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1 Introduction

Registration is the process of computing the transformation that relates the coordi-
nates of corresponding points given in two different coordinate systems. It is one of
the key components in orthopaedic navigation guidance and robotic systems. Most
commonly, registration is used to transfer preoperative information to the intraoper-
ative setting and for assessment of postoperative results.Slightly less common uses
include the use of registration to facilitate automated procedure planning, and com-
putation of population atlases which are later used for intraoperative registration.
The standard mathematical formulation of a registration algorithm is as an opti-
mization task, where a problem specific quantity is minimized or maximized. This
formulation implies that in most cases registration does not have an analytic solu-
tion and therefor we are not guaranteed that the obtained result is the optimal value
(minimum or maximum).

The majority of texts describing registration only focus onalgorithmic aspects.
In this work we aim to provide a holistic view that we believe benefits both clin-
ical practitioners and system developers. We therefore introduce the concept of a
registration framework. That is, we consider both the algorithmic aspects and the
integration of the algorithm into the clinical workflow as itpertains to data acquisi-
tion and possible effects on clinical outcome.

When evaluating a registration framework it is beneficial to use a theoretical
construct, the ideal clinical registration framework. This framework is evaluated
using five criteria and has the following characteristics:

1. Accuracy and precision: sub-millimetric target registration error throughout the
working space, with sub-millimetric precision.
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2. Robustness: not effected by errors and outliers in the input data (e.g. low image
quality, user localization errors).

3. Computation speed: takes less than 1sec to complete the computation.
4. Obtrusiveness: no registration specific hardware is introduced into the environ-

ment (e.g. US machine used only for registration), and inputdata is easily ac-
quired in less than 10sec to yield a streamlined workflow.

5. Clinical side effects: has no detrimental side effects (e.g. registration requires
additional exposure to ionizing radiation from imaging, additional incisions or
surgical procedures).

From an engineering or scientific standpoint the important evaluation criteria of a
registration framework are those directly associated withthe registration algorithm,
the first three criteria listed above. As a result, the later two criteria often do not re-
ceive sufficient attention, resulting in sub-optimal clinical registration frameworks.
This is readily evident when analyzing the registration framework of one of the
earliest robotic systems used in orthopaedics. The ROBODOCsystem for total hip
replacement initially utilized a paired-point registration algorithm to align the robot
to the patient. The engineers designing the registration framework placed most of
the emphasis on the registration algorithm, choosing to usean optimal algorithm
that provides high accuracy and precision, is robust and computes the result in less
than 1sec. Unfortunately, while the registration algorithm was optimal, the frame-
work was not. In this case, the system used implanted fiducials to define the points
used for registration. This required an additional minor intervention prior to surgery.
More importantly, it resulted in significant collateral damage, patients suffered from
persistent severe knee pain due to nerve damage caused by thepin implantation [82].
We therefore encourage developers of registration algorithms to consider the whole
registration framework and not just the algorithm, as this is what ultimately deter-
mines clinical acceptance.

Before we delve into descriptions of specific registration algorithms we will high-
light a fundamental characteristic of the errors associated with rigid registration.
Spatial errors become larger as one moves farther from the reference frame’s origin.
This is primarily of importance to operators of such systems, providing the theoret-
ical explanation to observations in the field such as those described in [97]. As we
are dealing with rigid registration, we have errors both in the estimated translation
and rotation. The translation errors have a uniform effect throughout space and do
not depend on the location of the origin. The rotational errors, on the other hand,
have a spatially varying effect that is dependent on the distance from the origin, this
is sometimes referred to as the ”lever effect”. Thus, for thesame rotational error a
point that is close to the origin will exhibit a smaller spatial error as compared to a
point that is farther away from the origin.

From a practical standpoint we cannot mitigate the effect oftranslational errors,
but we can mitigate the effect of rotational errors. That is,if we place the origin of
our reference frame in the center of the spatial region of interest, we minimize the
maximal distance to the origin and thus minimize the maximalspatial error. Figure 1
illustrates these observations in the planar case.
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Fig. 1 Characteristics of rigid registration spatial errors: (a) corresponding points (1a-2a, 1b-2b)
before registration; after registration (b) error only in translation, (c) error only in rotation. In both
cases it is clear that registration reduced the spatial error between the points. It is also clear that the
effect of the translational error on the spatial errors is uniform throughout space, while the effect of
the rotational error depends on the distance from the origin.In theory, one can eliminate the effect
of rotational errors for a single point by placing the origin of the reference frame at this point of
interest.

While developers of registration frameworks strive to construct the ideal frame-
work, this is not an easy task. More importantly, it is context dependent. For ex-
ample, introducing an US machine for the sole purpose of registration makes the
framework non-ideal. On the other hand, if the US machine is already available, for
instance to determine breaches in pedicle screw hole placement [52], utilizing it for
registration purposes does not preclude the framework frombeing considered ideal.

Given that constructing the ideal framework is hard, it is only natural that devel-
opers of guidance systems have devised schemes that bypass this task. We therefor
start our overview of registration in orthopedics with approaches that perform reg-
istration implicitly.

2 Implicit Registration

We identify two distinct approaches to performing implicitregistration. The first
combines preoperative calibration with intraoperative volumetric image acquisition
using cone-beam CT (CBCT). The second uses patient specific templates that are
physically mounted onto the patient in an accurate manner. These devices physically
constrain the clinician to planned trajectories for drilling or cutting.

2.1 Intraoperative CBCT

This approach relies on the use of a tracked volumetric imaging system to implicitly
register the acquired volume to a Dynamic Reference Frame (DRF) rigidly attached
to the patient. During construction of the imaging device, it is calibrated such that
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Fig. 2 The O-arm system from Medtronic (Minnisota, MN, USA) facilitates implicit registration
via factory calibration. Picture shows the clinical setup (courtesy of Dr. Matthew Oetgen, Chil-
dren’s National Health System, USA). Inset shows corresponding coordinate systems and transfor-
mations. Transformations from tracking coordinate system, t, to patient DRF, p, and O-arm DRF,
o, vary per procedure and are obtained from the tracking device. The transformation between the
O-arm DRF, o, and the volume coordinate system acquired by the O-arm, v, is fixed and obtained
via factory calibration. Once the volume is acquired intraoperatively it is implicitly registered to
the patient as the transformation from the patient to the volumeis readily constructed by applying
the three known transformations.

the location and orientation of the reconstructed volume isknown with respect to a
DRF that is built into the system. Intraoperatively, a volumetric image is acquired
while the patient’s DRF and imaging device’s DRF are both tracked by a spatial
localization system. This allows the navigation system to correctly position and ori-
ent the volume in physical space. It should be noted that somemanufacturers refer
to this registration bypass as automated registration, although strictly speaking the
system is not performing intraoperative registration. Figure 2 shows an example of
the physical setup and coordinate systems involved in the use of such a system.

