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Abstract:
Computerised surgical planning for forearm procedures that considers both soft and bony tissue,
requires alignment of preoperatively acquired computed tomography (CT) and magnetic
resonance (MR) images by image registration. Normalised mutual information (NMI)
registration techniques have been researched to improve efficiency and to eliminate the user
dependency associated with manual alignment. While successfully applied in various medical
fields, application of NMI registration to images of the forearm, for which the relative pose of
the radius and ulna likely differs between CT and MR acquisitions, is yet to be described. To
enable the alignment of CT and MR forearm data, we propose an NMI-based registration
pipeline, which allows manual steering of the registration algorithm to the desired image
subregion and is, thus, applicable to the forearm. Successive automated registration is proposed
to enable planning incorporating multiple target anatomical structures such as the radius and
ulna. With respect to gold-standard manual registration, the proposed registration methodology
achieved mean accuracies of 0.08 ± 0.09 mm (0.01 – 0.41 mm range) in comparison to 0.28 ±
0.23 mm (0.03 – 0.99 mm range) associated with a landmark-based registration when tested on
40 patient datasets. Application of the proposed registration pipeline required less than 10
minutes on average compared to 20 minutes required by the landmark-based registration. The
clinical feasibility and relevance of the method were tested on two different clinical applications,
a forearm tumour resection and radioulnar joint instability analysis, obtaining accurate and
robust CT-MR image alignment for both cases.
Keywords: image-to-image registration, mutual information, surgical planning, forearm
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Introduction
Preoperative computerised surgical planning can improve diagnostic quality and treatment
outcome1. For the treatment of forearm bone injuries and pathologies such as instability2,3,
fractures4 and tumours5, the need for computerised planning has been widely reported6–14.
However, to date, its application has been greatly limited to patient-specific planning on
computed tomography (CT) data, considering only bony structures such as for corrective
osteotomies15 and the design of patient-specific instruments16. The inclusion of soft tissue
analysis based on magnetic resonance (MR) images (MRI) would allow a wider range of forearm
treatments to benefit from computerised surgical planning. However, MR’s relatively low image
resolution, in addition to the lack of signal produced by the cortical bone (due to the very short
transverse relaxation time used in conventional MRI sequences17) renders the delineation of
anatomical structures or the definition of surgical resection margins more challenging and errorprone, compared to CT. The overlay of preoperatively acquired CT and MR images would
provide a possible solution for augmenting high-resolution cortical bone anatomy with crucial
soft tissue information18; however, to date, no methodology for the automatic alignment of MRI
and CT data of the forearm has been proposed.
Image-to-image registration19 is the process of finding a transformation that best aligns both
image datasets. Following registration by image fusion19 would allow the integration of
information from unimodal or multimodal images into a single dataset that has the maximum
information content. Currently, the clinical gold-standard for image registration of CT and MRI
is still described as a time-consuming manual process typically performed by a radiologist18,
where the 3D volumes of the CT and MR datasets have to be matched by successive manual
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rotations and translations under visual supervision. To automate this operator-dependent process,
a variety of image registration algorithms and methodologies have been widely researched20,21.
One of the earliest such methods, anatomical landmark point-based registration, derives an
alignment transformation from a set of corresponding 3D points in the images to be aligned22.
Although simple and relatively efficient, the accuracy of the method relies on how well a user
can identify corresponding landmarks in both image data sets. As an alternative, fully automatic
algorithms that reduce or eliminate the effect of user variability have been developed.
Particularly, normalised mutual information23 (NMI) has become one of the most investigated
measures for automatic medical image registration of multimodal images20. NMI registration has
been successfully applied to align CT and MR images in various medical fields such as
radiotherapy24, neurosurgery25,26, spinal surgery27 and others28–31; however, its application to the
forearm has yet to be described. NMI registration methodologies are typically applied on the
whole CT and MR image volumes. Nevertheless, because the relative pose between the radius
and ulna most certainly differs between CT and MR acquisitions, direct application on the entire
forearm images is likely to produce poor results. Additionally, the alignment procedure with
NMI registration is reliable only when the initial image pose (position and orientation) is close to
the “correct” pose32 and therefore requires a robust pre-alignment initialisation. Thus, a method
for localisation of the anatomical structures of the forearm is also required.
We hypothesise that registering CT and MRI data, based on an isolated anatomical subsection of
the forearm (e.g. radius or ulna), would enable an automated, accurate and robust alignment.
Such registration would facilitate the generation of a multimodal fused display to aid in surgical
planning in cases such as bony tumour resection or radioulnar joint instability analysis, with an
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accuracy within millimetres18. Additionally, such data fusion could be utilised during imageguided navigation, which provides notable intraoperative support to the surgeon33,34.
Towards this end, we herein propose and evaluate a clinically applicable and user-independent
rigid CT-MR image registration pipeline for the forearm, which includes the isolation of the
targeted anatomy for pre-alignment to steer the registration algorithm to the desired region. In
cases where registration information from several anatomical structures is required, the proposed
registration pipeline can be applied to each structure successively. The proposed pipeline was
validated on clinical data and its accuracy and efficiency were compared to a landmark-based
registration methodology with respect to the gold-standard manual registration. Feasibility for
use in 3D preoperative surgical planning was further demonstrated on a clinical case of tumour
resection on the radius and on the surgical planning of a distal radioulnar joint instability which
requires successive registration of both the radius and ulna.

