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Abstract
A critical challenge in Additive Manufacturing is to ensure the safety and dimensional accuracy of produced parts. Since 
quality control is made by means of different online and offline imaging techniques (e.g. Thermography, X-ray and Optical 
Computer Tomography), image registration plays an important role in addressing these challenges. This paper introduces the 
main motivation, challenges, and research gaps of image registration in Additive Manufacturing. Furthermore, it introduces 
the main transformations, registration methods, similarity matrices and accuracy measurement. The main aim of the paper 
is to present a comprehensive review on the available methods for image registration in Additive Manufacturing based on 
the measurement techniques. Various registration methods, including landmark-based, point cloud-based, image intensity-
based, and shape-based techniques, are examined in their applications for quality control, defect detection, and distortion 
quantification.
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1  Introduction

Additive Manufacturing (AM) is gaining popularity in vari-
ous fields of applications such as biomedical, automotive, 
and aerospace industries. In recent times, there has been 
a growing trend of using AM for the fabrication of func-
tional near-net-shape products [7]. One of the most signifi-
cant advantages of AM is that it provides more freedom 
of design for parts with complex structures than traditional 
manufacturing [10]. However, the enhanced design capabili-
ties of AM cannot be fully utilized until the finished parts 
are qualified [12]. In terms of quality assurance, optical pro-
cess monitoring techniques such as thermography, optical 
tomography, melt pool monitoring, interferometric imaging 
etc., are increasingly used. For the sake of interpretation of 
the image data from process monitoring, successive qual-
ity assurance is performed by means of methods such as 

Computed Tomography (XCT), metallography and electron 
microscopy. Image registration is a crucial step to compare 
and correlate the process monitoring data and the after-pro-
duction quality to monitor changes and deformations during 
the AM process. Registration of different datasets also ena-
bles the understanding of thermal distribution, defect forma-
tion, and microstructural variations in the process.

This review paper aims to provide an in-depth exploration 
of the state-of-the-art image registration methods applied to 
quality control in AM and includes the motivation, the chal-
lenges, and the research gap on image registration in AM. It 
also delves into the various image registration techniques, 
including feature-based methods, intensity-based methods 
and point cloud-based approaches, analyzing their strengths, 
limitations, and applicability to different AM scenarios.

1.1 �  Motivation of image registration in AM

Quality control of AM parts can be differentiated into two 
kinds of measurement technologies: First, online monitoring 
techniques measure data during the actual printing process; 
this process aims to enable real-time process control [13]. 
Online monitoring encompasses different methods such as 
layer-wise optical imaging using cameras [14, 15], melt pool 
monitoring data using high-speed thermal imaging cameras 
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[16–18] and photodetectors [18, 19]. Secondly, ex-situ meas-
urements yield data after the manufacturing process is com-
pleted. Ex-situ measurements allow the post-process anal-
ysis and quality assessment of the produced components. 
Such analysis is used to assess the mechanical properties and 
structural integrity of the parts [20]. Ex-situ measurements 
can be either destructive or non-destructive. Frequently 
used destructive methods are, for example, mechanical test-
ing [21, 22] and Metallography [23, 24]. Prominent non-
destructive techniques include X-ray Computed Tomog-
raphy (XCT) for assessing internal features, porosity, and 
dimensional accuracy of the parts [25, 26]. Ultrasonic test-
ing (UT) is used for defect detection [27, 28]. X-ray Diffrac-
tion (XRD) and Neutron Diffraction techniques are used for 
residual stress analysis [29, 30]. The data generated from 
these measurement devices or software systems are repre-
sented in different spatial reference coordinate systems [31] 
and different data formats. Image registration serves as a 
method to map the data from various sensing systems and 
imaging modalities to a common coordinate system enabling 
data fusion for quality control in AM [32–34].

Another main motivation for image registration is to 
quantify the distortion in the AM parts. Distortion and 
residual stresses in AM parts are caused by the local energy 
input during material deposition and high-temperature gra-
dients leading to rapid solidification [35]. Distortion denotes 
the deviation of the produced part from its nominal shape, 
typically represented by Computer-Aided Design (CAD) 
data. Distortion may occur during the production process 
or after the built part is separated from the substrate plate. 
These challenges affect the dimensional precision of the AM 
process and overall AM part performance [35]. Image reg-
istration quantifies the extent of distortion through a com-
parison of the part’s nominal design (CAD) and its shape 
after printing [36]. By identifying differences between the 
design and the printed object, the effects of distortion on the 
part can be studied. Such study enables the development of 
manufacturing strategies to mitigate or reduce the distortion 
effects [3, 37].

1.2 �  Challenges of image registration in AM

As already discussed in Section A, process data in differ-
ent formats are collected at different stages of the process. 
For a single manufactured component, the accumulated 
data can exceed hundreds of gigabytes; this large amount 
of data is commonly referred to as ‘Big Data’ [38]. Han-
dling this extensive data requires a significant amount of 
time and computational resources; it also demands robust 
hardware and software capabilities for information extrac-
tion [4, 32, 35, 36, 39]. Currently, the lack of a standard 
data format for data interoperability between engineer-
ing tools poses significant challenges in exchanging and 

sharing data among different entities and during differ-
ent stages of data processing [40]. Some studies propose 
storing the fused data in HDF5 file format, which allows 
easy and efficient access to the data [41, 42]. HDF5 files 
have a hierarchical structure that allows for the storage of 
a wide variety of data types and structures. As a further 
data format, the Digital Imaging and Communications in 
Medicine (DICOM) is widely used [43, 44]. DICOM files 
have a data structure optimized for medical imaging data, 
with a focus on images and associated metadata. In the 
scope of AM, the development of a uniform data format 
has received increased attention since thereby, the data 
traceability, data processing, and data correlation could 
be improved [45].

Another significant challenge is the registration of data 
from different measurement techniques, referred to as 
multimodal registration. In multimodal registration, the 
task is to align data from diverse sources, e.g., measure-
ment techniques. The data can vary in resolution, modali-
ties, viewpoints, intensity distribution and timeframes. The 
appearance of extracted features, such as edges, corners or 
landmarks may vary or sometimes be absent in different 
modalities. Also the varying resolution, noise, and distor-
tions in each modality add difficulty in achieving an accurate 
and robust registration [46, 47]. Additionally, the presence of 
deformation in the printed part can lead to poor registration 
of data from different sources [32, 48].

Image registration also faces a significant challenge: the 
lack of efficient registration accuracy measurement methods. 
The various in-situ and ex-situ measurement techniques are 
used to measure different physical aspects of the AM pro-
cess. This complicates the definition and determination of 
what constitutes accurate registration. There exists no uni-
versal ground truth or reference point for accurate registra-
tion as soon as the part has been removed from the build 
plate. Even though image registration is a widely studied 
technique in AM, the accuracy of image registration is very 
rarely reported to the best of the authors’ knowledge [11, 
32]. The existing methods for image registration in general, 
such as measuring the overlap of registered volumes, dis-
tances between landmarks, and statistical measures give a 
global measure for image registration accuracy. These global 
measures fail to differentiate between misalignment due to 
inaccurate registration and unknown distortion and shrink-
age present in the part. Figure 1. shows an example of quan-
tifying such an effect. In, Fig. 1a registration by an expert 
is demonstrated. The other examples show the addition of 
slight errors in registration. However, different accuracy 
measures, as shown in Table 1, such as a sum of squared dif-
ference between pixel values, the Dice score which measures 
the area of overlap, Euclidian distance between the center 
of mass of the image, fails to measure these errors due the 
distortion present in the part.
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Numerous toolboxes have been developed for image 
registration, including Slicer [49], ImageJ [50], Elastix 
[51], Amira Avizo [52, 53], DREAM.3D [54], Dragon-
fly [55] and VGSTUDIO MAX [56]. The Insight Toolkit 
(ITK) [57] is an open-source framework offering a com-
prehensive suite of image analysis tools, including regis-
tration, and can also be integrated into analysis platforms 
such as DREAM.3D and Elastix. Although these toolboxes 
offer a plethora of registration algorithms, they demand 
expertise and extensive manual interventions, lacking a 
standardized and reliable registration procedures. While 
many publicly available toolboxes and registration tech-
niques were initially designed for medical imaging, they 
may not fully cater to the specific requirements of AM 
imaging research, especially for 3D image sets. Further-
more, the integration of these toolboxes with standard 
visualization tools may not be optimal. There are also 
image processing libraries such as OpenCV [58], Pillow 

[59], scikit-image [59] for Python, and MATLAB [60], but 
their application is mostly limited to 2D image registra-
tion [11, 61].

