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1 Introduction

Selective laser melting (SLM) is an additive manufacturing process that allows the production
of complex geometries without the use of welding. As an additive manufacturing process, it is
currently used especially in prototype construction and small series. Data can be collected
during the production, to better understand and optimize the physical processes. This thesis
deals with the visual processing of these data in order to detect anomalies efficiently. For this

purpose, the data collected in various manufacturing steps are matched geometrically.

1.1 Motivation

Rocket component engineering requires not only the highest safety and reliability standards,
but also the reduction of weight, while increasing strength at the same time. Additive
manufacturing processes and especially SLM, with its ability to process high-strength materials,
are particularly well suited for the development of turbo-engine applications such as rocket
propulsion systems.[4]

One of the core issues in fabrication of engine components using SLM is deformation during
melting, due to temperature gradients. The melting of materials such as titanium alloys
requires very high temperatures. Using a laser, the necessary thermal energy can be applied
locally. Depending on various parameters, like the route of the laser, or the geometry of
the work piece, cooling takes place at varying speeds. These result in varying temperature
distributions, causing stress and material failure.[7] Already equipped with a laser, the live-
reading of the local melt temperature is quite easy and a serial feature of a SLM machine. The
collected data can be visualized as a point cloud, every point representing one measurement.
Previous research showed that cracks seen in CT scans can also be detected in the melt
temperature data as areas of very high thermal energy.

To further analyze and compare various sets of data, it is of great interest to implement some
sort of geometry matching. This will allow precise error calculations and visualization of
critical areas. This analysis could help to better understand the fabrication process and it
provides a tool to evaluate the impact of the melt temperature distribution on its precision.
The gathered data could then be used to optimize laser routes, speeds and work piece geometry.
This enables the efficient and resource-saving development of new products and opens new

markets to additive manufacturing technologies.|7]

1.2 Aim

The aim of this thesis is to find a method that matches data of various origins, computer aided

design (CAD), melt pool monitoring (MPM) and computer tomography (CT), to visualize
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them in reference to each other. To achieve that, first the center of mass and the principal
axes of inertia are computed and a transformation is calculated to match the data sets. Both
the CT and MPM data are matched to the CAD data, enabling a direct comparison. As
both data sets are matched to the static CAD data, an indirect comparison between the two
can be achieved. The quality of the matching depends heavily on the resolution and initial
orientation of the gathered data. Therefore, a more stable and precise method is developed,
selecting faces and vertices in the data sets and minimizing their distance. As the geometry
represented by the MPM data is equal to the CAD geometry, a precise matching is expected,
to allow the localization of geometries causing temperature gradients. For that, the selection
of vertices is chosen. Contrary, CT data represents the actual, deformed geometry of the
manufactured work piece. Here, a measurement of the geometry offset relative to one or more
aligned faces is more appropriate. For both methods a precision within the range of the layer

thickness of the SLM process at 20 um — 75 pm is aspired.

1.3 OQutline

First, the origins and properties of the various data sets are presented. Mathematical basics
such as the geometrical transformations, including rotation, translation and scale are introduces.
Moreover, a short introduction to numerical optimization is given.

Based on this, the methods used in this work are presented: An approach solely based on the
physical properties of the data, another using faces of the geometry and one using vertices
to minimize the displacement. The key challenges of each approach are stated and various
methods to overcome them are discussed.

The proposed methods are first tested with generated example data in form of a T-shape to
verify them. Then the results achieved with real data, gathered during the production of an
impeller are presented and discussed.

The work concludes with a proposal on the use of the developed methods and their extension

in the development of components manufactured with SLM.




2 Theory

In order to implement the proposed methods, first the manufacturing process of SLM is
presented. Further, the origin and format of each data set is introduced. In addition, the

necessary mathematical context for the composition of a transformation is laid out.

2.1 Selective laser melting

The tool to be implemented primarily serves the purpose of matching data gathered during
the SLM process. SLM is a manufacturing technique that has developed from selective laser
sintering (SLS). Like SLS, it is an additive manufacturing process that uses bundled radiation
to heat a granulate and bond it locally. In the SLM process, higher laser intensities are used,
in order to reach temperatures high enough to melt the powder. Melting results in higher
densities than sintering, which leads to higher component strengths. This makes this process
interesting for new applications, for example in space- or automotive technology.

As shown in Figure 2.1-1, the laser beam is generated by a stationary source. By redirecting
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Figure 2.1-1: Schematic design of the SLM process [18]

the beam using a pivoting mirror a two dimensional geometry can be molten. Lowering the
build platform and filling the build chamber with a new layer of powder, the process is set
to be repeated. The work piece is produced layer by layer, each thin enough to allow for a
strong link in between.

To enable high production speeds, high temperatures and fast cooling is necessary. The fast
heating of one layer and the slower heat conduction into previously molten layers result in steep
temperature gradients which cause the development of residual stresses. These can lead to

deformations or even cause part failure. Kruth et al. discuss the impact of various parameters
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in the manufacturing process, such as scanning strategy, laser power, layer thickness and
energy distribution. Scanning strategy means mainly the route of the laser. The amount
of times an area is heated and cooled again and the time in between are all parameters
emerging from the strategy and affecting the outcome. The authors conclude that especially
the scanning strategy can have significant impact on the measured stresses in a manufactured
work piece.[7]

As the use of SLM increases in research and development, a better knowledge of the impact
of each process parameter is of great value. This can be acquired by analyzing the quality

and correlations between anomalies occurring in the process.

2.2 Data formats

Data is gathered in three different stages of development. In the first stage, the target
geometry is determined by creating a draft using CAD. In the second stage, the work piece
is manufactured and current laser intensities are measured and stored. The last stage is

production metrology. Here, CT is used to measure the actual manufactured geometry.

2.2.1 Product model data

CAD data represents the work piece in target condition. The comparison of measured data,
CT and MPM, to CAD data allows the visualization of deviations.

