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Abstract

Geometric deviations arising from multiple variation sources in Additive Manufacturing (AM) process chain have been a major issue regarding
product quality. Therefore, effective modeling of the geometric deviations is becoming critical for AM. In this paper, in-plane geometric
deviations are investigated based on the assumption that typical deviation sources in AM can be mapped to different transformations (scaling,
rotation, translation) on the nominal shape. By defining transformation parameters, analytical deviation models of regular shapes can be derived
in the deviation space, and calibrated based on measurement data. A case study is presented to show the effectiveness of the proposed approach.
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1. Introduction

As a manufacturing technology that builds three-
dimensional products by successively adding material layer by
layer under computer control, Additive Manufacturing (AM)
distinguishes from traditional manufacturing technologies for
its ability to manufacture products with complex shapes,
intricate internal structures and multiple materials. Therefore,
AM has gained extensive research attention and continuous
development in recent years.

Geometric deviations remain a major issue that hinders the
further development of AM. These geometric deviations are
induced by multiple sources underlying in different workflows
of the AM process. In the digital workflow where the input data
are prepared for the machine, chordal deviations are introduced
during the translation from CAD model to the approximated
STL facet model. In the physical workflow that transforms raw
materials into end product [1], machine errors, material
shrinkage and distortion as well as the staircase effect bring
about different patterns of deviations. Support removal during
post-processing of the product also affects the surface quality
of the final product. Based on [2], Fig.1 provides a cause-and-
effect diagram of geometric deviations in AM.
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Fig. 1. Cause-and-effect diagram of geometric deviations in AM.

Considerable research efforts have been devoted to the
effective modeling of geometric deviations in each stage of the
AM process and the derivation of compensation plans to
control deviations. To decrease the approximation deviation
introduced in translation from CAD model to STL file, STL
modification algorithms [3,4] are proposed to locally modify
the STL facets based on criteria like chordal error, cusp height
and form error. Adaptive slicing approaches are proposed to
minimize the deviation induced by the staircase effect [5,6].
New file formats, such as Steiner patch [7] and Additive
Manufacturing Format (AMF) [8], are proposed that use curved
surface patches and result in a more accurate approximation of
the CAD surface.
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Another major branch of research is focused on the
machine-related and process-related deviation modeling and
compensation based on simulation or measurement data. The
effect of Fused Deposition Modeling (FDM) and
Stereolithography (SLA) machine errors on deviations are
studied in [9] and [10]. Thermal behavior and influence of
process parameters on thermal shrinkage of powder-bed AM
processes are investigated by [11] and [12]. To address the
effective modeling of shrinkage deviation, Huang et al.
intuitively propose the classification of in-plane [13] and out-
of-plane [14] deviations, denoting the shrinkage inside each
two-dimensional (2D) slice and along the build direction
respectively. The focus of these in-plane deviation modeling
methods has been the parametric modeling of the deviation
profile. By observing the distribution of deviation, a basis
function is prescribed and calibrated according to new
observations and new shapes.

Researchers from the tolerancing domain are also paying
attention to AM. An enriched voxel-based volumetric
representation is proposed by Moroni et al. [15] that overcomes
the limitations of current tolerancing standards in the
application of AM. A process-oriented deviation model has
been proposed by Dantan et al. [16] to represent the overall
deviation by a combination of deviation modes, with each
mode corresponding to a deviation pattern caused by a specific
source. Our previous works [17, 18] envision the application of
Skin Model Shapes (SMS) [19] in AM, as well as proposing a
Fourier-Series expansion (FSE) based method for in-plane
deviation modeling and a shape transformation method for
SMS generation. The idea of the FSE method is to represent the
actual 2D product shape with a function of its polar radius with
respect to its polar angle in the polar coordinate system (PCS).
The function is approximated with a truncated FSE and the in-
plane deviation is evaluated as the difference between the
function value and the nominal radius at each angle. However,
in order to achieve a satisfactory accuracy, a high-order
expansion is needed, yielding a large number of parameters and
the number increases with the shape complexity. Therefore, in
this paper, we propose a new transformation perspective to
capture the in-plane systematic deviation patterns by
investigating variations of the nominal shape during the AM
process, thus significantly reducing the number of parameters.