Methods
A pipeline for the automated registration of T1-weighted MRI and CT data was developed for
the forearm based on the normalised mutual information (NMI) metric. Custom-made software
was designed to implement the proposed pipeline, which comprises an interactive coarse prealignment of the CT image to the MR image, the isolation of the targeted anatomy, and the
execution of an automatic registration algorithm based on NMI. The methodology was evaluated
on N=40 image datasets of healthy and pathological anatomies and retrospectively tested on two
clinical cases.
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Registration Pipeline
The proposed registration pipeline is aimed at finding an optimal transformation 𝑇 that
transforms a voxel position 𝑥𝐶𝑇 of the CT image 𝐼𝐶𝑇 to a voxel position 𝑥𝑀𝑅 of the MR
image 𝐼𝑀𝑅 .
𝑇: 𝑥𝐶𝑇 ⟼ 𝑥𝑀𝑅 ⟺ 𝑇(𝑥𝐶𝑇 ) = 𝑥𝑀𝑅
The pipeline, summarised in Figure 1, involves: 1) the extraction of an isosurface 𝑆𝐶𝑇 from 𝐼𝐶𝑇
representing roughly the radius bone; 2) an interactive coarse pre-alignment of 𝑆𝐶𝑇 to 𝐼𝑀𝑅
resulting in the transformation 𝑇𝑐 ; 3) isolation of the targeted anatomy using 𝑆𝐶𝑇 and execution
of an automatic registration algorithm based on NMI producing the optimised transformation
𝑇̂𝑁𝑀𝐼 ; 4) the concatenation of the transformations 𝑇𝑐 and 𝑇̂𝑁𝑀𝐼 to obtain the final optimised
transformation 𝑇̂ mapping the CT to the MR space. The pre-alignment described in steps 1) and
2) is required to prevent the automatic registration algorithm from converging to an incorrect
local minimum. A detailed description of each pipeline step is provided thereafter.
A custom-made C++ software application was built to implement the proposed registration
pipeline. The following libraries are used in the software: Qt (version 5.3.2, https://www.qt.io)
for the graphical user interface; Coin3D (version 3.1.3, https://bibucket.org/Coin3D/coin) and
SoQt (version 1.5.0, https://bitbucket.org/Coin3D/soqt) for the 2D and 3D rendering; ITK
(Insight Segmentation and Registration Toolkit, version 4.8.2, https://itk.org) for image
processing; VTK (The Visualization Toolkit, version 6.1.0, https://vtk.org) for 3D surface
generation and smoothing; and elastix35,36 (version 4.8, http://elastix.isi.uu.nl) for image
registration.
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After the corresponding CT and MR data sets of each case are loaded into the developed
software, as a pre-processing step, the software automatically resamples the MR image data to
obtain isotropic voxel sizes. For example, an MR image with an original anisotropic voxel size
of (0.176, 0.176, 3) mm3 is resampled with a sampling ratio of (1,1,17) mm3, resulting in
isotropic voxel sizes of 0.1763 mm3. No pre-processing of the CT data set is required.
Additionally, 2D slices of the MR images corresponding to the axial, coronal and sagittal
anatomical planes are extracted and displayed in 2D viewers.
A 3D isosurface 𝑆𝐶𝑇 is computed from the CT data set with a threshold of 300 HU and displayed
in a 3D viewer (Figure 2a). The threshold was chosen empirically to work with images of the
forearm and must be adapted for the targeted anatomy. However, the threshold does not have to
be accurate, as it contributes only to the process of coarse pre-alignment of the CT image to the
MRI (± 100 HU is acceptable on our data). An outline of the extracted isosurface is additionally
displayed on the axial, coronal and sagittal 2D planes in the graphical user interface (Figure 2bd).
For initialisation, the 3D isosurface 𝑆𝐶𝑇 is manually aligned onto the MR image, using a
manipulator that allows the user to apply rotational and translational movements in the 3D
viewer (Figure 2a). A suitable alignment is visually found when the isosurface outline displayed
in the axial, coronal and sagittal planes, roughly matches the MR data (Figure 2b-d). The
resulting coarse transformation 𝑇𝑐 is then applied to the CT image 𝐼𝐶𝑇 . The transformed image is
𝑇

denoted as 𝐼𝐶𝑇𝑐 .
As a next step, a binary mask is generated from 𝑆𝐶𝑇 to represent the region of interest on which
the registration will be applied. The region of interest isolates the targeted anatomy and prevents
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the registration from including other bone structures of the wrist such as carpal bones, making
the algorithm more robust. Hence, a binary mask of the 3D isosurface is moved to the MR space
through the coarse transformation 𝑇𝑐 and dilated by a margin adjustable in the graphical user
interface of the software (15 pixels were suitable in our experiments) to include only voxels in
the vicinity of the radius cortical bone layer (Figure 3).
Implementation of the whole automatic registration algorithm is carried out by means of the
elastix library35,36 with the parameters described thereafter. The automatic intensity-based
registration problem is formulated in elastix as an optimisation problem
𝑇
𝑇̂𝑁𝑀𝐼 = arg min 𝐶(𝑇𝑁𝑀𝐼 ; 𝐼𝐶𝑇𝑐 , 𝐼𝑀𝑅 )
𝑇𝑁𝑀𝐼

in which the cost function 𝐶 is minimised with respect to transformation parameters and the
return value 𝑇̂𝑁𝑀𝐼 approximates the optimal transformation 𝑇𝑁𝑀𝐼 . The normalised mutual
𝑇

information metric32 𝐼(𝐼𝐶𝑇𝑐 , 𝐼𝑀𝑅 ) is used in the cost function 𝐶 to compute the image similarities:
𝑇