To enable cross platform development and exchange, an ISO standardized file format was
developed between 1984 and 2002. ISO 1030, commonly known as STEP (standard for the
exchange of product model data), regulates the storage of any information related to the
design of a part, or assembly. Although this powerful format is capable of storing all kinds of
information about materials to be used, kinematics or computational fluid dynamics data, only
the general geometric and topological representation is used here.[11] Such a representation is
constructed using non-uniform rational B-Splines (NURBS). This mathematical description
of curves and surfaces originated from the difficulties in the design of smooth surfaces of ships
and later cars. B-Spline curves and surfaces are parametric representations of an object. They
allow an axis-independent representation of multiple-valued functions. A spline is a curve of
one or more segments, described by polynomial functions. It can be described using control
points and, if multi segmented, knot points. One specific type of NURBS is a Bézier curve.
The polynomial defining such a curve, named after its developer Pierre Bézier, always has one
degree less than it has control points. Therefore, such a curve can only be single segmented.
The control points of such a single segmented curve allow global control of the whole curve.
This is of use in the design of car bodies, aircraft fuselages or ship hulls.

On the other hand, the design possibilities are limited by the global influence of each control
point. Another disadvantage of Bézier curves is the strict connection between the degree of
the polynomial and the amount of control points. B-Splines solve both problems. As the
degree of the polynomial of such a curve can be smaller, the curve can be segmented by knot

points. This results in a more localized impact of each control point, shown in Figure 2.2.1-1
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Figure 2.2.1-1: Local control of a B-spline surface with a grid of control points [13]

for a B-Spline surface.

Modeling a three dimensional object requires the use of surfaces, in addition to curves.
Similarly to the description of Bézier- and B-Spline curves, surfaces can be characterized and
manipulated by control points. The same advantages and disadvantages of one or the other
apply here.[13]

The representations of a T-shape and an impeller as CAD models are shown in Figure 2.2.1-2.

The processing of NURBS is well implemented, because many CAD programs represent

(a) T-shape (b) Impeller

Figure 2.2.1-2: CAD models of the analyzed data

geometries in this way. The stored information about surfaces, edges and vertices can be used
directly with OpenCASCADE][14], a software development kit (SDK) providing the necessary
tools to handle and manipulate not only CAD data. The SDK is used to implement the

majority of the needed methods, as well as the visualization of the outputs in Chapter 4.

2.2.2 Melt temperature data

Using a laser beam to melt the metallic powder during SLM provides the possibility to
gather live laser intensity data. As the measured intensity yields a good approximation to

the prevailing melt temperature, the gathered readings are valuable in the analysis of the
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process.[10]

Since the pivoting mirror is controlled in a way that the laser follows the exact route computed
based on CAD data, each reading is located at a defined point in a structured grid. The grid
spacing in the two directions of the build platform, x and y, is uniform and determined by the
measuring frequency of the laser. The spacing in the third direction, z, is set by the layer
thickness and therefore unequal to the x- and y-direction.

To visualize the data gathered during the process, the exact position in the grid and the
corresponding intensities need to be stored. This is accomplished by using the Visualization
Toolkit (VTK) file format. Only the intensities and general parameters of the grid are stored
directly. By holding information about the bounds and the origin of the grid, as well as
the relative spacing in all three directions, each stored scalar can be allocated to one unique
location in that grid. Thus, the geometry of the measured piece is stored indirectly.[15] The
efficiency of this data storage is useful especially as the amount of gathered measuring points
can easily exceed a few million.

Figure 2.2.2-1b shows the measured data of the impeller represented as a point cloud. The
scalar values are not represented, as this is of no use for the matching process itself. MPM
data is colored in red throughout this thesis, CAD is colored in gold and CT data is colored
in purple. As the T-shape is only used to verify the implementations, it is generated and its
dimensions match those of the CAD T-shape in Figure 2.2.1-2a.

(a) Generated T-shape (b) Measured MPM data of the impeller

Figure 2.2.2-1: Point cloud representations of the analyzed data

2.2.3 Computer tomography data

CT enables the visualization of the inside of an object without destroying it. X-rays are taken
from different angles to generate a two dimensional image of the measured slice. Repeating
this process results in a collection of images, one for each scanned slice.[5] This collection is
stored in the tagged image file format (TIFF) as a stack. Each image in the stack holding data
in two directions, x and y. Unlike MPM data, the stored information is only binary. Figure
2.2.3 shows a CT image, each white pixel indicating the presence and each black the absence

of material. As each image provides the same amount of pixels, again a structured grid is
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(a) One image of the TIFF-stack (b) Measured CT data represented as a point cloud

Figure 2.2.3-1: Two visualizations of the CT data

given. Its spacing in x- and y-direction depends on the resolution of each image, whereas the
spacing in z-direction can be computed from the layer thickness. This information can be
stored in a VTK file which can be visualized as a point cloud, as in Figure 2.2.3-1b. As the
CT is done after cooling, it holds all information about possible deformations and cracks of

the actual work piece.

2.3 Geometric transformations and their representation

To geometrically match the previously presented data sets, they need to be transformed
into one shared coordinate system. To accomplish that, the possible transformations are
introduced, as well as a strategy to represent them in one function.

There are different types of geometric transformations. A rigid transformation preserves
the shape and size of a geometry, only rotations and translations are allowed. In a three
dimensional space and one degree of freedom per transformation and dimensions these sum
up to six. Of course, the number of degrees can be decreased, by locking certain rotations
or translations. A similarity transformation preserves the shape, but not the size. This is
achieved by extending the transformation by a uniform scale. If the scale is not uniform, the
shape is not preserved. Shearing is allowed and the transformation, now with nine degrees of
freedom, is called affine. Allowing even projective transformations results in homography, only
preserving collinearity, which is the property of a set of points to lie on a straight line.[20]
Since the shape is to be preserved, to allow the analysis of deformations, only a uniform scale

is used. All transformations computed are therefore similarity transformations.
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2.3.1 Translation

A translation relocates a point 7 by a given distance in a given direction. The most simple

way to describe such a transformation is as an addition of a vector t, see equation 2.3.1-1.