1.3 �  Research gaps of image registration in AM

A first gap has been identified in the previous chapter: the 
absence of a standardized image registration algorithm, 
which poses challenges in terms of consistency and reli-
ability of the registration process in AM.

A further notable research gap in the field of image 
registration (in AM) is identified as the absence of robust 
methods for achieving accurate registration, as also 
explained in section B. Image registration in AM is an 
ill-posed problem due to the multimodality of image moni-
toring systems, as well as the presence of shrinkage and 
distortion resulting from the process. Even a difference in 
initialization of the spatial location of data for the regis-
tration can result in different solutions in commercially 
available software. Consequently, achieving an accurate 
registration, that is physically meaningful, often requires 
manual fine-tuning by an expert. Hence, approaches incor-
porating additional constraints, objectives, or information 
provided by experts are needed to regularize the image 
registration process, making it robust and automatic.

Another main research gap is the absence of adequate 
knowledge about the temporal and spatial formation of dis-
tortion or warping of the part (deformation history) during 
printing. The primary challenge lies in the complexity of 
measuring deformation during the manufacturing process. 
For example, this task requires the installation of specific 
hardware, such as a laser scanning device, in the machine. 
Subsequently, the development of functions to map the 
distortion becomes another important step. Analytical 
solutions are constrained by the lack of comprehensive 
understanding of the AM process. The emergence of novel 
machine-learning techniques promises significant poten-
tial for addressing these challenges through data-driven 
solutions [38, 62]. Therefore, research about obtaining 
reliable data and integrating data-driven methodologies 
to find appropriate mapping functions for deformation his-
tory prediction remains an ongoing research frontier.

Fig. 1   Overlap of a 2D slice of CT scan(binarized) registered on 
reference CAD of a cuboid geometry. a registration by an expert. b 
Rotation error added to registration 1. c Translation error (in x and y 
axis) added to registration 1. d Translation error added to registration 
1 (in x axis)

Table 1   Calculation of accuracy measurement metrics for different image registration as shown in Fig. 1. Sum of squared error should be mini-
mum; dice score should be maximum; and Euclidian distance between center of mass should be minimum for an accurate registration

Accuracy measurement metrics Registration 1 Registration 2 Registration 3 Registration 4

Sum of squared difference 245 51 184 218
Dice score 95 95 95 95
Euclidian distance between center of mass 6.5 0 162 165
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2 � Methods

Image registration is the transformation process of images 
acquired from different sources, viewpoints, or timeframes 
into one common coordinate system to enable spatial corre-
lation between the images. The main classification of image 
registration relies on diverse parameters such as dimension-
ality, transformation method, interaction, optimization, as 
well as modalities as shown in Fig. 2 [63]. This section pro-
vides an overview of fundamental transformation methods, 
algorithms, similarity matrices, and accuracy measurement 
techniques used for image registration in AM.

2.1 �  Transformations in image registration

Figure 3 gives an overview on basic transformations in 
image registration in 2D. Transformations in image regis-
tration can be classified as global and local transformations.

a.	 In a global image registration, a parametric transforma-
tion model is applied to all pixels in the image or in a 

region of interest. The set of operations that includes 
all such transformations is referred to as affine transfor-
mations and can be described using matrix representa-
tion [64]. If a point x = (x, y) is considered, the affine 
transformations of x to its registered position x’ can be 
represented as:

 

where a through f are scalars.
When b = d = 0, and a = e = 1, Eq. 1 results in pure transla-

tion. A translation moves a set of points in x or y direction.

If a = e = cosθ, b = -sinθ, d = sinθ, and c = f = 0, where θ 
is an angle of counterclockwise rotation around the origin, 
Eq. 1 results in a pure rotation. It rotates a set of points 
around the origin.

(1)x� =

[
ax + by + c

dx + ey + f

]
,

(2)x� =

[
x + c

y + f

]

Fig. 2   Classification of image 
registration

Fig. 3   a Image of 3D lattice structure [45], b Original image which 
is 8-bit grey level image of the CT scan of lattice structure, c Transla-
tion applied to the image, d Rotation applied to the original image, 

e Scaling applied to the original image, f Shearing applied to the 
image, g Non-linearly deformed image. All images from b to g are of 
resolution 76 µm
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In geometric transformations, a transformation that pre-
serves the size and shape of objects while changing their posi-
tion and orientation through translations and rotations is called 
a rigid transformation.

When b = d = 0 and c = f = 0, Eq. 1 leads to scaling. It scales 
a set of points in the x and y direction.

If a = e = 1 and c = f = 0, Eq. 1 results in shear transforma-
tion which offsets a set of points a distance proportional to the 
x and y coordinates.

An advantage of matrix representation is that it can be used 
to factor a complex transform into a simpler transformation 
using the associative law of matrix multiplication. Since trans-
lation cannot be represented as matrix multiplication, the 2D.

problem is converted into a 3D problem using homogene-
ous coordinates. With homogeneous coordinates, translations 
can be represented as matrix multiplications, which simplifies 
the mathematical operations required. The point x = (x, y) can 
be represented using a 3D vector 

[
x, y, 1

]T and the transforma-
tion matrices can be converted to a 3D homogeneous form by 
appending an additional row and column. The transformations 
can be described using 3D homogeneous coordinates as shown 
below:

When sx and sy are scaling factors, a scale matrix can be 
represented as:

When θ is an angle of counterclockwise rotation around the 
origin, a rotation matrix can be represented as:

When hx and hy are shearing factors, a shear matrix can be 
represented as:

(3)x� =

[
x cos � − y sin �

x sin � + y cos �

]

(4)x� =

[
ax

ey

]

(5)x� =

[
x + by

y + dx

]

(6)Scale, Sc =

⎡⎢⎢⎣

sx 0 0

0 sy 0

0 0 1

⎤⎥⎥⎦
,

(7)Rotation, R =

⎡⎢⎢⎣

1 0 0

0 cos� sin�

0 sin� cos�

⎤⎥⎥⎦
,

(8)Shear, Sh =

⎡⎢⎢⎣

1 hx 0

hy 1 0

0 0 1

⎤⎥⎥⎦
,

When tx and ty are the translation factors, a translation 
matrix can be represented as:

The following equation is an example of how these trans-
formations can be combined into a single affine transforma-
tion matrix:

This equation allows the application of all necessary 
transformations to a point or object in one step, includ-
ing scaling, rotation, shear, and translation in all the x, y, 
and z dimensions. The same concept can be applied to 3D 
image registration. Here a 4 × 4 matrix is used to represent 
the transformations, thereby accounting for the additional 
dimension (the z-axis) in the 3D space.

b.	 In contrast to global image registration, local image reg-
istration deals with the registration of non-uniform dis-
tortions in the image as shown in Fig. 3g. Displacement 
vectors are used to describe the shifts or deformations 
that need to be applied to individual pixels or regions to 
align the images. These displacement vectors indicate 
the movement of each pixel from its original position 
to its registered position in the other image. This non-
parametric approach allows more flexible and adaptive 
transformations to accommodate local variations and 
deformations between images. Several popular models 
and algorithms are used for local image registration. 
Some of the most well-known ones are briefly described 
in the following:

1.	 Demons Algorithm: It is used to align or register two 
images by modeling the deformation field that maps one 
image to another. It iteratively optimizes a deformation 
field to align two images by applying forces derived 
from a similarity metric’s gradient. [65, 66].

2.	 Optical Flow: Optical flow methods estimate the motion 
of pixels between two images and can be used for local 
registration by calculating the displacement of pixels 
[67, 68].

3.	 Horn-Schunck Method: This method is used for dense 
optical flow estimation and involves minimizing an 
energy function to determine the flow field between 
images [69, 70].

4.	 Thin Plate Splines (TPS): TPS is a deformation model 
that uses control points to interpolate a smooth transfor-
mation between images [71, 72].

(9)Translation, T =

⎡⎢⎢⎣

1 0 tx
0 1 ty
0 0 1

⎤⎥⎥⎦

(10)
x� = T (Sh (R (Sc (x)))) = (T ∗ Sh ∗ R ∗ Sc) x = M ∗ x
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5.	 B-splines: B-splines are widely used for image registra-
tion as they provide a flexible way to model local defor-
mations [73, 74].

6.	 Free-Form Deformation (FFD): FFD uses a grid of 
control points to deform an image locally, allowing for 
complex deformations to be applied [75, 76].

7.	 Coherent Point Drift (CPD): CPD is a probabilistic algo-
rithm that models the relationship between two images 
using a Gaussian mixture model and estimates the trans-
formation parameters [77, 78].