These systems have been used to guide various procedures fora number of
anatomical structures including the hip [11, 118], the foot[101], the tibia [134],
the spine [23, 38, 83, 107, 53], and the hand [115].

When compared to our ideal registration framework these systems satisfy almost
all requirements. They are accurate and precise with submillimetric performance.
They are robust, although the use of optical tracking devices means that they are
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dependent on an unobstructed line of sight both to the patient’s and device’s DRFs.
They provide the desired transformation in less than 1sec, as almost no computa-
tion is performed intraoperatively after image acquisition. These systems are not
obtrusive as they are used to acquire both intraoperative X-ray fluoroscopy and vol-
umetric imaging. The one criterion where they can be judged as less than ideal is
that these systems expose the patient to ionizing radiation.

While these systems offer many advantages when evaluated with regard to com-
ponents of the registration framework, they do have other limitations. The quality
of the volumetric images acquired by these devices is lower than that of diagnostic
CT images and this can potentially have an effect on the quality of the visual guid-
ance they provide. Obviously, one can register preoperative diagnostic images (CT,
PET, MR) to the intraoperative CBCT, but this changes the registration framework
and it is unclear whether such a system retains the advantages associated with the
existing one. Another, non technical, disadvantage is the cost associated with these
imaging systems. They do increase the overall cost of the navigation system. One
potential approach to addressing the cost of high end CBCT systems is to retrofit
non-motorized C-arm systems to perform CBCT reconstructions. This requires that
the position and orientation of the C-arm be known for each ofthe acquired X-rays
during a manual rotation. Two potential solutions to this task have been described in
the literature. The C-Insight system from Mazor Robotics (Caesarea, Israel) [134]
uses an intrinsic tracking approach. It both calibrates theX-ray system and estimates
the C-arm pose using spherical markers visible in the X-ray images. An extrinsic
approach to tracking is describe in [2]. This system utilizes inertial measurement
units attached to a standard C-arm to obtain the pose associated with each image.
As both approaches retrofit standard C-arms the quality of the reconstructed vol-
umes is expected to be lower than those obtained with motorized CBCT machines,
as these also utilize flat panel sensors which yield higher quality input for CBCT
reconstruction.

2.2 Patient specific templates

This approach relies on the use of physical templates to guide cutting or drilling.
The templates are designed based on anatomical structures and plans formulated us-
ing preoperative volumetric images, primarily diagnosticCT. This is in many ways
similar to stereotactic brain surgery, using patient mounted frames. To physically
guide the surgeon the template incorporates two components, the bone contact sur-
face which is obtained via segmentation from the preoperative image and guidance
channels which correspond to the physical constraints specified by the plan. Tem-
plates can be created either via milling, subtractive fabrication, or via 3D printing,
additive fabrication. The later approach has become more common as the costs of
3D printers have come down. Figure 3 illustrates this concept in the context of pedi-
cle screw insertion.
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Fig. 3 Patient specific 3D printed template for pedicle screw insertion. Template incorporates drill
trajectories planned on preoperative CT (courtesy Dr. TerryS. Yoo, National Institutes of Health,
USA).

Patient specific templates have been used to guide various procedures for a num-
ber of anatomical structures including the spine [15, 68, 69, 98], the hand [60, 70,
85], the hip [41, 98, 119, 148], and the knee [43, 98].

When compared to the ideal registration framework, this approach provides suf-
ficient accuracy, precision and robustness. Registration is obtained implicitly in an
intuitive manner, as the template is manually fit onto the bone surface. This approach
is not obtrusive as it does not require additional equipmentother than the template.
In theory there are no clinical side effects associated withthe use of a template. Un-
fortunately, achieving accuracy, precision and robustness requires that the template
fit onto the bone in a unique configuration. This potentially requires a larger contact
surface, resulting in larger incisions than those used by standard minimally invasive
approaches [119]. While a smaller contact surface is desirable it should be noted
that this will potentially increase the chance that the operator ”fits the square peg
into a round hole” (e.g. wrong-level fitting for pedicle screw insertion).

3 3D/3D registration

In orthopaedics, 3D/3D registration is utilized for alignment of preoperative data to
the physical world, spatial alignment of data as part of procedure planning, and for
construction of statistical shape and appearance models with the intent of replacing
the use of preoperative CT for navigation with a patient specific model derived from
the statistical one.

Alignment of preoperative data to the physical world is the most common usage
of registration in orthopaedics. It has been described as a component of robotic
procedures applied to the knee [7, 78, 67, 79, 96, 103], and hip [73, 81, 109]. In
the context of image-guided navigation, it has been described as a component of
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Fig. 4 2D proximal femur statistical point distribution model, three standard deviations from the
mean shape, along the first three modes of variation (courtesy Dr. Guoyan Zheng, University of
Bern, Switzerland).

procedures in the hip [8, 9, 10, 54, 61, 94, 110, 118, 119], thefemur [8, 16, 94, 99,
154], the knee [54, 99, 116], and the spine [31, 46, 61, 100, 120, 143].

In the context of planning, 3D/3D registration has been usedfor population
studies targeting implant design [58], for the selection and alignment of a patient
specific optimal femoral implant in total hip arthroplasty [90], and for planning
the alignment of multiple fracture fragments using registration to the contralat-
eral anatomy, thus enabling automated formulation of plansin distal radius os-
teotomy [27, 28, 102, 111], humerus fracture fixation [14, 35], femur fracture fixa-
tion [86] and potentially for scaphoid fracture fixation [63].