T, t, T, + 1,
ry | H It | =yt (2.3.1-1)
T, t, r,+t,

Each element of this vector describes a distance in each direction the point is moved. This means
that a translation is independent of the current position of the point. It is a transformation

with no fixed points.

2.3.2 Rotation

Unlike a translation, a rotation is a transformation with at least one fixed point. A rotation
of an object or point can either be accomplished by rotating it in a fixed coordinate system,
or by rotating the coordinate system and fixing the object or point.

The most intuitive way of describing a rotation is by defining a rotation axis and rotating
about that axis by a certain angle. This so called "Euler axis and angle” rotation is based
on Euler’s rotation theorem, stating that any rotation can be expressed as a single rotation
about an axis. Mathematical operations using this representation are not as intuitive and
combinations with translations or scaling are tedious.

A more common rotation formalism in practical applications is the "Euler rotations” formalism.
It splits the rotation into three basic rotations around the axes of the coordinate system. Each

rotation can be represented by a matrix, as in Equation 2.3.2-1.

1 0 0
R, (¢) =10 cos¢ —sing (2.3.2-1a)
0 sin¢ cos¢

cos@ 0 sinf
R, (¢) = 0 1 0 (2.3.2-1b)

—sinf 0 cosf

cosyp —siny 0
R, (¢) =] siny cosy 0 (2.3.2-1c)
0 0 1

There are different conventions being used. In robotics most often z-x-z Euler angles are
used, indicating that the first rotation is about the z-, the second about the x- and the third
again about the z-axis. The axes are these of the fixed coordinate system. These kind of
rotations are called extrinsic. Another convention, often used in aviation, is the intrinsic

z-y’-x” convention. Contrary to the z-x-z convention, the axes are not these of the fixed
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coordinate system, but of the coordinate system rotating with the object. The individual
rotations are often referred to as yaw, pitch and roll .

If the individual rotations in Equation 2.3.2-1 are performed successively, they can be multiplied
in the chosen order. A common problem with this notation is that of gimbal lock. Multiplication
of the equations in 2.3.2-1 in the order x-y-z in the case of a rotation by 90 degrees about the

y-axis results in the rotation matrix in Equation 2.3.2-2.[17]

0 0 1
T.(¢,¢) = | sin(¢p+1) cos(d+1) 0 (2.3.2-2)
—cos(p+ 1) sin(p+1) 0

It is clear that altering ¢ or ¥ both will result in a rotation about the same axis. A degree
of freedom is lost. Other than that, this representation is very useful, as it allows intuitive
manipulation. Thus, it is used in the implementation, whenever a manual adjustment of the
rotation about a global axis is necessary.

A more compact way to represent a rotation can be achieved by using versors, normalized

quaternions, as in Equation 2.3.2-3.

q;

o - - - q;

7=qi+tqi+aqk+q =" (2.3.2-3)
d
qr

These qauternions, a four dimensional number system, can be interpreted like the "Euler axis
and angle” approach. Each representing the direction of an axis pointing from the origin to
the shell of a unit sphere and the rotation angle. Quaternions can be multiplied, using rules
similar to complex numbers. With that, the orientation, or rotation of a three dimensional
object can be described by only one vector.[16]

Another way to compose a rotation matrix is by the use of a basis, a triad of unit vectors. Cre-
ating a rotation matrix that describes the orientation of a shape can therefore be accomplished

by using the principal axis of inertia as a basis.

T.=u, v, w, (2.3.2-4)

This is a very convincing formalism, as it allows to represent orientations computed based
on physical properties, like the inertia tensor. Also, a rotation into the global coordinate
system can be accomplished by simply applying the orientation to the data set. A matched
orientation is achieved indirectly, as all data sets are oriented, so that their principal axes of
inertia face the same directions of the coordinate system.[17]

In the implementation and this thesis, mainly rotation matrices are used to describe orientations
and rotations, as they allow an intuitive way to describe both orientations, based on the axes

of inertia, as well as rotations about the coordinate axes.
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2.3.3 Scale

Scaling an object is accomplished by multiplying a scalar to the location of each point. This
multiplication is dependent on the current position of this point, as it multiplies its distance
to the origin.

There are two types of scalings, the uniform and non-uniform scaling. A uniform scaling is
one with equal multiplication factors for each direction, preserving the shape of an object,
or the relative displacement of two points. A non-uniform scaling results in shearing, not
preserving the original shape.[20]

Due to the presented measuring methods, the point cloud data is not scaled uniformly. The
grids are uniformly spaced in x- and y-direction, but not in z-direction. To avoid the necessity

of non-uniform scaling, the spacing is adjusted when loading the data.

2.4 Numerical optimization

The goal of any optimization is to find a minimum or maximum of an objective function f(Z),
with & as a vector, storing the parameters. The parameters & are real numbers, & € R™. An
optimization with an open set is called unconstrained. The Newton’s method is an example
of an algorithm finding the roots of the first derivative V f(Z). In each iteration method, the

Jacobian matrix V f(Z), as well as the Hessian matrix Af(¥) are needed, see Equation 2.4-1.
PR gk (Af(R) V() (2.41)

A starting point z° needs to be provided. As the elements of & are used to compose the
transformation matrix, a decent starting point is the transformation matrix calculated based
on the physical properties. Although this algorithm converges quadratically, the costs of the
computation of the inverse of the Hessian are high. Instead of computing both, the Hessian
can be approximated. Such a method is called Quasi-Newton and there are different update
formulas for the approximation of the Hessian, such as the Davidon-Fletcher-Powell (DFP),
or the Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm.[12]

10
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In order to apply the presented transformations, properties must be found and strategies
need to be developed. In this chapter, three methods will be presented, aiming to find a
geometrical matching for the CT, CAD and MPM data.