𝑇
𝐼(𝐼𝐶𝑇𝑐 , 𝐼𝑀𝑅 )

=

𝐻(𝐼𝐶𝑇𝑐 ) + 𝐻 (𝐼𝑀𝑅 )
𝑇

𝐻(𝐼𝐶𝑇𝑐 , 𝐼𝑀𝑅 )

where 𝐻 (⋅) denotes the entropy37 of a portion of one image that overlaps with the other image
𝑇

volume for the given transformation and 𝐻(𝐼𝐶𝑇𝑐 , 𝐼𝑀𝑅 ) denotes the joint entropy37 between the
𝑇

images 𝐼𝐶𝑇𝑐 and 𝐼𝑀𝑅 . To solve the optimization problem, i.e. to obtain the optimal transformation
parameter vector for 𝑇̂𝑁𝑀𝐼 , an iterative adaptive stochastic gradient descent strategy is
employed38 with a maximum number of iterations of 3000. A relatively fast linear interpolator is
used during registration iterations and a slower but more accurate higher quality third-order Bspline39 interpolation for generating the resulting transformed CT image. To increase the chance
of successful registration, several levels of Gaussian smoothing are applied to the MRI during
9

registration iterations (Gaussian scale space40). For each optimization step, the standard deviation
𝜎 of the smoothing Gaussian distribution is decreased by a factor of 2, ending with σ = 0.5 in
the last smoothing operation. The last registration iteration employs the full MRI without any
filtering. Thus, the automatic registration process starts with blurred images allowing the
algorithm to emphasise first on large and dominant structures, before focusing on details in the
last registration stages.
Verification Study Design
To determine the accuracy and efficiency of the proposed automated image registration pipeline,
we conducted a study on clinical MR and CT datasets of the forearm, applying the proposed
pipeline retrospectively to corresponding pairs of CT and MR datasets. We compared the results
to those achieved using a standard anatomical landmark point-based image registration with
respect to a gold-standard manual registration. With the approval of the local institutional review
board (ethics commission of the canton of Zürich, Switzerland, BASEC-No. 2016-00282), N=40
patients with healthy and pathological radius anatomy were included in this retrospective study.
The inclusion criteria were the presence of both a clinical CT scan and an MR scan of the
forearm. The acquired images thus contained CT scans with 1 mm slice thickness (120 kV,
Philips Brilliance 64 CT, Philips Healthcare, The Netherlands) and MR scans with 2 to 4 mm
slice thickness (coronal T1-weighted sequence; 1.5 Tesla system Siemens Medical Solutions,
Erlangen, Germany). The field of view as defined in the standard clinical protocol contained at
least 8 cm of the distal radius. The final CT and MR data sets were exported from the picture
archiving systems as anonymised DICOM files.
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Landmark-Based Registration Methodology
For comparison, we employed a standard landmark-based registration methodology, with which
the correspondence between the CT image and the MR image is calculated based on manuallyplaced anatomical landmarks using a commercial software (Mimics Medical, Version 19.0). An
expert technician scrolled through the stack of 2D axial, coronal and sagittal CT slices and
selected the following anatomical landmarks 𝐿𝐶𝑇 = {𝑥𝐶𝑇 }: (1) radius styloid, (2) dorsal distal
edge of the sigmoid notch, (3) palmar distal edge of the sigmoid notch and (4) Lister’s tubercle
(Figure 4). Similarly, the corresponding anatomical landmarks 𝐿𝑀𝑅 = {𝑥𝑀𝑅 } were selected
through the stack of 2D axial, coronal and sagittal MR image slices. Once point-pair
correspondence was established, a point-pair matching algorithm using a closed-form solution to
the least-squares problem41 was applied to minimize the misalignment between the set of points
by solving the equation
∗ (
𝑇𝐿 (𝑅𝐿 , 𝑡𝐿 ) = arg min ∑ 𝑑 2 (𝑅𝐿 𝑥𝐶𝑇 + 𝑡𝐿 , 𝑥𝑀𝑅
𝑥𝐶𝑇 ))
𝑅𝐿 ,𝑡𝐿

𝑥𝐶𝑇 ∈𝐿𝐶𝑇

∗ (
where 𝑇𝐿 (𝑅𝐿 , 𝑡𝐿 ) is the optimal alignment transformation and 𝑥𝑀𝑅
𝑥𝐶𝑇 ) is the point in the set

