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Abstract

A novel algorithm is presented to segment and reconstruct injected bone cement from a sparse set
of X-ray images acquired at arbitrary poses. The sparse X-ray multi-view active contour (SXMAC
—pronounced “smack”) can 1) reconstruct objects for which the background partially occludes
the object in X-ray images, 2) use X-ray images acquired on a noncircular trajectory, and 3)
incorporate prior computed tomography (CT) information. The algorithm’s inputs are
preprocessed X-ray images, their associated pose information, and prior CT, if available. The
algorithm initiates automated reconstruction using visual hull computation from a sparse number
of X-ray images. It then improves the accuracy of the reconstruction by optimizing a geodesic
active contour. Experiments with mathematical phantoms demonstrate improvements over a
conventional silhouette based approach, and a cadaver experiment demonstrates SXMAC’s ability
to reconstruct high contrast bone cement that has been injected into a femur and achieve sub-
millimeter accuracy with four images.

Index Terms

Active contour; bone cement; deformable models; intra-operative imaging; reconstruction;
segmentation

[. Introduction

The problem of recovering 3-D shape from a sparse set of 2-D projection images is common
in interventional imaging. If prior information such as a statistical shape model is available,
this information may be used to assist in reconstruction [1]. However, such information is
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not always available, especially if the object is highly deformable or its shape is created
and/or substantially modified during the procedure. Examples include surgical procedures
for injecting cement into bones, such as vertebroplasty [2], sacroplasty [3], and femoroplasty

[4].

Our immediate, focusing clinical application is femoral bone augmentation, in which cement
is injected into the neck and in-tertrochanteric area of the femur for patients with severe
osteoporosis. The goal is to strengthen the femur to prevent fractures [4]. In a recently
proposed procedure for bone augmentation (see Fig. 1) [5], pre-operative CT images are
used for pre-operative planning, based on a 3-D finite element analysis of the patient’s
femur and planned cement injection [6]. The pre-operative model and plan are registered to
the patient and intra-operative navigation system using 2-D-3-D registration from intra-
operative X-rays, and a robotic device is used to inject cement containing an appropriate
contrast agent. At various stages during the injection, a sparse set of intra-operative X-rays
(at most 8, but preferably 4) are taken of the cement and the cement volume in the bone is
estimated. This information is used to repeat the finite-element analysis of augmented bone
strength and to support re-planning and optimization for further injections. Conventionally,
the shape of the cement volume is estimated by intersecting cones formed from the
silhouettes of the cement in the images. However, the resulting models do not accurately
reflect the actual cement volumes [i.e., Fig. 7(b) as compared to ground truth shown in Fig.
7(a)]. Our goal in this work is to significantly improve the accuracy of this reconstruction
while still using only a small number of intra-operative X-rays from a conventional C-arm.

Il. Background

Techniques have been developed in computer vision to reconstruct objects observed from
multiple viewpoints without prior information. One classical approach is to segment an
object’s silhouette in images, back-project the silhouettes into 3-D space, and compute the
intersecting volume. This technique is known as silhouette reconstruction or visual hull [7]
computation, and has been used in computer vision [8] and C-arm X-ray reconstruction [9].
It has been shown that the visual hull encloses all other reconstructions that can be explained
by 2-D segmentations of an object [10]. The visual hull is unlikely to be consistent with
observed image intensities of the object. However, the visual hull can be used to initialize
more sophisticated approaches that generate reconstructions consistent with image
intensities. In particular, geodesic active contours [11] reconstruct objects by optimizing an
objective function on the image intensities that considers all observations of an object
simultaneously [12], [13].

Active contour techniques have been extended to 2-D to-mographic reconstruction [14] and
cone-beam CT (CBCT) [15]-[17]. CBCT is a volumetric reconstruction from a series of X-
ray images (more than 100) acquired with a 2-D X-ray image scanner, such as a C-arm. The
active contour segmentation process is formulated as the minimization of an objective
function (1) that incorporates information from K X-ray images {l(x)[x«€D[K] € R} in
log space and linear attenuation coefficients {u(X)|X€D c R3} in patient coordinates
(Egata)- The objective function also incorporates information about geometric properties of
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the object (Emogel), SUch as a penalty against high curvature. See Fig. 2 for a depiction of the
imaging scenario and Table | for definitions of all major terms