The first method only uses physical properties to compute the necessary transformations,
introduced in Chapter 2.3. As the results presented in Chapter 4 will show, this method can
only serve as an initial orientation and further optimization is necessary. The key challenge is
the computation of the principal axes of inertia.

The second method targets the optimization by matching certain faces. This method is mainly
used to visualize deformations in the CT data. With knowledge about the analyzed geometry
and deviations after the transformation based on the principal axes of inertia, this method
can also be used to optimize the matching of MPM data.

The third and final method aims to minimize the distance between selected vertices, mainly
used to optimize the MPM matching and is independent of previous transformations or the
initial orientation.

Both methods share the goal to minimize the distance between certain geometries. The

selection of these geometries, as well as the correct assignment are the key challenges for both.

3.1 Transformation based on physical properties

This first method uses the center of mass, the inertia tensor and the bounds of the data sets
to compute a transformation matrix 7, so that they are oriented with the coordinate system.
This transformation can be composed of a rotation, a translation and a scaling, as in Equation
3.1-1.

d,=T,-T.-T, -7, =T- 7, (3.1-1)

7 S T 7 (2

In the following the composition of each matrix is derived from a physical property.

3.1.1 Translation

Since the points within a data set do not move in relation to each other during a translation
of the entire data set, it is sufficient to only compute the displacement of one point. The
resulting translation is then applied to all points. Finding the same existing point in each

data set can be challenging and is accomplished by computing the center of mass:

- L[J? dm — ]\144//,0(77)77 qv. (3.1.1-1)

11
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Since a homogeneous mass distribution can be assumed, the center of mass is equal to the
geometrical center, as the density is independent of 7.
This integral can be solved using discretization, assuming each voxel has the same volume, so
that the centroid can be computed as the mean voxel:
L 1 X
R=— 7 (3.1.1-2)
N
where N is the amount of volumes and 7 their position in space. The more and thus the
smaller the volumes, the better the quality of the solution. That way, the complex geometry
is decomposed into simpler sub volumes. Point cloud data is already discretized by its nature.
By simple vector algebra, the displacement of the centroids and consequently of the data sets

can be found by subtracting the position vectors:

=

R, — Ry, =t (3.1.1-3)

With that, the first transformation matrix can be created. To allow the computation of
the transformation as a linear function, the dimension is expanded by one. Like so, the
multiplication of a translation matrix in Equation 3.1.1-4 with other transformation matrices,

like rotation matrices, is possible.

1 0 0 ¢, T, ry+ 1,
01 0 ¢ t
T vl o et (3.1.1-4)
00 1 ¢, T, r,+1,
0 00 1 1 1

3.1.2 Rotation

As the goal of this project is the matching of two near identical geometries, the key challenge
is to orient both in the same directions. For that, the orientation of a three dimensional object
must be defined in some way. Here, the principal axis of inertia are introduced to provide a
set of orthonormal unit vectors as a basis representing the orientation of the object.
The principal axes of inertia are determined by the eigenvalues of the inertia tensor.
The inertia tensor can be constructed by calculating the angular momentum L and the

assumptions of evenly distributed mass and the center of mass being in the origin:

N N N
E:ZﬁiX_’izz_’ixmi_’izz_’iXmi(wixﬁ) (3.1.2-1)

12
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with p as the momentum, m the mass, ¥ the velocity and & the angular velocity of each point.
In matrix notation and because every point or voxel has the same mass, Equation 3.1.2-1 can

be written as:

N N N
>y yi +a? Do TTYs 2 T Wy

7

L=I&= Zf\il —Y,x; Zfil 22 + a? Z]il v,z || w (3.1.2-2)

N N N
DDA T DA D DANE b o Wy

I is called the inertia tensor and will be referred to as:

Ixaz Ixy Ixz
I=|1, I, I, (3.1.2-3)
Izm 2y zz

An axis of rotation with angular momentum L and angular velocity & facing the same direction
is called principal axis of momentum, the off-diagonal elements become zero. Therefore the
principal axes are the eigenvectors of I. To compute the eigenvalues of I, the characteristic

polynomial in Equation 3.1.2-4 is solved.

T Ty zz
det(I - AE)=det| I, I,—X I. |=0 (3.1.2-4)
zx 2y Izz —A

If two eigenvalues are equal, there are multiple solutions. This is the case for a circular or
hexagonal rod. Only the principal axis in the direction of the rod is unique and every other
axis perpendicular to this axis and going through the center of mass is a principal axis. A
precise transformation based on the principal axes of momentum into the global coordinate
system is therefore only possible, if the object is not rotational symmetrical.[2]

Using these principal axes, the rotation matrix can be assembled as described in Chapter
3.1.2. For that, the principal axes of inertia a, b and & are stored in a matrix with the three

components in each row (see Equation 3.1.2-5).
T = (a b 5) (3.1.2-5)

Again extending the dimension by one results in Equation 3.1.2-6.

a, a, a; 0
b, b, b, 0O
T.=|"7* v = (3.1.2-6)
g ¢ ¢, 0
0 0 0 1
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3 Methods

3.1.3 Scale

After transforming the data sets into the coordinate system they only need to be scaled. The
relative scale of one shape to another can be calculated using the bounds of both shapes in a
plane. For uniform scaling, the bound in one direction is sufficient, for a nonuniform scaling,
the bounds in all three directions must be compared.