In the context of statistical model creation, the first journal publications to de-
scribe the use of statistical shape models in orthopedics were [34] and [117]. The
motivation for this work was to create a patient specific model for guiding ACL re-
construction and total knee arthroplasty without the need of a preoperative 3D scan.
A statistical point distribution model of the distal part ofthe femur was created
by digitizing the surfaces of multiple dry bone specimens and creating the required
anatomical point correspondence via non-rigid 3D/3D registration. Many others fol-
low a similar approach but with one primary difference, the models used to describe
the population are obtained from previously acquired 3D scans, CT or MR, of other
patients. This allows modeling of both shape and intensity.For a detailed overview
of the different aspects of constructing statistical shapemodels we refer the inter-
ested reader to [44].

In orthopedics, statistical shape models that use registration for establishing
anatomical point correspondences have primarily used the free-form deformation
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method proposed in [104] and the diffeomorphic-demons method proposed in [131].
These registration methods were utilized for creating models of the femur, pelvis
and tibia [9, 16, 58, 108, 137, 147]. This approach was also recently applied in 2D,
using 2D/2D registration to establish point correspondences for a proximal femur
model [140]. Figure 4 shows the resulting 2D statistical point distribution model.

At this point we would like to highlight two aspects associated with the use of
statistical point distribution models which one should always think about: does the
input to the statistical model truly reflect the population variability (e.g. using femur
data obtained only from females will most likely not reflect the shape and size of
male femurs); and if point correspondences were established using registration, how
accurate and robust was the registration method.

Having motivated the utility of 3D/3D registration in orthopedics, we now turn
our attention to several common algorithms, pointing out their advantages and lim-
itations.

3.1 Point set to point set registration

In this section we discuss three common algorithm families used to align point sets
in orthopedics, paired-point algorithms, surface based algorithms and statistical sur-
face models.

Paired-point algorithms use points with known correspondences to compute the
rigid transformation between the two coordinate systems. In this setting points are
localized, most often, manually both in image space via mouse clicks, and in physi-
cal space via digitizing using a tracked calibrated pointing device such as described
in [122]. Both calibration and tracking of pointer devices can be done with sub-
millimetric accuracy.

In general, we are given three or more corresponding points in two Cartesian
coordinate systems:

xli = x̂li + eli

xri = x̂ri + eri

wherex̂li, x̂ri are the true point coordinates related via a rigid transformationT (x̂li) = x̂ri,
xli,xri are the observed coordinates, andeli,eri are the errors in localizing the points.

The most common solution to this problem is based on a least squares formula-
tion:

T ∗ = argmin
T

n

∑
i=1

‖xri −T (xli)‖
2

The solution to this formulation is optimal if we assume thatthere are no outliers
and that the Fiducial Localization Errors (FLE)1 follow an isotropic and homoge-

1 In this context the term fiducial is used to denote a point used tocompute the registration, be it
an artificial marker or anatomical landmark.
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Fig. 5 Categories of fiducial localization error according to their variance. Plus (red) indicates
fiducial location and star/circle/triangle marks (blue) denote localization variability.

nous Gaussian distribution. That is, the error distribution is the same in all directions
and is the same for all fiducials. Figure 5 visually illustrates the possible FLE cate-
gories.

While the formulation is unique, several analytic solutionshave been described
in the literature, with the main difference between them being the mathematical
representation of rotation. These include use of a rotationmatrix [3, 128], a unit
quaternion [32, 47], and a dual quaternion [132]. All of these algorithms guarantee a
correct registration if the assumptions hold. Luckily, empirical evaluation has shown
that all choices yield comparable results [30].

In practice, FLE is often anisotropic, such as when using optical tracking sys-
tems, where the error along the camera’s viewing direction is much larger than
the errors perpendicular to it [138]. In this case, the formulation described above
does not lead to an optimal solution. Iterative solutions addressing anisotropic-
homogenous noise and anisotropic-inhomogeneous noise models were described
in [77] and [84] respectively. These methods did not replacethe least squares so-
lutions even though they explicitly address the true error distributions. This is pos-
sible due to two attributes of the original algorithms, theyare analytic, that is they
do not require an initial solution as iterative algorithms do, and they are extremely
easy to implement. Case in point, Table 1 is a fully functioning implementation of
the method described in [128] using MATLAB (The Mathworks Inc., Natick, MA,
USA).

One of the issues with paired-point registration methods isthat the pairing is
explicit, that is the clinician has to indicate which pointscorrespond. This is often
performed as part of a manual point localization process which is known to be in-
accurate both in the physical and the image spaces [46, 112].The combination of
fixed pairing and localization errors reduces the accuracy of registration, as we are
not truly using the same point in both coordinate systems. Ifon the other hand we
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function T = absoluteOrientation(pL, pR)

n = size(pL,2);
meanL = mean(pL,2);
meanR = mean(pR,2);
[U,S,V] = svd((pL - meanL(:,ones(1,n))) *

(pR - meanR(:,ones(1,n)))’);
R = V*diag([1,1,det(U*V)])*U’;
t = meanR - R*meanL;

T = [R, t; [0, 0, 0, 1]];

Table 1 Source code shows complete implementation of analytic paired point rigid registration
in MATLAB. The analytic nature of the solution and the simplicity of implementation make it
extremely attractive for developers, even though this solution assumes noise is isotropic and ho-
mogenous, which is most often not the case.

allow for some flexibility in matching points then we may improve the registration
accuracy. This leads directly to the idea of surface based registration.

Preoperative surfaces are readily obtained from diagnostic CT. Intraoperative sur-
face acquisition is often done using a tracked pointer probe[4]. To ensure registra-
tion success one must acquire a sufficiently large region so that the intraoperative
surface cannot be ambiguously matched to the preoperatively extracted one. This is
a potential issue if it requires increased exposure of the anatomy only for the sake of
registration. A possible non-invasive solution is to use calibrated and tracked ultra-
sound (US) for surface acquisition. US calibration is stillan active area of research
with multiple approaches described in the literature [76],most yielding errors on
the millimeter scale. More recently published results report sub-millimetric accu-
racy [80]. Once the tracked calibrated US images are acquired, the bone surface
is segmented in the images and its spatial location is computed using the tracking
and calibration data. Automated segmentation of the bone surface is not a trivial
task. In the works described in [8] and [9] the femur and pelvis were manually seg-
mented in the US images prior to registration, this is not practical for clinical use.
Automated bone surface segmentation algorithms in US images have been described
in [57, 54, 100, 110, 120] for B-mode US and in [79] for A-mode.These algorithms
were evaluated as part of registration frameworks which have clinically acceptable
errors (on the order of 2mm).