2.2 �  Feature‑based and intensity‑based image 
registration

Image registration can be categorized into two main methods 
based on the algorithm used: feature-based and intensity-
based registration.

Feature-based registration operates by detecting and 
matching distinctive features present in different images 
[79]. The main steps of feature-based registration are: feature 
detection, feature matching, determination of transforma-
tion and image transformation (Fig. 4). In image registra-
tion, the input images can be referred to by the user as fixed 
image and moving image. The moving image is spatially 
transformed by applying geometric transformations to align 
it with the fixed image. The first step in feature-based regis-
tration is to detect distinctive features in both the reference 
and target images. These features could be corners, edges, 
or other salient landmarks that remain relatively consistent 
across different viewpoints or time frames. Common algo-
rithms for feature detection include Harris corner detec-
tion, Scale-Invariant Feature Transform (SIFT) [80, 81], 
and Speeded-Up Robust Features (SURF) [82]. Once the 
features are detected in both images, the next step is to find 
correspondences between the features, a procedure called 

feature matching. Feature matching algorithms compare 
the feature descriptors (vectors that represent the features’ 
characteristics) in the fixed and moving images to determine 
which features correspond to each other. Various matching 
techniques, like comparing the Euclidean distance between 
feature descriptors, K-nearest-neighbors [83], RANSAC 
(Random Sample Consensus) [84] are used to find accurate 
feature match. Subsequently, a transformation model, mainly 
translation, rotation, or affine transformation, is estimated 
based on the matched feature correspondences. Transfor-
mation is estimated by minimizing the difference between 
corresponding feature points by using methods such as the 
least squares error. The final step is the application of the 
estimated transformation to warp the moving image into 
alignment with the fixed image. This process involves resa-
mpling or interpolation of pixel values to generate the trans-
formed image. The quality of the registration is evaluated by 
measuring the alignment error or similarity metric between 
the transformed source image and the target image [85, 86].

Each registration step has intrinsic challenges. In fea-
ture selection, selecting distinctive features that are widely 
distributed and easily detectable is a challenging task as 
shown in Fig. 5. The feature extraction step may also result 
in potential errors [3]. The development of software for auto-
matic feature recognition is challenging. One main reason is 
that there are diverse and subjective definitions of what con-
stitutes a feature in an image [87]. During feature matching, 
issues may arise from inaccurate feature detection or image 
degradation, such as noise, blur, poor contrast, etc. Physi-
cally corresponding features might appear dissimilar due to 
varying imaging conditions or sensor spectral sensitivity. 
The choice of feature description and similarity measure 
accounts for these factors. Therefore, it is essential to have 
descriptors that are both invariant to expected degradations 
and capable to distinguish features while remaining robust 
against minor variations and noise. Thirdly, the selection of 
transformation functions should align with prior knowledge 
of the acquisition process and anticipated image degrada-
tions. Ultimately, the selection of an appropriate resampling 
technique depends on the balance between the required 
interpolation accuracy and computational complexity. While 
nearest neighbor or bilinear interpolation typically suffice 
for many scenarios, specific applications may require more 
refined methods to achieve higher precision [88].

The feature-based registration approach is mainly 
implemented by incorporating extrinsic (additional) land-
marks into the build geometry as identifiable features. In 
the study of Wang et al. [89], the registration methodolo-
gies are categorized into landmark-based and landmark-
free approaches. However, the authors report that the 
landmark-based method is unsuitable for the AM use case 
due to subjective landmark selection by operators and the 
vulnerability of distinct features, such as corners, to 

Fig. 4   a Feature-based image registration b intensity-based image 
registration
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thermal stress and deformation. Wang et al. highlight that 
among landmark-free registration methods in AM, the 
Iterative Closest Point (ICP) algorithm based on point 
cloud data is most often used [89]. Such an approach 
involves identifying distinct features in point cloud data 
and then aligning them to establish correspondence 
between different point clouds. The ICP algorithm is used 
to find the rigid transformation T between the target point 
set S and the reference point set M, ensuring an optimal 
match between the two datasets based on a specific metric 
criterion [90–93]. The ICP registration strategy assumes 
that all points in the target point set are assigned to points 
in the reference set. This assumption serves as the basis 
for aligning the two-point clouds during the registration 
process. Assuming the coordinates of the target point set 
S are represented as {Si

|||S ∈ R
3
, i = 1, 2,… ,N

}
 and the 

coordinates of the reference point  set  M are 
{Mi|M ∈ R

3
, i = 1, 2,… , N} , in the k-th iteration, the cor-

responding coordinates of the points in S are represented 
as 

{
Mi,k

||Mk ∈ R
3
, i = 1, 2,… , N} . The registration pro-

cedure commonly consists of the following steps:

1.	 Find the corresponding point Mi,k in the reference set 
M such that the Euclidean distance ‖Mi,k − Si,k‖ is mini-
mized.

2.	 Calculate the rotation matrix Rk and translation vector 
Tk such that the sum of squared Euclidean distances 
between the transformed target points and reference 
point, 

∑N

i=1
‖RkSi,k + Tk −Mi,k‖2, is minimized.

3.	 Calculate the new set of transformed points, 
Si,k+1 = RkS

k

i
+ Tk;

4.	 Calculate the sum of squared Euclidean distances 
between the transformed target points and their corre-
sponding reference points, dk+1 =

∑N

i=1
‖Si,k+1 −Mi,k‖2;

5.	 Check for convergence: if dk+1 is not less than the given 
threshold value, the algorithm returns to step 1 and con-
tinues iterating until either dk+1 is less than the specified 
threshold or the maximum number of preset iterations 
is reached.

The ICP algorithm has several limitations. Firstly, it relies 
on a presumption of convergence, making it sensitive to the 
start conditions. Secondly, ICP is prone to get stuck in local 
minima. Thirdly, the method is sensitive to noise and out-
liers in the data, which can adversely affect the accuracy 
of registration. Fourthly, the inherent assumption of a rigid 
transformation in the ICP algorithm limits its applicability 
in cases where non-rigid deformations or substantial shape 
variations are present. In the context of AM, this can result 
in inconsistent registration outcomes, potentially introduc-
ing shape deviation into the analysis that are not related to 
the manufacturing process. Lastly, ICP is computationally 
expensive, the complexity of the algorithm can reach to 
O(N2 ) [90]. There are several ongoing research efforts aimed 
at addressing the limitations of the ICP algorithm by propos-
ing various improved algorithms within the ICP framework 
[90]. These enhancements target specific steps of the origi-
nal algorithm, aiming to refine its efficiency. Some of the 

Fig. 5   A comparison between different in-situ monitoring and XCT 
data for selected layers reveals distinct signatures in both datasets; 
however, the feature extraction and matching could be challenging 
due to dissimilar appearances of these features. a Time over threshold 
(TOT) feature derived from optical thermography data of resolution 
µm 100 µm which measures the time (in ms) a surface element of the 
specimen had temperature above a specific threshold (30  ms in the 

given example). b Optical tomography (OT) intensity of resolution 
50 µm in Digital Value (DV) of a printed layer. c Melt pool monitor-
ing (MPM) intensity data measured in arbitrary units (a.u.) propor-
tional to thermal radiations from the melt pool. d CT data of resolu-
tion 7.14 µm of the layer. Reproduced from [1] under the open access 
CC_BY 4.0 license (https://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/)

https://creativecommons.org/licenses/by/4.0/
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improvements include the acceleration of the computation 
by down-sampling the original data [94, 95], the introduc-
tion of robust feature search algorithms to find correspond-
ing points more efficiently and accurately [96, 97], the use 
of point pair exclusion methods to improve point cloud data 
stitching accuracy and stability [97], and the specification of 
appropriate error metric functions to enhance the accuracy 
of ICP registration [98, 99].

Intensity-based registration, on the other hand, relies on 
optimizing the alignment of entire image intensities or pixel 
values. It involves finding the best transformation that mini-
mizes the differences between the intensity distributions of 
the two images [100, 101]. Intensity-based image registra-
tion has the following components: input images (fixed and 
moving images), initial transformation, similarity measure, 
transformation model and optimization method (Fig. 4). 
Both fixed and moving images can be initially aligned using 
an initial transformation matrix such as center of mass or 
origin to reduce the computation time and to avoid local 
minima. The similarity measurement metric generates a 
value to quantify how well the moving image aligns with 
the fixed image. The user can also choose a transformation 
model for the optimization such as rotation, translation, rigid 
or affine transformation. The optimizer’s role is to minimize 
or maximize the similarity metric to find the best alignment 
between the images. Gradient descent iterative optimizer is 
one of the most used optimizers for intensity-based image 
registration [102, 103].

