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We present a 3D image registration technique for non-linear deformation estimation in Additive Manufacturing
processes. The methodology involves comparing X-ray Computed Tomography (XCT) data with Computer
Aided Design (CAD) models for Triply Periodic Minimal Surface (TPMS) lattices and employs the Chamfer
distance to refine mesh non-linear deformations.

1. Introduction

Image registration is crucial for quantifying deformations due to the
Additive Manufacturing (AM) process. The goal is to compare the actual
volume, for instance extracted via X-ray Computed Tomography (XCT)
data, with the nominal volume (CAD data), while addressing global and
local transformations. Several studies in AM processes have explored
registration techniques to enhance accuracy and reliability [1-4].

Usually, the registration problem is solved in two steps: linear and
non-linear transformation. The linear displacements, such as global
translation and rotation, are primarily caused by factors like differences
in sensor and coordinate systems (e.g., resolution, perspective view,
etc.). These displacements can be considered as rigid body transfor-
mations, where the overall shape of the object remains unchanged,
and only its position or orientation is adjusted. Linear displacements
are typically easier to model, often requiring simple mathematical
operations, such as translation and rotation matrices.

Non-linear displacements are more complex and are primarily asso-
ciated with shape deformations such as local distortion, local shrinkage,
or local stretching. These displacements reflect the actual changes in
the object’s shape due to external factors (e.g., loads, temperature
gradients etc.) and their magnitude can vary significantly across the
sample. Non-linear displacements often require more advanced compu-
tational techniques, such as iterative optimization methods, to find the
best fit between the original and deformed structures. For this reason,
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non-linear transformations are often computationally expensive, which
increases the complexity and time required for a successful registration.

A key challenge in registration, therefore, is in effectively separating
these linear and non-linear components of the total deformation. Even
if linear registration is usually faster and simpler with respect to the
non-linear one, we stress that both linear and non-linear registration
are very sensitive to the resolution of the data and the accuracy of the
initial alignment. Furthermore, effectively separating alignment quality
and non linear effects is still an unsolved problem [1].

In recent years, deep learning-based registration methods, such as
VoxelMorph [5], AiR [6], NICE-Net [7], and deep implicit optimization
approaches [8], have gained attention for their ability to perform
accurate registration. Deep learning algorithms can generalize well
across different datasets and learn complex deformation patterns from
large amounts of training data. However, traditional methods remain
widely used due to their interpretability, adaptability, and robustness
in cases where data availability is limited. One example, which we
employ in the present work, consists in using the Chamfer distance [9]
to directly minimize the point-to-point distance between two shapes.
This enables precise geometric alignment via direct mathematical min-
imization, without relying on learned latent patterns to guide the
registration process, as typical in deep learning approaches. We em-
phasize that, due to its simplicity and efficiency, Chamfer distance
has been widely employed by the deep learning community as well
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Fig. 1. Example of CAD (left) and XCT (right) 2D slices, taken perpendicular to the building direction. The yellow boundary in the right image highlights the effect of surface

determination in VGStudio Max software before segmentation of the XCT volume.

Fig. 2. CAD (left) and XCT (right) raw volumes before non-linear registration. The two volumes in the figure were linearly registered through feature-based registration exploiting

the spheres on the CAD volume.

as a similarity evaluation protocol for point clouds reconstruction and
registration [10-14]. Among other traditional methods, we cite the
Thin-Plate Splines [15] and the B-Spline Free-Form Deformations [16]
models, commonly employed in medical image registration.

With respect to deep learning methods, traditional approaches re-
quire fewer computational resources, and do not rely on extensive
training data. Also, non-deep learning models allow full control over
the registration process, including the ability to quantify and manage
errors, whereas deep learning models often function as a black box,
making it more challenging to interpret and diagnose errors. The choice
between deep learning and traditional techniques ultimately depends
on the application requirements, computational constraints, and the
nature of the deformation being modeled.

In the present work we employ the Chamfer distance as a loss func-
tion to solve a non-linear registration task on a single Triply Periodic
Minimal Surface (TPMS) mesh. To the best of our knowledge, we are
not aware of other studies that show the advantages of a Chamfer
distance-based non-linear registration method in this specific context
within the AM domain.

