
were formulas available to calculate those parameters using estimation val-
ues for certain parameters provided by tool insert manufacturers. The fol-
lowing calculations provide turning parameters for the tolerance bar using
tools provided by Sandvik Coromant. However, the used formulas are in-
tended for advanced CNC lathes and may give too high values for old manual
lathes. In the manufacturing process, a manual lathe was used and a machin-
ist familiar with the lathe adjusted the machining parameters to be suitable.
In addition, the turning inserts presented in this thesis were not used in the
turning process but offer a good alternative.
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The required turning parameters were the depth of cut, feed, and spindle
speed. Estimation values for cutting speed, feed, and depth of cut were found
from the information of the tool inserts. In addition, the spindle speed was
able to be calculated using the value of the cutting speed. The calculation was
implemented using the following equation where n was spindle speed, v, was
cutting speed, and D,,, was the diameter of the workpiece [46].

v:X1000

n=—— (1)

TTXDm

Turning includes four steps which are roughing, single cut grooving, finish-
ing, and chamfering. The inserts proposed for the turning steps can be seen
in figure 11 below. In addition, Sandvik Coromant provides an estimation of
cutting speed, depth of cut, and feed for the inserts. These values and the
insert codes can also be found in figure 11 below.

Roughing

Single cut Grooving

Finishing and Chamfering

Depth of cut: 4mm Feed: 0,08 mm/r Depth of cut: 0,3 mm

Feed: 0,5 mm/r
Cutting speed: 280 m/min

Cutting speed: 220 m/min

Feed: 0,11 mm/r
Cutting speed: 295 m/min
Insert shape code: Square

CNMG 12 04 08-MR 4425

QD-NE-0200-0002-CM 4425

SCMT 08 T3 04-PF 1515

Figure 11. Turning Inserts Provided by Sandvik Coromant.

The first step of the turning process is roughing. It can be implemented at the
same time for all diameters. A suitable initial diameter of the workpiece is 30
mm. Roughing can be done by one pass with a 2 mm depth of cut when the
diameter decreases to 26 mm. The next step is single cut grooving where the
initial diameter is 26 mm, and the final diameter is 23 mm. Table 2 below
shows the turning parameters for roughing and single cut grooving. The pa-
rameters include the parameters provided by Sandvik Coromant and the
spindle speeds calculated using equation 1.
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Table 2. Turning Parameters for Roughing and Single Cut Grooving.

Roughing Single cut grooving
Depth of cut 2 mm -
Feed 0,5 mm/r 0,08 mm/r
Cutting speed 280 mm/min 220 m/min
Spindle speed 2971 r/min 2693 r/min

The final steps of turning are finishing and chamfering which can be done
using the same insert. The square shape of the insert enables chamfering at
45 degrees and therefore saves time regarding no need to change the insert.
Due to the tolerances of the diameters, turning parameters for finishing need
to be calculated carefully. For chamfering the parameters are not so precise
and the finishing parameters can be used.

The tolerance bar includes four different diameters. Each diameter has its
tolerance and finishing needs to be done separately for each. The idea is to
aim for the middle of the tolerance zone with each diameter. Table 3 below
shows the finishing parameters of the turning process. Noteworthy is that the
depth of cut has been calculated to achieve the middle dimension of the tol-
erance area by two passes. In addition, the initial workpiece diameter (26
mm) has been used for calculating the depth of cut.

Table 3. Turning Parameters for Finishing and Chamfering.

Diameter 1 Diameter 2 Diameter 3 Diameter 4
Depth of cut 0,266 mm 0,260 mm 0,256 mm 0,254 mm
Feed 0,11 mm/r 0,11 mm/r 0,11 mm/r 0,11 mm/r
Cutting speed 295 m/min 295 m/min 295 m/min 295 m/min
Spindle speed | 3612 r/min 3612 r/min 3612 r/min 3612 r/min

After turning, the keyway was manufactured using a manual milling ma-
chine. As in the turning process, a machinist familiar with the milling ma-
chine adjusted the machining parameters to be suitable. However, this sec-
tion provides also the milling parameters for milling the keyway with a CNC
milling machine. The parameters have been calculated with the Sandvik Cor-
omant machining parameter calculator, by giving the calculator the desired
tool. The tool chosen was a Sandvik Coromant end mill with a 3 mm diame-
ter. However, the same tool was not used in the manual milling process of
the tolerance bar. Figure 12 below shows the milling process using the man-
ual milling machine.
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Figure 12. Keyway Milling Process.

The end mill selected for the parameter calculation can be seen in figure 13
below. In addition, the code of the tool can be found from the figure 13.

Cutting diameter: 3mm
Max depth of cut: 3 mm

1K212-0300-XA 1730

Figure 13. End Mill Provided by Sandvik Coromant.
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The tool did not have any estimated milling parameters which made the pa-
rameter calculation with general equations impossible. The reason for the
missing estimated parameters is that the tool can be used for numerous mill-
ing processes for different features using many other materials. However,
Sandvik Coromant provided a parameter calculator where information about
the feature to be milled and used material was able to be set. The following
table 4 shows the milling parameters calculated using the calculator.

Table 4. Keyway Milling Parameters.

Keyway Milling
Table feed 493 mm/min
Cutting speed 180 m/min
Number of passes 1
Depth of cut 3 mm
Spindle speed 19100 r/min

The last step of manufacturing was coating, and it was conducted using the
blackfast method. Blackfast is a chemical process where a metal part is im-
mersed in a chemical liquid, creating a black oxide layer on the surface of the
part. The process is possible to implement at room temperature and the layer
creates protection against corrosion and humidity. However, in this case
study, the layer was desired for decreasing the lightning from the surface dur-
ing 3D scanning. In addition, blackfast seemed to be a suitable coating
method regarding the thin surface thickness of only 0,0002 — 0,003 mm. The
blackened tolerance bar can be seen in Figure 14 below. [47]

Figure 14. The Coated Tolerance Bar.
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3.3 Scanning

Scanning was implemented using a Gom ATOS Core 200 3D scanner. The
first step of the process was to let the scanner warm up and take calibration
measurements. The calibration included scanning a calibration template
from different positions and the scanning software gave comprehensive in-
structions to the process. Figure 15 below shows the scanner and the calibra-
tion plate.

Figure 15. Calibration of the Gom Scanner.

When enough scans were taken the program informed that the calibration
was completed and gave calibration results. The calibration results showed
that the calibration deviation was 0,052 pixels which was lower than the limit
value of 0,100 pixels. The whole calibration results can be found in Figure 16
below.
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Current Calibration Info
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Calibration date
Calibrated sensor

Calibration object

Object type

Name

Calibration points
Certified lengths
Certification temperature
Expansion coefficient
Measurement temperature

Calibration settings
Camera lenses

Focal length (projector)
Light intensity

Snap mode

Ellipse quality

Result
deviation

Calibration
Calibration
Calibration deviation
Calibration deviation
Projector calibration
Projector calibration
Projector calibration
Camera angle

Height variance
Measuring volume

(check)

(check)

Sensor status
Remaining sensor warm-up time

(optimized)

(optimized)

Fri May 10 10:26:40 2024
ATOS Core 200

Panel (Triple Scan)
CP40-200-100369

3657 points

360.000 / 360.000 mm
22.9 °C

3.25 x 1e~-6 1/K
23.8 °C
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8.00 mm
100%

Double snap
0.4
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OK (limit value: ©.100 Pixels)
©.122 Pixels

©.015 Pixels

OK (limit value: ©.250 Pixels)
24,2°

148 mm

195 / 15@ / 155 mm

9:80 min

Figure 16. Calibration Results.

After calibration scanning was implemented for the tolerance bar which was
prepared by cleaning its surfaces using ethanol. The position of the tolerance
bar proved to be important for scanning results. First scans were taken by
holding the scanning plate horizontally. The results of those sets were not
proficient regarding the reflection of ambient light. Figure 17 below shows
the camera picture of the scanner and scanned points when the scanning
plate was placed horizontally. The red areas in the camera picture mean a
reflection of ambient light. It was noteworthy that there were holes in the
scanned point data at the same places where the reflection of ambient light
occurred.
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Figure 17. Scanner’s Camera Picture and Scanned Points.

Changing the position of the tolerance bar to be more vertical improved the
scanning efficiency a lot. It decreased the effect of ambient light and enabled
capturing lots of more points in each scan. The better scanning position can
be seen in the Figure 18 below.

Figure 18. An Efficient Scanning Position of the Tolerance Bar.
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The Gom scanning software had a function for the registration of scans to-
gether. The requirement for the registration process was that reference mark-
ers with a white centre and black background were placed on the surface of
the tolerance bar. The idea of those reference markers was to help the scanner
identify the position and location of the tolerance bar. It was also important
to put enough reference markers to ensure that the scanner sees some same
reference markers during different scanning sets. The reference markers on
the surface of the tolerance bar can be seen in the previous Figure 18 above.

After achieving enough scanned surfaces, all unnecessary features from the
point cloud needed to be removed and mesh generation done before saving
the final STL file. Removing the unnecessary features was done using a tool
provided by the Gom scanning software. The working principle of that tool
was to delimit an area with the drawing tool and choose whether to delete the
delimited area or the area outside it. With the possibility to change the scale
of the point cloud to extremely large, the tool was efficient and simple. Fi-
nally, the mesh file was generated from the cleaned point cloud using the
mesh generation feature of the Gom scanning software. The final mesh file
can be seen in Figure 19 below.

Figure 19. The Final STL File.
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3.4 Python Workflow for 3D Inspection

This section provides two Python workflows for 3D inspection of the toler-
ance bar diameters. Workflow 1 was created using point cloud registration
and surface comparison and workflow 2 using cylinder fitting. The workflows
are explained in this section and the codes of them can be found in the ap-
pendixes.

Workflow 1 used the Ransac + ICP combination of registration algorithms.
That combination was selected according to the literature review and the
comparison of the Ransac, ICP, and PointNetLK algorithms with different
combinations. Workflow 2 used the LS algorithm. It was selected according
to the literature review and sensitivity analysis where it was compared to
Ransac. The sensitivity analysis and the comparison of the registration algo-
rithms are included in this section.

3.4.1 Workflow 1. Surface Comparison
The first step of the workflow was to import STL files of the CAD data and the

scanned data. Figure 20 below shows the STL files which are in the different
coordinate systems.

Figure 20. The Initial Position of the STL files.
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The next step was to convert the STL files into point clouds and it was done
using the Open3sD library. The library offered the possibility to choose the
number of points in the point clouds. The number of points played an im-
portant role in point cloud registration and visualization of results. A high
number of points increased the accuracy of the registration and gave better
visualization results, but it also increased the time needed for the calculation.
Figure 21 shows the downsampled point clouds with 100 000 points.

Figure 21. Downsampled Point Clouds.

After downsampling, the point cloud registration was implemented, resulting
a transformation matrix for transforming the source point cloud on the tem-
plate point cloud. The registration was implemented using Ransac for global
registration and ICP for finishing. Figure 22 below shows point clouds reg-
istered by Ransac + ICP algorithms. The red point cloud is the CAD data
(template) and the grey point cloud is the scanned data (source).
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Figure 22. Ransac + ICP Point Cloud Registration Result.

After registration, a surface comparison of the whole template and source
models was done to show how well the registration was successful. First, the
transformation matrix obtained from the registration was used to translate
the source point cloud onto the template STL file. A different number of
points was possible to be selected from the source point cloud than in the
registration processes.

Next, the distance from each point in the source point cloud to the template
surface was calculated. For calculating the distances, a Pyvista library with
Euclidean distance algorithm was used and it allowed to identify the position
of the points inside or outside the template model. Points on the inside of the
template were assigned negative values for the distances. Figure 23 shows
the results of surface comparison of the whole models.
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Figure 23. Surface Comparison Between Source Point Cloud and Tem-
plate Mesh.