Intensity-based methods are well-suited for scenarios 
where the images being registered have similar content 
but may have undergone variations in scale or other 
non-linear transformations. One of the disadvantages of 
intensity-based registration is that it can be computation-
ally more expensive than feature-based registration, as it 
involves processing the entire image intensity information. 

The multi-resolution strategy, also known as a pyrami-
dal approach, is often used in intensity-based image reg-
istration [88, 104]. A multi-resolution strategy involves 
performing the image registration process at multiple 
scales or resolutions of the images. The original images 
are down-sampled to create a set of images at different 
resolutions as shown in Fig. 6a. This results in a pyramid-
like structure, where each level of the pyramid represents 
a lower resolution version of the image. The registration 
process starts with lower-resolution images, allowing 
faster convergence and overcoming problems with local 
minima. Registration is then refined using higher-reso-
lution images, enhancing accuracy as shown in Fig. 6b. 
This strategy yields improved convergence, efficiency, 
and tolerance to noises. In practice, the choice between 
feature-based and intensity-based registration depends on 
the specific characteristics of the images, the desired level 
of accuracy, and the underlying transformations that need 
to be compensated for.

The image registration in this study can be classified 
into feature-based, point cloud-based, and intensity-based 
registration. Among these, point cloud-based registration 
is the most widely used algorithm, especially when one of 
the involved datasets represents nominal geometry (CAD 
data). In the studied literatures, point cloud registration 
is applied across a variety of geometries, from lattice 
structures to cylinders, as shown in Table 2. However, 
landmarks on the geometry are widely used for prereg-
istration and sometimes for the registration itself. On the 
other hand, Intensity-based registration and feature-based 
registration are studied only in simple geometries such 
as cylinders and cuboids. Here, features such as exterior 
contours, inclined ramps, or markers are used to aid in 
estimating the transformation function.

Fig. 6   a Image pyramid with 5 levels. Reproduced from [2] under 
the open access CC-BY 4.0 license (https://​creat​iveco​mmons.​org/​
licen​ses/​by/4.​0/). b Image registration using multi-resolution pyramid 

model. Adapted from [8] under the open access CC-BY 4.0 license 
(https://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/)

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
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2.3 �  Similarity metrics in image registration

Similarity metrics are measures of likelihood between reg-
istered images. These metrics assist in selecting the opti-
mal registration approach. A higher similarity of registered 
images indicates better performance of the registration 
algorithm [63]. Some of the most used similarity metrics in 
image registration are:

1.	 Sum of squared differences (SSD): This similarity met-
ric calculates the squared differences of corresponding 
pixels in the test and reference images. SSD assumes 
that pixel intensities are linearly related and that the 
optimal transformation minimizes the sum of squared 
differences [124, 125].

2.	 Mutual Information (MI): MI is a metric that describes 
the similarity of intensity information between two 
images, or, in other words, how well the content of one 
image can be described solely by the content of the sec-
ond image. Optimal image registration occurs when the 
images share the maximum amount of information, in 
essence, MI seeks to identify patterns or structures in 
one image that mirror those in the other. MI is widely 
used for multi-modality image registration due to its 
flexibility, as it does not assume any specific functional 
relationship between the two image values [88, 126].

3.	 Normalized cross correlation (NCC): NCC computes the 
correlation between pixel intensities of the two images 
after normalizing them. It assumes that the optimal 
transformation maximizes the correlation coefficient, 
making it robust to changes in image contrast and illu-
mination [88, 126].

4.	 Gradient-based metrics: These metrics consider the gra-
dient information of images. Gradient information con-
veys important visual information such as structural and 
contrast changes. Most common gradient-based metrics 
are gradient correlation [127, 128] or gradient mutual 
information [129, 130]. They assume that aligning gra-
dients (edge structures) improves registration accuracy, 
making them useful for images with structural changes 
or non-linear deformations [126, 131].

The choice of similarity metrics depends on the charac-
teristics of the images and the registration task. Each matrix 

has its own assumptions and limitations, affecting the robust-
ness and accuracy of the registration process. The results of 
the discussed similarity metrics are shown in Table 2 using 
registered images, as illustrated in Fig. 7, Table 3. 

2.4 �  Methods of accuracy measurement in image 
registration

Various methods are employed to measure the accuracy of 
image registration. These methods help assessing the quality 
of registration techniques and guiding improvements in the 
alignment process. Some common accuracy measurement 
methods include:

1.	 Overlap metrics: These metrics quantify the amount of 
overlap between the registered images. Common metrics 
include Dice coefficient, Jaccard index, and Hausdorff 
distance. A known issue of the overlap metrics is their 

Table 2   Geometries used in the study of different image registration algorithm

Algorithm Geometry Reference list

Point cloud-based registration Lattice structure, cuboid, cylinder, thin wall, barrel, aircraft bracket, sprockets, 
double cantilever beam, tensile bar

[3, 10, 105–113]

Intensity based registration Walls, cuboid with inclined ramp, cylinder, cylinder with exterior contours [6, 9, 32, 41, 114–118]
Feature-based registration Drag link, cylinder, cylinder with exterior contours, cylinder with markers [119–123]

Fig. 7   Registration for calculation of loss function on CT images of 
resolution 76 µm. a An image registered to itself. b Image registered 
to a translated version of itself. c Image registered to a translated and 
rotated version of itself. d Image registered to a translated, rotated, 
and scaled version of itself
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tendency to miss subtle differences in alignment, espe-
cially local variations [132, 133].

2.	 Landmark-based evaluation: Such evaluations use prede-
fined points or features as reference to assess alignment 
accuracy. Distance measures like Euclidean distance 
or mean squared error (MSE) can be used to quantify 
the difference between corresponding landmarks in the 
registered images. While suitable for specific applica-
tions, they typically underestimate the overall registra-
tion quality and are sensitive to landmark selection [134, 
135].

3.	 Visual inspection: Visual inspection involves human 
observation of the registered images to identify artifacts, 
misalignments, or discrepancies. While intuitive, it is 
subjective and lacks quantitative results [136, 137].

4.	 Statistical measures: Statistical analysis of pixel inten-
sities, such as mean and standard deviation, can help 
evaluate alignment accuracy. These metrics provide 
insights into global alignment, but they will not capture 
local distortions or deformations[138, 139].

Each accuracy measurement method has its limita-
tions. The choice of method should align with the spe-
cific registration task and the desired level of accuracy 
assessment. Without rigorous quantitative evaluation, the 
practical applicability of any registration method remains 
uncertain. While there has been substantial progress in 
validating rigid-body registration, the validation of non-
linear, local, and elastic registration methods is still in its 
early stages [88].

3 � State of the art for image registration 
in AM

With the growing importance of ensuring quality control 
and dimensional accuracy in AM processes, researchers 
have been actively developing innovative image registra-
tion techniques [140]. This section aims to offer insights 
into progress and potential future advancements in image 
registration for AM process monitoring and is divided 
into subsections based on the techniques used for image 
registration.

3.1 �  Registration of XCT data to the CAD data

In recent years, XCT has gained significant attention as 
it enables non-destructive evaluation of both internal and 
external features of AM parts, offering a comprehensive 
solution for quality assessment [141]. XCT has emerged 
as a valuable technique for quality control in AM due to 
its ability to address the geometric distortions or devia-
tions introduced during the AM process. Compared to other 
metrology methods, such as 3D laser scanning or coordinate 
measuring machines (CMM), XCT captures comprehensive 
3D geometry and examines the internal structure of parts. 
Despite its higher cost, XCT’s capability for high resolu-
tion below the micrometer scale makes it a valuable tool in 
metrology [116].

In AM, distortions can arise from factors such as mate-
rial shrinkage, warping, or inconsistencies in the process. 
The CAD data of the AM process comprises digital models 
containing detailed information about an object’s nominal 
geometry, dimensions, and material properties. The registra-
tion of XCT-to-CAD facilitates a comprehensive analysis of 
the geometric accuracy of the process, enabling the precise 
identification and quantification of any disparities between 
the manufactured part and the CAD model [39]. A variety of 
commercial software tools are available in both research and 
industry sectors for XCT-to-CAD registration. Among these, 
Dragonfly [18, 55], Volume Graphics Studio MAX [56, 
142], ImageJ [50, 59, 143] and Amira/Avizo [53] stand out 
as widely used solutions. However, these automated methods 
have limitations such as computational requirements, data 
compatibility challenges and registration accuracy, espe-
cially in cases involving complex geometries.