To find the bounds of a body, the minimal bounding box is calculated. If the scaling is applied
last, the edges of the minimal bounding box of the point clouds are parallel to the coordinate
axes. This box is called axis-aligned bounding box. This box can be found for a point cloud,
by finding the minimal and maximal values for each direction within its points.[3] While
providing a precise measure for the point cloud data, the minimal bounding box of the CAD
data is not precise. Because it is likely that a control point of a NURBS surface or edge is
the element farthest away from the origin, the computation of the axis-aligned bounding box
is not a precise measure. In the case of the impeller, the shape is aligned to the axes of the
coordinate system by the computed rotation. The front side of the shape is parallel to an axis.
As the dimensions of the shape are known, the scaling factor can be computed using those,
instead of the bounding box. However, this only applies to this specific shape and can not be
generalized. For other geometries, the shape could be meshed. Computing the axis aligned
bounding box of this mesh can be achieved as it is for the point cloud data. This method was
tested for the impeller and produced precise scaling factors.

With that, a four by four matrix can be built, with the scaling factors § lying on the diagonal,
see Equation 3.1.3-1.

s, 0 0 0 Ty Ty Sy

T, 7= 0 sy 0 0y |7y 5y (3.1.3-1)
0 0 s, O T, T, 8,
0 0 0 1 1 1

For a uniform scaling all factors are equal:

Sy =8,=85, (3.1.3-2)
resulting in:

T, -7=s-7 (3.1.3-3)
The uniform spacing of the grid simplifies Equation 3.1-1 to:

d=s-T, - T, F=T-F (3.1.3-4)

The transformation into the global coordinate system for each data set is represented by a

four times four matrix 7.
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3.2 Finding a transformation with minimization

3.2 Finding a transformation with minimization

As Chapter 4.2.1 will show, the method based solely on the calculation of the physical
properties is not without flaws.
To improve the matching, a transformation can be found by minimizing the displacement of to

data sets by solving Equation 3.2-1 for Z. Using the BFGS algorithm, f(#) can be minimized.

112

(3.2-1)

N
f@=>

=1

For that, two point arrays representing the points of the point cloud 7 and the vertices of the
CAD shape d must be created. Those arrays are filled with selected points, representing the
geometry. Like so, a transformation can be found, matching the selected points. Arun et al.
present a Least-Squares Fitting algorithm for point clouds similar to this one.[1]

In the following two strategies are introduced to choose the points which take part in the
minimization. The selection and assignment of those points are the key challenges of each

minimization method.

3.3 Matching faces

The first approach is the selection of points on a face. For simple geometries like the T-shape,
these points can be found in the point cloud using the boundary box. More complex geometries
demand manual selection by user input. This method is used to align CT and CAD data
and to improve transformations with regards to one or more faces. As mentioned before,
the CT data represents the deformed shape of the produced work piece. To visualize these

deformations, one or more faces can be aligned, enabling measurements relative to those.

3.3.1 Face selection

A face of a CAD shape is accessible as a NURBS surface in the STEP file. Unfortunately,
there is no information in a VTK file describing the faces of the point cloud.

The first step in the selection of a certain face is to exclude all points not located on the hull
of the point cloud. The marching cubes algorithm does that by using a look-up table and
information about the neighborhood of each point.

The marching cubes algorithm was introduced in 1987. It enables the fast visualization of
tomography scans, as it reduces the amount of visualized data significantly. The algorithm
divides the point cloud into cubes, each made of eight vertices. Each point is assigned a
binary value, depending whether its data value exceeds a threshold defined by the user.
A look-up table is used to identify the topology within the cube. If a point is assigned a
zero, it lies outside of the surface, otherwise it lies within and is therefore a vertex of the
triangulated surface. The algorithm then marches to the next cube. For each cube there are
28 = 256 possibilities. Due to symmetries of the potential cases, only 14 patterns need to be
distinguished.[8] For the presented use-case of selecting the points on the surface of a point

cloud, the vertices of the triangulated surfaces can be used. Unfortunately, these vertices are
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3 Methods

not necessarily points of the point cloud, but are created in between the grid. Therefore, the
precision of this approximation depends on the resolution of the grid.

To select one face, the location and orientation are analyzed by observing the point cloud in
the coordinate system. This is a very cumbersome process, algorithms detecting edges and
with that segmenting the surfaces into its faces are mentioned in Chapter 5.

A random selection of surface points is used in Chapter 4.2.3 to measure the distance between
the surface of the CAD shape and the point cloud.

3.3.2 Face assignment

As Equation 3.2-1 demands an array of points, such must be created on the face of the CAD
shape. This can be achieved by projecting the points of the point cloud onto the corresponding
face of the CAD shape.

To project a point onto a face, a minimization problem has to be solved. The projected point
7’ lies on the face and on the normal of that face going through point 7. Therefore, ¥’ is the
point on the face closest to ¥. With this in mind 7’ can be found by minimizing the target
function, with S(u,v) describing the surface.

7, =min| S(u,v) —7 | (3.3.2-1)
Projecting and matching more than one face can be challenging. The main idea of this
approach is that the projected points describe the target locations of the points. If the
deviation of the point cloud is only about one axis, this works well. If more than one direction
needs to be optimized, projecting on all faces does not produce the desired matching, as Figure
3.3.2-1a pictures for two dimensions. To match both geometries, both edges must be aligned.
The points of those edges in the point cloud, pictured in red, are projected onto those of the
CAD data. The projected points, highlighted in green, do clearly not describe the target
location of the point cloud in the first step. A minimization will result in a unsatisfactory
matching.

For a perpendicular corner the consecutive transformation of the edges will result in a precise
matching, since all translations are in the direction of the other edge. As Figures 3.3.2-1b and

3.3.2-1c picture, this does not apply to corners that are not perpendicular. A matching based
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(a) (b) ()
Figure 3.3.2-1: Matching of two edges

on more than one face is therefore only possible, if the projection is computed in every iteration,
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3.4 Matching vertices

of the minimization. In this work the matching of only one face is executed. Nonetheless, the
strategy to match perpendicular faces consecutively is verified by the T-shaped test data in
Chapter 4.1.2.