E=FEmodel(X )+ Edata(1(X), L1 (x1), - - - s L (2 ) 1)

The objective function (1) is optimized by alternating between minimization of E;qe) and
Egata Until convergence. One choice for the data term uses the log-likelihood estimator on
the foreground P ¢4(Xk) and background P 4(Xk) probability densities [17]

Egata= ZJ (—log Pfg(wk)))dmk:"‘j.Dbg[k](_lOg(Pbg(mk)))dwk &3]

where the foreground Dg[k] and background Dpg[K] are assumed to appear as disjoint
regions in X-ray images. The objective function can be expressed using a Heaviside function
H(-) on the silhouette’s level set {u (Xi)[xk€D[K] C R2} such that the level set is positive
outside and negative inside the silhouette of the deformable model

Eata= Zf JJog (Prg(xr)) (1—H (Yr(2x)))+log (Pog(er)) H (Yr(2k)) day. (3)

There may not exist prior information about the probability distributions of the X-ray
intensities. Instead, the active contour may be driven by image gradient information [17] or
dynamically estimate the object’s appearance with a Mumford—Shah approach. Alvino and
Yezzi [14] proposed the following Mum-ford—Shah objective function for CT
reconstruction:

Egata= Zf s, 0k) f(sagk))2d5+fD{/\fg‘v#fg(x)|2Hfg(x)+/\bg‘V#bg(x)ﬁHbg(X)}dx
where

£(5,6)= (179 (%) H 1 ()10 () Hiy (x))3(2cosb-+ysind—s)dx  (s)

f(s,d) is the radon transform of u(X). The latter Mum-ford—Shah approach has the advantage
that it does not require prior knowledge of the foreground and background appearance.
However, it assumes the foreground and background densities are smoothly varying, which
may not be the case. To achieve high accuracy, the objective function must be representative
of the anatomical contents and imaging scenario for a specific application.

To serve the needs of the bone augmentation procedure previously described, we focus on
reconstructing homogenous highly deformable objects (i.e., bone cement) from C-arm X-ray
projection images. In this paper, the segmentation process is formulated as an optimization
problem that permits the segmentation algorithm to 1) reconstruct deformable objects for
which the back-ground partially occludes the object in X-ray images, 2)use X-ray images
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acquired on a noncircular trajectory, and 3) incorporate prior CT information. Subsequently,
we describe a method for optimizing the objective function and evaluate the feasibility and
performance of the Sparse X-ray multi-view active contour algorithm (SXMAC—
pronounced “smack”) to reconstruct injected bone cement. In particular, we are interested in
knowing how many X-ray images, how much contrast, and how large a sweep angle is
required to achieve acceptable accuracy.

1. Method

Following the approach by Alvino and Yezzi [14], the segmentation process is formulated as
an optimization problem that minimizes the following objective function, which describes
the disparity between X-ray images and digitally reconstructed radiographs (DRRs) of a
deformable model:

K
Eaata=_ [, (Ie(@r) ~DRRu{p} (@) deret [ | {0 g Viapg (X) P H 1o (X )+ Mg |V png (X)|* Hpg (X )dX (5)
k

where

DRRy{p}(r)=/ , 1(X)o(z)—pr (X)) dX  (7)
and

(X )=ppg(X)H pg(X)+png (X ) Hpg(X)  (8)
and

Hjo(X)=(1-H(wpy(X))) (1-H(wsy(X))) (9)
and

Hyg(X)=(1=H (wpy(X))) H(wg(X))-  (20)

The objective function E i, measures the L2 norm of the difference between simulated X-
rays of p and the log of each X-ray image, subject to an L2 penalty on the smoothness of p.
Alternatively, the objective function could be expressed with an L1 instead of L2 norm, for
which there is evidence that the L1 norm may have better performance if there exist a sparse
representation of image intensity information [18], [19]. Likewise, the smoothness term
[second term in (6)] could minimize the total variation of the foreground and background
appearance |V p(X)|. The following discourse will focus on L2 optimization because the
objective function can be efficiently solved with linear methods. The complete objective
function for the L2 norm, including data and geometric terms, is as follows:
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K
E=) [, Ix(2x)~DRRy{p} (1)) *dacy
k

+fD{)‘fg‘v/Lfg(X)‘2Hfg(X) (11)
+Abg |V g (X) ‘2Hbg(X)
A1y (X)) Veogy (X} X

DRR(+) can be discretized and expressed as a weighted linear combination of u(X)