Surface based registration algorithms use pointswithout a known correspon-
dences to compute the rigid transformation between the two coordinate systems.
A natural approach for scientists tackling such problems isto decompose them into
sub problems with the intent of using existing solutions foreach of the sub prob-
lems. This general way of thinking is formally known as ”computational thinking”
and is a common approach in computer science [139].

Given that we have an analytic algorithm for computing the transformation when
we have a known point pairing it was only natural for computerscientists to propose
a two step approach towards solving this registration task.First match points based
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on proximity and then estimate the transformation using theexisting paired-point
algorithm. This process is repeated iteratively with the incremental transformations
combined until the two surfaces are in correspondence. Thisalgorithmic approach
is now known as the Iterative Closest Point (ICP) algorithm.This algorithm was
independently introduced by several groups [13, 20, 149].

While the simplicity of the ICP algorithm makes it attractive, from an imple-
mentation standpoint, it has several known deficiencies. The final solution is highly
dependent on the initial transformation estimate, and speed is dependent on the com-
putational cost of point pairing. In addition, the use of theanalytic least squares
algorithm to compute the incremental transformations assumes that there are no
outliers and that the error in point localization is isotropic and homogenous. Many
methods for improving these deficiencies have been described in the literature, with
a comprehensive summary given in [105]. One aspect of the ICPalgorithm that
was not addressed till recently was that the localization errors are often anisotropic
and inhomogeneous. A variant of ICP addressing this issue was recently described
in [72].

From a practical standpoint, a combination of paired-pointand an ICP variant is
often used. The analytic solution most often provides a reasonable initialization for
the ICP algorithm which then provides improved accuracy. This was shown empir-
ically in [46]. Unfortunately, this combination still doesnot guarantee convergence
to the correct solution. This is primarily an issue when the intraoperatively digitized
surface is small when compared to the preoperative surface.In this situation the sur-
face registration may be trapped by multiple local minima. This is most likely the
reason for the poor registration results reported in [4] forregistering the femur head
in the context of hip arthroscopy.

Statistical surface model based registration [34, 117] aresimilar to surface based
registration as described above, but with one critical difference, they do not use
patient specific preoperative data. Instead of a patient specific surface obtained from
CT, a surface model is created and aligned to the intraoperative point cloud. The
statistical model encodes the variability of multiple example bone surfaces and uses
the dominant modes of variation to fit a patient specific modelto the intraoperative
point cloud. An advantage of using such an approach is that models created from
the atlas are limited to the variations observed in the data used to construct it. Thus,
these models are plausible. Unfortunately, they often willnot provide a good fit to
previously unseen pathology. This can be mitigated by allowing the model to locally
deform in a smooth manner to better fit the intraoperative point cloud [117].

3.2 Intensity based registration

Intensity based registration aligns two images by formulating the task as an op-
timization problem. The optimized function is dependent onthe image intensity
values and the transformation parameters. As the intensityvalues for the images
are given at a discrete set of grid locations and the transformation is over a contin-
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uous domain, registration algorithms must interpolate intensity values at non grid
locations. This means that all intensity based registration algorithms include at least
three components: (1) The optimized similarity function which indicates how sim-
ilar are the two images, subject to the estimated transformation between them; (2)
An optimization algorithm; and (3) an interpolation method.

A large number of similarity measures have been described inthe literature and
are in use. Selecting a similarity measure is task dependentwith no ”best” choice
applicable to all registration tasks. The selection of a similarity measure first and
foremost depends on the relationship between the intensityvalues of the modalities
being registered. When registering data from the same modality one may use the
sum of squared differences or the sum of absolute differences. For modalities with
a linear relationship between them one may use the normalized cross correlation.
For modalities with a general functional relationship one can use the correlation
ratio. Finally, for more general relationships, such as theprobabilistic relationship
between CT and PET one may use mutual information or normalized mutual infor-
mation. These last similarity measures assume the least about the two modalities
and are thus widely applicable. This does not mean that they are optimal, as we are
ignoring other relevant evaluation criteria: computational complexity, robustness,
accuracy, and convergence range. Incorporating domain knowledge when selecting
a similarity measure usually improves all aspects of registration performance. More
often than not, selecting a similarity measure should be done in an empirical manner,
evaluating the selection on all relevant criteria. Case in point, the study of similarity
measures described in [92] for 2D/3D registration of X-ray/CT.

Optimization is a mature scientific field with a large number of algorithms avail-
able for solving both constrained and unconstrained optimization tasks [33]. The
selection of a specific optimization method is tightly coupled to the characteristics
of the optimized function. For example, if the similarity measure is discontinuous
using gradient based optimization methods is not recommended.

Finally, selecting an interpolation method is dependent onthe density of the origi-
nal data. If the images have a high spatial sampling, we can use simpler interpolation
methods as the distance between grid points is smaller. Withcurrent imaging proto-
cols linear interpolation often provides sufficiently accurate estimates in a compu-
tationally efficient manner. Obviously, other higher orderinterpolation methods can
provide more accurate estimates with a higher computational cost [62].

In orthopedics 3D/3D intensity based non-rigid registration has been used for
creating point matches for point distribution based statistical atlases. These mod-
els encode the variability of bone shape via statistics on point locations across the
population. This in turn assumes that the corresponding points can be identified in
all datasets. For sparse anatomically prominent landmarksthis can potentially be
done manually. For the dense correspondence required to model anatomical vari-
ability this is not an option. If on the other hand we non-rigidly align the volumetric
data we can propagate a template mesh created from one of the volumes to the oth-
ers, implicitly establishing the dense correspondence. In[9] this is performed using
the free-form deformation registration approach with normalized mutual informa-
tion as the similarity measure. In [16] and [108] registration is performed with a
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diffeomorphic-demons method with the former using a regularization model which
is tailored for improving registration of the femur. It should be noted that the demons
set of algorithms assume the intensity values for corresponding points are the same
for the two modalities. Finally, in [58] registration is performed using the free-form
deformation algorithm and the sum of squared differences similarity measure.