In recent research, the utilization of point-cloud-based 
surface registration is a prevalent approach for XCT-to-CAD 
registration. Colosimo et al. focus on 3D shape-based reg-
istration based on meshes in STL format [105]. The regis-
tration method is semi-automatic and follows a two-stage 
approach. In the first stage, a rough registration is achieved 
by using predefined landmarks as shown in Fig. 8a. In the 
second stage, a more precise fine registration is performed 
using the ICP algorithm with the assistance of MeshLab, 
an open-source software. Similarly, Donegan et al. employ 
surface meshes for registering STL and XCT data as shown 
in Fig. 8b [106]. To determine the surface component of the 

Table 3   Calculation of 
similarity metric based on 
images registered as shown in 
Fig. 7

Similarity metric Registration 6. a Registration 6. b Registration 6.c Registration 6. d

SSD 0 46 183 196
MI 2.7 0.11 0.04 0.02
NCC 1.0 0.23 0.16 0.07
Gradient MI 2.33 0.32 0.10 0.05
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XCT, a gradient-based automatic thresholding algorithm is 
used. Subsequently, surface landmarks are extracted from 
both datasets, and the ICP algorithm is then used to register 
the point cloud of these landmarks. Donegan et al. empha-
size that the initial conditions of the ICP have a significant 
impact on the registration outcome, especially for symmet-
ric objects. To address this issue, an initialization technique 
using the center of mass is employed in the reference. Fur-
thermore, a manual rotation step is executed to prevent large 
rotation angles, ensuring that the ICP algorithm does not get 
stuck in local minima during registration. In a similar refer-
ence, Feng et al. takes advantage of the surface mesh data 
for rigid registration [107]. The Coherent Point Drift (CPD) 
algorithm is used here for the point cloud registration. CPD 
registration is a versatile method capable of accommodat-
ing both rigid and non-rigid transformations. This technique 
treats the alignment of two data point sets as a probability 
density estimation process. One set consists of centroids 
from a Gaussian Mixture Model (GMM), while the other 
comprises the data points to be aligned. Through iterative 
adjustments, the GMM centroids are optimized to maxi-
mize the likelihood and determine posterior probabilities, 
indicating the likelihood of correspondence. Unlike ICP, 
which requires the initial positions of the two point sets to 
be sufficiently close, CPD is capable of effectively aligning 
point sets that are initially far apart [144]. Feng et al. use 
the registered data along with the in-situ optical tomogra-
phy monitoring images and further use it to train a machine 

learning model to predict local porosity as shown in Fig. 8c 
[107]. Afarani et al. also make use of point cloud data for 
registration [4]. They rely on the axes of minimum moment 
of inertia and the centroid as the foundation for aligning and 
comparing objects as shown in Fig. 9.

Image intensity-based-registration is also a popular tech-
nique for the registration of CAD and XCT data [114–116, 
145, 146]. Gaikwad et al. use XCT-to-CAD registration 
to quantitatively assess the quality of thin-wall parts ( 
Fig. 10a–e) [114]. The approach involves the registration 
of an XCT reconstruction slice to its corresponding cross 
section in the CAD, enabling a comparison between the 
obtained thin-wall part (actual) and its ideal, flaw-free 
(nominal) state as shown in. To achieve this, both the XCT 
and CAD data are sliced into 2D images with identical reso-
lution. Subsequently, an intensity-based image registration 
approach is employed to perform the affine transformation, 
aligning the XCT scan image with the corresponding CAD 
slice. Farhad et al. use a very similar approach to Gaikwad 
et al. to register data [115]. In the latter case, the registered 
data are used for the prediction of multimodal defects (i.e., 
porosity, thickness, and edge roughness) in thin wall builds. 
Chen et al. use the intensity-based-registration to relate edge 
characteristics of the XCT data to the CAD design (Fig. 10f, 
g) [116]. Here, the 3D CAD and XCT data are converted into 
2D slices based on the layer thickness applied during the 
production process. After registration, noise is eliminated, 
and the thin wall is segmented for each layer. In similar 

Fig. 8   a Selection of lattice structure landmarks (marked in red). 
Adapted from [105] under the open access CC-BY 4.0 license 
(https://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/). b Example of regis-
tered STL (in red) and CT surface mesh data (in blue) [106]. Quality 

of registration is visually analyzed near the embossed letters. c Sche-
matics for assembling dataset and machine learning modelling for 
defect prediction. Adapted from [107] under the open access CC-BY 
4.0 license (https://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/)

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
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studies, Chen. et al. use the registration technique to study 
the interaction of design parameters with quality character-
istics in thin-wall parts [145] and for defect detection [146].

3.2 �  Registration of CAD data with process data 
from other techniques

Shape-to-image registration stands as a widely explored 
approach in AM image registration, with CAD-to-process 
image alignment being a commonly studied technique within 
this domain. The shape-to-image registration involves align-
ing a three-dimensional reference shape, often represented 
as a point cloud or triangulated surface mesh, with a two-
dimensional image. This strategy enables spatial corre-
spondence between geometric data and visual information. 
In the context of AM, shape-to-image registration involves 
capturing an image of the part at a specific point in the 
printing process and comparing it to the expected nominal 
CAD model. Shape-to-image registration consists of several 
steps. The first step involves capturing images of the part at 
each layer or specific intervals. Then, the part image is seg-
mented from the background, and the part’s pose relative to 
the camera axis is estimated. Subsequently, the part image 
is compared to the nominal CAD image and the object’s 
pose estimate is iteratively refined to reduce the comparison 
error. These steps collectively enable the assessment and 
verification of printed parts by aligning the online acquired 
image with the expected model representation [147]. Abdel-
rahman et al. detect lack of fusion defects by comparing 

thermographic images with the CAD model using shape-
to-image registration [142]. In their work, the image data 
is segmented and then registered to the CAD template on 
a layer-by-layer basis. This registration is accomplished by 
minimizing the Euclidean distance between the data through 
a 2D projective transformation. CAD-to-image registration 
can also be used for layer-wise Region of Interest (ROI) esti-
mation and separation of the ROI from the surrounding pow-
der bed region (background) [121, 148]. Imani et al. high-
light that the predefined landmarks may not be suitable for 
registration due to significant changes in build geometries 
from one layer to another [148]. The authors also highlight 
the robustness and accuracy of shape-to-image registration 
between the sliced CAD and layer-wise images.

CAD-to-laser scan data registration is another widely 
reported application of image registration, enabling defect 
detection by comparing the surface point cloud from laser 
scanning with the ideal surface extracted from the CAD 
model [31, 149] as shown in Fig. 11b. In AM, laser scan 
data refers to the digital representation of a physical part’s 
surface obtained using laser scanning technology. The laser 
scanning system typically includes a laser source and a 
sensor or camera. The laser beam is directed onto the sur-
face of the object being printed. The surface of the object 
reflects the laser beam and the camera in the scanning sys-
tem captures the reflected light. These data are used to create 
a point cloud, which is a collection of 3D points in space 
that represents the object’s surface. This process is repeated 
for each layer as the object is built up. As more layers are 

Fig. 9   Schematic of steps in the generation and alignment of point when the axes of minimum moment of inertia and center of mass are used as 
the basis for alignment [4]
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added, the laser scanning system continuously captures 
data, creating a detailed and accurate 3D representation of 
the object’s geometry and surface topology. The 3D point 
cloud describes the object’s geometry and surface topol-
ogy. One of the most used methods to attain CAD-to-laser 
scan data registration is the use of the ICP algorithm. For 
example, Decker et al. use ICP-based registration to align 
the 3D scan point clouds with the original CAD file [108, 
109]. To address the challenge of achieving a quality align-
ment independent of the printed shape, a procedure has been 
developed based on the assumption that the bottom face of 
the object is printed accurately, while errors can be attrib-
uted to other faces. By ensuring that the normal vectors to 
the plane fitted to the bottom of the CAD file and the 3D 
scan point cloud are equal, parallelism between the bottom 
planes of the scan and the triangular mesh is achieved. Fol-
lowing this initial alignment, the ICP algorithm, allowing 
only translation along the x and y axes and rotation around 
the z-axis, is utilized for further registration. In a similar 
study, Wang et al. present shape-based CAD-to-laser scan 
data registration designed for correcting geometric devia-
tions in AM [89]. This algorithm demonstrates robustness 
against global distortion by sequentially constraining the 
six degrees of freedom (DOFs) associated with rigid trans-
formations. The study assumes that the part can be stabi-
lized on a flat surface, and for this, the product is built on 
a building platform as the foundation. The researchers also 
assume minimal global distortion in the bottom portion of 
the part and classify the rigid transformation variables into 
two groups. The first group includes translation along the x 
and y directions and rotation around the z-direction, control-
ling in-place movement. The second group includes transla-
tion along the z direction and rotation around the x and y 
axes. The proposed shape registration approach comprises 
the following four steps: Firstly, points from the scanned 