DRRi{p}(zi)= Y.  wp(X)u(X)

12
{ Xz =pr(X)} 2

or alternatively

vee(DRRy{yu})=Mivec(n). (13)

My isan M x N matrix where M is the number of pixels in the X-ray image and N is the
number of voxels in y. The matrix is completely defined by X-ray geometry (extrinsic and
intrinsic parameters) and does not depend on the image or volume intensities. To efficiently
solve (11), we let the foreground and background appearances be modeled as a constant
(i.e., Pg(X) = Ctg and ppg(X) = Cpg. This assumption is consistent with work by Chan and
Vese [20]. The objective function simplifies to

K
E:Z| |vec(Iy,)—cpg Myvec(H fy)—cpg Myvec(Hpy)| |2—|-fD)\K,5(wfg(X)) [Vwe(X)]dX.  (14)
&

The SXMAC model can be augmented to incorporate prior CT information by replacing the
background indicator Hyg(X), with the prior CT (ucT)

I:Ibg(X):Hbg(X)/lCT (X) (15)

This extension assumes T is properly registered and intensity calibrated so that the
background DRR is highly correlated with the background observed in acquired X-ray
images. Hpg(X) is a segmentation mask of the field of view that is common to both the prior
CT and C-arm acquisition that encloses the foreground Heg(X).

Alternatively, we can incorporate prior information by replacing Iy with the difference Al
between X-ray images obtained before and after cement injection. Either way, the
optimization procedure is the same.

Solving the Euler-Lagrange equation for cg and cpg
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0= 2E
6Cf(7 Cfg

K (16)
=—2cs,> vecT (Hyy) MF (vec(I),) — My vec(p)).
k

From (16) we obtain

g):i (Myvec(Hy,))" (vec(I},)—cyy My, Hy,)
k

- 17
ro(Co HMkVeC(Hfg)||2 -
and similarly
K (Myvee(Hyy)” (vee(T) =gy Mi(Hy, )
ébg(cfg)zz g ;‘g fg (18)
. HMkVGC(Hbg)H

The model’s appearance can be optimized by alternating between ctq = &q (Chg) and cpg =
dog (Crg)- Evolution of the deformable model’s level set wxq(X) is computed by gradient
descent [11]

. OF

wj‘—_gl(X):wfg(X)_’Y—aw} (19)
g9

where

OF
8(.dfg

vwf.q(Xn)

K
| =2(Cg—Clg)8(wrg (X)) L, M (vec(Ii)—Myvec (1) + A8 (w sy (X)) V
k

X=Xp

My and pr are referred to as forward and backward projection operators, respectively. In

the actual implementation, we do not store My and p1 because they are very large sparse
matrices. Instead, the graphics card is used to compute elements of those matrices on-the-fly
with OpenCL. We choose a voxel driven approach for its simplicity [21], [22], but more
accurate methods have been developed that can be implemented on the graphics card [23]-
[25].

The Euler-Lagrange optimization procedure is only guaranteed to find local optima.
Therefore, it’s important to initialize the model close to the globally optimal solution. When
possible, we initialize SXMAC with the object’s visual hull obtained from automated
silhouette reconstruction.
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A. Phantom Experiments

SXMAC was evaluated on mathematical phantoms of solid objects. Synthetic X-ray
projections for the objects were generated with the same DRR operator used in the
segmentation process. Table 11 lists parameters used in phantom experiments that reflect
realistic C-arm X-ray imaging parameters. Fig. 3 depicts reconstruction of a metasphere
from two X-ray images spaced 90° apart (1,.= 0.05). SXMAC recovers concavities that are
not recoverable with silhouette reconstruction alone. Fig. 4 depicts a torus reconstructed
from four images (4, = 0.1) with different angular spacing. Notice that the deformable
model better captured the hole in the middle of the torus when the acquisition trajectory was
+10° above and below the orbital plane. Fig. 5 shows a reconstruction of a dragon from six
images (4,-= 0.01) acquired from a circular trajectory. The regularization parameter A,.
should be chosen large enough to reduce directional bias, but small enough to preserve sharp
object features. The dragon reconstruction demonstrates SXMAC has applications in the
broader realm of 3-D model acquisition.