2. The shape transformation perspective for in-plane
deviation modeling

The layer-wise characteristic of AM has motivated research
on the modeling of in-plane deviation. In order to facilitate the
representation of in-plane deviation, the PCS has been adopted
in many existing approaches to represent the deviation as the
difference between the radii of the actual shape »(0) and the
nominal shape r,(¢) at different locations 6 €[0,27] around the
2D shape boundary. The actual shape denotes the shape of a
layer of the fabricated product that can be reconstructed from
the measurement data, as will be explained in detail in Section
3.2.The nominal shape is the input shape of the corresponding
layer that can be extracted from the CAD model, as illustrated
in Fig.2. Thus, the deviation is represented as Eq.1.

Ar(0) =r(0) = 1,(6) (1)
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Fig. 2. In-plane deviation represented in PCS.

Here we propose the definition of the deviation space —a 2D
space established based on PCS and denoted as (6,Ar). The
deviation patterns can be investigated in the deviation space by
studying the distribution of deviation Ar with respect to 6 .
Intricate deviation sources underlying in the AM process result
in the variations of the nominal shape. Take the FDM process
as an example, the extruder positioning error may cause the
displacement of the final shape in either X- or Y-direction of
the machine coordinate system and the heating and cooling
process leads to thermal shrinkage and material distortion.
Therefore, it is reasonable to make an assumption that such
variations can be mapped to transformations of the nominal
shape, in which three transformation effects can be defined by
a set of parameters: the translation in X- and Y- direction Ax, Ay
to consider the extruder positioning error, the scaling Sx, Sy
along X- and Y-direction to consider the shrinkage effect and
the rotation ¢ with respect to the origin to account for the
unexpected rotation due to machine axis and setup errors.

3. In-plane deviation model formulation and estimation
3.1. Model Formulation

Based on these parameters, the transformation of the
nominal shape in the Cartesian Coordinate System (CCS) can
be defined with homogeneous transformation matrices. As
shown in Eq.2, M, M., M represent transformation matrices
of scaling, rotation and translation respectively.

s, 00 1 0 Ax cos(p) —sin(¢p) 0
Mg=|0 s, 0|My=|0 1 Ay|M,=|sin(p) cos(p) 0 )
0 0 1 00 1 0 0 1

Suppose that the coordinate of a point on the nominal shape
iS (x,y) , multiplying the original coordinate vector with
transformation matrices yields a new vector containing the
transformed coordinates (x,, y;) .

@, yp )" = MMM (x,p,1)' 3)

Solving (x,y) withrespectto (x,,y,)based on Eq.2 and Eq.3,
we get

x=[(r —Ay)cos(9) — (x; — Av)sin()] /s,

. 4)
y=[(rr = )sin () + (v — Ax)cos(¢)]/s,
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Based on Eq.4, we will discuss the shape deviation
representation in PCS for two kinds of shapes: the circular
shape and the polygonal shape, among which the latter can be
easily extended to represent deviations for other polygonal
shapes.

For a circular shape, its polar representation is

r(0)=r,,0¢<[0,27] ()

This representation is derived by substituting the Cartesian
coordinates with x = rcos(6), y = rsin(8) in Eq.6.

2 2 2

I ©)

In order to calculate the deviations between the nominal shape
and the transformed shape in PCS, their coordinates need to be
calculated with respect to the same origin. Therefore, by
substituting (x,,y,) with x, =7, cos(6),y, =rsin(d) in Eq.4 and
combining Eq.4 with Eq.6, we get Eq.7, in which
0O=(s,,s,,p,Ax,Ay) is the transformation parameter set.

x(rT,H,@)2 + y(rT,¢9,®)2 = ro2
x(ry,0,0) =[(1;,c08(0) — Ay) cos (@) — (r;sin(8) — Ax)sin ()] /s, (7)
y(#:,0,0) = [(rTcos(é’) — Ay)sin (@) + (7;sin( ) — Ax) cos(go)]/sx

Resolving 7, with respect to 8, we can get the analytical polar
representation of the transformed shape r,.(6;0) , which is a
quite long equation and cannot be properly presented in this
paper, so the details of this equation will be omitted. Therefore,
the shape deviation can be represented in the deviation space
as Eq.8, in which &(0) is a random term to account for the
aleatory variation in the shape profile and is assumed to have a
normal distribution with mean 0 at each angle 6 .

f(0;0) =r,(6;0) -1, +£(0) ®)

With this function, we can make different tests of the shape
deviations under various transformations by setting the values
of transformation parameters ® . Fig.3 illustrates 3 deviation
patterns resulted from different transformation effects on a
circular shape with 5, =10. The parameter values are set as
s, =098 (Fig.3(a)), Ax=0.2 (Fig.3(b)) and 5, =0.98,p=7/9
(Fig.3(c)). The shapes before and after transformation are
shown on the right to illustrate the differences. Random term
in Eq.8 is not considered here to emphasize the main patterns.

