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Highlights

1, We propose a new edge-preserving penalty based PWLS (penalized weighted least-squares) algorithm for intra-
operative CBCT with low dose radiation from the EVAR (Endovascular aneurysm repair) operation.

2, The proposed edge-preserving penalty absorbs the concept of bilateral filter and can not only suppress noise and
artifacts in CBCT images, but also improve the contrast for low-contrast regions.

3, Experimental comparisons demonstrate that the proposed edge-preserving penalty outperforms the isotropic,
anisotropic, TV and Huber penalties.

Abstract: C-arm cone-beam computed tomography (CBCT) acquisition during endovascular aneurysm repair (EVAR) is an
emergent technology with more and more applications. It offers real time imaging with a stationary patient and provides 3-D
information to achieve guidance of intervention. However, there is growing concern on the overall radiation doses delivered to
patients all along the endovascular management due to pre-, intra-, and post-operative X-ray imaging. Manufactures may have
their low dose protocols to realize reduction of radiation dose, but CBCT with a low dose protocol has too many artifacts,
particularly streak artifacts, and decreased contrast-to-noise ratio (CNR). To reduce noise and artifacts, a penalized weighted
least-squares (PWLS) algorithm with an edge-preserving penalty is proposed. The proposed method is evaluated by quantitative
parameters including a defined signal-to-noise ratio (SNR), CNR, and modulation transfer function (MTF) on clinical CBCT.
Comparisons with PWLS algorithms with isotropic, TV, Huber, anisotropic penalties demonstrate that the proposed edge-
preserving penalty performs well not only on edge preservation, but also on streak artifacts suppression, which may be crucial
for observing guidewire and stentgraft in EVAR.

Keywords: Endovascular aneurysm repair, intra-operative CBCT, image denoising, penalized weighted least-squares, edge-
preserving penalty.



1. Introduction

CBCT (cone-beam computed tomography) mounted on a C-arm in the interventional radiology (IR) suite employing digital
flat-panel detectors, has been an exciting technology with an advanced imaging capability of 3D acquisition. For clinicians, this
kind of acquisition providing CT-like images is particularly useful for vessel catheterization and was described for the first time
in cerebral aneurysm embolization!!). The first application of 3D CBCT acquisition with contrast media injection in an EVAR
(endovascular aneurysm repair) aimed to detect any potential complication (endoleaks, stentgraft kinking) that can be treated
immediately after the procedure!*), i.e., after the deployment of the stentgraft. More recently, 3D CBCT acquisition (without
contrast media injection) was described in order to fuse the preoperative CT-scan by means of a 3D/3D rigid bone registration!®
"1, With this fusion imaging technique, catheterization and stentgraft deployment can be achieved with a 3D visualization of the
vascular tree and leads to a significant decrease of contrast media volume injection® ',

Even though CBCT mounted on a C-arm provides high quality fluoroscopy image and offers benefits for patients, there is
growing concern on the overall radiation doses delivered to patients all along the endovascular management of their AAA
(abdominal aorta aneurysm) due to pre-, intra-, and post-operative X-ray imaging!'?l. Despite the radiation dose related to 3D
CBCT acquisition, EVAR is one of the most irradiated procedures in vascular surgery, even more for complex repair such as
fenestrated and branched endografil'*l. As a consequence, it is very important to reduce the radiation dose related to CBCT, not
only for patient care, but also for the medical staff to avoid or reduce potential determinist and stochastic risks from
radiological procedurel'*!61. One effective way to reduce the radiation dose is to choose a scanning protocol with less rotation
time, which is already preset in the C-arm CBCT system. It is difficult in fact to control patient dose in some C-arm CBCT
systems because C-arm CBCT operates with automatic exposure control systems through controlling the current intensity (mA),
and if necessary, the voltage (kVp) to maintain the signal-to-noise ratio (SNR)[!7, In practice, different manufactures may have
different low dose protocols to realize reduction of radiation dose. Actually, the noise in CBCT with low dose protocol is a tricky
issue due to the low current intensity used and the wide collimation leading to increased scatter radiation, and subsequent
artifacts, particularly streak artifacts, and decreased CNR (Contrast-to-Noise Ratio)!'®l. Noise and artifact suppression for low
dose CBCT is therefore crucial to access to the benefits of CBCT reconstruction images and subsequent image processing such
as segmentation and registration.

Several techniques have been proposed to remove noise and artifacts in CT and CBCT. They are generally divided into three
strategies: (1) Projection domain denoising, in which the projection data is seen as an image and processed by various
sophisticated denoising algorithms. Thereby reconstructed images can be obtained from the denoised projections!!*2!l. One
distinct advantage is that this kind of technique takes noise properties in projection space into account while the potential
disadvantage that the definition of edge in projection domain is not definite, resulting in sharpness loss in image domain, cannot
be ignored. (2) Image domain denoising (post-processing), in which various filters can be directly applied on the finally
reconstructed images. Many outstanding filters considering both noise suppression and edge preserving have been performed for
CT denoising, such as nonlocal means filtering®>23 and dictionary learning based filtering!?*2°l. However, it is difficult to
establish a noise model in the image domain due to the fact that the image noise always changes with scanning parameters. (3)
Statistical iterative reconstruction (SIR), which consists in finding an optimal solution by maximizing or minimizing an objective
function constructed according to the noise characteristics of the projections, has been demonstrated to be effective in removing
noise and artifacts in both projection and image domain[?’-11, Although these algorithms yield excellent results with respect to
noise and artifacts suppression, they are on a large extent not independent, requiring more detailed information such as scanning
geometry, correction physics, etc.[??]. Its limitation appeals a more broadly used denoising method to perform on different
systems. Although there are few reports for C-arm CBCT denoising in EVAR, some techniques for CT mentioned above are
applicable to the circumstance of C-arm CBCT system since they have a close relationship.