B. SXMAC Reconstruction With Synthesized Images

Cadaver experiments were conducted to evaluate a surgical procedure in which bone cement
is injected into an osteoporotic femur. One objective of the procedure is to provide feedback
to the surgeon via intra-operative reconstruction of the injected bone cement. Predictions
about the post-operative structural properties of the femur can be made from its 3-D
reconstruction and pre-operative CT [6]. The imaging scenario has been described in
previous work [5] as follows.

1. Either a pre-operative diagnostic CT or CBCT is acquired.

2. C-arm X-ray images are acquired and registered to the pre-operative CT with 2-
D/3-D registration.

3. Pre-injection X-ray images are taken to guide the procedure.

4. Bone cement is injected into the femur; after which, X-ray images are acquired
with the C-arm.

5. SXMAC is used to reconstruct the injected bone cement.
6. Finite element analysis of the cement is conducted.

7. The injection procedure is replanned and repeated from step 4 until the surgeon is
satisfied with the result.

This workflow is applicable to using either pre-operative CT or pre-injection X-ray images
as priors. SXMAC does not address how to register pre-operative CT to intra-operative X-
ray images nor how to calibrate intensities between DRRs and X-ray images, although
solutions have been described in literature [26], [27]. We will later describe how registration
and intensity calibration can be avoided by using pre-injection X-ray images as priors
instead of pre-operative CT.

IEEE Trans Med Imaging. Author manuscript; available in PMC 2015 June 02.
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To evaluate the performance of just the reconstruction algorithm, we synthesized X-ray
images from pre- and post-operative CBCTs (Fig. 6). An intra-operative CBCT would not
be acquired in a real clinical scenario, which is why a sparse X-ray reconstruction method
like SXMAC is necessary. The following preprocessing steps synthesize pre- and post-
operative CBCT and X-ray images that are perfectly registered and intensity matched.

1. Pre- and post-operative CBCTSs are acquired with a flat panel C-arm (Table III).
Geometric calibration follows the method described by Daly et al. [28].

2. Pre-operative CBCT is registered to post-operative CBCT using intensity-based 3-
D/3-D registration.

3. The femur is segmented in pre-operative CBCT.

4. The cement is segmented in post-operative CBCT and the volume of interest (VOI)
is copied and pasted into the registered pre-operative CBCT.

5. DRRs for the CBCTs with and without the bone cement are generated.

SXMAC was evaluated on these synthetic X-ray images. The CBCT and deformable model’s
level set representation were sampled at 1 mm isotropic, and the regularization parameter
was chosen to be (4,.= 0.001). The background ang(X) corresponded to a segmentation of
the femur. SXMAC was initialized with a sphere (10 mm radius) located at the center of the
bone cement. Such initialization is clinically plausible because the cement injector’s tip is
tracked with a Polaris optical tracker as part of the bone augmentation procedure. We were
unable to reliably initialize SXMAC with silhouette reconstruction because it failed in
several experiments due to lack of contrast.

In the first set of experiments, the attenuation of the cement was varied from 1645 to 2070
HU at equal intervals, and the number of images was held constant at eight images (Fig. 7).
In the second set of experiments, the number of images was varied from 2 to 10, and the
cement’s attenuation was held constant at 1900 HU (Fig. 8). Each collection of images was
evenly sampled in plane from a 180° arc trajectory. In the third set of experiments, the
sweep angle was varied between 20° and 180° (Fig. 9), and the number of images and
cement attenuation were held constant at 8 and 1900 HU, respectively. In the final set of
experiments, the pre-operative CBCT was misaligned with the post-operative CBCT, either
by translating it in a random direction or rotated it around a random axis, to simulate the
effect of registration error. Experiments measuring the accuracy of SXMAC reconstruction
were repeated 10 times per translation (Fig. 10) and rotation (Fig. 11). We compensate for 2-
D/3-D registration error with 2-D Affine registration of pre-operative and post-operative X-
ray images, also plotted in Figs. 10 and 11.