The next step was to select the desired diameter from the scanned point
cloud. It was conducted by a box widget clipping tool provided by the Pyvista
library. Figure 24 below shows the Pyvista box widget clipping tool.

1 2

Figure 24. Selection of Desired Area of the Tolerance Bar.
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Then a surface comparison between the clipped diameter and the template
STL file was implemented. The surface comparison gave average, min, and
max distances which could be used to calculate the diameter value using
equation 1. In addition, outlier removal provided by Open3D was performed
before the surface comparison. The idea of the outlier removal was to delete
all erroneous measurement points that could distort the diameter value. Fig-
ure 25 below shows the outlier removal on the left and the surface compari-
son on the right. In the outlier removal figure, the red points are the outliers
to be removed.

Min -0.0731

Max 0.015¢
Average -0.0415
Median -0.0410
Stcev 0.0081

-0.100 -0.0500 0.00 0.0500 0.100

Figure 25. Outlier Removal and Surface Comparison of the Diameter 4.

The last step of the workflow was to calculate the diameter using the follow-
ing equation 2. In the calculation, it was possible to calculate the minimum,
maximum, or average diameter of the point cloud. However, the average di-
ameter was used in comparison to other software due to its robustness and
better overall picture of the diameter. The Python code of the workflow 1 can
be found in Appendix A.

Diameter = Nominal Diameter + 2 x Average or Min or Max Distance (2)

3.4.2 Selection of Registration Algorithm

This section provides a selection process of the point cloud registration algo-
rithm for the previously described workflow 1. The investigated algorithms
were Ransac, ICP, and PointNetLK which were selected based on the litera-
ture review. The comparison of the algorithms was implemented using a sur-
face comparison of the whole CAD and scanned models and of the whole CAD
model and clipped diameter 4.
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The first test was performed on the Ransac algorithm. Ransac managed to
extract also local features such as keyway for the registration. However, the
registration accuracy was not sufficient for the Inspection purpose. In Figure
26 below on the left are the point clouds registered to each other, where the
template point cloud is red, and the source point cloud is grey. On the right
are the surface comparison results where the left one is performed on the
whole source point cloud and the right one on the diameter 4. The figures
show that the registration was successful regarding shape detection but over-
all, the point clouds were skewed with each other. The Ransac workflow can
be found in Appendix B.

-0.100 -0.0500 0.00 0.0500 0.100

Figure 26. Surface Comparison in Millimetres Using Ransac.

The following test was performed on the PointNetLk algorithm. Figure 27
below shows that regarding global features the point clouds were registered
more accurately to each other than by Ransac. However, there were some
serious errors with the registration results. The algorithm did not consider
the keyway in the registration and from Figure 277 below it can be seen that
the keyways are on different sides in the registration results. The PointNetLK
workflow can be found in Appendix C.
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Figure 27. Surface Comparison in Millimetres Using PointNetLK.

Then the Ransac + ICP combination was investigated. In Figure 28 below,
the registration results were significantly better than the previous results.
The registration succeeded in considering local features such as the keyway
and globally the point clouds were registered accurately and in a straight line.
This combination was selected for workflow 1 and can be found in Appendix
A.

-0.100 -0.0500 0.00 0.0500 0.100

Figure 28. Surface Comparison in Millimetres Using Ransac + ICP.
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The next registration procedure was implemented for a combination of Ran-
sac and PointNetLK. Figure 29 below shows the registration results. The re-
sults were significantly better than with Ransac or PointNetLK alone and the
registration was successful in extracting local and global features. However,
the registration results were much more accurate with Ransac + ICP combi-
nation. The Ransac + PointNetLk workflow can be found in Appendix D.

-0.100 -0.0500 0.00 0.0500 0.100

Figure 29. Surface Comparison in Millimetres Using Ransac + PointNetLK.

The last registration test was implemented for the combination of all algo-
rithms Ransac + PointNetLK + ICP. Figure 30 below shows that the registra-
tion was successful in extracting local and global features. The Ransac +
PointNetLk + ICP workflow can be found in Appendix E.

-0.100 -0.0500 0.00 0.0500 0.100

Figure 30. Surface Comparison in Millimetres Using Ransac + PointNetLK +
ICP.
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The results of Ransac + ICP and Ransac + PointNetLK + ICP were so close
that they could not be compared based on visual presentation alone. The fol-
lowing figure shows the already presented cuts of the diameter 4 for both
combinations but with the metrics information added to the presentation.
The results show that the minimum, maximum, average, median, and stand-
ard deviation values of the distances were extremely close to each other. The
values are so close to each other that they are lost in the deviation of registra-
tion results between different registration runs.

Ransac + PointNetLK + ICP Ransac + ICP

Min 00731
Max 00159
Average -0.0415
Median -0.0410

Min 00762
Max 00160
Average -0.0415
Median -0.0418

Stdev 0.0080 Stdev 0.0081
-0.100 -0.0500 0.00 0.0500 0,100
N -

Figure 31. Comparison of the Two Best Registration Methods.

To conclude on the choice of registration algorithms, Ransac was the best for
local feature detection, but for 3D inspection, it needs a fine registration
method to improve accuracy. PointNetLK, on the other hand, can perform
the whole registration process quite accurately, but it may not take local fea-
tures into account. The combination of Ransac + ICP proved to be an accu-
rate method, but Ransac + PointnetLK + ICP was still slightly more accurate.
However, the differences were so small, that they were lost in the deviation
in the registration results and the computational inaccuracy in calculating
the diameter. Therefore, Ransac + ICP was chosen as the registration method
for performing the 3D inspection of the tolerance bar.

3.4.3 Workflow 2. Cylinder Fitting

Measuring the diameters was also implemented in Python using cylinder fit-
ting that did not require the original CAD model. The used algorithm in the
workflow was LS cylinder fitting. In addition, the selection of the desired di-
ameter was implemented using the Pyvista box widget clipping tool in the
same way as in the previous workflow 1.
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There was also another opinion for the cylinder fitting algorithm which was
Ransac. However, the sensitivity analysis presented in section 3.5.1 showed
that the robustness and accuracy of the algorithm were not sufficient. Work-
flow 2. (cylinder fitting) can be found in Appendix F.

3.4.4 Validation Methods

Validation of Python results was implemented using CloudCompare, Gom
Inspect, and Zeiss CMM. CloudCompare and Gom Inspect gave a picture of
how well the results match with the results of available software. In addition,
it was important to use other software for the validation process due to the
measurement error of scanning. On the other hand, Zeiss CMM provided re-
sults without inaccuracy of scanning.

There were lots of different methods available for Zeiss CMM and Gom In-
spect for cylinder fitting. For CloudCompare the only available cylinder fit-
ting method was Ransac which did not include to the most used methods in
cylinder fitting for 3D Inspection. In addition, CloudCompare with Ransac
proved to give inaccurate and unrobust results according to the sensitivity
analysis which can be found in the next section. Therefore, CloudCompare
was also used with a circle fitting method but there was no information about
its algorithm on the user manual of CloudCompare. The following Table 5
shows the available cylinder fitting methods for all validation programs.

Table 5. Cylinder and Circle Fitting Methods of the Validation Programs.

Zeiss CMM Circle Fitting Methods Gom Inspect Cylinder Fitting Methods CloudCompare Cylinder Fitting Methods

Least squares Least squares Ransac
L1 Feature Minimum zone

Outer tangential feature Maximum inscribed element

Inner tangential feature Minimum circumscribed element

Maximum inscribed element
Minumum circumscribed element
Minimum feature

In this investigation, the best estimation of the overall diameter of a certain
area of the tolerance bar was desired. Therefore, LS was selected for all Py-
thon, Gom Inspect, and Zeiss CMM. As mentioned earlier, there were no
choices for CloudCompare.

According to the literature research, contact-based CMM’s are more accurate
than portable scanners. Therefore, Zeiss CMM measurement results were
used as a reference for all other methods. Zeiss CMM measurements were
implemented using one circle path for each four diameters of the tolerance
bar. In addition, as mentioned before, the filtering of points was imple-
mented using the LS algorithm.
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Figure 32 below shows the Zeiss CMM and the tolerance bar to be measured.
There can be seen reference markers on the surface of the tolerance bar.
Those reference markers were needed for the scanning process, and they set
limitations for creating the measurement paths for the CMM. The measure-
ment paths had to be made in such a way that the measuring stick did not hit
the reference markers. Without the reference markers, cylindrical tracks
could have been created for the measurement to obtain even more accurate
results.

Figure 32. Zeiss CMM Inspection of The Tolerance Bar.

When dealing with measurement devices, it is extremely important to ensure
that they are calibrated. With CMM, the Maximum Permissible Error (MPE)
gives the limit value for the measurement error. According to the standard
ISO 10360-1, the MPE can be calculated using the following equation 3 with
measurement results of gauge blocks [48]. A and K represent constant values
provided by the manufacturer of the measurement device and L represents
the measured distance in mm. For the utilized Zeiss CMM, A was 2.4 um and
K was 300 mm/um.

MPE =A+L/K (3)
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The following figures 33-35 are extracts from the calibration certificate of
the utilized Zeiss CMM. The figures show the calibration results for the x,y,
and z axes. The results are taken with three measurements of each gauge
block. The graph of the results shows the MPE values with each measure-
ment. It can be seen from the graph that all measurements are in the MPE
values. However, it should be noted that the calibration results are old be-
cause the normal interval of calibration is about one year, and that calibra-
tion is done in 2022.

Figure 33. Zeiss CMM X-axis Calibration Results.
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Figure 34. Zeiss CMM Y-axis Calibration Results.

Figure 35. Zeiss CMM Z-axis Calibration Results.
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3.4.5 Sensitivity Analysis

The registration and measurement results are greatly influenced by the num-
ber of points in the point clouds. To maximize the accuracy of the results and
to allow a fair comparison of the results, a sensitivity analysis was performed
on the number of points for both Python workflow and CloudCompare. The
sensitivity analysis compared the mean values of the three measurements as
the number of points increased. The measurements were taken from diame-
ter 4 of the tolerance bar.

A sensitivity analysis for CloudCompare was performed on the cylinder and
circle fitting inspection methods, where the number of points varied between
100 000 points and 2 000 000 points. The first measurement was taken with
100 000 points and thereafter the measurements were repeated every 100
000 points. The aim of the sensitivity analysis was to smooth the standard
deviation of the measurement results within a certain number of points.

In the cylinder fitting measurement based on the Ransac algorithm, the re-
sults varied widely with a standard deviation of 0.014 mm. The results did
not stabilize during the sensitivity analysis. Figure 36 below shows the sensi-
tivity analysis results for Ransac cylinder fitting. The average of the measure-
ment results was 24,917 mm.

CloudCompare Cylinder Fitting Sensitivity
Analysis
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Figure 36. CloudCompare Cylinder Fitting Sensitivity Analysis.

The sensitivity analysis of the circle fitting showed that the variation in re-
sults was smaller than with the Ransac cylinder fitting. The average of the
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results was 24,921 mm and the standard deviation was 0,002 mm. Figure 37
below shows the sensitivity analysis of CloudCompare circle fitting.

CloudCompare Circle Fitting Sensitivity Analysis

24,94
. 24,93
:
[ J

= N T Q............’ ....... bt hd ¢
B 24,92 . . ' .................... ' ................
g
g
a

24,91

24,9

(0] 500000 1000000 1500000 2000000 2500000

Number of Poins

Figure 37. CloudCompare Circle Fitting Sensitivity Analysis.

Sensitivity analysis was also implemented for the Python workflows. These
were performed between 5000 and 100000 points, as the computation time
in Python increased significantly at a higher number of points. Analyses were
performed for the surface comparison method using a CAD model and for
the LS and Ransac cylinder fitting methods without a CAD model.