Another setting in which 3D/3D intensity based rigid registration has been uti-
lized in orthopedics is for alignment of preoperative data to the physical world, us-
ing intraoperative tracked and calibrated US to align a preoperative CT. In [94] both
the US and CT images are converted to probability images based on the likelihood
of a voxel being on the bone surface, with the similarity between the probability
images evaluated using the normalized cross correlation metric. In [36] and [61]
simulated US images are created from the CT based on the current estimate of the
US probe in the physical world. In both cases simulation of USfrom CT follows
the model described in [135]. Registration is then performed using the Covariance
Matrix Adaptation Evolution Strategy, optimizing the correlation ration in the for-
mer work and a similarity measure closely related to normalized cross correlation in
the later work. In [141, 142] course localization of the bonesurface is automatically
performed both in the CT and US with the intensity values in the respective regions
used for registration using the normalized cross correlation similarity measure. To
date, US based registration has not become part of clinical practice. This is primar-
ily due to the fact that US machines are not readily availablein the operating room
as part of current orthopedic procedures. Requiring the availability of additional
hardware only for the sake of registration appears to limit adoption of this form of
registration.

We now shift our focus to the second form of registration which is relevant for
orthopedics, 2D projection (X-ray) to 3D (CT/model/atlas)registration.

4 2D projection/3D

In orthopaedics 2D X-ray to 3D registration is utilized for alignment of preoperative
data to the physical world, and for postoperative evaluation, primarily implant pose
estimation. We divide our discussion in two, registration methods that use fiducials
or implants and those that use anatomical structures. The former methods are easier
to automate and are often more robust and accurate as they useman made structures
specifically designed to yield accurate registration results. A broad overview of the
literature describing various anatomy based registrationapproaches, not specific to
orthopedics, was recently given in [75]. We refer the readerinterested in more de-
tailed algorithm descriptions to that publication.

We start by highlighting two aspects of 2D/3D registration which are often not
described in detail in publications but effect the accuracyand success of registration:
(1) Calibration of the X-ray device; and (2) in the case of anatomy based registration,
how was the registration initialized.
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Fig. 6 Calibration images used for (left) two tier pattern for onlinecalibration (right) helical pattern
for offline calibration.

X-ray imaging devices are modeled as a pinhole camera, with distortion when the
sensor is an image-intensifier, and without distortion whenusing a flat panel sensor.
By performing calibration we estimate the geometric properties of the imaging sys-
tem. These are later used by the registration algorithm to simulate the imaging pro-
cess or to compute geometric information that is dependent on the geometry of the
imaging apparatus. We identify two forms of calibration, online which means that
calibration is carried out every time an image is acquired [12, 45, 65, 121, 150] and,
offline which means calibration is carried out once and we assume the apparatus
will return to the same pose whenever an image is acquired [21, 22, 24]. Both forms
of calibration image a phantom with known geometry and compute the geometric
properties of the imaging apparatus using the phantom’s geometry and its appear-
ance in the image. Figure 6 shows X-ray images of online and offline calibration
phantoms.

The online approach is more commonly used when working with image-intensifier
based C-arms that are manually manipulated. The offline approach is used when
working with systems that also provide cone-beam CT functionality. That is, they
are motorized and can be accurately manipulated. In the context of registration, the
offline calibration has an advantage over the online approach, the image content is
not occluded by the calibration phantom and thus may lead to more accurate reg-
istration results. In addition if these systems use flat-panel sensors calibration does
not have to include estimation of distortion parameters, with the physical world
modeled more closely by the theoretical pinhole model. Finally, if you have worked
with a system that utilizes online calibration you may not have noticed the extent
of the occlusion introduced by the calibration phantom. This is because many of
these systems identify the occluded regions and interpolate the image information
so that under visual inspection it appears as if the calibration markers are not there.
In practice these images contain less information that is useful for registration than
equivalent images without occlusion.

All algorithms that perform anatomy based registration areiterative. That is, they
require an initial estimate of the pose of the 3D object beingregistered. Once the
X-ray images of the anatomy are acquired the algorithm is initialized using one of
several initialization approaches. The most common methods are:
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1. Manual initialization - the operator manipulates the pose of the 3D object using
the keyboard and mouse while the X-ray generation process issimulated using
the geometric properties of the imaging system. The user manipulates the trans-
formation parameters with the goal of making the simulated image as similar as
possible to the real one. A similar, yet clinically more appropriate approach, is
to use gestures observed by a depth sensor (e.g. Microsoft Kinect), or a tracking
system to manipulate the 3D object [37].

2. Coarse paired point registration - use the paired-point registration algorithm
described above with coarsely localized points in the intraoperative setting.
Anatomical or fiducial points are localized either with a tracked and calibrated
pointer or via stereo triangulation when multiple X-ray images are available.

3. Clinical setup - the geometry of the intra-operative imaging apparatus is used
to bound the transformation parameters. Rough initialization can be obtained by
using the intersection point of all principle rays to position the preoperative im-
age [37]. Additionally, the specific patient setup (e.g. supine), and orientation of
the X-ray images (e.g. Anterior-Posterior) can be used to constrain the transfor-
mation parameters [87]. This can be refined using a brute force approach [88].
Grid sampling the parameter space in the region around the estimate defined by
the clinical setup, evaluating the similarity measure’s value at each of the grid
points and selecting the best one.

Additional less common approaches include an estimate based on the Fourier
slice theorem [17] for X-ray/CT registration and the use of avirtual marker [130] to
re-register a CT to X-ray with a process that requires an initial paired point registra-
tion with wide field of view X-rays with re-registration enabling the use of narrow
field of view X-rays.

4.1 Algorithm classification

We start our overview of 2D/3D registration algorithms by identifying six classes of
algorithms, a variation on the classification proposed in [75]. The classification is
based on the information utilized by the algorithm, features, intensity, or gradients,
and the spatial domain in which optimization is carried out ,2D or 3D.