𝐿𝑀𝑅 corresponding to the point 𝑥𝐶𝑇 in the set 𝐿𝐶𝑇 , and 𝑑 2 (⋅,⋅) is the squared Euclidean distance
between two points: 𝑑 2 (𝑝1 , 𝑝2 ) = ‖𝑝1 − 𝑝2 ‖22 .
Gold-Standard Manual Registration
The manual registration approach used to align the MR and CT images was originally developed
for the 3D preoperative planning of tumour resection surgery at the pelvis18. The 3D surface
models 𝑆𝐶𝑇 and 𝑆𝑀𝑅𝐼 of the radii were constructed by manual segmentation of the cortical bone
layers in the CT and MR images, respectively. A commercial image processing software
(Mimics Medical Version 19.0, Materialise, Belgium) was used for the segmentation task. The
11

resulting 3D surface models 𝑆𝐶𝑇 and 𝑆𝑀𝑅𝐼 were then imported into the preoperative planning
software CASPA (Balgrist CARD AG, Switzerland). The surface registration functionality of
CASPA relies on the iterative closest point (ICP) algorithm42 and was applied to calculate the
transformation 𝑇𝐼𝐶𝑃 , which aligns 𝑆𝐶𝑇 to 𝑆𝑀𝑅𝐼 by minimizing the point-to-point distances
between the surfaces in a least square sense. The ICP algorithm was configured to stop when
either the average root mean squared error was below 0.01 mm or when 100 iterations were
reached. Lastly, the gold-standard transformation 𝑇𝐺𝑆 was obtained in CASPA by a manual fine𝑇

tuning process, in which 𝑆𝐶𝑇𝐼𝐶𝑃 is interactively translated and rotated to match 𝑆𝑀𝑅𝐼 . Special care
was taken to visually align the distal joint surfaces of the radii, as they are very relevant to
surgical procedures around the wrist.
Accuracy Evaluation
𝑇

For accuracy evaluation, we considered the registered gold-standard surface model 𝑆𝐶𝑇𝐺𝑆 as the
𝑇

𝑇
ground truth and compared it to the surface models 𝑆𝐶𝑇
and 𝑆𝐶𝑇𝐿 obtained from the proposed

registration pipeline and the landmark-based registration, respectively. The mean distance
surface metric 𝑑𝑚𝑒𝑎𝑛 (⋅,⋅), implemented as the mean of all minimum vertex-to-vertex Euclidean
distances between the surfaces, was used to quantify a technical registration error and the
Hausdorff surface43 distance metric 𝑑𝐻𝐷 (⋅,⋅) to provide a more clinically relevant measure.
𝑇

𝑇

𝑇
𝑇
Consequently, the errors 𝑒𝑚𝑒𝑎𝑛 = 𝑑𝑚𝑒𝑎𝑛 (𝑆𝐶𝑇
, 𝑆𝐶𝑇𝐺𝑆 ) and 𝑒𝑚𝑒𝑎𝑛 = 𝑑𝑚𝑒𝑎𝑛 (𝑆𝐶𝑇
, 𝑆𝐶𝑇𝐺𝑆 ) were
𝑇

𝑇

𝐿
computed for the proposed registration pipeline and the errors 𝑒𝑚𝑒𝑎𝑛
= 𝑑𝑚𝑒𝑎𝑛 (𝑆𝐶𝑇𝐿 , 𝑆𝐶𝑇𝐺𝑆 ) and
𝑇

𝑇

𝐿
𝑒𝐻𝐷
= 𝑑𝐻𝐷 (𝑆𝐶𝑇𝐿 , 𝑆𝐶𝑇𝐺𝑆 ) were computed for the landmark-based registration.

Finally, we performed a statistical evaluation on the alignment error values obtained from both
the landmark-based registration and our proposed registration pipeline. First, an ANOVA 𝐹-test
12

was conducted to determine whether the variance between the means of the two methodologies
was significantly different. Subsequently, a two-tail 𝑡-test was performed to determine the level
of significance of the observed results.

Results
From the N=40 patient data sets, four data sets were excluded from the study due to the nonconform protocol performed at other institutions. The proposed registration pipeline was
successfully applied to all remaining N=36 patient data sets.
The proposed registration pipeline and the landmark-based registration had mean registration
𝐿
errors of 𝑒𝑚𝑒𝑎𝑛 = 0.08 ± 0.09 mm (0.01 – 0.41 mm range) and 𝑒𝑚𝑒𝑎𝑛
= 0.28 ± 0.23 mm (0.03 –

0.99 mm range), respectively (Figure 5a). The ANOVA 𝐹-test confirmed that the difference
between the two registration methodologies was statistically significant (𝐹(45) = 6.9, p < 0.05).
Additionally, the two-tail 𝑡-test analysis confirmed that the mean registration error of the
proposed pipeline was significantly smaller than that of the landmark-based methodology (𝑡(45)
= 4.89, p < 0.05). Similarly, the clinically relevant registration errors based on the Hausdorff
distances were 𝑒𝐻𝐷 = 0.37 ± 0.38 mm (0.02 – 1.72 mm range) for the proposed registration
𝐿
pipeline and 𝑒𝐻𝐷
= 1.14 ± 1.23 mm (0.01 – 4.24 mm range) for the landmark-based registration