Fig. 10   a Intensity-based registration for extraction of thin walls from 
XCT scan images of voxel size 76 µm through image registration and 
comparison with the CAD image [114]. The thin wall highlighted in 
(b) is extracted as shown in (c) [114]. The thin-wall images shown 
in (d) and (e) are used for feature extraction [114]. f Image registra-
tion and edge extraction of thin walls, where the width of thin walls 
varies from 0.06 to 0.3 mm with the step size of 0.01 mm (width of 
extracted fin wall is 0.29  mm); g Analysis on extracted thin walls 
to measure the roughness. Here the roughness is measured by find-
ing the distance between the edge of the registered XCT scan and the 
CAD and concatenating the upper and lower edge signals to gener-
ate the edge roughness signal. Here the plots represent roughness of 
the thin wall against length of length fin, histogram of the roughness 
value represented by a normal distribution for the thin wall, charac-
teristics of edge roughness of thin wall 2 under different recoating 
directions [116]

Fig. 11   a Schematic of the point cloud registration for geometric compensation methodology [113]. b Flow chart for defect detection method 
comparing the surface point cloud from laser scanning with CAD data [149]



	 Progress in Additive Manufacturing

point cloud within the bottom building platform are seg-
mented from the product surface. Secondly, a transforma-
tion matrix is estimated to align the ground horizontally 
with the normal direction towards the z-axis and a height 
of zero, thus fixing the translation in the z-direction and 
rotation in the x and y axes. Thirdly, a layer-by-layer data 
selection strategy is implemented to choose regions with 
minimal global distortion. Fourthly, the selected portion 
is aligned using a constrained ICP method to estimate the 
translation in the z direction and rotation in the x and y axes. 
Anand et al. propose a novel strain energy-based non-rigid 
registration method for the alignment of laser scan point 
cloud data with the CAD model [110]. Here, the optimiza-
tion procedure is similar to the traditional ICP algorithm. 
However, the reported algorithm introduces a deformation 
energy in addition to the weighted sum of distance error 
in the objective function. The algorithm follows a heuristic 
approach that starts with rigid transformations and gradually 
allows more non-rigid transformations upon convergence. 
The registered data are used to generate compensated STL 
files, and a neural network is trained based on the devia-
tions for further compensation. Another approach of CAD-
to-laser scan data registration using AM cubes is explained 
in reference Klar et al. [111]. The registration procedure 
consists of three main stages, with the first step being the 
detection of the box-like shape using the Random Sample 
Consensus (RANSAC) algorithm. RANSAC is an iterative 
technique that effectively estimates model parameters even 
in the presence of outliers and errors. It repeatedly fitting 
models to randomly selected subsets of the dataset. Sec-
ondly, a geometrical primitive box with the same dimen-
sions as the detected planes is created. Thirdly, the box is 
aligned with the point cloud using initial manual alignment 
and fine registration with the ICP algorithm. Fourthly and 
most importantly, the mesh-to-cloud distance is then com-
puted between the created box and the point cloud. Li et al. 

propose a novel curvature feature based on scan data that 
quantifies local curvatures for the assessment of geometri-
cal quality in AM as shown in Fig. 12 [1]. To extract this 
feature, synthetic mesh data and scanned meshes using a 3D 
scanner are registered to nominal CAD meshes. The registra-
tion uses ICP algorithm implementation from the Open3D 
library [150]. The authors calculate point-to-point distance 
between the closest point pairs between defective and CAD 
mesh vertices. They use patches to capture neighborhood 
information. Additionally, they extract mean, median, and 
maximum distances as features. Finally, they incorporate 
the difference in distance-based mesh descriptors for ML 
analysis. Chowdhury et al. discuss another case of CAD data 
registration as shown in Fig. 11a [113]. In such work, the 
objective is to utilize a geometric compensation methodol-
ogy on the part. This aims to make appropriate geometric 
modifications to counteract the thermal effects resulting 
from the AM process. The simulation model (simulated 
using ANSYS software) replicates the laser sintering pro-
cess of Ti6Al4V powder, generating deformation data for 
the fabricated component. The effectiveness of the proposed 
methodology is confirmed by assessing the alignment of part 
profiles obtained from simulations of the AM process with 
those of the actual CAD model. The CAD data and simula-
tion data are converted into point cloud data. The registra-
tion is carried out in two steps. First step is to pre-align the 
data using manually defined landmarks using open-source 
mesh processing tool (MeshLab [151]). As a second step, 
a fine registration is conducted on the pre-registered data 
using ICP algorithm.

Other major studies in this domain include Li et al., who 
present a method utilizing robotic gas metal arc welding 
additive manufacturing to efficiently repair large-sized 
worn sprockets while identifying irregular surfaces [112]. 
The process involves scanning the damaged sprocket with a 
3D surface topography scanner to obtain point cloud data, 

Fig. 12   a Flowchart for the 
automation of defect detection 
using registration of synthetic 
mesh data and scanned meshes 
to nominal CAD meshes [1]
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followed by positional registration with the standard sprocket 
using the ICP algorithm. Vandone et al. report image reg-
istration for data fusion in the Direct Energy Deposition 
(DED) technique [152]. In this study, image registration is 
employed to align the surface mesh of the geometry with the 
machine tool path, enabling the time stamping of geomet-
ric features identified in the scan. The registration process 
consists of two steps: an initial rough registration followed 
by a refined registration using an advanced version of the 
ICP algorithm. In Chowdhury et al., a deep learning-based 
geometry compensation method is introduced to counteract 
thermal deformations in AM parts as shown in Fig. 10 [153]. 
The performance of the compensation method is evaluated 
by comparing the finite element simulated deformations and 
predicted compensation data with the actual CAD model. 
The registration process involves two sub-steps: aligning the 
point cloud data using a classical user-defined landmark-
based approach and performing fine registration of the point 
cloud data using the ICP algorithm.

Recently, AM image registration has also witnessed 
exploration into machine learning-based techniques for 
achieving enhanced alignment and integration. Deforma-
tion Finding (MDF) algorithm is introduced by Wang et al. 
for quantification and compensation of thermal distortion 
using registration of CAD mesh to 3D scanner data as 
shown in Fig. 13a [3]. The MDF algorithm achieves regis-
tration by extracting and down-sampling nodes from both 
scanned and CAD meshes, and these down-sampled feature 
point sets are utilized to predict the nonrigid deformation 
between the two feature points. The distorted displacement 
field obtained from the registration is then utilized to mod-
ify the original STL file, which is reprinted with the same 
material and printer parameters, resulting in a significant 
reduction of thermal distortion in the printed product. The 
original data has a size of 103,784 nodes in the scanned 
mesh and 11,261 nodes in the design mesh. However, the 

nodes are down-sampled since the matching original data is 
not time efficient. The data sets are downsampled by a box 
grid filter of size 1 mm. The data size was reduces to 4369 
nodes in the design data and 4722 nodes in the scanned data 
after downsampling. The scan feature points were treated 
as GMM centroids, and the design feature points were 
regarded as the data points. The scan feature points move 
in a coherent manner to match the design feature points. 
The matched feature point sets are then used to predict the 
nonrigid deformation between the two feature points. The 
displacement values in other places were interpolated by 
the k-nearest neighbors (KNN) regression. The distorted 
displacement field obtained from the registration is then 
utilized to modify the original STL file, which is reprinted 
with the same material and printer parameters, resulting in 
a significant reduction of thermal distortion in the printed 
product. In the study, the proposed method is validated 
using a double cantilever beam with a saw tooth support 
of part size 80 mm × 7.2 mm × 8 mm. The thermal com-
pensated model reduces the highest distortion value from 3 
to 0.6 mm. The authors also report that the proposed MDF 
algorithm performs better than the CPD algorithm as shown 
in Fig. 13b. Kim et al. propose a method to estimate melt 
pool positions in the machine-build coordinate system to 
synchronize laser positioning with MPM data [154]. The 
purpose of the method is to enable correlating MPM (Melt 
Pool Monitoring) data with process parameters, part inspec-
tion, and testing data. This correlation facilitates real-time 
defect prediction, thereby enhancing process quality control. 
The method consists of two main stages as shown in Fig. 14: 
MPM-image preprocessing and positioning. In this study, 
machine learning (ML) techniques are employed for both 
spatter reduction and build direction classification. The ML 
algorithms are trained using MPM images from two datasets, 
referred to as Build 1 and Build 2, each consisting of 250 
layers within a 5 mm × 9 mm × 5 mm bounding box. MPM 