2. Data and preprocessing

In this study, we analyzed Triply Periodic Minimal Surface (TPMS)
lattices [17], which are widely used in several industries because
of their high surface area and mechanical efficiency. Due to their
complexity, such structures can be basically only manufactured via
AM methods, in particular Powder Bed Fusion-Laser Beam (PBF-LB).
These structures exhibit unique geometric configurations that enhance
key mechanical properties, such as strength-to-weight ratio and en-
ergy absorption, making them ideal for various industrial applica-
tions involving porous materials (typically heat exchangers are now
made with them, but TPMS find their way also as implants for bone
reconstruction) [17-211].

2.1. Data description

The dataset we used consist of reconstructions of XCT data and
of the corresponding CAD models (used for the PBF-LB fabrication
process) for seven TPMS volumes, see Fig. 1 for a 2D slice and Fig. 2 for
the 3D volume. The minimal surface for the TPMS volumes is governed
by the following equation (see [22,23] for a theoretical analysis of
TPMS geometry):

c08(4,x) sin(4,y) + cos(4,y) sin(4,z) + cos(4,2z) sin(4,x) = C (€8]

In this equation, 4,, 4,, and 4, control the periodicity of the pattern,
and C is the level set parameter that governs the position of the
boundary surface between the void and solid material. For C = 0, the
fundamental symmetric shape is obtained. The parameter C directly
influences the morphology of the TPMS. We stress however that in the
present work we focused on one volume, corresponding to C = —0.1.

The periodicity of the surface is also controlled by the A values,
which are referred to as the dilation factors. These factors depend on
the number of unit cells and the size of the unit cell in the structure,
which are the parameters fixed in Siemens NX 2406 software to gen-
erate the TPMS structures. This level-set approximation technique was
used to model the TPMS, where the equation represents the implicit
surface, while the boundary surface is defined by the value of C.

The TPMS volume is composed of an Aluminum alloy (AlSi10Mg)
and has dimension of 125 mm?>. The TPMS structures were imaged using
the diondo dXmax X-ray computed tomography machine at the X-ray
Imaging department of BAM. The X-ray tube was operated at a voltage
of 60kV and a current of 167 pA. The total number of projections was
3900 with a detector exposure time per projection of 1.8s. The samples
were placed at a focus-object-distance (FOD) of 28.77 mm and a focus-
detector-distance (FDD) of 800 mm. The XCT scan nominal voxel size
calculated by the machine software was 10 pm. Each projection had a



M. Lapenna et al.

Additive Manufacturing Letters 14 (2025) 100299

Fig. 3. XCT volume before (left) and after (right) surface smoothing. The XCT mesh was smoothed to reduce surface roughness and eliminate excess material within the voids of

the periodic structure.

size of 3000 x 3000 pixels. Low-energy photons were filtered to reduce
beam hardening artifacts by using a 1 mm Aluminum filter for the X-ray
beam.

2.2. Linear registration and preprocessing

Prior to this work, the XCT volume was segmented using the ad-
vanced surface determination algorithm available in VGStudio Max
software (Volume Graphics, Heidelberg Germany), a tool developed by
Volume Graphics for the analysis and visualization of XCT data, see
Fig. 1. The purpose of the segmentation was to binarize the gray levels
between void and material.

Then, to correct global misalignment before applying non-linear
adjustments, the CAD and XCT data were first registered through a
linear transformation. Specifically, surface points were fitted to spheres
located on the CAD volume, see Fig. 2. The centers of these fitted
spheres were extracted, and a least squares error fit was applied to
achieve accurate alignment. Spheres were chosen due to their superior
radiographic contrast and minimal form deviation [24,25]. Moreover,
the accuracy in determining a sphere’s center is significantly higher
compared to other geometric features in XCT, such as planes. This
is because the symmetry of a sphere ensures that errors are uni-
formly distributed across its surface, resulting in a more precise center
estimation [25].

After linear registration, we constructed a mesh on both the CAD
and the linearly registered XCT volumes. A mesh is a collection of
vertices, edges, and faces that define the shape of a 3D object, typically
used for surface representation and analysis [26-28]. In this process,
the mesh was generated using VGStudio Max software, ensuring an
accurate and high-resolution representation of the XCT data for further
comparison with the CAD model. We highlight that recent research has
increasingly favored mesh-based surface registration as a strategy for
XCT-to-CAD alignment [1,4].