(Figure 5b), with a statistically significant difference confirmed by ANOVA 𝐹-test (𝐹(45) =
10.28, p < 0.05). The results of the two-tail 𝑡-test analysis on the Hausdorff distances metric also
confirmed that the registration error of the proposed registration pipeline was significantly
smaller than the landmark-based methodology (𝑡(42) = 3.55, p < 0.05). The proposed registration
pipeline is therefore approximately three times more accurate than the landmark-based
methodology.
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Qualitative representation of the results for one case is depicted in Figure 6. Colour-encoded
Euclidean error distances were mapped onto the 3D surface of the distal radius extracted from
the CT data for the proposed registration pipeline (Figure 6a) and for the landmark-based
methodology (Figure 6b), to illustrate the location of errors on the cortical layer of the distal
radius joint. White to red colour gradient maps the absolute error distances [0.0 – 1.3] in
millimetres. Additionally, the outline of the 3D radius surface extracted from the aligned CT was
shown on the MR image data in coronal, axial and sagittal planes (Figure 6c-e). Moreover, the
MR image was colour-encoded and overlaid onto the registered CT image (Figure 6f) where red
to yellow colour gradient maps to the intensity value range of [0 – 270] on our data sets, to
include soft tissue while excluding cortical bone.
The proposed registration pipeline required on average 10 minutes to be applied to a routine
clinical case, where 5 minutes contributed to the manual pre-alignment and 2 minutes to the
algorithm runtime (Intel Core i7-6700 3.40GHz, 32GB RAM). In contrast, the landmark-based
methodology required on average 15 minutes of landmark placement and 5 minutes of
alignment, resulting in a total of 20 minutes of manual work. Finally, the gold-standard (GS)
manual alignment took on average slightly less than 2 hours in total, where 40 minutes were
necessary to perform the alignment of CT and MR images. The proposed registration pipeline is
therefore approximately twice faster than the landmark-based methodology and 15 times faster
than the gold-standard (Table 1).
Clinical Applications
To demonstrate the clinical feasibility and relevance of the proposed registration pipeline, we
have retrospectively applied our CT-MR image registration pipeline in two clinical cases.
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First, a case of bone tumour resection illustrates the importance of aligning CT and MR data to
allow delineation of accurate resection margins, to reduce the risk of local recurrence and
increase the chances of patient survival33. Tumour excision and resection of the most proximal
16 cm radius were performed on a case of a 29 year old female with an Ewing's sarcoma in the
left proximal radius. Preoperatively, the patient underwent CT acquisition (1.0 mm slice
thickness, 120 kV, Somatom Definition AS, Siemens Medical Systems, Erlangen, Germany) and
T1-weighted MR (3.5 mm slice thickness, 1.5 Tesla system Siemens Medical Solutions,
Erlangen, Germany). The radius bone and the tumour were manually segmented in the acquired
coronal T1-weighted MR image, using the Mimics software (Version 19.0, Materialise,
Belgium) and aligned to the CT-reconstructed 3D model of the radius with the gold-standard
registration methodology (Figure 7d). The fused 3D models of bone and tumour served as a basis
for 3D preoperative planning of the tumour resection. We applied the proposed registration
pipeline and the landmark-based registration retrospectively to the imaging data of this patient
𝐿
and found mean registration errors of 𝑒𝑚𝑒𝑎𝑛 = 0.11 ± 0.06 mm (Figure 7f) and 𝑒𝑚𝑒𝑎𝑛
= 2.47 ±

1.94 mm (Figure 7e), respectively. Similarly, the clinically relevant maximum registration error
based on the Hausdorff distance was 𝑒𝐻𝐷 = 0.93 mm for the proposed registration pipeline and
𝐿
𝑒𝐻𝐷
= 10.09 mm for the landmark-based registration. Hence, the proposed registration pipeline

was significantly more accurate than the landmark-based registration for this case. The results
shown in Figure 7a-c should additionally underpin the clinical feasibility of the proposed
methodology.
The second clinical case underlines the significance of jointly using CT and MR data to perform
dynamic preoperative surgical planning of distal radioulnar joint (DRUJ) instability. We have
previously developed a motion analysis model of the forearm to study the influence of the soft
15

tissue on the forearm motion and to identify possible actors on the DRUJ instability44. One of the
pre-requisites for the forearm motion analysis is the corresponding insertion points of the soft
tissue structures under analysis, in order to generate the 3D ligament models. This step is part of
a semi-automatic pipeline that allows the generation of the bone-ligament model. An easier
landmark transfer between image modalities, using our automatic CT-MR registration pipeline,
could potentially enable the full automation of the forearm motion analysis. For a proof of
concept of the feasibility of our method for the ligament insertion identification and transfer
between MRI and CT, we have chosen the dorsal and palmar radioulnar ligaments (RUL, Figure
8) due to their proved stabilizing role on the forearm motion3,45. In a first step, a radiologist
identified insertion points of the RUL (shown as spheres in Figure 8) and marked on the MRI the
distal sigmoid notch of the radius and the ulna styloid. In a second step, the proposed registration
pipeline was applied to align the marked MR images to the CT of the same patient, obtaining the
reference points of the ligaments in CT for both bones. As the relative anatomical position
between the radius and ulna differs between MRI and CT acquisitions, the registration pipeline
was applied first to the radius, obtaining the RUL insertion points at the sigmoid notch.
Subsequently, the insertion points of RUL on the ulnar styloid were obtained by applying the
registration pipeline to the ulna. Finally, the denoted positions were connected using a line
segment in order to obtain a 3D representation of the dorsal (shown in magenta in Figure 8) and
palmar (shown in green in Figure 8) radioulnar ligaments.