Cylinder fitting based on Ransac results showed the same as CloudCompare
Ransac cylinder fitting results. The variability of the results was large with a
standard deviation of 0,118 mm and the variability did not smooth out as the
number of points increased. Figure 38 below shows the sensitivity analysis
results of the Ransac cylinder fitting. The average of the measurement points
in the figure was 24,963 mm.
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Python Ransac Cylinder Fitting Sensitivity
Analysis

25,20
25,10 ®

2 25,00

24,90 [

24,80 L4

Diameter (mm

24,70

24,60

24,50
(0] 20000 40000 60000 80000 100000 120000

Number of Points

Figure 38. Python Ransac Cylinder Fitting Sensitivity Analysis.

The following analysis was performed for the Python LS cylinder fitting. Its
results were robust with a standard deviation of 0,0004 mm. The variability
of the results did not change as the number of points increased. The average
of the results shown in the figure was 24,916 mm.

Python LS Cylinder Fitting Sensitivity Analysis

24,940

24,930
—
£
S
A
I
3 24,920
5)
% ...........‘ ....... @-ceee- @ oo @eeeee @ @reees @...... Q...... ®
A

24,910

24,900

0 20000 40000 60000 80000 100000 120000

Number of Points

Figure 39. Python LS Cylinder Fitting Sensitivity Analysis.

51



The last sensitivity analysis for Python was performed on a surface compari-
son workflow using a CAD model. Its results were robust with a standard de-
viation of 0,0003 mm and an average of 24,917 mm. There was no significant
change in the variability of the results as the number of points increased. Fig-
ure 40 below shows the results of the sensitivity analysis for Python surface
comparison.

Python Surface Comparison Sensitivity
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Figure 40. Python Surface Comparison Sensitivity Analysis.

To conclude the sensitivity analyses of CloudCompare and Python based on
the Ransac algorithm, the results were not reliable due to the high standard
deviation. However, it should be noted that for inspection purposes the
standard deviation requirements are high, and these methods may be suita-
ble for other purposes.

Python LS cylinder fitting, Python surface comparison, and CloudCom-pare
circle fitting gave robust results with a small standard deviation. In this in-
vestigation, a deeper comparison of these methods will be explored in the
next section.

3.5 3D Inspection Results

This section includes measurement results of the tolerance bar diameters us-
ing Python workflows 1 and 2. In addition, the reference results are taken by
CloudCompare, Gom Inspect, and Zeiss CMM. The measurements are taken
by weighting the average value of the measured diameters. In addition, the
results are compared together and to the given tolerances of each diameter.
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According to the literature review, in certain cases, minimum or maximum
values of diameters can be needed. This section provides measurements of
the minimum and maximum values of the tolerance bar diameters using the
Python workflow 1 and the Gom Inspect.

Figure 41 below shows the measurement results of four different diameters
of the tolerance bar. The results show that the measurements based on
scanned data are close to each other and the reference results from Zeiss
CMM differ a lot from other measurements in any diameters. Noteworthy is
that the diameters 3 and 4 were out of the tolerances with each method that
used the 3D scanned point cloud. On the other hand, the same diameters
measured by Zeiss CMM seem to be in tolerances. The tolerance zones are
marked in red in Figure 41.

Measurements of Tolerance Bar Diameters
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Figure 41. Tolerance Bar Diameters Measured with All Methods.

The following Table 6 shows the averages and standard deviations of the
measurements. CloudCompare and Python had 3 measurements of each di-
ameter. Gom Inspect and Zeiss CMM had only one measurement of each di-
ameter. In addition, the table shows the percentual difference between each
measurement and the most accurate Zeiss CMM measurement. An extended
version of the table can be found in Appendix G. The extended version shows
every single measurement for Python and CloudCompare.
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Table 6. Measurement Results and Comparison Between Zeiss CMM and
Other Methods.

100 00D points
Python Python CloudCompare Gom Inspect
Diameter |Measurement Surface comparisocn Cylinder fitting Circle fitting Cylinder fitting Zeiss CMM
Avg 24924 24,924 24,830 24,830 24,847
1 Difference % 0,083 0,095 0,071 0,070
Stdev 0,0001 0,0006 0,0012
Avg 24923 24922 24,832 24,820 24,954
2 Difference % 0,123 0,127 0,087 0,134
Stdev 0,0001 0,0002 0,0027
Hvg 24925 24924 24,933 24,930 24,970
3 Difference % 0,180 0,185 0,149 0,159
Stdev 0,0002 0,00003 0,0029 -
Avg 24917 24515 24,919 24820 24,8979
4 Difference % 0,248 0,258 0,240 0,237
Stdev 0,0002 0,00005 0,0031 -

The standard deviations show that both Python workflows provided robust
results. The standard deviation of Python workflow 1 based on surface com-
parison was between 0,0001 mm and 0,0002 mm. Standard deviations of
the Python workflow 2 based on cylinder fitting were between 0,00003 mm
and 0,0006 mm. These results were better than the results of CloudCompare.
Standard deviations of CloudCompare results were between 0,0012 mm and
0,0031 mm.

The results show that the Python workflows provided more robust results
than the open-source software CloudCompare. However, the only cylinder
fitting algorithm for CloudCompare was based on Ransac. According to the
sensitivity analysis, it did not provide robust results. Therefore, the circle fit-
ting algorithm was used for CloudCompare measurements. It affects the re-
sults because the circle fitting algorithm does not consider point clouds in
3D.

From Table 6 it can be also seen that the measurements of Python workflows
were extremely close to each other. The results of Gom Inspect differed a little
bit and were also slightly closer to Zeiss CMM results. However, the differ-
ences between the results were so small that they can be considered insignif-
icant.

The following Table 7 provides a comparison of the previous average meas-
urements and the given tolerances of each diameter. The difference in the
table describes the difference between the measurement and the nominal di-
mension of the diameter. The red crossed areas mean that the measurements
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are out of the tolerances. The pink crossed areas mean that the measure-
ments are in the given tolerances.

Table 7. Comparison of Measured Diameters to the Given Tolerances.

in tolerance 100 000 points
out of tolerance Python Python CloudCompare

Diameter |Nominal (mm) |Tolerance [Limits |Measurement |Surface comparison |Cylinder fitting |Circle fitting Gom Inspect |Zeiss CMM

1 2 5 hi1 +0 Avg 24,924 24,924 24,930 24,930 24,947
-0,13 | Difference -0,076 -0,076 -0,070 -0,070 -0,053
+0 Avg 24,923 24,922 24,932 24,920 24,954

25 h10

2 -0,08 | Difference -0,077 -0,078 -0,068 -0,080 -0,047
+0 Avg 24,970

3 25 hs -0,05 | Difference -0,030
+0 Avg 24,979

Table 7 shows that all measurement methods noticed the diameters 1 and 2
to be in the given tolerances. However, all methods that used 3D scanning
identified the diameters 3 and 4 to be out of the given tolerances. On the other
hand, the contact-based Zeiss CMM identified the same diameters to be in
the given tolerances. From the results, it can be concluded that the accuracy
of the used 3D scanner was not enough for dimensional inspection of hg and
h8 tolerances. In addition, the results showed that the Python workflows
were as good as Gom Inspect and CloudCompare for the dimensional inspec-
tion of the tolerances.

According to the literature review, the different cylinder fitting methods have
significant effects on the measurement results. The previous tolerance com-
parison table included measurements taken using the LS method. The fol-
lowing Figure 42 shows the measurements of each tolerance bar diameter
using Least Squares (LS), Minimum Zone (MZ), Maximum Inscribed Ele-
ment (MIE), and Minimum Circumscribed Element (MCE). Tolerance zones
are marked in red in the figure. The measurements are taken using the 3D
scanned point cloud data and Gom Inspect.
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Gom Inspect Cylinder Fitting Methods
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Figure 42. Gom Inspect Cylinder Fitting Methods.

The results showed that the different cylinder fitting algorithms had big ef-
fects on the measurement results. The results of the LS and MZ were close to
each other, and they weighed the best overall picture of the diameters. The
results of the MIE were the lowest, and the results of the MCE were the high-
est. For the case of dimensional inspection of shaft diameters, the interest
was aimed at the MCE algorithm. However, even it was not able to correctly
inspect h8 and hg tolerances.

There were no available MCE or MIE cylinder fitting libraries for Python.
However, the Python workflow 1 based on surface comparison was able to
use average, minimum, or maximum distance between the nominal and the
measured data. In the previous measurements, the average distance was used
because it gave the best indication of the actual diameter of the tolerance bar
and was comparable to the LS cylinder fitting algorithm. Figure 43 below
shows the measurement results of Python surface comparison workflow 1 for
minimum, maximum, and average values of the tolerance bar diameters. The
tolerances of the diameters are marked in red in the figure.
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Python Surface Comparison
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Figure 43. The Minimum, Maximum and Average Diameters Measured Using
Python Workflow 1.

Python results showed also a large difference between the different measure-
ment methods. This was of great importance for the verification of toler-
ances, but in this case, the calculation based on the average distance was the
most successful. It was noteworthy that the measurements behaved very sim-
ilarly to the Gom Inspect software. The value of the largest diameter in-
creased between diameters 1-4 and the value of the smallest diameter de-
creased. However, the exception was diameter 3, for which Gom Inspect gave
a significantly higher value for the largest diameter than Python. However,
this can be explained by the fact that Python workflow made use of outlier
removal, where single points far away from the others were ignored.

The measurement results shown in Figure 43 above were average values of
three measurements such as all previously presented Python results. The
standard deviations for minimum and maximum diameter measurements
were significantly higher than for diameters measured using average distance
or LS cylinder fitting. The table below shows the standard deviations of all
Python measurements.
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Table 8. Standard Deviations of Python Measurements.

LS cylinder fit- | Surface com- Surface com- Surface com-

ting parison (avg) parison (min) parison (max)
Diameter 1 0,00057 0,00014 0,01512 0,01799
Diameter 2 0,00022 0,00007 0,01626 0,01301
Diameter 3 0,00003 0,00021 0,01038 0,00777
Diameter 4 0,00005 0,00021 0,00731 0,01339

Standard deviations were very small in the LS cylinder fitting and in the sur-
face comparison with the average distance. However, the standard deviation
increased significantly when measuring the smallest and largest diameters.
This was because the minimum and maximum distances came from a single
point. When the average distance was used, all points affected the calcula-
tions.

4 Conclusions/Discussion

Garvin's 8 dimensions of quality include conformance which plays a crucial
role in manufacturing. In manufacturing, conformance means that products
need to be manufactured within required tolerances and it demands inspec-
tion. Usually, inspection is implemented using a non-contact or contact-
based CMM machine or portable scanner. Those measurement devices give
point clouds as measurement results and lots of data processing is needed for
achieving the desired dimensional or geometrical information.

Point cloud registration was an important method for 3D inspection. Point
cloud registration connects different point clouds into the same coordinate
system before they can be compared. Therefore, the accuracy of point cloud
registration was extremely important for 3D inspection results. In addition,
cylinder fitting was widely used for 3D inspection and one significant ad-
vantage of it was the possibility to inspect without a nominal CAD model.

The most used algorithm for point cloud registration was Ransac + ICP due
to the efficient combination of global and local registration. However neural
networks-based registration methods proved to be developing fast and there
were already investigation results where they were faster, more accurate, and
more robust than Ransac + ICP combination. For cylinder fitting, the most
used algorithms were Least Squares (L.S) and Minimum Zone (MZ). In addi-
tion, the Maximum Inscribed Element (MIE) and the Minimum Circum-
scribed Element (MCE) were used in cases where the minimum or maximum
diameter of a certain cylinder needs to be measured.
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Python had many other libraries for point cloud registration. However, ac-
cording to the literature review, the main interests were the neural networks-
based methods and the Ransac + ICP combination. Therefore, Open3D and
Learning3D libraries were selected to be investigated. For cylinder fitting
only two libraries were found. The libraries were py-cylinder-fitting and py-
RANSAC which used LS and Ransac algorithms. Py-cylinder-fitting gave
more robust results and was selected for Python workflow 2.