3.4 Matching vertices

For this second approach the points in the corners are selected. As the corner points are
present in both a point cloud and a CAD shape, there is no need for a projection. The

selection of the points is the key challenge here.

3.4.1 Vertex selection

Because they are stored directly in the STEP file as vertices, they can be accessed easily and
provide a precise specification of the location. Finding vertices in the point cloud data is
not as trivial. As the use-case is a prototyping project, a manual selection via user-input is
aspired. A challenge regarding this selection is the resolution and with that, the sharpness of
the corners. The lower the resolution, the more difficult it is to select the correct vertices by
eye. As a result, the precision of the selection is at most as great as that of the measuring
method. This method qualifies especially for the matching of MPM data and CAD data, since
they both describe the same geometry. Therefore, it can be assumed that a perfect fit can be

achieved when all vertices are matched.

3.4.2 Vertex assignment

Assigning the vertices of the point cloud to those in the CAD shape is accomplished by

positioning in the same order in each array. Again, this is done manually.
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4 Results

In this chapter the results of all three previously presented methods are discussed. First,
the introduced T-shaped example data is matched, using all methods to verify them. The
results are presented and compared to one another. Then the same methods are applied to the
impeller data. To compute these methods, a script was implemented, reading STEP and VTK
files and matching them by applying the presented methods. The script was programmed
using the OpenCASCADE [14] python bibliography for all NURBS and point cloud analysis,
such as the computation of the physical properties and minimal bounding boxes and for the
visualization of the data. Moreover, VTK [15] was used to read the provided point cloud
files and apply thresholds and the marching cubes algorithm. Finally, Scipy [6] was used to

provide the implementation of the minimization algorithm.

4.1 Geometry matching of test data

To verify the the proposed methods and measure their accuracy they are applied to the
T-shaped test data first.

4.1.1 Analysis of the approach based on physical properties

The point cloud is analyzed and transformed, so that a geometrical matching with the CAD
data is achieved. The principal axes of inertia, as well as the centers of mass of both data sets
are computed.

The principal axes in y- and z-direction are given by the symmetry-axes and the principal
axis in x-direction is therefore the x-axis, to fulfill orthogonality. Computing the principal
axes of inertia as described in chapter 3.1.2, the unit matrix is outputted for both data sets.
Due to their initial orientation after loading, with all edges and faces parallel to a coordinate
axis, this is expected and verifies their correct calculation.

In a structured grid with equally weighted points, the center of mass equals the geometric
center. The geometric center can be easily found by decomposition of the shape. Table 4.1.1-1
shows the absolute and relative error of the computed center of mass of T-shaped point clouds
with various resolutions. It is clear to see, that the precision increases with the resolution.
Applying the computed transformation based on these properties to the point cloud results
in the matching depicted in Figure 4.1.1-1. On the left side of the figure, the matching was
successful, on the right side it clearly was not. While the initial orientation of the shape
in Figure 4.1.1-1a is only slightly off its target orientation, the starting orientation of the
shape in Figure 4.1.1-1b is far off. Diagram 4.1.1-2 shows the mean error depending on the
initial orientation. The error is computed using eight vertices and measuring the distance

between corresponding points in the CAD and point cloud data. In all three dimensions
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4 Results

Resolution [1/mm]| | Absolute error [mm] | Relative error
0.5 0.1709 0.004963

1 0.0859 0.002495

2 0.0431 0.001251

3 0.0288 0.0008348

4 0.0216 0.0006258

Table 4.1.1-1: Absolute and relative error of the z-value of the center of mass depending
on the resolution of the T-shaped point cloud

(a) Successful matching (b) Unsuccessful matching

Figure 4.1.1-1: Geometry matching of a T-shape by computation of its physical properties

an initial orientation rotated by more than 45 degrees off the target orientation results in
erroneous transformations. In all cases the principal axes of inertia and the center of mass
are matched correct. This is caused by the ambiguity of the rotation axes. A rotation by
180 degrees around one of the principal axes will also result in a precise matching of the
axes, but an incorrect matching of the shapes. Therefore, to achieve correct transformations,
the initial orientation must be considered. When looking at Diagram 4.1.1-2 again, even for
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Figure 4.1.1-2: Mean error depending on initial orientation

the visually correct transformations, a mean error of about € = 0.085 is outputted. Diagram
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4.1 Geometry matching of test data

4.1.1-3 compares this error to that in the calculation of the center of mass depending on the

resolution of the point cloud.
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Figure 4.1.1-3: Mean error of the transformation compared to the mean error of the center
of mass depending on the resolution

It becomes clear that the error in the transformation is caused by the error in the computation
of the center mass.
To compute a precise transformation to match both data sets based on their physical properties,

the initial orientation and resolution of the point cloud must be considered.

4.1.2 Analysis of the numerical optimization

To decrease the influence of these restrictions, the transformation is optimized. For that, the
measured error is minimized. To accomplish that, first the method of matching faces is used.
As before, the quality is measured with the use of eight vertices.

For the matching, three faces are selected. Two different approaches are tested, the first one
selecting, assigning and projecting all three faces at once and the second one to project them
consecutively. To verify the methods, described in Chapter 3.3.2, the T-shape is matched,
using the points in the faces, pictured in white in Figure 4.1.2-1a. As predicted, the matching
is not successful, as the projected points, pictured in green, are clearly not at the target
locations. Therefore, the point cloud in red is not matched correctly to the CAD data.
Diagram 4.1.2-2 shows the mean error of the method and how it depends on the initial
orientation. A correct transformation can only be achieved, within the bounds of 90
degrees deviation about each axis. If the angular deviation is greater than 90 degrees,
the faces are matched backwards. Also, the error increases, even within the bounds of 90
degrees. The increasing error for the correct transformations can be avoided by locking certain
transformations after each face matching.