Discussion
In this study, we proposed an efficient CT to MR image registration pipeline for use in
preoperative planning of forearm surgeries, showing that the approach can generate significantly
more accurate results than established methodologies, such as landmark-based registration, while
16

being considerably faster. We included several cases with deformed or non-anatomical radius
shapes in the accuracy evaluation, which indicates that the proposed approach can be applied to
healthy or pathological forearm bones. Finally, we demonstrated that the proposed approach is
clinically feasible in two forearm applications.
Registration based on the manual alignment of reconstructed surface models can be considered
as the clinical gold-standard, because it involves iterative visual inspection and correction steps
controlled by a clinical expert. For manual alignment, it has been shown that experienced
clinicians can reliably detect registration errors above approximately 0.2 millimeters46. However,
manual alignment is very time-consuming, which limits the application in everyday clinical
routine. In our evaluation, manual gold-standard registration took approximately two hours on
average per case, including the time needed for manual segmentation of MRI data. Landmarkbased registration can accelerate the alignment process, but the quality of the registration is
highly dependent on the ability of the clinician to accurately identify corresponding anatomical
landmarks in CT and MR images47, which can be particularly challenging with the relatively low
resolution of clinical MR images (Figure 4). Our approach has higher accuracy than the
landmark-based registration, approximately three times better or 28% more accurate on average,
and can also be attributed to the elimination of user-variability. These results indicate that the
NMI registration used is appropriate for CT-MR registration of clinical data, as previously
indicated37.
While we performed the evaluation on clinical data retrospectively and only on one specific
anatomical region, a similar accuracy is expected for the application of the registration to other
forearm regions, due to similar image intensities. To apply the proposed approach to other
orthopaedic surgeries, the following two parameters would need to be adapted: (1) the threshold
17

value to create the 3D isosurface from CT data, and (2) the margin value, which controls the size
of the binary mask to correctly isolate the targeted region from the rest of the image, and which
enables an accurate and robust alignment. Additionally, while our pipeline performed well on
relatively low-resolution MRI, its accuracy on other resolutions needs to be considered and
tested. Hence, we advise readers to perform a validation of the achievable accuracies with the
new image datasets and the newly-defined parameters, prior to clinical use.
A potential limitation of our work is the run time of the algorithm on relatively low-resolution
MRI, which took two minutes on average, and would eventually increase considerably with the
application of higher resolution image data. However, the registration could be accelerated in
future by using a supervoxel-based variational framework with run time improvements reported
to be up to 75%, with no negative impact on accuracy48. Furthermore, the pipeline requires a
manual initialisation pre-alignment in order to ensure convergence of the algorithm to the correct
optimum32,37. Techniques to find an initial coarse image alignment, including computing and
aligning the centre of gravity and principal axes of images could be explored to render the
proposed approach fully automatic and reduce the necessity of manual input 20.
Alternative automated registration techniques such those based on cross-correlation have also
been researched; however, mutual information-based approaches are popular for MR-CT
registration and have been proven to be the most accurate in other applications20,37. From our
perspective, displaying the result of the registration to the user is highly important to permit
visual verification. While we have not investigated image fusion methods in this work,
approaches based on the wavelet transform could be applied to fuse multiple modalities into a
single image49.
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The presented registration approach could contribute to the future development of more
sophisticated preoperative planning scenarios. One area of interest could be functional planning,
in which the patient-specific motion is simulated for determining the optimal preoperative plan
of patients with pro-supination motion limitation or distal radius joint instability6,44. Such
simulation models could be fit to new patient data by augmenting the CT data with soft tissue
structures, such as ligaments or muscles obtained from MRI. Another interesting research
direction is the calculation of synthetic CT (sCT) from MR data50, which allows a radiation-free
treatment to the patient, in addition to completely eliminating the need for multimodality
registration. In future, voxel-based approaches for the generation of sCT could be a clinically
viable option, if the acquisition time of multi-protocol and high-resolution MRI decreases due to
technological progress in medical imaging.

Acknowledgements
This work was carried out under the project “Analysis and simulation of the distal forearm
stability during pro-supination for improved surgical planning” financed by the Swiss National
Science Foundation (SNSF grant number 325230L_163308).

19

References
1.

Mader K, Koolen M, Flipsen M, et al. 2015. Complex forearm deformities: operative
strategy in posttraumatic pathology. Obere Extrem. 10(4):229–239.

2.

Hess F, Farshad M, Sutter R, et al. 2012. A novel technique for detecting instability of the
distal radioulnar joint in complete triangular fibrocartilage complex lesions. J. Wrist Surg.
1(2):153–8.

3.

Malone PSC, Cooley J, Morris J, et al. 2014. The biomechanical and functional
relationships of the proximal radioulnar joint, distal radioulnar joint, and interosseous
ligament. J. Hand Surg. Am. 40(5):485–493.

4.

Arora R, Lutz M, Hennerbichler A, et al. 2007. Complications following internal fixation
of unstable distal radius fracture with a palmar locking-plate. J. Orthop. Trauma
21(5):316–322.