For investigating the properties of Python workflows, the case study provided
a 3D inspection of tolerance bar diameters. The case study also compared
Python results to open-source software CloudCompare and industrial soft-
ware Gom Inspect results. All of them used the same scanned point cloud
data for the 3D inspection. In addition, contact-based Zeiss CMM with Zeiss
software was used for taking the most accurate reference measurements.

The comparison and testing of the point cloud registration algorithms
showed that Ransac + ICP seemed to be the most efficient and accurate
method for tolerance bar cases. It connected the Ransac ability to detect
small features for global registration and ICP finishing accuracy. Alone Ran-
sac did not give accurate enough results for 3D inspection use and ICP was
not able to operate without an initial alignment. Neural networks-based
PointnetLK was able to implement the whole registration once with accurate
results. However, it used PointNet for shape detection and it had issues with
detecting small features of the part. Therefore, it was not able to detect the
keyway of the tolerance bar. In addition, the global accuracy of the registra-
tion was not as high as by Ransac + ICP.

Ransac + PointNetLK and Ransac + PointNetLK + ICP were also tested but
they did not give better results than Ransac + ICP. Ransac + PointNetLK de-
tected the keyway of the tolerance bar, but the global accuracy of the regis-
tration result was not as high as with Ransac + ICP. In addition, Ransac +
PointNetLK + ICP gave equal results with Ransac + ICP.

The 3D inspection results of the case study showed that both Python work-
flows were accurate for the inspection of cylindrical part diameters. The re-
sults were extremely close to the results of CloudCompare and Gom Inspect.
The maximum difference between Python workflows and Gom Inspect was
0,006 mm and between Python workflows and CloudCompare was 0,01 mm.
However, CMM results differed a lot from all Python, CloudCompare, and
Gom Inspect results.

Zeiss CMM showed that all diameters of the manufactured tolerance bar were
in the given tolerances. However, Python, CloudCompare, and Gom Inspect
showed that the diameters 3 and 4 with tolerances h8 and hg were out of the
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tolerances. The resolution of the utilized scanner was 0,08 mm, which ex-
plains the uncertainty of the measurement results. In addition, the probe
head of the coordinate measuring machine also filtered out the variation in
the diameter of the tolerance bar due to variations in surface roughness. It
needs to be also considered that the measurements using Zeiss CMM were
taken by circular measurement path which does not consider the whole area
of the investigated diameter of the tolerance bar.

Python workflow 1 was also tested for measuring the maximum and mini-
mum diameters and the results were compared to Gom Inspect MIE and
MCE results. The results showed that the point cloud filtering method had
large effects on the measurement results and can affect significantly for ex-
ample inspecting tolerances. Noteworthy was also that the results of Python
and Gom Inspect behaved similarly and that the standard deviations were
larger for minimum or maximum measurements than for average measure-
ments with Python.

From the 3D inspection results, it can be concluded that the Python work-
flows are competitive with the available software. The results were different
from the Zeiss CMM results, but the best picture was obtained by comparing
the results with CloudCompare and Gom Inspect software, which used the
same 3D scanned point cloud for the measurements. The case study focused
on cylindrical part, but Python has a lot of libraries that enable numerous
other 3D inspection tasks. However, Python had also one major shortcoming.
There were no libraries for cylinder fitting that used MIE or MCE algorithms,
which were provided algorithms in Gom Inspect and Zeiss CMM. However,
surface comparison enabled similar measurements for Python.

Regarding the comparison between different registration algorithms, the re-
sults were partly in line with the literature review and partly contradictory.
Ransac + ICP seemed to be an efficient and accurate combination, which was
in line. On the other hand, Neural networks did not deserve competitive re-
sults with Ransac + ICP and it was contradictory to the literature research.
In addition, in cylinder fitting, LS gave more accurate results than Ransac
which was in line with the literature.

This investigation covered only 3D inspection of a small cylindrical part. The
next way to the investigation could be an investigation of the suitability of
Python workflow for different formed and sized parts. The registration of
separate point clouds during 3D scanning was excluded from the investiga-
tion. Next, the Python workflow should be extended to include this as well.
In addition, 3D inspection using point clouds measured by CMM could be
also tested with Python.
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Appendix A (Workflow 1, Ransac + ICP)

import numpy as np

import opensd as 03d

from learning3d.losses import ChamferDistanceLoss
import torch

import copy

import pyvista as pv

def display_inlier_outlier(cloud, ind):
inlier_cloud = cloud.select_by_index(ind)
outlier_cloud = cloud.select_by_index(ind, invert=True)

print("Showing outliers (red) and inliers (gray): ")
outlier_cloud.paint_uniform_ color([1, 0, 0])
inlier_cloud.paint_uniform_color([0.8, 0.8, 0.8])
o3d.visualization.draw_geometries([inlier_cloud, outlier_cloud])

#Point cloud import

mesh = o3d.io.read_triangle_mesh('tolerance_bar_black_v3.stl")
mesh.compute_vertex_normals()

mesh.paint_uniform_ color([0.5, 0.5, 0.5])

source12 = mesh.sample_points_poisson_disk(100000)
source12.paint_uniform_ color([0.5, 0.5, 0.5])

mesh1 = o3d.io.read_triangle_mesh('tolerance_bar_template.stl’)
meshi.compute_vertex_normals()

meshi.paint_uniform_ color([1, 0, 0])

template12 = meshi.sample_points_poisson_disk(100000)
template12.paint_uniform_ color([1, 0, 0])

#Converting to coordinates

source22 = np.asarray(source12.points, dtype=np.float32)
template2 = np.asarray(template12.points, dtype=np.float32)
sourcel = torch.tensor(source22, dtype=torch.float32)
template1 = torch.tensor(template2, dtype=torch.float32)
source = sourcel.unsqueeze(0)

template = template1.unsqueeze(0)

#Visualization of initial positions
o3d.visualization.draw_ geometries([mesh, mesh1])
o3d.visualization.draw_geometries([source12, template12])

#Ransac registration functions
def preprocess_point_ cloud(pcd, voxel_ size):
ped_down = ped.voxel _down_sample(voxel_size)
radius_normal = voxel_size * 2
ped_down.estimate_normals(
03d.geometry. KDTreeSearchParamHybrid(radius=radius_normal, max_nn=100))
radius_ feature = voxel_size * 5
ped_fpfh = o3d.pipelines.registration.compute_ fpfh_feature(
ped_down,
o03d.geometry. KDTreeSearchParamHybrid(radius=radius_ feature, max_nn=100))
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return pcd_down, ped_fpth

def execute_global_registration(source_down, target_down, source_fpfh,
target_fpfh, voxel_size):
distance_threshold = voxel_size * 1.5
result = 03d.pipelines.registration.registration_ransac_based_on_feature_matching(
source_down, target_down, source_fpfh, target_fpth, True,
distance_threshold,
03d.pipelines.registration. TransformationEstimationPointToPoint(False),

3 [
03d.pipelines.registration.CorrespondenceCheckerBasedOnEdgeLength(

0.9),
03d.pipelines.registration.CorrespondenceCheckerBasedOnDistance(
distance_threshold)
1, 03d.pipelines.registration.RANSACConvergenceCriteria(100000, 0.999))
return result

#Visualization of registration results for Ransac and ICP

def draw_registration_result(source, target, transformation):
source_temp = copy.deepcopy(source)
target_temp = copy.deepcopy(target)
source_temp.paint_uniform_ color([0.5, 0.5, 0.5])
target_temp.paint_uniform_ color([o, 1, 0])
source_temp.transform(transformation)
o3d.visualization.draw_ geometries([source_temp, target_temp])

#Ransac registration main
source_down, source_fpfh = preprocess_point_cloud(sourcei2, voxel_size=1.1)
target_down, target_fpfh = preprocess_point_cloud(template12, voxel_size=1.1)
result_ransac = execute_global_registration(source_down, target_down,
source_fpfh, target_fpth,
voxel_size=1.1)
#print(result_ransac.transformation)
draw_registration_result(source_down, target_down, result_ransac.transformation)

#ICP registration

trans_init = result_ransac.transformation

threshold = 0.3

reg_p2p = o3d.pipelines.registration.registration_icp(
source_down, target_down, threshold, trans_ init,
o3d.pipelines.registration. TransformationEstimationPointToPoint(),
03d.pipelines.registration.ICPConvergenceCriteria(max_iteration=30000))

draw_registration_result(source12, template12, reg_p2p.transformation)

#Evaluation of registration using Chamfer's distance

loss = ChamferDistanceLoss()

source3 = source_down.transform(reg_p2p.transformation)
source2 = np.asarray(source3.points, dtype=np.float32)
template2 = np.asarray(target_down.points, dtype=np.float32)
sourcel = torch.tensor(source2, dtype=torch.float32)
template1 = torch.tensor(template2, dtype=torch.float32)
source = sourcel.unsqueeze(0)

template = template1.unsqueeze(0)
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loss_registration = loss(source, template)
print(f"Registration Loss: {loss_registration}")

#Surface comparison
source_result = source12.transform(reg_p2p.transformation)
mesh3 = 03d.t.geometry.TriangleMesh.from_legacy(mesh1)
scene = 03d.cpu.pybind.t.geometry.RaycastingScene()
scene.add_triangles(mesh3)
query_points = np.asarray(source_result.points, dtype=np.float32)
signed_ distance = scene.compute_signed_ distance(query_points)
signed_ distance2 = signed_ distance.numpy()
signed_ distance_min = min(signed_ distance2)
signed_ distance_max = max(signed_distance2)
signed_ distance_average = np.mean(signed_ distance2)
signed_ distance_median = np.median(signed_ distance2)
signed_ distance_stdev = np.std(signed_ distance2)
source_pyvista = pv.PolyData(source22)
plotter = pv.Plotter()
plotter.add_mesh(source_pyvista, scalars=signed_distance2, cmap='jet’, clim=[-0.1, 0.1])
plotter.add_ text(text=fMin {signed_distance_min:.4f}', position=(830, 280, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=fMax {signed_distance_max:.4f}', position=(830, 250, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Average {signed_distance_average:.4f}', position=(830, 220, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=Median {signed_distance_median:.4f}', position=(830, 190, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Stdev {signed_distance_stdev:.4f}', position=(830, 160, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_title(title="Distance to template model', font_size=14, color=None, font=None,
shadow=False)
plotter.show()

# 3D Inspection

#Gui point selection

source_inspection_ped = source_result

o3d.visualization.draw_ geometries([source_inspection_pcd, template12])
source_inspection_array = np.asarray(source_inspection_pcd.points, dtype=np.float32)
source_inspection_pyvista = pv.PolyData(source_inspection_array)

plotter = pv.Plotter()

plotter.add_mesh_ clip_box(source_inspection_pyvista, style="points", color = 'gray',
point_size=3.5, render_points_as_spheres=True)
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result_point_selection = plotter.box_clipped_meshes

plotter.show()

for row in result_point_selection:
selected_points = row.points
arrays = row.cell_connectivity

List1 =[]

i=o

for point_coordinates in selected_points:
ifi in arrays:

List1.append(point_coordinates)

i=i+1

# Outlier removal

Outlier_removal_pcd = 03d.geometry.PointCloud()

Outlier_removal_pcd.points = o03d.utility.VectorgdVector(List1)