The XCT mesh was subsequently smoothed to reduce surface rough-
ness and eliminate excess material within the voids of the periodic
structure; see Fig. 3 for a comparison between smoothed and non-
smoothed XCT volumes. The initial mesh files were processed using
Ansys SpaceClaim, following an iterative approach. First, the number of
mesh triangles was reduced by 75%, after which the Auto Fix function
was applied to correct any defects in the reduced mesh. This denoised
the surface and removed the roughness by just deleting points while
keeping the overall structure. Any small, disconnected elements were
then identified and removed. The 75% reduction in the number of
mesh triangles was achieved through two consecutive 50% reductions.
This stepwise approach was deliberately chosen to maintain the overall
geometry and structural integrity of the component. A single, more
aggressive, reduction could result in the loss of critical details. The
smoothing process continued with the Smooth tool, using the Add
Facets option with a 60 degree angle threshold. This value was chosen
because it is the default setting in the software and has consistently

produced reliable results in preserving important geometrical features
while smoothing sharp angles. This option allowed vertex positions to
move and possibly increased the number of triangles while smoothing
the mesh. The angle threshold ensured that sharp edges where faces
meet at angles above the specified limit remained unmodified. To
further smooth the mesh, the Volume Aware option was used with
the same 60 degree angle threshold. This option maintained the total
triangle count while preserving the overall volume of the structure. The
entire process was repeated once more to obtain the final smoothed
mesh.

We stress that internal process-induced defects, such as lack-of-
fusion pores or keyholes, may introduce local irregularities that com-
promise the accuracy of surface registration. To mitigate these effects,
isolated components such as pores and powder particles trapped within
the TPMS structure were removed during the segmentation and mesh
extraction steps. In addition, the smoothing procedure not only reduces
surface roughness and excess material but also helps to eliminate
residual small, disconnected elements, thereby refining the overall
mesh geometry. It should be noted, however, that volumetric defects
(e.g., pores or cracks) are not explicitly included in our study, which
only deals with surface registration.

3. Method

The Chamfer distance was used to measure the similarity between
the source (XCT) and the target (CAD) meshes, serving as the loss
function for non-linear registration. Formally, the Chamfer distance loss
is defined as:

- : 2 : 2

Ceanten(S:T) = 3, mipls =17 + 3 mig = sIP” @
where .S and T are the point sets representing the vertices of the source
and target meshes, respectively, and ||s — 7|| is the Euclidean distance
between points s and ¢. The total number of vertices in both the CAD
and the smoothed XCT meshes is approximately 100,000, while the
number of triangles is around 200,000. Importantly, .S and T do not
necessarily have the same number of points, meaning there is no direct
one-to-one correspondence between their vertices. The loss function
computes the sum of distances from each point in S to its nearest
neighbor in T, plus the sum of distances from each point in T to its
nearest neighbor in S. This was done iteratively to progressively refine
the displacement field. In this context, the displacement field represents
the set of displacement vectors applied to each vertex in the source
mesh to achieve alignment with the target mesh. It is a tensor of shape
(N, 3), where N is the number of vertices in the source mesh, and each
row corresponds to a displacement vector (x, y, z) for a vertex.

Initially, the displacement field was set to zero. Then, at each
iteration, the displacement field was updated, gradually adjusting the
position of each vertex in the source mesh to minimize the Chamfer
distance with respect to the target mesh. Importantly, this process
involved no direct correspondence between points on the source and
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target meshes, as the nearest neighbor can change at each iteration.
The final output consists of a refined displacement field that aligns the
source mesh with the target mesh.