5.

Muramatsu K, Ihara K, Doi K, et al. 2009. Sarcoma in the forearm and hand: Clinical
outcomes and microsurgical reconstruction for limb salvage. Ann. Plast. Surg. 62(1):28–
33.

6.

Fürnstahl P, Schweizer A, Nagy L, et al. 2009. A morphological approach to the
simulation of forearm motion. Conf. Proc. ... Annu. Int. Conf. IEEE Eng. Med. Biol. Soc.
IEEE Eng. Med. Biol. Soc. Annu. Conf. 2009:7168–71.

7.

Dobbe JGG, Strackee SD, Schreurs AW, et al. 2011. Computer-assisted planning and
navigation for corrective distal radius osteotomy, based on pre- and intraoperative
imaging. IEEE Trans. Biomed. Eng. 58(1):182–90.

20

8.

Schweizer A, Fürnstahl P, Nagy L. 2013. Three-dimensional correction of distal radius
intra-articular malunions using patient-specific drill guides. J. Hand Surg. Am.
38(12):2339–47.

9.

Hamada Y, Gotani H, Sasaki K, et al. 2017. Corrective Osteotomy of Malunited
Diaphyseal Fractures of the Forearm Simplified Using 3-Dimensional CT Data: Proposal
of Our Simple Strategy Through Case Presentation. Hand (N. Y). 12(5):NP95–NP98.

10.

Jeuken RM, Hendrickx RPM, Schotanus MGM, Jansen EJ. 2017. Near-anatomical
correction using a CT-guided technique of a forearm malunion in a 15-year-old girl: A
case report including surgical technique. Orthop. Traumatol. Surg. Res. 103(5):783–790.

11.

Mueller S, Kahrs LA, Gaa J, et al. 2017. Patient specific pointer tool for corrective
osteotomy: Quality of symmetry based planning and case study of ulnar reconstruction
surgery. Injury 48(7):1325–1330.

12.

Buijze GA, Leong NL, Stockmans F, et al. 2018. Three-dimensional compared with twodimensional preoperative planning of corrective osteotomy for extra-articular distal radial
malunion: A multicenter randomized controlled trial. J. Bone Jt. Surg. - Am. Vol.
100(14):1191–1202.

13.

Totoki Y, Yoshii Y, Kusakabe T, et al. 2018. Screw Length Optimization of a Volar
Locking Plate Using Three Dimensional Preoperative Planning in Distal Radius Fractures.
J. hand Surg. Asian-Pacific Vol. 23(4):520–527.

14.

Shintani K, Kazuki K, Yoneda M, et al. 2018. Computer-Assisted Three-Dimensional
Corrective Osteotomy for Malunited Fractures of the Distal Radius Using Prefabricated
Bone Graft Substitute. J. hand Surg. Asian-Pacific Vol. 23(4):479–486.
21

15.

Carrillo F, Roner S, von Atzigen M, et al. 2020. An automatic genetic algorithm
framework for the optimization of three-dimensional surgical plans of forearm corrective
osteotomies. Med. Image Anal. 60:101598.

16.

Popescu D, Laptoiu D. 2016. Rapid prototyping for patient-specific surgical orthopaedics
guides: A systematic literature review. Proc. Inst. Mech. Eng. H. 230(6):495–515.

17.

Du J, Bydder GM. 2013. Qualitative and quantitative ultrashort-TE MRI of cortical bone.
NMR Biomed. 26(5):489–506.

18.

Jentzsch T, Vlachopoulos L, Fürnstahl P, et al. 2016. Tumor resection at the pelvis using
three-dimensional planning and patient-specific instruments: a case series. World J. Surg.
Oncol. 14(1):249.

19.

Mohammed HA, Hassan MA. 2016. The Image Registration Techniques for Medical
Imaging ( MRI-CT ). Am. J. Biomed. Eng. 6(2):53–58.

20.

Maintz JBA, Viergever MA. 1998. A survey of medical image registration. Med. Image
Anal. 2(1):1–36.

21.

Hill DL, Batchelor PG, Holden M, Hawkes DJ. 2001. Medical image registration. Phys.
Med. Biol. 46(3):R1–R45.

22.

Hill DLG, Hawkes DJ, Crossman JE, et al. 1991. Registration of MR and CT images for
skull base surgery using point-like anatomical features. Br. J. Radiol. 64(767):1030–1035.

23.

Pluim JPW, Maintz JBA, Viergever MA. 2003. Mutual-Information-Based Registration of
Medical Images : A Survey.22(8):986–1004.

24.

Czajkowski P, Piotrowski T. 2019. Registration methods in radiotherapy. Reports Pract.
22

Oncol. Radiother. 24(1):28–34.
25.

Nemec SF, Donat MA, Mehrain S, et al. 2007. CT-MR image data fusion for computer
assisted navigated neurosurgery of temporal bone tumors. Eur. J. Radiol. .

26.

Geevarghese R, Ogorman Tuura R, Lumsden DE, et al. 2016. Registration Accuracy of
CT/MRI Fusion for Localisation of Deep Brain Stimulation Electrode Position: An
Imaging Study and Systematic Review. Stereotact. Funct. Neurosurg. 94(3):159–163.

27.