Outlier_removal_pcd.estimate_normals()

o3d.visualization.draw_ geometries([Outlier_removal_pcd])

cl, ind = Outlier_removal_pcd.remove_ statistical_outlier(nb_neighbors=10,
std_ratio=1)

display_inlier_outlier(Outlier_removal_pecd, ind)

result_outlier_removal = np.array(cl.points)

03d.visualization.draw_ geometries([cl, mesh1])

#Calculation of distances between selected points and template model
source_result1 = cl
source_pyvistal = np.asarray(cl.points, dtype=np.float32)

mesh3 = o3d.t.geometry.TriangleMesh.from_legacy(mesh1)

scene = 03d.cpu.pybind.t.geometry.RaycastingScene()

scene.add_ triangles(mesh3)

query_points = np.asarray(source_result1.points, dtype=np.float32)
signed_ distance = scene.compute_signed_ distance(query_points)
signed_ distance2 = signed_ distance.numpy()
signed_distance_min = min(signed_ distance2)

signed_ distance_max = max(signed_ distance2)

signed_ distance_average = np.mean(signed_ distance2)

signed_ distance_median = np.median(signed_ distance2)

signed_ distance_stdev = np.std(signed_ distance2)

#Visualization of the distances
plotter = pv.Plotter()
plotter.add_mesh(source_pyvistai, scalars=signed_ distance2, cmap='"jet’, clim=[-0.1, 0.1])
plotter.add_ text(text=fMin {signed_distance_min:.4f}', position=(830, 280, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=fMax {signed_distance_max:.4f}', position=(830, 250, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Average {signed_distance_average:.4f}', position=(830, 220, 0),
font_size=8, color=None, font=None,
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shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=fMedian {signed_distance_median:.4f}', position=(830, 190, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Stdev  {signed_distance_stdev:.4f}', position=(830, 160, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_title(title="Distance to template model', font_size=14, color=None, font=None,
shadow=False)
plotter.show()

#Diameter calculation

print("Diameter (average):", signed_ distance_average*2 + 25)
print("Diameter (min):", signed_distance_min*2 + 25)
print("Diameter (max):", signed_ distance_max*2 + 25)
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Appendix B (Ransac)

import numpy as np
import opensd as 03d
import torch

import copy

import pyvista as pv

def display_inlier_outlier(cloud, ind):
inlier_cloud = cloud.select_by_index(ind)
outlier_cloud = cloud.select_by_index(ind, invert=True)

print("Showing outliers (red) and inliers (gray): ")
outlier_cloud.paint_uniform_ color([1, 0, 0])
inlier_cloud.paint_uniform_ color([0.8, 0.8, 0.8])
o3d.visualization.draw_geometries([inlier_cloud, outlier_cloud])

#Point cloud import

mesh = o3d.io.read_triangle_mesh('tolerance_bar_black_v3.stl")
mesh.compute_vertex_normals()

mesh.paint_uniform_ color([0.5, 0.5, 0.5])

source12 = mesh.sample_points_poisson_disk(100000)
source12.paint_uniform_ color([0.5, 0.5, 0.5])

mesh1 = o3d.io.read_triangle_mesh('tolerance_bar_template.stl’)
meshi.compute_vertex_normals()

meshi.paint_uniform_ color([1, 0, 0])

template12 = meshi.sample_points_poisson_disk(100000)
template12.paint_uniform_ color([1, 0, 0])

#Converting to coordinates

source22 = np.asarray(source12.points, dtype=np.float32)
template2 = np.asarray(template12.points, dtype=np.float32)
sourcel = torch.tensor(source22, dtype=torch.float32)
template1 = torch.tensor(template2, dtype=torch.float32)
source = sourcel.unsqueeze(0)

template = template1.unsqueeze(0)

#visualization of initial positions
o3d.visualization.draw_ geometries([mesh, mesh1])
o3d.visualization.draw_geometries([source12, template12])

#Ransac registration functions
def preprocess_point_ cloud(pcd, voxel_ size):
ped_down = ped.voxel _down_sample(voxel_size)
radius_normal = voxel_size * 2
ped_down.estimate_normals(
03d.geometry. KDTreeSearchParamHybrid(radius=radius_normal, max_nn=100))
radius_ feature = voxel_size * 5
ped_fpfh = o3d.pipelines.registration.compute_ fpfh_feature(
ped_down,
o03d.geometry. KDTreeSearchParamHybrid(radius=radius_ feature, max_nn=100))
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return pcd_down, ped_fpth

def execute_global_registration(source_down, target_down, source_fpfh,
target_fpfh, voxel_size):
distance_threshold = voxel_size * 1.5
result = 03d.pipelines.registration.registration_ransac_based_on_feature_matching(
source_down, target_down, source_fpfh, target_fpth, True,
distance_threshold,
03d.pipelines.registration. TransformationEstimationPointToPoint(False),

3 [
03d.pipelines.registration.CorrespondenceCheckerBasedOnEdgeLength(

0.9),
03d.pipelines.registration.CorrespondenceCheckerBasedOnDistance(
distance_threshold)
1, 03d.pipelines.registration.RANSACConvergenceCriteria(100000, 0.999))
return result

#Visualization of registration results for Ransac and ICP

def draw_registration_result(source, target, transformation):
source_temp = copy.deepcopy(source)
target_temp = copy.deepcopy(target)
source_temp.paint_uniform_ color([0.5, 0.5, 0.5])
target_temp.paint_uniform_ color([1, 0.5, 0])
source_temp.transform(transformation)
o3d.visualization.draw_ geometries([source_temp, target_temp])

#Ransac registration main
source_down, source_fpfh = preprocess_point_cloud(source12, voxel_size=1.2)
target_down, target_fpfh = preprocess_point_cloud(template12, voxel_size=1.2)
result_ransac = execute_global_registration(source_down, target_down,
source_fpfh, target_fpth,
voxel_size=1.2)
draw_registration_result(source_down, target_down, result_ransac.transformation)

#Surface comparison of whole models

source_result = source12.transform(result_ransac.transformation)

mesh3 = o3d.t.geometry.TriangleMesh.from_legacy(mesh1)

scene = 03d.cpu.pybind.t.geometry.RaycastingScene()

scene.add_triangles(mesh3)

query_points = np.asarray(source_result.points, dtype=np.float32)

signed_ distance = scene.compute_signed_ distance(query_points)

signed_ distance2 = signed_ distance.numpy()

signed_ distance_min = min(signed_ distance2)

signed_ distance_max = max(signed_ distance2)

signed_ distance_ average = np.mean(signed_ distance2)

signed_ distance_median = np.median(signed_ distance2)

signed_ distance_stdev = np.std(signed_ distance2)

source_pyvista = pv.PolyData(source22)

plotter = pv.Plotter()

plotter.add_mesh(source_pyvista, scalars=signed_distance2, cmap='jet’, clim=[-0.1, 0.1])
plotter.add_ text(text=fMin {signed_distance_min:.4f}', position=(830, 280, o0),
font_size=8, color=None, font=None,
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shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_text(text=fMax {signed_distance_max:.4f}', position=(830, 250, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Average {signed_distance_average:.4f}', position=(830, 220, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=fMedian {signed_distance_median:.4f}', position=(830, 190, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Stdev  {signed_distance_stdev:.4f}', position=(830, 160, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_title(title="Distance to template model', font_size=14, color=None, font=None,
shadow=False)
plotter.show()

# 3D Inspection

#Gui point selection
source_inspection_ped = source_result
o3d.visualization.draw_ geometries([source_inspection_pcd, template12])
source_inspection_array = np.asarray(source_inspection_pcd.points, dtype=np.float32)
source_inspection_pyvista = pv.PolyData(source_inspection_array)
plotter = pv.Plotter()
plotter.add__mesh_ clip_box(source_inspection_pyvista, style="points", color = 'gray’,
point_size=3.5, render_points_as_spheres=True)
result_point_selection = plotter.box_clipped_meshes
plotter.show()
for row in result_point_ selection:

selected_points = row.points

arrays = row.cell_connectivity
List1 =[]
i=o0
for point_coordinates in selected_points:

if i in arrays:

List1.append(point_coordinates)
i=i+1

# Outlier removal

Outlier_removal_pcd = 03d.geometry.PointCloud()

Outlier_removal_pcd.points = 03d.utility.VectorgdVector(List1)

Outlier_removal_pcd.estimate_normals()

o3d.visualization.draw_ geometries([Outlier_removal_pcd])

cl, ind = Outlier_removal_pecd.remove_ statistical_outlier(nb_neighbors=10,
std_ratio=1)

display_inlier_outlier(Outlier_removal_pcd, ind)

result_outlier_removal = np.array(cl.points)

74



03d.visualization.draw_ geometries([cl, mesh1])

#Calculation of distances between the selected points and the template model
source_result1 = cl
source_pyvistal = np.asarray(cl.points, dtype=np.float32)

mesh3 = 03d.t.geometry.TriangleMesh.from_legacy(mesh1)

scene = 03d.cpu.pybind.t.geometry.RaycastingScene()
scene.add_triangles(mesh3)

query_points = np.asarray(source_result1.points, dtype=np.float32)
signed_ distance = scene.compute_signed_ distance(query_points)
signed_ distance2 = signed_ distance.numpy()
signed_distance_min = min(signed_ distance2)

signed_ distance_max = max(signed_ distance2)

signed_ distance_average = np.mean(signed_ distance2)

signed_ distance_median = np.median(signed_ distance2)

signed_ distance_stdev = np.std(signed_ distance2)

#Visualization of the distances
plotter = pv.Plotter()
plotter.add_mesh(source_pyvistai, scalars=signed_ distance2, cmap='jet’, clim=[-0.1, 0.1])
plotter.add_ text(text=fMin {signed_distance_min:.4f}', position=(830, 280, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_text(text=fMax {signed_distance_max:.4f}', position=(830, 250, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Average {signed_distance_average:.4f}', position=(830, 220, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=Median {signed_distance_median:.4f}', position=(830, 190, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Stdev {signed_distance_stdev:.4f}', position=(830, 160, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ title(title="Distance to template model', font_size=14, color=None, font=None,
shadow=False)
plotter.show()

#Diameter calculation

print("Diameter (average):", signed_ distance_average*2 + 25)
print("Diameter (min):", signed_ distance_min*2 + 25)
print("Diameter (max):", signed_ distance_max*2 + 25)
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Appendix C (PointNetLK)

import numpy as np

import opensd as 03d

from learning3d.models import PointNetLK, PointNet
from learning3d.losses import ChamferDistanceLoss
import torch

import pyvista as pv

#Outlier visualization
def display_inlier_outlier(cloud, ind):
inlier_cloud = cloud.select_by_index(ind)
outlier_cloud = cloud.select_by_index(ind, invert=True)

print("Showing outliers (red) and inliers (gray): ")
outlier_cloud.paint_uniform_ color([1, o0, 0])
inlier_cloud.paint_uniform_color([0.8, 0.8, 0.8])
o3d.visualization.draw_geometries([inlier_cloud, outlier_cloud])

#Point cloud import

mesh = o3d.io.read_triangle_mesh('tolerance_bar_black_v3.stl")
mesh.compute_vertex_normals()

mesh.paint_uniform_ color([0.5, 0.5, 0.5])

source12 = mesh.sample_points_poisson_disk(70000)
source12.paint_uniform_ color([0.5, 0.5, 0.5])

mesh1 = 03d.io.read_triangle_mesh('tolerance_bar_template.stl’)
meshi.compute_vertex_normals()

meshi.paint_uniform_ color([1, 0, 0])

template12 = meshi.sample_points_poisson_disk(70000)
template12.paint_uniform_ color([1, 0, 0])

#Converting to coordinates

source22 = np.asarray(source12.points, dtype=np.float32)
template2 = np.asarray(template12.points, dtype=np.float32)
sourcel = torch.tensor(source22, dtype=torch.float32)
template1 = torch.tensor(template2, dtype=torch.float32)
source = sourcel.unsqueeze(0)

template = template1.unsqueeze(0)