The optimization was carried out using stochastic gradient descent
(SGD) [29] with momentum set to 0.9 and a learning rate of 1.0,
running for N, = 100,000 iterations. Several shape regularization
terms were incorporated into the objective to enforce smoothness, with
a specific weight for each term. The total loss was then:

Liotal = 1.0+ Lepamfer +1.0 - Eedge +0.01 - Lyyorma +0.1- Elaplacian’ 3

where L4, minimizes the length of the edges in the predicted mesh,
L omal €nforces consistency across the normals of neighboring faces and
Ligplacian 1S the laplacian regularizer. The code to implement the total
loss is directly available in Pytorch3D [30]. These regularization terms
helped in maintaining geometric integrity and preventing unwanted
distortions during the registration process. One of the main advantages
of the Chamfer distance approach is its efficiency: directly operating on
meshes, as opposed to voxel-based methods, is more memory-efficient
and scalable for large-scale 3D registration tasks. Indeed, the number
of vertices in a mesh is typically much lower than the number of voxels
in the original volume. This is because meshes only encode the surface
geometry, while typical high-resolution 3D XCT scans store values for
every small unit of volume, regardless of whether it is part of the actual
object or empty space. As a result, the non-linear registration of a single
volume was completed in just three hours when using a GPU (NVIDIA
GeForce RTX 3090 Ti, 24 GB VRAM).

The scalability of the method is primarily influenced by the com-
plexity of the mesh required to accurately represent the surface geom-
etry. Since the registration operates on surface meshes extracted from
the XCT volume, the number of mesh vertices depends on the level
of surface detail needed. For smoother or less complex geometries, a
coarse mesh may suffice, even at high voxel resolutions. In contrast,
for more intricate geometries, a higher voxel resolution can facilitate
the extraction of finer meshes with a greater number of vertices, which
in turn increases processing time. The Chamfer distance loss itself
scales linearly with the number of points, as it computes the distance
from each vertex in the source mesh to its nearest neighbor in the
target mesh, and vice versa. This ensures that the method remains
computationally efficient even for large and complex components.
Furthermore, while the presented results focus on a specific TPMS
structure, we expect the proposed approach to be relevant for different
AM geometries with minor adjustments, such as adjusting the mesh
granularity to the size and shape of interest or, possibly, decomposing
registration displacements into components parallel and perpendicular
to the surface at each point, making it suitable for broader industrial
applications.

4. Visualization of registration effects

In Fig. 4, we present visual comparisons of the CAD and XCT
meshes registered with respect to one another. These 2D visualizations
illustrate the alignment improvements after non-linear registration.
Specifically, we notice how the registration sometimes fails when the
periodic voids of the TPMS structure are split into two smaller com-
ponents, likely due to manufacturing defects that distort the designed
geometry. While the registration algorithm is generally robust and does
not fail in all such cases, its performance is ultimately constrained by
the quality of the input data and cannot fully compensate for severe
deviations from the designed geometry. In Fig. 5, we show the 3D raw
volume comparison.

To further analyze the effects of registration, we visualized the nor-
mal displacement vector for each mesh vertex in 3D, see Fig. 6. Since
the mesh was saved with micrometer (pm) coordinates, all displacement
values are expressed in micrometers. The normal displacement vector
was computed by projecting the overall displacement vector onto the
surface normal using VTK (Visualization Toolkit for 3D rendering).

Additive Manufacturing Letters 14 (2025) 100299

This enabled a pointwise analysis of how each vertex on the original
XCT mesh moved as a result of the non-linear registration process to the
CAD. As shown in the heatmap in Fig. 6, the AM process induced an
overall significant outward displacement along the vertical y-axis, as
well as along a preferred direction in the xz-plane.

To quantitatively assess the distribution of displacements to register
XCT to CAD, in Fig. 7 we present a histogram showing the probability
density function of the displacement along the three principal axes x, y
and z. The histogram provides a statistical overview of the displacement
distribution, revealing that displacement is particularly enhanced along
the y-axis (corresponding to the building direction), as shown by the
heatmap in Fig. 6.

The positive displacement along the y-axis suggests that the XCT
volume was primarily undergoing shrinkage in this direction with
respect to the CAD model during the AM process. The two main reasons
of this behavior are that along the building direction the structure
is less constrained, and that sagging is predominant in the vertical
direction due to the effect of gravity. The notably greater shrinkage
along the build axis is further motivated by early-stage shrinkage
effects that occur before the PBF-LB process reaches steady-state, as
reported in [31,32]. These initial shrinkage phenomena can substan-
tially contribute to the overall deformation along the vertical direction,
especially in small-scale components and when they are printed directly
on the build plate without support structures.

Interestingly, while the heatmap in Fig. 6 also reveals a directional
bias in the displacement within the xz-plane, the histogram in Fig.
7 does not exhibit a similar pattern. The mean displacement values
along the x and z-axes are essentially zero. This discrepancy suggests
that although there are directional biases visible in the heatmap, they
may cancel out over the overall distribution, resulting in zero mean
displacement along the x and z-axes.