Intra-operative reconstruction errors were measured in terms of distance relative to mesh
vertices on the ground truth reconstructed surface (truth-to-reconstruction) or vice versa
(reconstruction-to-truth). A 180° sweep angle was required to obtain sub-millimeter
accuracy of 1.0+0.75 (four images) and 0.85+0.62 (eight images) mm for reconstruction-to-
truth and 0.84+0.52 (four images) and 0.73+0.51 (eight images) for truth-to-reconstruction.
Reconstructions are depicted in Fig. 12.
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Results demonstrate SXMAC’s ability to use intensity information to recover shape
information that is not recoverable with silhouette reconstruction alone. Results from the
cadaver experiment demonstrate SXMAC’s reconstruction performance with prior CT. Fig. 7
suggests that SXMAC reconstruction can be greatly improved by increasing the bone cement
attenuation from 1550 HU to at least 1900 HU. An increase in attenuation could be achieved
by using a higher concentration of Barium in the PMMA bone cement. Figs. 8 and 9
demonstrate sub-millimeter accuracy is achievable with a minimum of four images and 180°
sweep angle. Reconstruction accuracy improves with increasing sweep angle because there
is less redundant information between views. This trend is evident in phantom experiments
(Fig. 4). There was a 15% improvement between four and eight images, and only a 1%
improvement between eight and ten images. A 180° sweep angle is necessary to obtain sub-
millimeter reconstruction-to-truth accuracy with either four or eight images. Acquisition of
four to eight images is clinically relevant for intra-operative procedures.

Algorithms for 2-D/3-D registration are reported to have less than 2 mm translation and 1°
rotation error in the pelvic region [5], [29], [30]. With the addition of 2-D image registration,
SXMAC achieves 1 mm accuracy in the range of these misalignment errors and is robust to
even larger displacement errors (see Figs. 10 and 11).

C. SXMAC Reconstruction With Real Images

The first cadaver study produced many important findings; however, the image contrast
between cement (1550 HU) and surrounding tissue was insufficient to use X-ray images
acquired from that experiment for reconstruction. Observing that reconstruction accuracy is
sensitive to the amount of image content that can be explained with prior information, we
changed the imaging scenario and conducted a second cadaver study that uses pre-injection
X-ray images as priors. This modification circumvents issues with synthesizing realistic X-
ray images from pre-operative CT.

In the second study, X-ray images were acquired immediately before and after cement
injection from the same poses. With modern C-arms, it is trivial to retake images from
previous poses because the C-arm is motorized and position encoded. Care was taken not to
move the cadaver between acquisition of pre- and post-injection images, although small
patient motions could be corrected with 2-D/2-D registration of X-ray images. We then
computed the log of the pre- and post-injection images and subtracted them to produce
images that contained only the cement (Fig. 13). Additionally, we chose a cadaver with a hip
implant in the other leg. This reduced the sweep angle in which the cement was visible to
130°. Occlusion is anticipated because the bone augmentation procedure is expected to
occur in conjunction with hip replacement or revision surgery.

The cement was first automatically segmented with 2-D active contours [20]. A silhouette
reconstruction was computed from 2-D segmentations and used to initialize SXMAC. To
capture spiculated cement features visible in the second experiment, the level set resolution
was increased to 0.6 mm isotropic. The regularization parameter (A,.= 0.05) was chosen
roughly to match the feature size of the ground truth segmentation and held constant in all
experiments. SXMAC was run on collections of images evenly sampled from a 130° arc.
Figs. 14 and 16 show that sub-millimeter accuracy is achievable with as few as four images
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(0.69+1.03 mm). We then held the number of images constant at 4 and varied the sweep
angle for SXMAC reconstruction. Fig. 15 shows that 1.54+1.31 mm accuracy is achievable
with at least a 90° sweep angle.

V. Discussion

It is interesting to observe that reconstruction accuracy is better with fewer images. This is
because increasing the number of images increases the risk of a poor 2-D segmentation in at
least one image, leading to less accuracy in silhouette and subsequent SXMAC
reconstruction. Consider a pathological case where the cement is occluded in only one of
many images. Since the object has no silhouette in that one image, the visual hull
reconstruction will contain nothing. Therefore, it is important that the cement is not
occluded in any images used for reconstruction. For a thorough discussion of visual hulls,
see Laruentini [7].

It may seem surprising that compared to SXMAC, silhouette reconstruction is slightly more
accurate when measuring error from truth-to-reconstruction. However, Fig. 16 shows that
SXMAC reconstructions better resemble ground truth and are less biased towards particular
imaging directions. The regularization term (4, is responsible for reducing directional bias
and other aliasing artifacts.