The study on deviation of polygonal shapes can be
generalized to any convex shapes that can be approximated by
a complex polygon through subdivision. A critical part in
representing the shape deviations under transformations of a
polygonal shape is to derive its polar representation. Unlike the
circular shape that has uniform radius, the radius of the
polygonal shape varies and has to be treated respectively for
each edge. First of all, the vertices of a polygonal shape are
ordered counter-clockwise, and the shape can be defined by a
set of neighboring vertex pairs. For example, a polygonal shape
with N vertices is defined as {[B,BL[B,B),-.[P» B [B- B}
each vertex pair defines an edge of the shape. The polar
coordinates of the end points of an edge are obtained through

polar transformation, thus we get the angle range that the edge
covers in the polar space. The problem now becomes how to
derive the polar radius 7,(9) of the shape at an arbitrary polar
angle 6 , which is the distance between the origin and the
intersection point of one edge of the shape and a ray starting
from the origin and pointing in the direction of . Since the
angle range of each edge is known, it is easy to determine the
edge that intersects with the ray of & by finding the range that
0 lies in. Suppose the intersected edge is [P, (x,,,,), P, (x,,»,)]
covering the angle range[6,,6,1;m,n=1,2,..N , the radius at@
can be calculated following Eq.9.

x(0)=x, —1(O)x, —x,),»(0) =y, -V, -¥,)
(0) = Yu= (O,
tan(0)(x, —x,)+ ¥, =V,

1(0) =Jx(0)" + (0)°

, 0€[6,.0,] 9
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Fig. 3. Deviation of circular shape under (a) Scaling effect; (b) Translation
effect; (c) Combined scaling and rotation effect.

The polar representation of the transformed shape can be
derived in a similar manner, the difference lies in that the angle
range of each edge should be changed due to the transformation
effects. As can be seen in Fig.4, the radius of the transformed
shape r,(6,0) at @ is calculated based on the new positions of
the vertices P,,P. , and the new positions are calculated
following Eq.3 based on these transformation parameters © .
Therefore, as shown in Eq.10, the shape deviation for a
polygonal shape is parameterized as a discrete function of the
nominal Cartesian coordinates of its vertices (x,, y,) as well as
transformation parameters © .

f(0;0,x),3,) =1,.(6,0,x,,5,) —1,(6; Xy, y, ) +&(0) (10)

Fig.5 illustrates 3 deviation patterns resulting from different
transformation effects on a regular hexagon shape with
circumscribed radius of 20mm. The parameter values are
respectively set as s =0.98 (Fig.5(a)), Ax=0.2 (Fig.5(b)) and
5.=098,p=x/60 (Fig.5(c)). The shapes before and after
transformation are shown on the right to illustrate the
differences. Random term in Eq.10 is not considered here to
emphasize the main patterns.
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Fig. 4. Illustration of polygonal shape deviation under transformations.
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Fig. 5. Deviation of hexagon shape under (a) Scaling effect; (b) Translation
effect; (c) Combined scaling and rotation effect.

3.2. Model estimation

In order to apply the parametric deviation model to fit the
observed deviations, an effective estimation of the model
parameters is essential. In this paper, the estimation will be
conducted based on analysis of measurement data obtained
from manufactured instances of a given product. The
measurement data are given as point clouds that are densely
collected on the product surface using a Coordinate Measuring
Machine (CMM). Fig.6 provides a flowchart of the overall
model estimation process.

To begin with, the 2D shape of a specific slice has to be
reconstructed from the slice boundary points, which can be
extracted from the point cloud according to the slice height
calculated based on the input slice thickness. The extraction is
done according to the following Eq.11.