5. Analysis of strain and mean displacement

Strain and displacement are key metrics to assess the deformation of
a material during AM [33-36], though they quantify different aspects
of the material’s response to forces. While strain is a dimensionless
measure reflecting relative changes in shape or size, displacement
represents the absolute motion of a material point with units of length.
In this study, both strain and displacement were computed directly
from the displacement field using VTK. To fully characterize the de-
formation, we define the strain tensor € (see Eq. (4)), which captures
both normal (diagonal) and shear (off-diagonal) strains.

1 1
Exx 2 yxy ? Vxz
_|1
€= % }/yx lgyy 2 yyz (4)
2 Vzx 2 Vzy 3

zz

The components of the strain tensor at a specific vertex are derived
from the vertex displacement vector u; = (u;,u;,u;) as follows. The
normal strain quantifies the elongation or compression along a given
axis and it is obtained as the derivative of the displacement vector
components along the x, y, and z directions:

o’ ou! ) ou'

i _ X i _ _ Y i z
T o wT g =T )

To obtain a scalar measure of deformation, we computed the mean
absolute normal strain over all deformed vertices in the mesh:

M=

N N
- 1 i _ 1 i _ 1 i
Ea =3 21 el By = 21 eyl B = 5 2 lek] (6)
i= i= i

1

where N is the total number of vertices. The shear strain describes
angular distortion due to tangential forces and it is computed from the
off-diagonal components of the displacement gradient:
) ; ) ) ; )
P ou’. % P oul. oul P ou,,  oul, -
7xy 0 y ox ’ yxz

X -, = — 4+ =
0z ox Vyz 0z dy
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(©)

Fig. 4. Visualization of mesh alignment on 2D slices (on the left the xy-plane, on the right the xz-plane). (a) CAD model (orange) overlaid with the original XCT scan (green),
(b) original XCT scan (green) overlaid with its non-linearly registered counterpart (blue), and (c) CAD model (orange) overlaid with the non-linearly registered XCT scan (blue).

In the xz-plane on the right, we highlight with pink circles the areas where the registration fails due to severe splitting of the TPMS periodic voids into two components during
the additive manufacturing process.

Fig. 5. Comparison of XCT before (left) and after (right) non-linear registration to the CAD model. The left side shows the raw linearly-registered XCT scan after smoothing, while
the right side displays the smoothed XCT scan after non-linear registration.
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Fig. 6. Visualization of the normal displacement (um) on the mesh vertices, when registering the XCT to the CAD. Warmer colors indicate larger outward (positive) displacements
of the XCT mesh to align to the CAD mesh, while cooler colors indicate larger inward (negative) displacements of the XCT mesh to align to the CAD mesh. From left to right: x,

y, and z components of the normal displacement.
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Again, we computed the mean absolute shear strain over all de-
formed vertices:

N N
_ 1 ; ) 1 ; _ 1
Tay = NZU’;yl, Tz = NZU’;ZL he=x
i=1 i=1

M=

17| ®)

1

I
—_

On the other side, displacement quantifies the motion of a point in
the material from its original position before registration. The mean
displacement (@) is computed as:

N
_ 1
= ;1 [, I ©)

where u; = (u;,u;,u;) is the displacement vector at the ith vertex,
|lu;|| represents its magnitude, and N is the total number of deformed
vertices in the mesh. To evaluate the displacement along each axis, we
computed the mean absolute displacement in the x, y, and z directions:

L X | X | X

Bo=— DMl = Pl a = Yl 10)
i=1 i=1 i=1

where !, = x] - x;, u}, = y| - y;, and u}, = z] - z; represent the displace-
ment components along the x, y, and z directions, respectively. Here,
(x],y},2}) are the coordinates of the deformed vertex after registration,
and (x;, y;, z;) are the original coordinates. In Fig. 8, we report the mean
absolute displacement and mean absolute normal strain along the three
principal axes (x, y, and z), as well as the mean absolute shear strain

on the xy, yz, and xz-planes.