#visualization of the initial positions
o3d.visualization.draw_ geometries([mesh, mesh1])
o3d.visualization.draw_ geometries([source12, template12])

#Downsampling

downsource = source12.voxel_down_sample(voxel_size=1.5)
downtemplate = template12.voxel _down_sample(voxel_size=1.5)
o3d.visualization.draw_ geometries([downsource, downtemplate])
dsource22 = np.asarray(downsource.points, dtype=np.float32)
dtemplate2 = np.asarray(downtemplate.points, dtype=np.float32)
dsource1 = torch.tensor(dsource22, dtype=torch.float32)
dtemplate1 = torch.tensor(dtemplate2, dtype=torch.float32)
dsource = dsource1.unsqueeze(0)
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dtemplate = dtemplate1.unsqueeze(0)

#Settings for PointNet and PointNetLK algorithms

pn = PointNet(emb_dims=1024, input_shape="'bnc', use_bn=True, global_feat=True)
model = PointNetLK(feature_model=pn, delta=1e-02,Jearn_delta = True, xtol=1.0e-07,
po_zero_mean=False, p1_zero_mean=False, pooling="max")

# Training of PointNet and PointNetLK algorithms
loss_pn = ChamferDistanceLoss()
Parameters_pn = pn.parameters()
Parameters_pnlk = model.parameters()
optimizer = torch.optim.Adam(Parameters_pn, Ir=0.001)
optimizer1 = torch.optim.Adam(Parameters_pnlk, Ir=0.001)
model.train()
pn.train()
#model.load_state_dict(torch.load('model.pth"))
#pn.load_state_dict(torch.load('pn.pth"))
num_train_set_pn=5
for train_set in range(num_ train_set_pn):

net = model(dtemplate, dsource)

transformed_ source1 = net['transformed_source']

loss = loss_ pn(dtemplate, transformed_source1)

trs1 = torch.squeeze(transformed_ source1)

trs2 = trs1.detach().numpy()

ped6 = 03d.geometry.PointCloud()

ped6.points = o3d.utility.VectorgdVector(irs2)

optimizer.zero_grad()

optimizeri.zero_grad()

loss.backward()

optimizer.step()

optimizeri.step()

print(f"train_set {train_set+1}: Loss = {loss}")
#torch.save(model.state_dict(), 'model.pth")
#torch.save(pn.state_dict(), 'pn.pth")

#Switching practise mode off
model.eval()
pn.eval()

#PointNetLK registration

transformation_matrix = model(dtemplate, dsource)
result = transformation_ matrix['transformed_source']
result1 = torch.squeeze(result)

taulukko = result1i.detach().numpy()

peds = 03d.geometry.PointCloud()

peds.points = o3d.utility.VectorgdVector(taulukko)

c¢d = ChamferDistanceLoss()

#Visualization of registration results
o3d.visualization.draw_ geometries([peds, template12])

#Surface comparison of whole models
estimated_ transform = transformation_matrix['est_T']
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estimated_transformz2 = torch.squeeze(estimated_ transform)
estimated_transform3 = estimated_ transform2.detach().numpy()
source_result = sourcei12.transform(estimated_ transform3)
o3d.visualization.draw_ geometries([source_result, template12])
mesh3 = 03d.t.geometry.TriangleMesh.from_legacy(mesh1)
scene = 03d.cpu.pybind.t.geometry.RaycastingScene()
scene.add_triangles(mesh3)
query_points = np.asarray(source_result.points, dtype=np.float32)
signed_ distance = scene.compute_signed_ distance(query_points)
signed_ distance2 = signed_ distance.numpy()
signed_distance_min = min(signed_ distance2)
signed_ distance_max = max(signed_distance2)
signed_ distance_average = np.mean(signed_ distance2)
signed_ distance_median = np.median(signed_ distance2)
signed_ distance_stdev = np.std(signed_ distance2)
source_pyvista = pv.PolyData(source22)
plotter = pv.Plotter()
plotter.add_mesh(source_pyvista, scalars=signed_distance2, cmap='jet’, clim=[-0.1, 0.1])
plotter.add_text(text=fMin {signed_distance_min:.4f}', position=(830, 280, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=fMax {signed_distance_max:.4f}', position=(830, 250, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Average {signed_distance_average:.4f}', position=(830, 220, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=Median {signed_distance_median:.4f}', position=(830, 190, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Stdev {signed_distance_stdev:.4f}', position=(830, 160, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_title(title="Distance to template model', font_size=14, color=None, font=None,
shadow=False)
plotter.show()

# 3d Inspection

#Gui point selection

source_inspection_ped = source_result

o3d.visualization.draw_ geometries([source_inspection_pcd, template12])
source_inspection_array = np.asarray(source_inspection_pcd.points, dtype=np.float32)
source_inspection_pyvista = pv.PolyData(source_inspection_array)

plotter = pv.Plotter()

plotter.add_mesh_ clip_box(source_inspection_pyvista, color= [1, 0.5, 0], opacity=0.5 )
result_point_selection = plotter.box_ clipped_meshes

plotter.show()
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for row in result_point_ selection:
selected_points = row.points
arrays = row.cell_connectivity

List1 =[]

i=o

for point_coordinates in selected_points:
ifi in arrays:

List1.append(point_coordinates)

i=i+1

# Outlier removal

Outlier_removal_pcd = 03d.geometry.PointCloud()

Outlier_removal_pecd.points = o3d.utility.VectorgdVector(List1)

Outlier_removal_pcd.estimate_normals()

o3d.visualization.draw_ geometries([Outlier_removal_pcd])

cl, ind = Outlier_removal_pcd.remove_ statistical_outlier(nb_neighbors=10,
std_ratio=1)

display_inlier_outlier(Outlier_removal_pcd, ind)

result_outlier_removal = np.array(cl.points)

03d.visualization.draw_ geometries([cl, mesh1])

#Calculation of distances between the selected points and the template model
source_result1 = cl
source_pyvista1l = np.asarray(cl.points, dtype=np.float32)
mesh3 = 03d.t.geometry.TriangleMesh.from_legacy(mesh1)
scene = 03d.cpu.pybind.t.geometry.RaycastingScene()
scene.add_triangles(mesh3)
query_points = np.asarray(source_result1.points, dtype=np.float32)
signed_ distance = scene.compute_signed_ distance(query_points)
signed_ distance2 = signed_ distance.numpy()
signed_ distance_min = min(signed_ distance2)
signed_ distance_max = max(signed_ distance2)
signed_ distance_average = np.mean(signed_ distance2)
signed_ distance_median = np.median(signed_ distance2)
signed_distance_stdev = np.std(signed_ distance2)
plotter = pv.Plotter()
plotter.add_mesh(source_pyvistai, scalars=signed_ distance2, cmap='"jet’, clim=[-0.1, 0.1])
plotter.add_ text(text=fMin {signed_distance_min:.4f}', position=(830, 280, o0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=fMax {signed_distance_max:.4f}', position=(830, 250, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Average {signed_distance_average:.4f}', position=(830, 220, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=Median {signed_distance_median:.4f}', position=(830, 190, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
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plotter.add_ text(text=f'Stdev {signed_distance_stdev:.4f}', position=(830, 160, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_title(title="Distance to template model', font_size=14, color=None, font=None,
shadow=False)
plotter.show()

#Diameter calculation

print("Diameter (average):", signed_ distance_average*2 + 25)
print("Diameter (min):", signed_ distance_min*2 + 25 )
print("Diameter (max):", signed_distance_max*2 + 25)
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Appendix D (Ransac + PointNetLK)

import numpy as np

import opensd as 03d

from learning3d.models import PointNetLK, PointNet
from learning3d.losses import ChamferDistanceLoss
import torch

import copy

import pyvista as pv

#Visualization of outliers

def display_inlier_outlier(cloud, ind):
inlier_cloud = cloud.select_by_index(ind)
outlier_cloud = cloud.select_by_index(ind, invert=True)
print("Showing outliers (red) and inliers (gray): ")
outlier_cloud.paint_uniform_ color([1, o0, 0])
inlier_cloud.paint_uniform_color([0.8, 0.8, 0.8])
o3d.visualization.draw_geometries([inlier_cloud, outlier_cloud])

#File import

mesh = o3d.io.read_triangle_mesh('tolerance_bar_black_v3.stl")
mesh.compute_vertex_normals()

mesh.paint_uniform_ color([0.5, 0.5, 0.5])

source12 = mesh.sample_points_poisson_disk(100000)

mesh1 = o3d.io.read_triangle_mesh('tolerance_bar_template.stl’)
meshi.compute_vertex_normals()

template12 = meshi.sample_points_poisson_disk(100000)

#Coverting to coordinates

source22 = np.asarray(sourcei12.points, dtype=np.float32)
template2 = np.asarray(template12.points, dtype=np.float32)
sourcel1 = torch.tensor(source22, dtype=torch.float32)
template1 = torch.tensor(template2, dtype=torch.float32)
source = sourcell.unsqueeze(0)

template = template1.unsqueeze(0)

#Visualization of the initial positions
o3d.visualization.draw_ geometries([mesh, mesh1])
o3d.visualization.draw_geometries([source12, template12])

def preprocess_point_cloud(pcd, voxel_size):
ped_down = ped.voxel _down_sample(voxel_size)
radius_normal = voxel_size * 2
ped_down.estimate_normals(
03d.geometry.KDTreeSearchParamHybrid(radius=radius_normal, max_nn=30))

radius_ feature = voxel_size * 5
ped_fpfh = o3d.pipelines.registration.compute_fpth_ feature(

ped_down,

o03d.geometry.KDTreeSearchParamHybrid(radius=radius_ feature, max_nn=100))
return pcd_down, ped_fpfh
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def execute_global_registration(source_down, target_down, source_fpfh,
target_fpfh, voxel_size):
distance_threshold = voxel_size * 1.2
result = 03d.pipelines.registration.registration_ransac_based_on_feature_matching(
source_down, target_down, source_fpfh, target_fpth, True,
distance_threshold,
o3d.pipelines.registration.TransformationEstimationPointToPoint(False),

3. [
03d.pipelines.registration.CorrespondenceCheckerBasedOnEdgeLength(

0.9),
03d.pipelines.registration.CorrespondenceCheckerBasedOnDistance(
distance_threshold)
1, 03d.pipelines.registration. RANSACConvergenceCriteria(100000, 0.999))
return result

def draw_registration_result(source, target, transformation):
source_temp = copy.deepcopy(source)
target_temp = copy.deepcopy(target)
source_temp.paint_uniform_ color([1, 0.706, 0])
target_temp.paint_uniform_color([0, 0.651, 0.929])
source_temp.transform(transformation)
o3d.visualization.draw_geometries([source_temp, target_temp])

#Ransac registration
source_down, source_fpfh = preprocess_point_cloud(source12, voxel_size=1.2)
target_down, target_fpfh = preprocess_point_cloud(template12, voxel_size=1.2)
result_ransac = execute_global_registration(source_down, target_down,
source_fpfh, target_fpth,
voxel_size=1.2)
#Visualization of Ransac registration
draw_registration_result(source_down, target_down, result_ransac.transformation)

#Pointnetlk registration

#Converting data to suitable format

source3 = source_down.transform(result_ransac.transformation)
source2 = np.asarray(source3.points, dtype=np.float32)
template2 = np.asarray(target_down.points, dtype=np.float32)
sourcel = torch.tensor(source2, dtype=torch.float32)

template1 = torch.tensor(template2, dtype=torch.float32)

source = sourcel.unsqueeze(0)

template = template1.unsqueeze(0)