VP (xX,,Y,2,) €P,
(xm,y”1)eSi,z)‘(hi—/1§zmShi+/1), (11)
i=L.,Nom=1,..M

In Eq.11, P, is a point among the all A points in the cloud
P, S'is a collection of 2D points that belong to the ith slice
among all N slices with slice height %, , and Ais a threshold
value that controls the density of the collected points in a slice,
which is small compared to the layer thickness. Since the
extracted points are densely distributed on the 2D slice
boundary, by sequentially connecting the points with straight

lines in the counter-clockwise direction, the actual 2D shape
can be approximately reconstructed. Then both the CAD input
shape and the actual shape are transformed into PCS to obtain
(6,r(0)) and (0,7,(9)) . The origin of the PCS is chosen to be
the same as the origin of the machine coordinate system. Thus
the measured deviations are obtained following Eq.1.

Start

- Gather slice
/ Point cloud /LPl boundary points

Nominal 2D shape Obtain In-plane
(Circular, Polygonal) deviation data
Align deviation

data

Apply model estimation
(Least squares constrained
optimization)

Algorithm
converges?,

Optimal model
parameters

{

Fig. 6. Flowchart of the model estimation process.

An issue arises here that the measured points are not always
uniformly distributed along the boundary, which results in the
varied densities of points between layers and adds difficulty to
calculation and comparison of deviations. We tackle this
problem through an alignment process in which we evaluate
the deviations at K angles that are uniformly distributed
between 0 and 2~ and denoted as (4,...,6:) . Suppose that
there are L(L > K) measured deviations represented in the
deviation space as (6,Ar(6))),....(8),Ar(8))) , for a sample
angle 9" , two nearest neighboring angles 0;,0],, and their
corresponding deviations Ar(8;),Ar(8;,,) can be identified,
then the deviation at this sample point can be calculated
following Eq.12. The high-density of measured points ensures
the accuracy of deviations calculated at these uniformly
distributed points.

Ar(9‘+ ) Ar(ev) ju \d ju v V .
W(Q -0,),0" (6/,0),,1,j

J+l J

AF(6") = =1..,.L-1 (12)

Our objective is to estimate the transformation parameters
(:)(§X,§y,(/3, A%,Ap) of Eq.8 that best fits the measured deviations
Ar(0"). We propose to use a constrained optimization method
based on a least-squares criterion that minimizes the squared
difference between the model response f(6") and measured
deviation Ar(6") . The rationale of this method is shown as

8esS, e[l-0,,1+6,]
€l-0.,0,] (13)
Ax,Aye[-é‘l,é}]

O = argmin i[f(@“;@) ~Ar(8") ] sa.

S8y 0. 0%, Ay )

, in which §,,6,,6, are used to define constraint on the scaling,

2t

rotatlon and translation parameters respectively. Since the
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deviations are small compared to the product size, it is
reasonable to limit them within a small range to facilitate the
optimization process.

Different optimization methods can be adopted, among
which we chose the built-in function finincon of MATLAB to
implement the proposed method. Starting from an initial point
of the parameters ®, =(1,1,0,0,0) , the algorithm iteratively
searches within the specified constraints of each parameter
with trial steps to decrease the value of the objective function
shown in Eq.(13). The convergence is met when the size of
current step is less than a predefined step size tolerance and
constraints are satisfied to within the predefined constraint
tolerance.

3.3. Model Application

The proposed deviation model can be applied in tolerancing
to generate SMS that are sample product shapes incorporating
the geometric deviations. SMS are typically represented with
discrete geometries, such as triangular meshes. In order to
account for the 2D in-plane deviations in 3D SMS, we propose
to apply the proposed deviation model in each slice to obtain
deviated 2D shapes and then use a layer-connection method to
connect pairs of neighboring slices to result in the 3D mesh
model. Fig.7 illustrates the layer-connection method. The
details of this method can be found in [18], and will not be
discussed at length in this paper.
Contour 1

.

_ Reconstructed
trlangle facets

Contour 1

\{» ./ In-plane

deviation

\

Contour 2

Contour 2

Fig. 7. The layer-connection method.
4. Case study

To validate the proposed method, we conduct the case study
by printing a polygonal shape and modeling with the measured
deviations. The example shape is a regular hexagon with
circumscribed radius 20 and height 5. A comparison between
the proposed method and the FSE method will be made
regarding the model complexity and accuracy.