Fig. 13   a Flowchart of the compensation procedure using the proposed MDF algorithm. b Point sets registration results. (i) three different pair 
of point clouds before registration. (ii) the registration results using the CPD algorithm. (iii) the registration results using the MDF algorithm [3]
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images from 21 layers of Build 1 are randomly selected for 
training and testing deep learning models, and 3 layers of 
Build 2 are used to validate the proposed methodology based 
on the trained models. The first stage, MPM-image preproc-
essing, involves image transformation to center the melt pool 
based on the detected melt-pool center. Additionally, spatter 
reduction is performed using the DS-SDCAE (Deep Spa-
tially Shared Convolutional Autoencoder) to remove obscur-
ing spatters, thereby improving the quality of images. For 
spatter reduction, a dataset is created from Build 1 contain-
ing 144 images with spatters and 144 images without spat-
ters. Manual removal of spatters surrounding the melt pool 
is performed for the training dataset. A total of 115 pairs of 
images (one with spatter and one without) are used for train-
ing, 28 pairs for validation, and 114 pairs for testing. In the 
second stage, MPM-image positioning estimates the melt 
pool location via two substages: scan direction classifica-
tion and scan-path tracking. The scan-direction classification 
is performed using an SSL-based CNN (Semi-Supervised 
Learning-based Convolutional Neural Network) to identify 
the scan direction from each MPM image. For build direc-
tion classification, a balanced dataset is constructed with 500 
images per direction, resulting in a total of 180,000 images. 

From this dataset, 129,600 images are allocated for train-
ing, 14,400 for validation, and 36,000 for testing. A Kalman 
filter is then used for scan path tracking which estimates 
the MPM image’s positions on the build-plate-coordinate 
system. The complexity of the MPM task necessitates thor-
ough validation against alternative methods. However, the 
reviewed study lacks information regarding how the men-
tioned method was compared to others.

3.3 �  Registration of XCT data with process data 
from other techniques

An emerging domain currently under study is the registra-
tion of XCT data with online monitoring images. Morgen 
et al. register the high-resolution images collected during the 
production process and XCT volumes for quality assurance 
[123]. Both datasets are registered to the reference coordi-
nate system of the laser vectors (i.e., hatches) as shown in 
Fig. 15b. A synthetic image created from the laser vectors 
is used as a reference for the registration. To address the 
challenge of non-parallel image planes caused by mounting 
constraints, a Levenberg–Marquardt algorithm [155] is used 
to transform layer-wise build image into a dimensionally 

Fig. 14   a Schematic of MPM 
data registration process b 
Workflow of deep learning-
based methodology for MPM-
data registration, which consists 
of two stages: MPM-image 
preprocessing and positioning 
[154]
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accurate top-down view. For XCT to laser vector registra-
tion, a rigid transformation is employed, converting the laser 
vectors into a truncated signed distance function (TSDF) to 
align them with XCT surface points as shown in Fig. 15a. 
The TSDF represents a grid of voxels with distances to the 
nearest surface, facilitating alignment by minimizing the 
sum of squared distances iteratively. Morgen et al. intro-
duce a comparable method for registering in-situ images to 
XCT. They employ a non-linear least squares optimization 
that iteratively minimizes the sum of squared distances to 
update the rigid transformation [156]. Gobert et al. describe 
an affine registration approach which involves a least square 
method to match reference points between the online moni-
toring high-resolution image data and XCT scan as shown 
in Fig. 16a [5]. The authors perform the registration in the 
slicing domain to improve the accuracy of the coordinate 
transformation. The slicing domain functions as an interme-
diary framework that uses coordinates of the CAD model’s 
individual slices, aiding in the alignment and mapping of 
in situ images and XCT scan data as shown in Fig. 16b. This 
approach enhances the precision of coordinate transforma-
tion by ensuring accurate alignment between these datasets. 
Petrich et al. present a closely related study wherein the 
build plate coordinates defined by the scan vectors are taken 
as a reference and both XCT and layer-wise electro-optical 
(EO) data are registered to them as shown in Fig. 15c [122]. 
EO is an in-situ monitoring technique that captures high-
resolution layer-wise images, using multiple flash modules 

with different light source angle relative to the camera posi-
tion. Here, the diverse lighting options are an important part 
of the imaging system to enhance the defect detection capa-
bility. Six images are collected for each build layer: three 
after recoating but before laser scanning and three after the 
laser processing. The three images before and after laser 
processing each use different flash modules to provide dif-
ferent lighting conditions. The registration process involves 
aligning the part surfaces extracted from different modalities 
using a homography approach. Homography refers to a pro-
jective transformation used for the registration or alignment 
of images or data captured from different perspective views 
as shown in Fig. 18c. Homography accounts for perspec-
tive distortion and can correct for the effects of changing 
viewpoints and angles. It is mathematically represented by 
a 3 × 3 matrix that represents a perspective transformation.

As shown in recent studies, the registration of thermo-
graphic online monitoring data to XCT data gained rising 
attention. Thermography data refers to the use of infrared 
imaging to capture the temperature variations of the process 
in real time. Registration becomes essential as highlighted 
by Mohr et al. due to the disparity between the collected 
camera-based online monitoring data, which do not capture 
shrinkages, warpages, and deformations, and the XCT data 
obtained after post-process [6]. Mohr et al. register ther-
mography data to the XCT data for comparison, using the 
mutual information metric with a gaussian pyramid scheme 
to achieve accurate alignment. Here the affine transformation 

Fig. 15   a Truncated signed distance function sliced in the x–y plane 
at varying z-positions. Blue indicates negative distance Red indicates 
positive distance [149]. b Registered images using homography: ras-
terized laser vectors (left), build image of resolution 62.5 μm (mid-
dle), and CT data (right) [123]. c Data registration using scan vector 

(center plot) data as reference frame. Registered to CT data of resolu-
tion 10  µm (left) and pixel values of electro-optical (EO) image of 
resolution 10 µm of a layer collected after laser scanning of resolution 
10 µm (right) of a cylindrical part (diameter 5 mm) printing [122]
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is preferred over rigid transformation, due to its ability to 
adjust to measurement uncertainties and provide more pre-
cise matching of the specimen edges as shown in Fig. 18a, 
b. In other similar studies, XCT data are down-sampled to 
match the thermal feature voxel size [9, 117, 157]. After-
wards, the data are registered in the z-direction through man-
ual translation and then automatically registered in the x–y 
plane using a multimodal intensity-based algorithm to deter-
mine the necessary translations. Oster et al. explain another 
approach to perform a 3D registration between online moni-
toring thermography datasets and corresponding XCT data 
in the scope of irregularity prediction as shown in Fig. 17 
[32]. In their work, several data pre-processing steps are con-
ducted to align the dimensionalities of both datasets such as 
image distortion compensation, missing data interpolation, 
as well as vertical shrinkage correction. A shape adjustment 
method is used to compensate the surface deformation his-
tory in the entire part. The authors utilize the spatial distribu-
tion of porosity clusters to approximate surface deformations 
of previous layers. Furthermore, the registration function in 
MATLAB Registration Estimator Toolbox is used to regis-
ter the geometric landmarks on the specimen’s top surface. 
The accuracy of the registration is evaluated by analyzing 
the obtained geometrical errors in the registered datasets. In 
another study, Lang et al. introduce a method for registering 
2D and 3D images acquired from XCT data and a short-wave 
infrared camera as shown in Fig. 18d [11]. The registration 

process relies on DREAM.3D, an open-source software for 
data processing. The Robust Automatic Threshold Selec-
tion algorithm is used to generate boundary point clouds 
for each image. Furthermore, the ICP technique is used for 
the registration of both 2D images and 3D image stacks. 
The accuracy of the registration is validated by creating a 
correspondence list between the registered point clouds. For 
the accuracy measurement, the mean average error is calcu-
lated using point-to-point and point-to-plane methods. Lang 
et al. also report that the point-to-plane method demonstrates 
higher reliability compared to point-to-point method.