Hirayama J, Hashimoto M. 2019. Percutaneous Endoscopic Diskectomy using an
Interlaminar Approach Based on 3D CT/MR Fusion Imaging. J. Neurol. Surg. Part A
Cent. Eur. Neurosurg. 80(02):088–095.

28.

Jones DW, Stangenberg L, Swerdlow NJ, et al. 2018. Image Fusion and 3-Dimensional
Roadmapping in Endovascular Surgery. Ann. Vasc. Surg. 52:302–311.

29.

Gouin F, Paul L, Odri GA, Cartiaux O. 2014. Computer-Assisted Planning and PatientSpecific Instruments for Bone Tumor Resection within the Pelvis: A Series of 11 Patients.
Sarcoma 2014:842709.

30.

Wang X, Li L, Hu C, et al. 2009. A comparative study of three CT and MRI registration
algorithms in nasopharyngeal carcinoma. J. Appl. Clin. Med. Phys. 10(2):2906.

31.

Noorda YH, Bartels LW, Huisman M, et al. 2014. Registration of CT to pre-treatment
MRI for planning of MR-HIFU ablation treatment of painful bone metastases. Phys. Med.
Biol. 59(15):4167–4179.

32.

Viola P, Iii WMW. 1997. Alignment by Maximization of Mutual Information. Kluwer
Academic Publishers. 137–154 p.

23

33.

Wong K-C, Niu X, Xu H, et al. 2018. Computer Navigation in Orthopaedic Tumour
Surgery. In: Advances in experimental medicine and biology. p 315–326.

34.

Stockmans F, Dezillie M, Vanhaecke J. 2013. Accuracy of 3D Virtual Planning of
Corrective Osteotomies of the Distal Radius. J. Wrist Surg. 2(4):306–314.

35.

Klein S, Staring M, Murphy K, et al. 2010. elastix: A Toolbox for Intensity-Based
Medical Image Registration. IEEE Trans. Med. Imaging 29(1):196–205.

36.

Shamonin D, Bron EE, Lelieveldt BPF, et al. 2013. Fast parallel image registration on
CPU and GPU for diagnostic classification of Alzheimer’s disease. Front. Neuroinform.
7:50.

37.

Pluim JPW, Maintz JBA, Viergever MA. 2003. Mutual-information-based registration of
medical images: a survey. IEEE Trans. Med. Imaging 22(8):986–1004.

38.

Klein S, Pluim JPW, Staring M, Viergever MA. 2009. Adaptive Stochastic Gradient
Descent Optimisation for Image Registration. Int. J. Comput. Vis. 81(3):227–239.

39.

Knott GD. 2000. Interpolating cubic splines. Birkhauser. 244 p.

40.

Witkin AP. 1983. Scale-space Filtering. In: Proceedings of the Eighth International Joint
Conference on Artificial Intelligence - Volume 2. Karlsruhe, West Germany: Morgan
Kaufmann Publishers Inc. p 1019–1022.

41.

Horn BKP. 1987. Closed-form solution of absolute orientation using unit quaternions. J.
Opt. Soc. Am. A 4(4):629.

42.

Besl PJ, McKay ND. 1992. Method for registration of 3-D shapes. In: Schenker PS, editor.
Sensor Fusion IV: Control Paradigms and Data Structures. International Society for Optics
24

and Photonics. p 586–606.
43.

Dubuisson M-P, Jain AK. 2002. A modified Hausdorff distance for object
matching.(1):566–568.

44.

Péan F, Carrillo F, Fürnstahl P, Goksel O. 2017. Physical Simulation of the Interosseous
Ligaments During Forearm Rotation. In: CAOS 2017. 17th Annual Meeting of the
International Society for Computer Assisted Orthopaedic Surgery. International Society
for Computer Assisted Orthopaedic Surgery (CAOS). p 181–172.

45.

Ward LD, Ambrose CG, Masson M V., Levaro F. 2000. The role of the distal radioulnar
ligaments, interosseous membrane, and joint capsule in distal radioulnar joint stability. J.
Hand Surg. Am. 25(2):341–351.

46.

Denton ER, Holden M, Christ E, et al. 2000. The identification of cerebral volume
changes in treated growth hormone-deficient adults using serial 3D MR image processing.
J. Comput. Assist. Tomogr. 24(1):139–45.

47.

Maintz JBA, Viergever M a. 1996. An Overview of Medical Image Registration Methods.
Utr. Univ. Repos. 12(6):1–22.

48.

Lafitte L, Zachiu C, Kerkmeijer LGW, et al. 2018. Accelerating multi-modal image
registration using a supervoxel-based variational framework. Phys. Med. Biol.
63(23):235009.

49.

Sanjay AR, Soundrapandiyan R, Karuppiah M, Ganapathy R. 2017. CT and MRI image
fusion based on discrete wavelet transform and Type-2 fuzzy logic. Int. J. Intell. Eng.
Syst. 10(3):355–362.

25

50.

Johnstone E, Wyatt JJ, Henry AM, et al. 2018. Systematic Review of Synthetic Computed
Tomography Generation Methodologies for Use in Magnetic Resonance Imaging–Only
Radiation Therapy. Int. J. Radiat. Oncol. • Biol. • Phys. 100(1):199–217.

26