Feature based algorithms use either anatomical surfaces ormarkers in 3D and
anatomical edges and markers in 2D to formulate the optimization task. This re-
quires segmentation of both 3D and 2D data, something that isnot trivial to perform
without introducing outliers. This is primarily an issue with the 2D intraoperative
X-ray images that often include edges arising from medical equipment associated
with the procedure. Using the geometric properties of the X-ray device, either: (1)
the features in 3D are projected onto the 2D image and the distance between 2D
features and projected features is minimized. We call this approach F2D; (2) the
features in 2D are backprojected, defining rays from the camera to the feature loca-
tion and the distance between the 3D surface points and the backprojected rays is
minimized or another option is to identify rays arising fromthe same 3D feature in
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multiple images, intersect them to define a 3D point and then minimize the distances
between the point clouds. We call this approach F3D.

Intensity based algorithms directly use the intensity values of the images and do
not require accurate segmentation, overcoming the main deficiency of feature based
algorithms. Using the geometric properties of the X-ray device, either: (1) the 3D
image or atlas is used to simulate an X-ray image and the similarity between the
actual X-rays and the simulated ones is maximized. This similarity can be between
the 2D gradients, edges, or intensity values. This is the most common registration
method. In the past, the computational cost of simulating X-rays, also known as
Digitally Reconstructed Radiographs (DRRs), was prohibitive. Currently this is no
longer an issue, as the use of high performance Graphical Processing Units (GPU)
has become commonplace and efficient creation of DRRs on the GPU is both fast
and cost effective [29, 126]. We call this approach I2D; (2) the X-ray images are
used in a reconstruction framework, similar to cone-beam CT. Either algebraic re-
construction or filtered backprojection methods can be usedto perform reconstruc-
tion. The reconstructed volume is then rigidly registered to the preoperative volume
using 3D/3D intensity based registration algorithms. The main deficiency of this ap-
proach is that it requires more X-ray images than any other method, exposing the
patient to higher levels of ionizing radiation. Therefor this approach has not gar-
nered much acceptance beyond its original proponent [125].We call this approach
I3D.

Gradient based algorithms directly use the gradients computed in 2D and 3D.
This is a middle ground between intensity based registration that does not require
segmentation and feature based registration which does. While this approach is in-
teresting from an academic standpoint it has not been widelyadopted, limited to the
original proponents of the approach [66, 74, 124]. Using thegeometric properties
of the X-ray device, either: (1) the 3D gradients are projected onto the 2D image
and the distance and orientation between the 2D gradients and the projected ones is
minimized. We call this approach G2D; (2) the 2D gradients are backprojected and
combined to form 3D estimates and the distance and orientation between the recon-
structed gradients and those arising from the 3D image are minimized. We call this
approach G3D.

We start our overview with methods that are based on the alignment of manufac-
tured objects, fiducials or implants.

4.2 Fiducials and Implants

One of the simplest methods for establishing the 3D pose of a manufactured object
is to attach fiducial markers to it. Often these are sphericalmarkers that are read-
ily detected in X-ray images. Using a calibrated X-ray device it is straightforward
to create a set of backprojected 3D rays, emanating from the location of the X-ray
source and going through the marker locations in the X-ray image. By using two
or more images the rays corresponding to the same markers areintersected and this
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Fig. 7 2D/3D registration setup used by the Mazor Robotics Renaissance system, physical setup
and X-ray fluorscopy (courtesy Ms. Stephani Shipman and Dr. DoronDinstein, Mazor Robotics,
Israel): (a) X-ray calibration phantom, and (b) Pose estimation phantom. Both phantoms consist of
metal spheres in known spatial configurations. Inset on the left shows a detailed view of the pose
estimation phantom.

intersection point is the 3D location of the marker. Once we have the 3D locations
of three or more fiducials we can compute the pose using the paired-point registra-
tion algorithm. It should be noted that this approach is not specific to orthopedics
and has been described in multiple publications [25, 40, 133, 144, 145]. Given the
registration jig used by the robotic spine surgery system described in [113, 114] it is
highly likely that this is the registration approach in use,although the publications
do not provide the specific details. Figure 7 shows the robot and pose estimation
clamp in clinical use. These approaches fall into the F3D category.

Using markers from a single image to estimate the pose of an object is also pos-
sible. When we have multiple 2D-3D point correspondences this is the well known
perspective-n-point (PnP) camera pose determination problem from computer vi-
sion [42]. The problem is solved by minimizing the distancesbetween the 2D points
and the projections of the 3D model points. In [146] a drill guide with embedded
spherical markers was attached to a robot, enabling the estimation of the robot pose,
guiding it to a final pose for performing femoral distal nailing. An evaluation study
of the effect of X-ray dose on the accuracy of this form of registration was described
in [39]. It was found that increasing X-ray dose increased 2Dlocalization accuracy
and the registration accuracy, but only up to a certain point. This approach falls into
the F2D category.

More complex marker configurations for estimating the pose of a C-arm have
also been described. One such device that has been used in theorthopedic setting is
the FTRAC fiducial [49]. This is a complex marker constructedof multiple line seg-
ments, ellipses and points. The spatial configuration of these components enables
the use of a single image to estimate the marker pose in 3D. In the original work
the components of the marker were segmented in the X-ray image and the distance
between these points and the projection of the marker components in the given pose
was minimized, an F2D approach. This assumes that the segmentation in the image
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was successful. In subsequent work done in the context of femoral bone augmenta-
tion surgery citeotake2012b, the need for segmentation waseliminated. Instead of
using the 2D coordinates of the geometric entities, the CAD model of the marker
was used to generate a simulated X-ray. The 3D pose of the marker was then es-
timated by comparing the simulated X-ray to the actual one, with the correct pose
being the one that minimizes the difference between the simulated and actual im-
age. This process was formulated as an optimization task, with similarity between
images determined using mutual information and optimization performed with the
Nelder-Mead Downhill Simplex algorithm, an I2D approach. Finally, in [51] only
the point markers from the FTRAC were segmented and used in a maximum like-
lihood framework to estimate the fiducial’s pose without requiring an explicit point
correspondence between the 3D model and its 2D projection, an F2D approach.