As discussed, for simple geometries with perpendicular faces only, like this one, a consecutive
matching of the faces can provide a better quality for the transformation. After one face is

matched, only the rotation about the axis normal to that face and the translations in the two
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4 Results

(b) Matching of the three faces consecutively
(a) Matching of all three faces at once

Figure 4.1.2-1: Matching three faces of the T-shape
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Figure 4.1.2-2: Mean error after face matching without locked transformations depending
on the initial orientation
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Figure 4.1.2-3: Mean error after face matching with locked transformations depending on
the initial orientation
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4.2 Application for measured data

directions spanning the plane of the face are allowed. For the third face only the translations
in the direction of its normal is allowed. In Diagram 4.1.2-3 the results of this measure can be
seen. While the maximal error for a correct matching is greater than 0.1 for the first method
with all faces being matched at the same time, it does not surpass 0.001 when only certain
entries of the transformation matrix are used in each step. Again, this approach can only be
applied to faces perpendicular to each other.

To avoid the restrictions of perpendicularity and initial orientations, vertices offer a more
stable approach. As no projection is necessary, there is only one unique solution to minimize
the distance between two points. For that, eight vertices are selected and assigned to their
counterparts in the CAD data. Diagram 4.1.2-4 displays the mean distance depending on the
rotation away from target orientation. The error is measured using the three faces, already
selected for the face method. As they are only used to measure the distance between their

location and the location of their projected counterparts, the measuring is precise. As one
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Figure 4.1.2-4: Mean error after vertex matching depending on initial orientations

can see, the quality of transformation is independent of the initial orientation. Therefore,
minimizing the distance between certain vertices, present in both data sets, is the most stable

and precise method to geometrically match two generated data sets.

4.2 Application for measured data

While the matching of the example data is only restricted by the initial orientation and
resolution of the point cloud, there are far more hurdles to take for measured data with more
complex geometries. For the transformation based on physical properties a threshold is applied,
to exclude the supporting structure, present in the data. The optimized transformations on
the other hand are computed using the full data set, without a threshold, to allow more precise

point selection. To visualize the matching, the threshold is applied after the transformation.

4.2.1 Using the physical properties

The method solely based on physical properties is not precise for the impeller (see Figure
4.2.1-1). While the scale and position look like a good fit, the rotation about the x-axis is
far off. The teeth of the gear and the blades do not align correctly. In Figure 4.2.1-2a the
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4 Results

(a) Before matching (b) After matching

Figure 4.2.1-1: Geometry matching of an impeller by computation of its physical properties

incorrect rotation about the x-axis can be analyzed by visual observation. The hubs of the

jaw coupling in Figure 4.2.1-2b illustrate this deviation even more. As the impeller is close to
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(a) Teeth of a gear (b) Hubs of a jaw coupling

Figure 4.2.1-2: Close ups of matching of CAD and MPM data based its on physical
properties

being rotational symmetrical and the x-axis being the axis of (near-)symmetry, this is likely to
be the reason why the transformation is not successful. When computing the principal axes
of inertia, as in Equation 3.1.2-4, symmetries cause inconclusive solutions for the eigenvalues.
If symmetries occur in an object, the symmetry axes are always principal axes of inertia. For
a rotational symmetry, only one principal axis is defined. All other axes perpendicular to the
first, are principal axes of inertia. Therefore, only for a symmetry free object it is possible to

compute three conclusive principal axes of inertia precisely.

Another error source can be detected. To the right of the impeller in Figure 4.2.1-1b
residue of the supporting structure can be seen. In the particular case of measuring MPM
data in the process of SLM, cleaning the data from its supporting structure is necessary. A

supporting structure is manufactured with the objective to allow for designs with overhangs.
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4.2 Application for measured data

The collected data needs to be cleaned from this supporting structure, as it is not part of the
work piece and with that not present in the CAD or CT data. Because it only supports the
weight of the work piece during the manufacturing process, the structure is produced with low
intensities and thin wall thickness. This allows to exclude this part of the data by applying a
threshold. As setting the threshold higher removes data of the geometry, this residue can not
be removed.

To analyze whether the existence of residue causes the error, the matching of the CAD and
MPM data can be compared to the matching of CAD- and CT data. As mentioned in Chapter
2.2.3, the CT data does not include a supporting structure, therefore a threshold is not applied.
This allows to determine the impact of residue and the threshold for the matching based on
the center of mass and the inertia tensor. In Figure 4.2.1-3, the matching of CT and CAD
data is displayed. The rotational deviation around the z-axis is present in this matching, too.
This indicates that the impact of the symmetry is the reason for the deviation and not the

residue.

Figure 4.2.1-3: Results of the matching of CT and CAD data

4.2.2 Optimization of the transformation

In the following, both methods, face matching, as well as vertex matching are applied in
order to improve the matching. The face matching method is used to test the deformation
measuring for CT data. The corner method and the face method are used to find a precise fit
for the MPM data and are compared with each other.

Face method

First, a face is selected, to allow the minimization of the rotational deviation.

Selecting a face, with its normal facing the direction of the rotational deviation is ideal. In
Figure 4.2.2-1a, the selected face is depicted in blue. The points in the point cloud, representing
the same face are depicted in white. Figure 4.2.2-1b shows the success of minimizing the
rotational deviation about the x-axis. The deviation is not eliminated entirely, but comparing
the result with the transformation based on physical properties in Figure 4.2.1-2, the quality
of the matching increased significantly.

The main application of this method is the visualization of deformations. For that, the CT
data was matched with the CAD data. The face at the end of the gear is matched, to minimize

rotational deviations about the y- and z-axis. Figure 4.2.2-2 shows the result. As one can see,
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(a) Selection of a face in both data sets (b) Successful minimization of the rotational deviation

Figure 4.2.2-1: Optimization using a face

it is possible to match the data sets precisely enough, to picture deformations occurring at the
outer ring on the side of the internal gear. The CAD shape is pictured transparent, visualizing
the geometry of the ring as a sectional view. As the wall thickness decreases towards the
right hand of the figure, the stiffness decreases, too. It is likely, that this is the reason for the
thermal deformations at this location.