#Settings for PointNet and PointNetLK algorithms

pn = PointNet(emb_dims=1024, input_shape="bnc', use_bn=True, global_feat=True)
model = PointNetLK(feature_model=pn, delta=1e-02,learn_delta = True, xtol=1.0e-07,
po_zero_mean=False, p1_zero_mean=False, pooling="max")

# Training of PointNet and PointNetLK algorithms

loss_pn = ChamferDistanceLoss()

Parameters_pn = pn.parameters()

Parameters_pnlk = model.parameters()

optimizer = torch.optim.Adam(Parameters_pn, Ir=0.001)
optimizer1 = torch.optim.Adam(Parameters_pnlk, Ir=0.001)
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model.train()
pn.train()
#model.load_state_dict(torch.load('model.pth"))
#pn.load_state_dict(torch.load('pn.pth"))
num_train_set_pn =5
for train_set in range(num_ train_set_pn):
net = model(template, source)
transformed_source1 = net['transformed_source']
loss = loss_pn(template, transformed_source1)
trs1 = torch.squeeze(transformed_ source1)
trs2 = trs1.detach().numpy()
ped6 = 03d.geometry.PointCloud()
ped6.points = o3d.utility.VectorgzdVector(trs2)
#03d.visualization.draw_ geometries([pcd6, template12])
optimizer.zero_grad()
optimizeri.zero_grad()
loss.backward()
optimizer.step()
optimizeri.step()
print(f"train_set {train_set+1}: Loss = {loss}")
#torch.save(model.state_dict(), 'model.pth")
#torch.save(pn.state_dict(), 'pn.pth")

#Switching practise mode of
model.eval()
pn.eval()

# PointNetLK registration

transformation_matrix = model(template, source)
result = transformation_ matrix['transformed_source']
result1 = torch.squeeze(result)

array1 = resulti.detach().numpy()

pcds = o3d.geometry.PointCloud()

peds.points = o3d.utility.VectorgdVector(array1)

c¢d = ChamferDistanceLoss()

#Visualization of registration results
o3d.visualization.draw_ geometries([pcds, template12])

#Evaluation of registration using Chamfer's distance
loss = ChamferDistanceLoss()

loss_registration = loss(source, template)
print(f'Registration Loss Ransac: {loss_registration}")

#Surface comparison

estimated_ transform = transformation_matrix['est_T']
estimated_transform2 = torch.squeeze(estimated_ transform)

estimated_ transform3 = estimated_ transform2.detach().numpy()
source_from_Ransac = source12.transform(result_ransac.transformation)
source_result = source_from_ Ransac.transform(estimated_transform3)
mesh3 = 03d.t.geometry.TriangleMesh.from_legacy(mesh1)

scene = 03d.cpu.pybind.t.geometry.RaycastingScene()
scene.add_triangles(mesh3)
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query_points = np.asarray(source_result.points, dtype=np.float32)
signed_ distance = scene.compute_signed_ distance(query_points)
signed_ distance2 = signed_ distance.numpy()

signed_ distance_min = min(signed_ distance2)

signed_ distance_max = max(signed_ distance2)

signed_ distance_average = np.mean(signed_ distance2)

signed_ distance_median = np.median(signed_ distance2)

signed_ distance_stdev = np.std(signed_ distance2)

source_pyvista = pv.PolyData(source22)

#Visualization of surface comparison
plotter = pv.Plotter()
plotter.add_mesh(source_pyvista, scalars=signed_ distance2, cmap='jet’, clim=[-0.1, 0.02])
plotter.add_text(text=fMin {signed_distance_min:.4f}', position=(830, 280, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_text(text=fMax {signed_distance_max:.4f}', position=(830, 250, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Average {signed_distance_average:.4f}', position=(830, 220, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=fMedian {signed_distance_median:.4f}', position=(830, 190, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Stdev {signed_distance_stdev:.4f}', position=(830, 160, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ title(title="Distance to template model', font_size=14, color=None, font=None,
shadow=False)
plotter.show()

# 3d inspection using cad model

#Gui point selection
source_inspection_ped = source_result
o3d.visualization.draw_ geometries([source_inspection_pcd, template12])
source_inspection_array = np.asarray(source_inspection_pcd.points, dtype=np.float32)
source_inspection_pyvista = pv.PolyData(source_inspection_array)
plotter = pv.Plotter()
plotter.add_mesh_ clip_box(source_inspection_pyvista, style="points", color = 'gray',
point_size=3.5, render_points_as_spheres=True)
result_point_selection = plotter.box_ clipped_meshes
plotter.show()
for row in result_point_selection:
selected_points = row.points
arrays = row.cell_connectivity
List1 =[]
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i=o
for point_coordinates in selected_ points:
ifi in arrays:
List1.append(point_coordinates)
i=i+1

# Outlier removal

Outlier_removal_pcd = 03d.geometry.PointCloud()

Outlier_removal_pecd.points = o3d.utility.VectorgdVector(List1)

Outlier_removal_pcd.estimate_normals()

03d.visualization.draw_ geometries([Outlier_removal_pcd])

cl, ind = Outlier_removal_pcd.remove_statistical_outlier(nb_neighbors=10,
std_ratio=1)

display_inlier_outlier(Outlier_removal_pcd, ind)

result_outlier_removal = np.array(cl.points)

o3d.visualization.draw_ geometries([cl, mesh1])

#Calculation of distances between the selected points and the template model
source_result1 = cl

source_pyvista1l = np.asarray(cl.points, dtype=np.float32)

mesh3 = o3d.t.geometry.TriangleMesh.from_legacy(mesh1)

scene = 03d.cpu.pybind.t.geometry.RaycastingScene()
scene.add_triangles(mesh3)

query_points = np.asarray(source_result1.points, dtype=np.float32)
signed_ distance = scene.compute_signed_ distance(query_points)
signed_ distance2 = signed_ distance.numpy()

signed_ distance_min = min(signed_ distance2)

signed_ distance_max = max(signed_ distance2)

signed_ distance_average = np.mean(signed_ distance2)

signed_ distance_median = np.median(signed_ distance2)

signed_ distance_stdev = np.std(signed_ distance2)

#Visualization of the distances
plotter = pv.Plotter()
plotter.add_mesh(source_pyvistai, scalars=signed_ distance2, cmap='jet’, clim=[-0.1, 0.1])
plotter.add_ text(text=fMin {signed_distance_min:.4f}', position=(830, 280, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=fMax {signed_distance_max:.4f}', position=(830, 250, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Average {signed_distance_average:.4f}', position=(830, 220, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=Median {signed_distance_median:.4f}', position=(830, 190, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Stdev  {signed_distance_stdev:.4f}', position=(830, 160, 0),
font_size=8, color=None, font=None,
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shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_title(title="Distance to template model', font_size=14, color=None, font=None,
shadow=False)
plotter.show()

print("Diameter (average):", signed_ distance_average*2 + 25)
print("Diameter (min):", signed_distance_min*2 + 25)
print("Diameter (max):", signed_distance_max*2 + 25)
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Appendix E (Ransac + PointNetLK + ICP)

import numpy as np

import opensd as 03d

from learning3d.models import PointNetLK, PointNet
from learning3d.losses import ChamferDistanceLoss
import torch

import copy

import pyvista as pv

#Visualization of outliers

def display_inlier_outlier(cloud, ind):
inlier_cloud = cloud.select_by_index(ind)
outlier_cloud = cloud.select_by_index(ind, invert=True)
print("Showing outliers (red) and inliers (gray): ")
outlier_cloud.paint_uniform_ color([1, o0, 0])
inlier_cloud.paint_uniform_color([0.8, 0.8, 0.8])
o3d.visualization.draw_geometries([inlier_cloud, outlier_cloud])

#File import

mesh = o3d.io.read_triangle_mesh('tolerance_bar_black_v3.stl")
mesh.compute_vertex_normals()

mesh.paint_uniform_ color([0.5, 0.5, 0.5])

source12 = mesh.sample_points_poisson_disk(70000)
source12.paint_uniform_ color([0.5, 0.5, 0.5])

mesh1 = 03d.io.read_triangle_mesh('tolerance_bar_template.stl’)
meshi.compute_vertex_normals()

meshi.paint_uniform_ color([1, 0.5, 0])

template12 = meshi.sample_points_poisson_disk(70000)
template12.paint_uniform_ color([1, 0.5, 0])

#Coverting to coordinates

source22 = np.asarray(source12.points, dtype=np.float32)
template2 = np.asarray(template12.points, dtype=np.float32)
sourcel = torch.tensor(source22, dtype=torch.float32)
template1 = torch.tensor(template2, dtype=torch.float32)
source = sourcel.unsqueeze(0)

template = template1.unsqueeze(0)

#Visualization of the initial positions
o3d.visualization.draw_ geometries([mesh, mesh1])
o3d.visualization.draw_ geometries([source12, template12])

#Ransac registration functions
def preprocess_point_ cloud(pcd, voxel_size):
ped_down = ped.voxel _down_sample(voxel_size)
radius_normal = voxel_size * 2
ped_down.estimate_normals(
o03d.geometry. KDTreeSearchParamHybrid(radius=radius_normal, max_nn=100))
radius_ feature = voxel_size * 5
ped_fpfh = o3d.pipelines.registration.compute_fpfh_feature(
ped_down,
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03d.geometry.KDTreeSearchParamHybrid(radius=radius_feature, max_nn=100))
return pcd_down, ped_fpth

def execute_global_registration(source_down, target_down, source_fpfh,
target_fpfh, voxel_size):
distance_threshold = voxel_size * 1.5
result = 03d.pipelines.registration.registration_ransac_based_on_feature_matching(
source_down, target_down, source_fpfh, target_fpth, True,
distance_threshold,
03d.pipelines.registration. TransformationEstimationPointToPoint(False),

3 [
03d.pipelines.registration.CorrespondenceCheckerBasedOnEdgeLength(

0.9),
o3d.pipelines.registration.CorrespondenceCheckerBasedOnDistance(
distance_threshold)
1, 03d.pipelines.registration.RANSACConvergenceCriteria(100000, 0.999))
return result

#Visualization of registration results for Ransac and ICP

def draw_registration_result(source, target, transformation):
source_temp = copy.deepcopy(source)
target_temp = copy.deepcopy(target)
source_temp.paint_uniform_ color([0.5, 0.5, 0.5])
target_temp.paint_uniform_ color([1, 0, 0])
source_temp.transform(transformation)
o3d.visualization.draw_ geometries([source_temp, target_temp])

#Ransac registration main
source_down, source_fpfh = preprocess_point_cloud(sourcei2, voxel_size=1.1)
target_down, target_fpfh = preprocess_point_cloud(template12, voxel_size=1.1)
result_ransac = execute_global_registration(source_down, target_down,
source_fpfh, target_fpth,
voxel_size=1.1)
#Ransac registration results visualization
draw_registration_result(source_down, target_down, result_ransac.transformation)

#Pointnetlk registration

#Converting data to suitable format

source3 = source_down.transform(result_ransac.transformation)
source2 = np.asarray(source3.points, dtype=np.float32)
template2 = np.asarray(target_down.points, dtype=np.float32)
sourcel = torch.tensor(source2, dtype=torch.float32)

template1 = torch.tensor(template2, dtype=torch.float32)

source = sourcel.unsqueeze(0)

template = template1.unsqueeze(0)

#Settings for PointNet and PointNetLK algorithms

pn = PointNet(emb_dims=1024, input_shape="'bnc', use_bn=True, global_feat=True)
model = PointNetLK(feature_model=pn, delta=1e-02,Jearn_delta = True, xtol=1.0e-07,
po_zero_mean=False, p1_zero_mean=False, pooling="max")