Implants are not specifically designed to facilitate 2D/3D registration, but knowl-
edge of their geometry, their accurate CAD model, is either available from the man-
ufacturer or can be readily measured. This knowledge enables accurate registration
as it allows for fast simulation of the X-ray imaging processwith highly accurate
localization of the implant edges in the simulated image.

In the context of postoperative assessment for total knee arthroplasty, registration
was used to assess the relative position of the femoral and tibial implants [71]. The
implant CAD models are aligned based on single fluoroscopy image. The optimal
alignment is based on minimizing the distance between the 2Dedges observed in
the X-ray and those created by projecting the CAD model usingthe known X-ray
geometry. A similar approach is described in [56] with the main difference being the
use of two images instead of one. In both cases the approach can be classified as an
F2D approach. Finally, a method that registers both the implants and femur and tibia
to a pair of X-rays using a I2D approach is described in [55]. In this case the edges
in the X-ray images are enhanced by a diffusion process so that they extend beyond
their actual location. The pose of the implants and boney structures is estimated by
generating DRRs, performing edge detection in the DRR and then maximizing the
normalized cross correlation between the resulting edge image and the processed
X-ray edge image.

In the context of postoperative assessment for total hip replacement, registration
was used to assess the cup orientation. In [18, 19] cup and stem orientation are
obtained using an I2D approach, aligning the CAD models to a single X-ray. The
CAD models of the implants are used in conjunction with a refined DRR genera-
tion framework which incorporates both the geometry and material characteristics
of the implants to generate the DRR. Comparison between the X-ray and DRR is
based on the sum of squared differences between gradient magnitudes, optimized
using a Gauss-Newton method. In [50] a similar approach is taken although with a
less refined methodology for generating the DRR. Most likelythis is why the DRR
and X-ray image are compared using mutual information. Thisis a more forgiving
similarity measure which only assume there is a statisticalrelationship between the
two images accommodating less accurate simulations from a physics standpoint.
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4.3 Anatomy based

Registration of anatomical structures using 2D/3D registration is more challenging
than registration of fiducials or implants, as the anatomical structures often do not
have unique features (e.g. femur shaft) and have higher variability than implants.

In the context of spine surgery, 2D/3D registration has beenpreviously studied
extensively [93, 106, 123]. Newer developments have been described in [88, 89]
where registration is used to identify vertebral levels in asingle X-ray with the in-
tent of reducing wrong site surgery. Preoperatively, the vertebra are identified in
the patient’s CT. Intraoperatively, DRRs are generated using the GPU and com-
pared with the X-ray using a gradient based similarity measure that is optimized us-
ing the Covariance Matrix Adaptation Evolution Strategy (CMA-ES). This method
falls into the I2D category. A recent extension of this method to use two images
evaluated the effect of angle difference between the imageson the accuracy of the
registration [129]. Results showed that even with small angular differences of 10-20
degrees registration errors were less than 2mm. In [64] the vertebra are registered
by generating a DRR from the preoperative CT and performing edge detection on it.
Edges are also detected in the X-ray and the overlap between the edges in the DRR
and X-ray serves as the similarity measure which is maximized.

In the context of femur related interventions, 2D/3D registration was used for
kinematic analysis in [127]. The patient’s CT was aligned toa single X-ray image
by generating DRRs, performing edge detection on the DRR andX-ray image with
the goal of maximizing the overlap between the edges, with optimization performed
using a genetic algorithm. This method falls into the I2D category. In [87] regis-
tration between the preoperative CT and 2-4 X-ray images is performed. DRRs are
generated on the GPU and the gradient-information similarity measure is optimized
using the CMA-ES algorithm, a classical I2D approach.

While the classical 2D/3D registration problem relies on patient specific data,
aligning two datasets from the same patient, a number of groups have investigated
the use of a statistical shape model instead of a 3D dataset. This is of interest as
it replaces the need for acquiring a preoperative CT, reducing costs, reducing radi-
ation exposure to the patient, and an enabling technology when a CT is not avail-
able [5, 6, 48, 152]. In [5, 6, 152] reconstruction of proximal and distal femur surface
model is performed using a statistical shape model and two X-ray images. In this
framework the patient specific shape is both created and aligned to the X-ray images.
The framework uses a two step approach, first project the current model’s surface
points onto the X-ray image using the known geometric properties of the imaging
device and match them with edges detected on X-ray. This defines a matching be-
tween the 3D model’s surface points and the edges in the X-ray. Then compute the
distance between the backprojected rays defined by the edgesin the X-ray and their
matched 3D surface point. The goal of optimization is to create and align a surface
model which minimizes this distance. The differences between the various algo-
rithms are primarily in the 2D matching phase. In addition the approach described
in [152] includes one final step, a regularized shape deformation. That is, it allows
for modification of the last shape obtained from the statistical model. This accounts
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for the fact that the shape model reflects the variation of thedata used to create it.
On the one hand this ensures that the patient specific models created are plausible
but on the other hand they are limited to be similar to past observations. By adding
this final step the resulting patient specific model is both plausible and accommo-
dates previously unseen minor variations in shape. A related approach that uses
a statistical appearance model, encoding both shape and intensities was described
in [48]. The femur surface and orientation is estimated using the statistical model
and 3-5 images. The process is based on generating DRRs usingthe current esti-
mated intensity model and pose, then matching edge points between the DRRs and
X-ray images via 2D/2D nonrigid registration. Once the matches are established the
distance between backprojected rays computed from the X-ray and corresponding
3D model surface points defines the distance between the model and X-ray. This
distance is minimized to obtain the final femur surface modeland pose.

In the context of total hip replacement 2D/3D registration has been used for post-
operative evaluation. In [95] the patient’s preoperative CT scan is aligned to a sin-
gle X-ray image using the intensity based registration approach described in [93].
The CAD model of the cup is manually aligned using a graphicaluser interface.
In [153, 151] cup orientation is estimated from the alignment estimated in the post-
operative X-ray and registration of the patient’s preoperative CT to the X-ray, with-
out requiring a CAD model. In this case registration is performed in two steps.
First anatomical landmarks in the CT and X-ray are manually defined. An initial
registration is performed using an iterative solution to the PnP problem, similar to
the fiducial based approach described above. This is then followed by an intensity
based registration step, which compares the generated DRRswith the X-ray using
a similarity measure derived from Markov random field theory. This work was later
extended, replacing the second step relying on a patient specific CT with the use
of a statistical shape model [155]. This second registration step follows a similar
framework to the spastical shape models described above foraligning the femur.