SXMAC makes several assumptions that are particular to bone cement injection procedures.
Namely, the object is assumed to be homogeneous, located in a particular region of space,
and the image background resembles DRRs of a pre-operative CT or pre-injection image.
These assumptions enable SXMAC to produce accurate reconstructions where there is soft
tissue, truncation, and metal that would pose challenges for to-mographic reconstruction
algorithms [31], [32], which operate under fewer assumptions and generally require more
images than the four needed by SXMAC. Another important difference between SXMAC and
cone-beam reconstruction approaches is that SXMAC produces a geometric representation of
the object, whereas cone-beam reconstruction produces images that must still be segmented
to extract the object’s geometry. Segmenting objects in CBCT images can be challenging
because of metal and streak artifacts [33], which are to be expected in intra-operative
imaging scenarios.

The synthesized X-ray images used to evaluate SXMAC are representative of ideal results
achievable with the following preprocessing pipeline: register the diagnostic CT to X-ray
images, generate DRRs from diagnostic CT, and remap the X-ray intensities to DRR
intensities. SXMAC'’s true performance during an intra-operative procedure will be affected
by the performance of these preprocessing steps.

To circumvent challenges posed by 2-D/3-D registration, we have presented an alternative
imaging scenario that uses image subtraction instead of registration. SXMAC’s performance
in this scenario is superior to the previous, and the requirements for bone cement contrast
and sweep angle are less stringent. The procedure is independent of patient anatomy and
thus adaptable to other injection regions, such as the spine. A standard CBCT with our C-
arm requires 400 X-ray images. SXMAC achieves sub-millimeter accuracy with 4 images, or
1% of the dosage. This suggests SXMAC can be incorporated into a surgical procedure
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without affecting patient safety. Moreover, the dosage is low enough that more than one
reconstruction could be performed during the procedure to provide more feedback to the
surgeon.

Although the intended application for SXMAC is to intra-operatively reconstruct bone
cement, there are other surgical procedures that involve bone cement injection, such as
vertebroplasty [2], sacroplasty [3], and femoroplasty [4], that could benefit from intra-
operative reconstruction. In the same spirit as Varshney et al. [17], SXMAC could also be
applied to metal implant reconstruction.

The dragon reconstruction suggests SXMAC has other imaging applications in 3-D model
acquisition. The advantage of using a C-arm X-ray machine to acquire a 3-D model is that
X-rays can image occluded regions that could not be imaged with a laser range scanner,
structured light system, multi-view stereo system, or similar technology. C-arm X-ray
machines are popular at medical institutions, making 3-D model acquisition with a C-arm X-
ray machine potentially cheaper and more accessible than other technologies.

VI. Conclusion

This paper has presented an algorithm for 3-D segmentation of bone cement observed in a
small number of X-ray images. The SXMAC algorithm provides a computationally efficient
procedure for segmentation that can incorporate prior CT and an initial estimate for the
object’s shape and location. The algorithm is implemented within an automated pipeline
whose inputs are preprocessed X-rays, their associated pose information, and prior CT, if
available. Cadaver experiments demonstrate SXMAC can segment injected bone cement
with sub-millimeter accuracy from as few as 4 X-ray images, and thus it is readily
applicable to intra-operative surgical procedures.

The regularization parameter 1, was held constant for each cadaver experiment, but it is an
important parameter that should be optimized in the future once the number of images,
sweep angle, and cement viscosity are decided upon. Future work will also examine the
accuracy and sensitivity of finite element analysis to SXMAC reconstruction of the cement.
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Fig. 1.
System overview showing (a) robotic cement injector, (b) optical tracker, (c) intra-operative
reconstruction overlaid on X-ray images, and (d) finite-element analysis of femur.
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Fig. 2.
Imaging scenario depicting (a) X-ray images, (b) X-ray source, (c) projection lines, (d)
background objects, and (e) foreground object.

IEEE Trans Med Imaging. Author manuscript; available in PMC 2015 June 02.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Lucas et al.