Coordinate Measuring Machines (CMM)-to-XCT data 
registration is another studied subject relevant for AM. 
CMM data refers to measurements and dimensional informa-
tion obtained using CMMs, which are tactile or laser-based 
metrology instruments used to accurately measure the geom-
etry of physical objects. Praniewicz et al. register CMM and 
XCT data to study the surface deviations during the process 
[36]. In this method, the CMM data is represented as a list 
of discrete points, while the XCT data is represented as an 
STL file. Registration is performed using the datum planes 
in the component definition, with the CMM data registered 
to the CAD model using a 3–2-1 registration method [158] 
based on prescribed datums. The local coordinate system 
is established by fitting planes and projecting points onto 
them. For the XCT data, user-defined rectangular regions 
on the surface of the STL are selected for each feature. In 

Fig. 16   a Process schematic 
showing (i) extraction of ground 
truth from CT scan includ-
ing transfer of coordinates to 
the CT scan domain on the 
left, (ii) in situ sensor images 
at the center, and (iii) feature 
extraction, machine learning 
and performance evaluation on 
the right. b Slicing data image 
showing part contour [5]
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other studies, the registration of XCT data to CMM data 
are mostly reported using a best-fit registration. Shah et al. 
register the CMM data to XCT data using best-fit algorithms 
using VG STUDIO MAX, enabling investigation into the 
compatibility of geometrical features including form and 
dimension [159]. On the other hand, Chui et al. use global 
best-fit method to register the XCT data to CMM data using 
Mimics 18.0 software [160].

Other relevant studies include the registration of histo-
morphometry data, microscopy images, structured light 
system (SLS), input-toolpath data and pyrometry data 
to XCT data. Geng et al. propose a novel 2D-3D XCT 
to histomorphometry data registration approach for the 
quantitative assessment of bone formation as shown in 
Fig. 19a [161]. Histomorphometry data refers to quantita-
tive analysis of the microstructure and features of manu-
factured components. The method comprises three steps: 
segmentation of the (titanium) scaffold from histological 
images and XCT volume, followed by a coarse registra-
tion using Avizo software [53] and a subsequent refined 

registration. The details of the refined registration method 
are not explicitly specified in the study. Also, the accuracy 
of the registration method is assessed by examining the 
effects of image noise, scanning resolution, and cutting on 
the degree of similarity. Desrosiers et al. discuss a 2D/3D 
multimodal registration protocol to compare XCT volumes 
and laser confocal microscopy images for pore-to-pore 
analysis as shown in Fig. 20 [118]. Python scripts based 
on the Dragonfly software are used for the registration. 
Mitchell et al. register pyrometry image data with the XCT 
data as shown in Fig. 19b, c [162]. The pyrometry data is 
first scaled to match the resolution of the micro-XCT data 
using bilinear interpolation. Afterwards, the registration 
process involves manual alignment in the z-direction and 
layer-by-layer translations in the x–y plane using mutual 
information methods. ICP algorithm is widely used to reg-
ister XCT data to process data from other techniques such 
as the one reported by Kozjek et al. where XCT data is 
registered to input-toolpath data [41] and Shen et al. where 
XCT data is registered to SLS data [163].

Fig. 17   Schematic overview the 
data pipeline for the registra-
tion of thermographic and XCT 
datasets [32]. In their work, 
several features are extracted 
from the thermography data-
sets, which can be classified 
as temperature features and 
melt pool-based features. Melt 
pool-based features are features 
based on the property of melt 
pool present in each image like 
area, length, maximum and 
minimum temperature of the 
melt pool. The time-dependent 
features were calculated from 
the temporal temperature infor-
mation of each image like time 
over threshold values where 
measures the time a surface 
element of the specimen had an 
apparent temperature above a 
certain threshold. Reproduced 
from [32] under the open access 
CC_BY 4.0 license (https://​
creat​iveco​mmons.​org/​licen​ses/​
by/4.​0/)

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
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4 � Conclusions and outlook

Image registration is a crucial step for quality control in 
AM parts. Through image registration, AM monitoring 

data from different sources can be mapped into a common 
coordinate system, enabling the correlation of spatially 
aligned monitoring and ground truth data. Furthermore, 
image registration of the printed part and its original 
CAD can be used to determine the inherent geometrical 

Fig. 18   a Photography of the 
specimen. b Registration of 
Thermography data to the XCT 
data of resolution 14 µm. b.(i) 
Result of rigid registration. b.
(ii) Result of affine registration. 
Affine transformation can match 
the edges of the specimen more 
precise than rigid transforma-
tion. Reproduced from [6] 
under the open access CC_BY 
4.0 license (https://​creat​iveco​
mmons.​org/​licen​ses/​by/4.​0/) c 
The perspective correction to 
correct the effect of distortion 
due to camera rotation and 
angle using homography matrix. 
c.(i) Calibration c.(ii) the input 
image at current frame c.(iii) 
The output image after perspec-
tive transformation [9]. d 3D 
point cloud registration before/
after: SWIR (white) and XCT 
(red) before (i), SWIR and XCT 
after registration with resolution 
of 125 µm (ii and iii) [11]

Fig. 19   a.i) 3D rendering of scaffold within a defect illustrating 
a mismatch between the histology slice (blue) and the 2D slices of 
the XCT data of resolution of 9 µm (green). A registration was per-
formed, and final alignment was achieved between histology. a.ii) 
Corresponding 2D XCT images a.iii) θ Indicates the unknown dis-
placements and rotations required to register. Reproduced from [161] 

under the open access CC_BY 4.0 license (https://​creat​iveco​mmons.​
org/​licen​ses/​by/4.​0/) b XCT reconstruction of resolution 1.98 µm of 
L-shaped geometry c Overlay of a single segmented micro-CT layer 
with its corresponding scaled pyrometry image of resolution 21 µm 
(c.i) before and (c.ii) after registration [162]

https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
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deformation or warping caused by thermal stresses. It ena-
bles the quantification of geometrical inaccuracies.

Three main registration methods are identified as fre-
quently used methods in the scope of metal AM:

•	 Feature-based registration: This method performs the 
registration using geometrical features such as edges or 
additional landmarks located at the part’s surface. It is 
computationally efficient, making it advantageous for 
real-time applications or scenarios with limited compu-
tational resources. However, a drawback is the subjective 
selection of landmarks by operators and the vulnerability 
of distinct features to thermal stress and deformation.

•	 Iterative Closest Point registration: This subtype of fea-
ture-based registration algorithms is utilized for register-
ing point cloud data. Iterative Closest Point algorithm 
iteratively refines the alignment by minimizing the dis-
tance between two point clouds. This can result in more 
accurate alignments over the entire surface of the object 
being manufactured. Iterative Closest Point registration is 
largely automated, requiring minimal user intervention. 
However, a robust starting point (initialization) is neces-
sary for fast convergence, and the quality of results can 
be highly dependent on the initial alignment.

•	 Intensity-based registration: Well-suited for registering 
images with similar intensity distributions, this method 
is particularly suitable for multimodal registration in 
AM. In comparison to the two above-mentioned meth-
ods, intensity-based registration has a higher computa-
tional cost and are limited to 2D registration in most AM 
research.

To address challenges, such as the need for a robust start-
ing point in the Iterative closest point, a data pipeline is 
employed, incorporating a pre-registration step to establish 

a good initial alignment between datasets. This involves 
methods using predefined landmarks, aligning the center 
of mass, or manual alignment. Subsequently, the Iterative 
Closest Point algorithm performs fine registration on the 
pre-registered data. Recent studies have explored alterna-
tive registration methods like the Coherent Point Drift reg-
istration algorithm, known for effectively aligning point sets 
initially far apart. To overcome the limitation of restricting 
movement to rigid body motions in Iterative Closest Point, 
novel non-rigid registration methods based on strain energy 
have been introduced. These methods incorporate deforma-
tion energy in the objective function alongside the weighted 
sum of distance errors. In cases of intensity-based registra-
tion, the gaussian pyramid approach is employed to reduce 
computational costs. To the best of the authors’ knowledge, 
no published works have specifically addressed the chal-
lenges associated with landmark-based registration.

A further important task is the study of the deformation 
or warping of AM parts during manufacturing. Integrating 
the physical knowledge about the deformation history of the 
process into registration algorithms could benefit their accu-
racy especially in the micro-scale. Research in this direction 
is limited, primarily due to the complexity of measuring 
deformation during the manufacturing process. Analytical 
solutions are constrained by a lack of comprehensive under-
standing of the AM process. Promisingly, recent studies have 
introduced deep learning-based geometry compensation 
method to counteract thermal deformations in AM parts, uti-
lizing finite element simulated deformations as ground truth.

For the future, the development of best practices or stand-
ardized registration pipelines should be targeted. Thereby, 
monitoring datasets could be evaluated more reliable in the 
scope of defect detection and the quantification of deforma-
tion. Further research is also needed to establish open data 
formats and communication protocols that facilitate data 

Fig. 20   a 2D/3D registration 
between the laser confocal 
microscopy image of resolu-
tion 2 µm and XCT images of 
resolution 8 µm b.(i) Extracted 
LCM image region, b.(ii) 
Corresponding XCT fit and 
segmentation [118]
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exchange and collaboration among different AM systems to 
overcome the lack of standardized data formats.
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