5 Evaluation

From an academic standpoint registration is evaluated for its accuracy and speed.
Accuracy is evaluated by establishing a ”gold standard” with methods that are clin-
ically not applicable, such as implanting markers to enablethe use of methods that
are known to be highly accurate (i.e. paired-point fiducial registration) [136]. As
we have already noted at the beginning of this chapter this form of evaluation does
not address all clinical aspects that determine whether a method will be clinically
practical.

To enable comparison of algorithms this ”gold standard” needs to be made pub-
licly available. One of the few settings where these gold standards have been made
available is in the context of 2D/3D registration [59, 91, 123].

It should be noted that the only registration algorithm witha fully developed
theory predicting expected errors and their distribution is the paired-point rigid reg-
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istration [26]. All other algorithms do not have a solid mathematical error prediction
theory. But is this clinically relevant? The answer is, yes!This is a safety issue. If
we can theoretically bound the errors then we can ensure the patients safety. On the
other hand all of the evaluation methods make assumptions which may be violated
in the clinical setting. For instance, most algorithms assume that the tracked ref-
erence frame is rigidly attached to the patient during data acquisition. If someone
inadvertently moves the frame during data acquisition, no amount of mathematical
analysis will be able to bound the registration error introduced by this unexpect act.

We would thus like to enumerate the aspects of registration which all practition-
ers should keep in mind:

1. Registration errors vary spatially. As long as the expected error at the specific
target(s) is sufficiently low one can use the result.

2. Analytical algorithms guarantee an optimal result - as long as their assumptions
are met.

3. Iterative algorithms, the majority of registration algorithms, require an initial es-
timate of the registration parameters. They do not guarantee an optimal result, as
they depend on this initial estimate to be sufficiently closeto the optimal one.

4. Assumptions made in the lab are sometimes not met in the clinic.
5. A registration result remains valid only if its assumption remain valid too (i.e.

reference frame is rigidly attached to the patient).

We therefor recommend that after any registration performed in the clinic, one
validate the results, and that this also be done periodically during the intervention
to ensure that the registration is still valid. This is a patient safety issue which can
have potentially serious repercussions [1].

6 Conclusion

Registration is a key technical technology in navigation and can serve as a tool for
preoperative planning and postoperative evaluation. A large number of algorithms
have been proposed and have shown clinical utility. In some cases algorithms have
not made it into clinical use due to integration issues with existing clinical practices.

For developers of registration algorithms we need to remember that the goal is to
integrate our algorithms into clinical practice, a task that requires additional research
in terms of workflow analysis in the clinic. Designing our algorithms so that they
provide a streamlined workflow and do not require the introduction of additional
registration specific hardware.

For practitioners using registration algorithms it is important to understand what
are the expectations of the registration algorithm and whatare its limitations. Pro-
viding the expected environment and input to the algorithm should yield accurate
and useful results without the need for repeated data acquisition, something that is
not uncommon in the clinic.
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In the end the goal of both developers and practitioners is toprovide improved
healthcare in a safe manner. This goal can only be attained bycollaboration and
knowledge sharing between the two groups.

References

[1] (2014) Class 2 Device Recall Spine & Trauma 3D 2.0. URL
http://www.accessdata.fda.gov/scripts/cdrh/cfdocs/cfres/res.cfm?id=125729

[2] Amiri S, Wilson DR, Masri BA, Anglin C (2014) A low-cost tracked C-arm
(TC-arm) upgrade system for versatile quantitative intraoperative imaging.
International Journal of Computer Assisted Radiology and Surgery 9(4):695–
711

[3] Arun KS, Huang TS, Blostein SD (1987) Least-squares fitting of two 3-D
point sets. IEEE Trans Pattern Anal Machine Intell 9(5):698–700

[4] Audenaert E, Smet B, Pattyn C, Khanduja V (2012) Imageless versus image-
based registration in navigated arthroscopy of the hip: a cadaver-based as-
sessment. J Bone Joint Surg Br 94(5):624–629

[5] Baka N, Kaptein BL, de Bruijne M, van Walsum T, Giphart JE,Niessen W,
Lelieveldt BPF (2011) 2D-3D shape reconstruction of the distal femur from
stereo X-ray imaging using statistical shape models. Medical Image Analysis
15(6):840–850

[6] Baka N, de Bruijne M, van Walsum T, Kaptein BL, Giphart JE,Schaap
M, Niessen WJ, Lelieveldt BPF (2012) Statistical shape model-based femur
kinematics from biplane fluoroscopy. IEEE Trans Med Imag 31(8):1573–
1583

[7] Banger M, Rowe PJ, Blyth M (2013) Time analysis of MAKO RIOUKA
procedures in comparision with the Oxford UKA. Bone Joint J 95-B(Supp
28):89

[8] Barratt DC, Penney GP, Chan CSK, Slomczykowski M, CarterTJ, Edwards
PJ, Hawkes DJ (2006) Self-calibrating 3D-ultrasound-based bone registration
for minimally invasive orthopedic surgery. IEEE Trans Med Imag 25(3):312–
323

[9] Barratt DC, Chan CSK, Edwards PJ, Penney GP, Slomczykowski M, Carter
TJ, Hawkes DJ (2008) Instantiation and registration of statistical shape mod-
els of the femur and pelvis using 3D ultrasound imaging. Medical Image
Analysis 12(3):358–374

[10] Beaumont E, Beaumont P, Odermat D, Fontaine I, Jansen H,Prince F (2011)
Clinical validation of computer-assisted navigation in total hip arthroplasty.
Adv Orthop p 171783

[11] Behrendt D, M̈utze M, Steinke H, Koestler M, Josten C, Böhme J (2012)
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[18] Burckhardt K, Sźekely G, N̈otzli H, Hodler J, Gerber C (2005) Submillimeter
measurement of cup migration in clinical standard radiographs. IEEE Trans
Med Imag 24(5):676–688

[19] Burckhardt K, Dora C, Gerber C, Hodler J, Székely G (2006) Measuring or-
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