# Training of PointNet and PointNetLK algorithms
loss_pn = ChamferDistanceLoss()
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Parameters_pn = pn.parameters()
Parameters_pnlk = model.parameters()
optimizer = torch.optim.Adam(Parameters_pn, Ir=0.001)
optimizer1 = torch.optim.Adam(Parameters_pnlk, Ir=0.001)
model.train()
pn.train()
#model.load_state_dict(torch.load('model.pth"))
#pn.load_state_dict(torch.load('pn.pth"))
num_train_set_pn =5
for train_set in range(num_ train_set_pn):

net = model(template, source)

transformed_ source1 = net['transformed_source']

loss = loss_pn(template, transformed_source1)

trs1 = torch.squeeze(transformed_ source1)

trs2 = trsi.detach().numpy()

ped6 = 03d.geometry.PointCloud()

ped6.points = o3d.utility.VectorgdVector(irs2)

#03d.visualization.draw_ geometries([pcd6, template12])

optimizer.zero_grad()

optimizeri.zero_grad()

loss.backward()

optimizer.step()

optimizeri.step()

print(f"train_set {train_set+1}: Loss = {loss}")
#torch.save(model.state_dict(), 'model.pth")
#torch.save(pn.state_dict(), 'pn.pth")

#Switching practise mode off
model.eval()
pn.eval()

# PointNetLK registration

transformation_ matrix = model(template, source)

result = transformation_ matrix['transformed_source']
estimated_transform_ pointnetlk = transformation_ matrix['est_T']
result1 = torch.squeeze(result)

taulukko = result1i.detach().numpy()

peds = o3d.geometry.PointCloud()

peds.points = o03d.utility.VectorgdVector(taulukko)

cd = ChamferDistanceLoss()

#Visualization of registration results
o3d.visualization.draw_ geometries([pcds, template12])

#ICP registration

trans_init = estimated_ transform_ pointnetlk

trans_init2 = torch.squeeze(trans_init)

trans_init3 = trans_ init2.detach().numpy()

source_ransac = source12.transform(result_ransac.transformation)

threshold = 0.3

reg_p2p = o3d.pipelines.registration.registration_icp(
source_ransac, template12, threshold, trans_init3,
03d.pipelines.registration.TransformationEstimationPointToPoint(),

92



03d.pipelines.registration.ICPConvergenceCriteria(max_iteration=30000))
draw_registration_result(source12, template12, reg_p2p.transformation)

#Evaluation of registration using Chamfer's distance

loss = ChamferDistanceLoss()

source3 = source_down.transform(reg_p2p.transformation)
source2 = np.asarray(source3.points, dtype=np.float32)
template2 = np.asarray(target_down.points, dtype=np.float32)
sourcel = torch.tensor(source2, dtype=torch.float32)
template1 = torch.tensor(template2, dtype=torch.float32)
source = sourcel.unsqueeze(0)

template = template1.unsqueeze(0)

loss_registration = loss(source, template)
print(f"Registration Loss: {loss_registration}")

#Surface comparison
source_result = source12.transform(reg_p2p.transformation)
mesh3 = 03d.t.geometry.TriangleMesh.from_legacy(mesh1)
scene = 03d.cpu.pybind.t.geometry.RaycastingScene()
scene.add_triangles(mesh3)
query_points = np.asarray(source_result.points, dtype=np.float32)
signed_ distance = scene.compute_signed_ distance(query_points)
signed_ distance2 = signed_ distance.numpy()
signed_ distance_min = min(signed_ distance2)
signed_ distance_max = max(signed_ distance2)
signed_ distance_average = np.mean(signed_ distance2)
signed_ distance_median = np.median(signed_ distance2)
signed_ distance_stdev = np.std(signed_ distance2)
source_pyvista = pv.PolyData(source22)
plotter = pv.Plotter()
plotter.add_mesh(source_pyvista, scalars=signed_ distance2, cmap="jet’, clim=[-0.1, 0.1])
plotter.add_ text(text=fMin {signed_distance_min:.4f}', position=(830, 280, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=fMax {signed_distance_max:.4f}', position=(830, 250, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Average {signed_distance_average:.4f}', position=(830, 220, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=Median {signed_distance_median:.4f}', position=(830, 190, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Stdev {signed_distance_stdev:.4f}', position=(830, 160, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_title(title="Distance to template model', font_size=14, color=None, font=None,
shadow=False)
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plotter.show()

#Gui point selection
source_inspection_pecd = source_result
o3d.visualization.draw_ geometries([source_inspection_pcd, template12])
source_inspection_array = np.asarray(source_inspection_pcd.points, dtype=np.float32)
source_inspection_pyvista = pv.PolyData(source_inspection_array)
plotter = pv.Plotter()
plotter.add_mesh_ clip_box(source_inspection_pyvista, style="points", color = 'gray’,
point_size=3.5, render_points_as_spheres=True)
result_point_selection = plotter.box_clipped_meshes
plotter.show()
for row in result_point_ selection:

selected_points = row.points

arrays = row.cell_connectivity
List1 =[]
i=o
for point_coordinates in selected_points:

ifi in arrays:

List1.append(point_coordinates)
i=i+1

# Outlier removal

Outlier_removal_pcd = 03d.geometry.PointCloud()

Outlier_removal_pcd.points = o03d.utility.VectorgdVector(List1)

Outlier_removal_pcd.estimate_normals()

o3d.visualization.draw_ geometries([Outlier_removal_pcd])

cl, ind = Outlier_removal_pcd.remove_ statistical_outlier(nb_neighbors=10,
std_ratio=1)

display_inlier_outlier(Outlier_removal_pcd, ind)

result_outlier_removal = np.array(cl.points)

03d.visualization.draw_ geometries([cl, mesh1])

#Calculation of distances between the selected points and the template model
source_result1 = cl
source_pyvistal = np.asarray(cl.points, dtype=np.float32)

mesh3 = o3d.t.geometry.TriangleMesh.from_legacy(mesh1)

scene = 03d.cpu.pybind.t.geometry.RaycastingScene()
scene.add_triangles(mesh3)

query_points = np.asarray(source_result1.points, dtype=np.float32)
signed_ distance = scene.compute_signed_ distance(query_points)
signed_distance2 = signed_ distance.numpy()

signed_ distance_min = min(signed_ distance2)

signed_ distance_max = max(signed_ distance2)

signed_ distance_ average = np.mean(signed_ distance2)

signed_ distance_median = np.median(signed_ distance2)

signed_ distance_stdev = np.std(signed_ distance2)

#Visualization of the distances

plotter = pv.Plotter()
plotter.add_mesh(source_pyvistai, scalars=signed_ distance2, cmap="jet’, clim=[-0.1, 0.1])
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plotter.add_ text(text=fMin {signed_distance_min:.4f}', position=(830, 280, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_text(text=fMax {signed_distance_max:.4f}', position=(830, 250, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Average {signed_distance_average:.4f}', position=(830, 220, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=fMedian {signed_distance_median:.4f}', position=(830, 190, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_ text(text=f'Stdev {signed_distance_stdev:.4f}', position=(830, 160, 0),
font_size=8, color=None, font=None,

shadow=False, name=None, viewport=False, orientation=0.0, font_file=None,
render=True)
plotter.add_title(title="Distance to template model', font_size=14, color=None, font=None,
shadow=False)
plotter.show()

#Diameter calculation

print("Diameter (average):", signed_ distance_average*2 + 25)
print("Diameter (min):", signed_distance_min*2 + 25)
print("Diameter (max):", signed_distance_max*2 + 25)
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Appendix F (Workflow 2, LS Cylinder Fitting)

import opensd as 03d
import pyvista as pv
import numpy as np

#Visualization of outlier removal

def display_inlier_outlier(cloud, ind):
inlier_cloud = cloud.select_by_index(ind)
outlier_cloud = cloud.select_by_index(ind, invert=True)
print("Showing outliers (red) and inliers (gray): ")
outlier_cloud.paint_uniform_ color([1, 0, 0])
inlier_cloud.paint_uniform_ color([0.8, 0.8, 0.8])
03d.visualization.draw_geometries([inlier_cloud, outlier_cloud])

def main():
#Importing point cloud
mesh = o3d.io.read_triangle_mesh('tolerance_bar_black_v3.stl")
mesh.compute_vertex_normals()
mesh.paint_uniform_ color([1, 0.5, 0])
sampled_ped = mesh.sample_points_ poisson_disk(100000)
array_pcd = np.asarray(sampled_ pcd.points, dtype=np.float32)
pyvista_pcd = pv.PolyData(array_pcd)

#Selection of points
plotter = pv.Plotter()
plotter.add_mesh_ clip_box(pyvista_pcd, style="points", color = 'gray', point_size=3.5,
render_points_as_spheres=True )

result_point_selection = plotter.box_ clipped_meshes
plotter.show()
for row in result_point_selection:

selected_points = row.points

arrays = row.cell_connectivity
list1 =[]
i=0
for point_coordinates in selected_ points:

if i in arrays:

list1.append(point_coordinates)
i=i+1

# Outlier removal
Outlier_removal_pcd = 03d.geometry.PointCloud()
Outlier_removal_pcd.points = o3d.utility.VectorzdVector(list1)
Outlier_removal_pcd.estimate_normals()
o3d.visualization.draw_ geometries([Outlier_removal_pcd])
cl, ind = Outlier_removal_pcd.remove_ statistical_outlier(nb_neighbors=20,
std_ratio=1)
display_inlier_outlier(Outlier_removal_pcd, ind)
result_outlier_removal = np.array(cl.points)
o3d.visualization.draw_geometries([cl])
source_cylinder_fitting = result_outlier_removal
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#py-cylinder-fitting

from py_cylinder_ fitting import BestFitCylinder

from skspatial.objects import Points

best_fit_cylinder = BestFitCylinder(Points(source_cylinder_fitting))
radius = best_fit_cylinder.radius

best_fit_cylinder.vector

best_fit_cylinder.point

print("Diameter: ", radius * 2)

nnn

#pyransac cylinder fitting

import pyransac3d as pyrsc

points = source_cylinder_fitting # Load your point cloud as a numpy array (N, 3)
cyl = pyrse.Cylinder()

center, axis, radius, inliers = cyl.fit(points, thresh=0.3)

sph = pyrsc.Sphere()

centeri, radiusi, inliers1 = sph.fit(points, thresh=0.3)

print("pyransac cylinder fitting diameter:", radius * 2)

#print("pyransac sphere fitting diameter:", radius1 * 2)

nnn

main()
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Appendix G

Table 9. The Extended Version of Table 6.

100 000 points

Python Python CloudCompare |Gom Inspect
Diameter [Measurement |Surface comparison | Cylinder fitting Circle fitting Cylinder fitting |Zeiss CMM
1 24,9244 249240 24,9310 24,9300 24,8474
2 249241 249241 24,5280 - -
1 3 249242 249228 24,5300 - -
Avg 24,9242 249236 24,9257 24,9300 24,9474
Difference % 0,093 0,095 0,071 0,070 -
Stdev 000014 0,00057 0,00125 -
1 24,9229 249217 24,9345 24,9200 24,9535
2 24,9230 249222 24,9328 - -
2 3 24,9225 249218 24,9282 - -
Avg 24,9225 249215 24,5319 24,9200 24,9535
Difference % 0,123 0,127 0,087 0,134 -
Stdev 0,00007 0,00022 0,00269 -
1 24,9251 24,9236 24,9362 24,9300 24,9688
2 24,9245 24,9236 24,5324
3 3 24,9250 249236 24,5252
Avg 24,9249 249236 24,9326 24,9300 24,9608
Difference % 0,180 0,185 0,145 0,158
Stdev 0,00021 0,00003 0,00286
1 24,9175 249150 24,9234 24,9200 24,9793
2 24,9173 245145 24,5150 - -
3 24,9170 249145 24,9158 - -
Avg 249173 24,9149 24,9184 24,9200 24,9793
Difference % 0,248 0,258 0,240 0,237 -
Stdev 0,00021 0,00005 0,00312 -

100