Page 16

Distance (mm)

Distance (mm)

(c) (e)

Fig. 3.
(a) Metasphere phantom with (b) corresponding silhouette, (c) SXMAC reconstruction, and

(d), (€) DRRs (12).
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Fig. 4.
SXMAC reconstruction of a torus acquired from a [(a), (e)] 90° arc, [(b), (f)] 30° arc, and

wobbled [(c), (g)] 30° arc. X-ray projection images are depicted in their proper pose relative
to the reconstructed object. Reconstructions shown in (a), (b), and (c) are juxtaposed to (d)
ground truth in (e), (), and (g).
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(d)

Fig. 5.
(a) Dragon phantom ground truth, (b) visual hull initialization, (c) SXMAC reconstruction,

and (d) X-ray images shown in their relative pose.
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(a) (b)

Fig. 6.
Synthesized (a) pre-operative X-ray image of dry femur and (b) postoperative X-ray image
with cement attenuation of 1900 HU.
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Error between ground truth and SXMAC reconstruction for varying bone cement attenuation.
Error bars indicate one standard deviation from the mean.
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Fig. 8.
Error between ground truth and SXMAC reconstruction for different numbers of synthetic
X-ray images.
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Error between ground truth and SXMAC reconstruction from eight images for different

sweep angles.
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Error between ground truth and SXMAC reconstruction from four images and different

magnitude translation errors.

IEEE Trans Med Imaging. Author manuscript; available in PMC 2015 June 02.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Lucas et al. Page 24

Error Relative to Ground Truth Error Relative to Reconstruction
10 10 .
Mean Error L Mean Error
9 — = —Max Error . 9 // — = —Max Error
8 Mean Error \w Registration a / Mean Error \w Registration
— = = Max Eror \w Registration // = == Max Error \w Registration

Reconstruction Error (mm)
Reconstruction Error (mm)

10 15 20

bk

10 15 20 0

0 5

Rotation Error (degrees) Rotation Error (degrees)
(a) (b)

Fig. 11.
Error between ground truth and SXMAC reconstruction from four images and different

magnitude rotation errors.
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(a) (b)

Fig. 12.
(a) Ground truth segmentation and (b) silhouette reconstruction from 8 images with cement

attenuation of 1900 HU. SXMAC reconstruction from 8 images with cement attenuation of
(c) 1730 HU with soft tissue; (d) 1900 HU with soft tissue.
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Fig. 13.
(a) Post-injection X-ray image and (b) Pre/Post-injection difference image.
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Fig. 14.
Error between ground truth and SXMAC reconstruction from for different numbers of real

X-ray images.
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Fig. 15.
Error between ground truth and SXMAC reconstruction from four real X-ray images and

different sweep angles.
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Fig. 16.
(a) Ground truth cement segmentation, (b) silhouette reconstruction from four images, (c)

silhouette reconstruction from eight images, (d) SXMAC reconstruction from four images,
(e) SXMAC reconstruction from 8 images.
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TABLE |

Definition of Terms and Expressions

Symbol

Definition

X € D[K] C R?
XeDCR?

X, € R3

In ¢ RPN
Prg(Xi) and Ppg(xy)
DiglK] and Dig[K]
Heg () and ppg(")
I()

H()

DRRy{1}(x)
vec(M)

Pr X)
My € RMN

wfg(x) and a)ug(x)

w(Xi0)
A
Hfg(X) and Hbg(X)

Pixel coordinates in the domain of image k.

Patient coordinates in 3D.

Position of the nt voxel in an image.

Indicator vector for which the n" column is 1 and all other columns are 0.

Probability distributions of linear attenuation coefficients in X-ray image k for pixel location xy.
Foreground (fg) and background (bg) domains in X-ray image k.

Linear attenuation coefficients for foreground and background regions in 3D.

The log X-ray intensity image.

Heaviside function.

Simulated X-ray image k generated from volume p.

A column vector representing the elements of matrix M.

Dirac delta corresponding to the Heaviside function H(:).

Mapping from patient coordinate space to pixel coordinates ¢
System matrix approximating the X-ray imaging equation.

3D Level set corresponding to the foreground (fg) and background (bg) object. Level sets are negative inside the object
and positive outside.

Silhouette’s level set in image k.
Curvature weight.

Volumes indicating the foreground and background.
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TABLE Il

Parameters for Phantom Experiments

Parameter Value

Source Detector Distance 900 mm

Detector Dimensions 288 mm x 288 mm
Pixel Size 0.45 mm

P 1

Ang 1
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TABLE Il

Flat Panel C-Arm Specification

Parameter Value

Manufacturer ~ Siemens Medical Solutions

Type Mobile isocentric flat-panel cone-beam CT
Scan time 128 sec.

Voltage 120 kVp

Current 5.2 mAs

Pixel size 0.388 mm x 0.388 mm
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