To assess the relevance of the mean absolute displacements within
a volume of 125mm?, we compared these displacements to the char-
acteristic dimension of the volume. Assuming an approximately cubic
shape, the characteristic side length can be estimated as:

L~ V125mm3 = 5.00mm = 5000 pm. (11)

The relative displacements along the x, y, and z-axes were computed

as:

_fx = ;fT”; ~ 0.108%, 12)
% - ;(S?Tu;?n ~ 0.140%, as)
;Lz = ;?Tt:l ~0.111%. as

These calculations indicate that the observed displacements along
all three axes are below 0.15% of the characteristic length of the vol-
ume, making them relatively small in a macroscopic context. However,
in high-precision applications, such as micromechanics or biotechnol-
ogy, even micrometer-scale displacements can be significant.

While the mean displacement along the y-axis is the largest, as noted
earlier in Section 4, the mean normal strain along the y-axis remains
relatively close to those of the other two axes, at 0.51% compared to
0.50% and 0.52% along the x and z-axes, respectively. This indicates
that although there was significant motion along the y-axis, the object
deformed similarly in all directions. Furthermore, the mean shear strain
along the three principal planes was computed and found to remain
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Table 1
Registration evaluation metrics comparing the registered XCT and CAD models before
and after non-linear registration.

TPMS structure

Linear registration

Dice score 87.27%
MSE 7.24%
Non-linear registration

Dice score 97.10%
MSE 1.95%

relatively low as well, with comparable values of 0.63%, 0.70%, and
0.65% for the xy, yz, and xz-planes, respectively.

6. Registration accuracy

To evaluate the registration accuracy between the CAD model and
the registered XCT data, we computed the Dice score and the Mean
Squared Error (MSE) on the segmented raw volumes. In order to do
this, we converted the XCT registered mesh back to a binarized raw
volume, i.e., we assigned the voxels as full (1 value) or empty (0 value)
based on the registered mesh. This was done again with the advanced
surface determination algorithm available in VGStudio Max software.

The Dice coefficient and MSE (see Eq. (15)) provide complemen-
tary perspectives on registration accuracy. The Dice score is a widely
used metric in image segmentation [37-40], which rewards correctly
segmented voxels and penalizes incorrect ones. On the other side, the
MSE simply quantifies the absolute voxel-wise intensity differences.

2T P

Dice Score = ———————
2TP+ FP+FN

N
MSE = % X, -v) (15
i=1

Here TP, FP, and FN indicate True-Positive, False-Positive, and
False-Negative voxels; it is important to note that TP voxels correspond
to regions where the registered XCT and the CAD align perfectly. On the
other hand, X; and Y; directly represent voxel intensities (in our case
either 0 or 1) for the registered XCT and CAD volumes respectively, and
N is the total number of voxels.

Table 1 presents the quantitative comparison between linear and
non-linear registration. The Dice score reflects a high degree of over-
lap between the registered XCT and CAD models, with non-linear
registration significantly improving accuracy. Indeed, the Dice score
for the TPMS structure increased from 87.27% to 97.10% after non-
linear registration. Similarly, the MSE sees a substantial improvement
as well, with a reduction from 7.24% to 1.95%, confirming that the
non-linear registration was successful. These results highlight the ef-
fectiveness of the non-linear registration pipeline in achieving higher
structural fidelity and minimizing misalignment when compared to
linear registration.

7. Conclusion

With the aim of determining dimensional distortions of additively
manufactured parts (in our case PBF-LB-AISi10Mg lattice structure)
after printing, we used the Chamfer distance loss to evaluate and refine
mesh non-linear deformations on complex Triply Periodic Minimal
Surface lattices. We started from X-ray Computed Tomography 3D
reconstructions, we meshed them and we registered them to the CAD
model (used as input for the AM process). Our results demonstrate
that Chamfer Distance is highly effective in capturing geometric dis-
crepancies and describing the deformation process. In fact, our method
uses a non-linear registration, thereby capturing fine details of the
distortion field. The advantages of the Chamfer method, with respect
for instance to deep learning approaches, are its simplicity, speed, and
transparency. We estimated the errors and evaluated the accuracy of
the registration by the Dice Score and the Mean Square Error. Further-
more, we analyzed the strain and displacement from the displacement
field associated to the registration transformation and we found that
the volume is primarily shrinking along the building direction during
the AM process.
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