The Prusa i3 MK2 FDM printer is used to manufacture the
part. The slice height is chosen as 0.2mm and the zigzag infill
strategy is adopted. The part is measured by a 3D laser scanner
Kreon Aquilon 50 mounted on a CMM. According to the
calibration results, the measurement accuracy of the laser
sensor is 0.002mm, which can be ignored compared to the
geometric deviations. A total number of 795935 points are
captured on the product surface, from which points of each
slice are collected every 0.2mm with the threshold value 2
(Eq.11) as 0.003 and converted into PCS. The deviations are
evaluated at 360 uniformly distributed points on the slice
boundary based on Eq.12. As an example, the deviation
modeling result at the 6™ slice is illustrated in Fig.8. Both the
proposed method and the FSE method are used to model the

observed deviations. For the latter, we chose different orders of
expansion to test the modeling accuracy. The results given by
5%, 15% and 35" order expansion can be visualized in Fig.8 as
compared to the proposed method. From the comparison, we
can see that the proposed method prevails due to its ability to
capture the sharp transitions at the corners of shape boundary
with a far smaller number of parameters. While the FSE
method tends to approximate the sharp transitions by
overlapping multiple high-frequency components, so even the
35 order expansion fails to give a satisfactory approximation.

measured deviation
modeled deviation-Transform
modeled deviation-Fourier

0.5

a) Fourier-5th order

-0.51

t b) Fourier-15th order

0. %0 PV at al

* c) Fourier-35th order

o
3,1

Deviation(mm)
S
(9] o

051
0 =
-0.5
4 L s L x L
0 1 2 3 4 5 6 7
Angles(rad)

Fig. 8. Comparison between the modeling results yielded by the proposed
method and FSE method of (a) 5" order; (b) 15" order; (c)35" order.

The modeling accuracy of the two methods is evaluated
using the notation of Root Mean Square Error (RMSE) that
measures the average deviation between the modeled deviation
and the measured deviation. The RMSE of the proposed
method and the 5%, 15" and 35™ order FSE method as evaluated
at each slice are calculated and shown in Fig.9, from which we
can see that the proposed method reaches an accuracy that is
comparable to the FSE method with more than 15 components,
which contains a total number of 31 parameters. The significant
reduction of parameters decreases the model complexity and
improves model generalization.

Using both deviation models, the deviated 2D shape is
calculated for each slice, and the layer-connection method is
used to connect pairs of neighboring slices, yielding a 3D
triangular mesh model as shown in Fig.10. The amplitude of
deviations are highlighted with a color map on the surface. The
proposed method better captures the sharp changes of
deviations at corners of the shape, as observed in the
measurement data, which proves the effectiveness of the
method.



80 Zuowei Zhu et al. / Procedia CIRP 75 (2018) 75-80

— o i
0.121 e =
—_ —&—RMSE Transform
E 017 —&— RMSE Fourier-5 order
= “-— RMSE Fourier-15 order
% 0.08 —&— RMSE Fourier-35 order| ]|
T R N —
]
0041 o i P h
0.02 : q
0 5 10 15 20 25

Slice NO.

Fig. 9. Comparison of RMSE of both methods for each slice.

[Wm] [mm]

Z-axis ’ ‘ 037 Z-axis ’ " | -0.35
: !

8 044§ -0.44
21 A 2 )
< 1 -0.52 . > - || 052
10 g 10 - -
P "/0 0 gos o ‘"' o ° -06
s 10 0 s 10 A0
a) b)

Fig. 10. SMS generated by (a) 35th order FSE method; (b) proposed method.
5. Conclusion and outlook

Modeling of geometric deviations is an important concern
for AM. In this paper, in-plane geometric deviations are
investigated based on a transformation perspective that maps
effects of AM deviation sources to different transformation
effects on the nominal shape. Parametric deviation models are
formulated for circular and polygonal shapes based on the
transformation parameters. This transformation perspective
implies the consideration of deviation sources in AM and is
based on the geometric information of the designed shape,
therefore, compared to the FSE method that approximates the
actual shape using high-order Fourier Series, the model
generalizes well to different shapes and the model complexity
is significantly reduced. Nevertheless, limitations of the
method also exist. The transformation parameters are currently
treated as constants and applied to the overall shape, thus the
model doesn’t generalize well for deviations resulted from
location-dependent deviation sources. The current model
estimation procedure is lacking in a learning capability, so
existing parameter settings cannot be effectively reused as
knowledge to facilitate the generalization to new process
conditions.

Apart from overcoming these limitations, the future work
will also be focused on improving the model based on
geometric deviation data obtained from AM process
simulations. Extension of the method to more complex
freeform shapes will be studied and further applications of the
method on SMS will be exploited. The derivation of geometric
compensation on the designed geometry based on the proposed
model is also worth investigating.
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