Various faces can be matched to further analyze the impact of the component geometry and

the manufacturing process.

Figure 4.2.2-2: Matching of CT and CAD data to locate deformation with the use of the
face method

Vertex method

As discussed in chapter 4.1.2, an optimization based on vertices is more precise and stable.
Unfortunately, the selection of vertices is a challenge by itself. As described, the points are
selected in the original data, with no threshold applied. This is necessary, to allow a precise
selection of the corners, as these are likely to get removed by a threshold. Selecting the

vertices in the MPM data, pictured in white in Figure 4.2.2-3a and minimizing the distances
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4.2 Application for measured data

to their counterparts in the CAD data, a matching can be achieved. The result is displayed
in Figure 4.2.2-3b.

(a) Selection of eight vertices in both sets (b) Successful minimization

Figure 4.2.2-3: Optimization using vertices

4.2.3 Measuring the error of the methods

The quality of the transformations can be measured using the face method. The points on
the surface are selected using the marching mubes algorithm, introduced in Chapter 3.3.2. To
reduce the costs of the computation, only a few thousand of these points are selected. To
assign each point to its corresponding face, every point is projected onto every face. The
projected point, nearest to each point is expected to lie on the corresponding face. Iterating
through all selected points, a mean distance can be calculated, which can be used as a error
measure. This method is erroneous for points at edges and vertices. Depending on the
orientation, the closest face to such points can differ. Nonetheless this method can be used to
approximate the mean error. The results of the measurements for all applied methods are

presented in Table 4.2.3-1. The computed errors give a rough approximation of the quality of

Method Mean distance [mm] | Maximal distance [mm)]
Physical properties | 0.131 1.88
Face matching 0.128 1.22
vertex matching 0.101 1.24

Table 4.2.3-1: Comparison of the quality of the used matching methods

each transformation. Both, the mean distance of the selected points, as well as the maximum
norm are compared.

The quality of the transformation achieved by the vertex method is the best, measured by
the mean distance. This shows that this method is the most precise and should be used to
compare CAD and MPM data.

The transformation based on physical properties is not as precise. The mean distance is only
slightly greater, the maximal error on the other hand, is significantly larger. While most

points are near their target position, some are far off. These points are the ones pictured in
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Figure 4.2.1-2b and on other geometries, where the rotational deviation is recognizable.
The mean distance of the transformation solely based on the physical properties and of
the transformation with minimized rotational deviation differ only slightly. Comparing the
visualizations of both (Figure 4.2.1-2b and Figure 4.2.2-1b), the quality of the optimized
transformation is far better. The reason for this difference is the small and random selection
of points on the surface of the point cloud. Only very few points are selected that lie on
geometries like the teeth of the gear where the rotational deviation has an impact on the
distance to the nearest face. Even if all surface points would be selected, the share of points
on those geometries would be very low, because they only make up a small percentage of the
point cloud. The success of the optimization using the face is identifiable in the maximal
distance, which is far smaller than the one without optimization.

Both presented methods, one using points on faces and the other using vertices resulted in
significant improvements. While the face method lacks reliability, for customized optimizations
it can be adjusted easily and individually. The corner method is the most reliable and precise
of all, but has the problem of elaborate point selection and assignment.

Using the face method to improve the transformation is only possible, because the matching
based on the physical properties was analyzed and interpreted by the user. This step can
not be automated. Nonetheless it shows how interaction between algorithms and users can
generate precise matchings. This could easily be extended, allowing the user to interfere and

select certain faces, vertices or edges to match.
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5 Conclusion

The goal of this work to precisely match different data sets was achieved. A precision in the
range of the layer thickness of the selective laser melting machine seems possible with the
implemented methods, if the user is integrated in the process. With that, a precise analysis of
the manufacturing quality and process parameters is possible.

The first approach of calculating and using the center of mass, the dimensions and the principal
axes of inertia resulted in decent matchings for basic geometries, like the presented T-shape.
For more complex geometries, like the impeller, the computed transformation matrix was
erroneous. The rotational symmetry of the geometry was identified as the main reason for
that. Furthermore, the behavior of the matching was analyzed in dependency of the initial
orientation and the resolution of the provided data. It turned out that the method only works
for a relatively small range of starting conditions. In fact the rotation away from the target
orientation must not exceed 45 degrees in each direction in order to succeed. Furthermore it
could be shown, that the resolution has a significant impact on the quality of the calculation
of the center of mass.

With these restrictions, a more stable and precise approach was taken. For that, representative
points were selected and assigned to their corresponding counterparts. Two selection strategies
were tested, one selecting faces, to allow for matching of certain faces and planes, the other
selecting vertices to achieve a precise matching. Minimizing the sum of distances between the
points and their counterparts, a precise matching is possible. The face method proved to be
especially useful for matching CT and CAD data. Vertex matching resulted in more precise
matchings for MPM and CAD data.

To further increase the precision of the vertex strategy, more points than the limited number
of eight can be selected. In order to simplify this selection and to make the implementation
available and easily usable, a user interface could be provided. Both the vertex and face
method an be automated more. As the selection of the vertices and identifying of faces are the
key challenges, Weber et al. [19] present an algorithm detecting sharp features and Mineo et.
al [9] present an alternative approach of selecting surface points. Furthermore, the distance
between each point and its corresponding face of the CAD data can be visualized, using a
color bar.

Lastly the provided information about thermal distributions and deformations can be used to
set the parameters in the manufacturing process, like the intensity of the laser or its route.
Even a tool, assisting the engineer in the design of the work piece, so that a manufacturing-
specific design is achieved, could be possible.

This enable not only to manufacture components that were previously fabricated conven-
tionally with higher precision, but also to develop new solutions with less restrictions due to

manufacturing.
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