The penalized weighted least-squares (PWLS) is a useful algorithm for restoring data corrupted with signal-dependent noise
The PWLS objective function consists of two terms, the “data-fidelity term” and “penalty term” or “regularization term”. The
relative importance of the two terms is controlled by a penalty/smoothing parameter. The choice of the penalty parameter
determines the smoothness of the processed images. PWLS has been proved to be effective in either sinogram space*>* or
image domain[®>!,

The aim of this study is to improve the quality of intra-operative CBCT images by suppressing noise and artifacts at low
radiation dose in EVAR procedures, so that the denoised result is good enough for image interpretation or further processing (e.g.
registration with pre-operative CT or post-operative CT). In this study, we propose an edge-preserving penalty based PWLS
algorithm. The originality of the method is the design of edge-preserving penalty, which borrows from the advantage of bilateral
filter. Furthermore, the proposed method works in the image domain, thus it can be applied retrospectively. Therefore, although
the algorithm is proposed in the scope of intra-operative CBCT in endovascular aneurysm, it should be interesting in other
applications in which low-dose CBCT is used.

The remainder of this paper is organized as follows. In Section 2, we first briefly review the conventional PWLS algorithm
and then describe the proposed edge-preserving penalty based PWLS algorithm in details. The evaluation of the proposed
method and denoised clinical results are described in Section 3. The discussion is in Section 4 and we conclude the paper in
Section 5.
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2. Materials and methods

2.1 PWLS method

The PWLS method aims to estimate a denoised image by minimizing the PWLS cost function. Mathematically, the cost
function of PWLS can be written as

(/) =(3=s) T (F=S)+BR(S) )
This cost function consists of two terms, the first term is the weighted least-squares (WLS) criterion, where j represents the

noisy CBCT image and | represents the ideal image to be estimated. 2. is a diagonal matrix with the ith element of estimated
variance o at pixel i, which plays a weighting role in the WLS function. Although the noise in the reconstructed images is

correlated, in this study we used a non-correlated approximation for simplicity, namely we assume that noise between pixels is

uncorrelated, thus to easily get the variance o at every pixel. We assumed that the noise was non-stationary Gaussian

i

distributed and used the local variance in a neighborhood to estimate the noise. Actually it is difficult to establish a noise model
in the reconstructed CBCT image and Gaussian model is not the sole choice, other models would result in a change of the cost

function in (1). Symbol 7T denotes the transpose operator. The second term R ( f ) is the “penalty term” or “regularization term”,

reflecting a priori information penalizing the solution. f is the smoothing parameter which controls the strength of the penalty.

2.2 Edge-preserving penalty

There are many choices for the penalty term in (1) including smoothing and edge-preserving regularization terms, among
which the common choice is the quadratic function based on Markov random fields. Generally, the quadratic smoothness penalty
regularizes the sum of squared differences between the pixel and its neighbors and can be expressed as

R =R =55 @, (fi-1,) @

where N, indicates the neighborhood of the pixel i and ,, is the weight for neighbor pixel m. In previous applications, ,, is set

to 1 for the horizontal and vertical neighbors and l/ 2 for the diagonal neighbors?®'-3¢], The weights do not include any

information on intensity but are equal for neighbors of equal distance, thus leading to a blurred image. To overcome this
shortcoming, several edge-preserving penalties were proposed to regularize the solution. For example, Wang!'¥! presented an
anisotropic penalty by choosing the diffusion coefficient function to calculate the weight @, . Zhang*” performed a similar

application using the weight function in nonlocal means filtering for preserving edges. It follows that a nonlinear expression can
play an important role on edge-preserving smoothing in the PWLS algorithm. The anisotropic penalty in [16] is described as
follows:

. 2
a)it::isotropic — a)ii;:lotropic eXp _ f i _~fm (3)
0
U for first-order neighbors
= . “)
1/ \/5 , for second-order neighbors

where & is a controlling parameter in the anisotropic diffusion coefficient function and the strength of the diffusion during each
iteration is codetermined by & and the gradient. The parameter § can be set to a fixed value or the value at 90% of the
histogram of the gradient magnitude of the image to be processed according to the study in [16]. The anisotropic diffusion
applies a smaller penalty if the gradient is larger which usually occurs at edges, and vice versa.

In addition, the nonquadratic penalty is well known as its edge-preserving ability. Two representative ones are the
TV (Total Variance) penalty[38] and the Huber penalty[39]. The TV penalty function has the following form:
TV (x)=|| (5)
The Huber penalty function has the following form:
Huber(x) =min {x*,2[x| -1} (6)

In addition, previous studies have shown that the bilateral filtering is capable of edge-preserving smoothing%-42!, Inspired by
the bilateral filter, we herein proposed an edge-preserving penalty in which the combination of closeness function and similarity
function used in the well-known bilateral filter was used to determine the weights in a neighborhood. The new /™" can

be calculated as

*[26%) (7)
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The function is composed of two Gaussian functions including the spatial domain Gaussian function with standard deviation
o, and the intensity domain Gaussian function with standard deviation o, . Parameters o, and o, respectively control the
spatial weight and intensity weight. Given a fixed set of parameters { o, , o, }, the spatial domain Gaussian function gives a

higher weight to pixels that are spatially close to the center pixel, and vice versa. Similarly, the intensity domain Gaussian
function gives a higher weight to pixels that are similar to the center pixel in gray. In detail, in the smooth regions, a higher
weight can effectively smooth the noise; while in the edge and texture regions, a small weight can well preserve the edges and
textures.

o, is relatively insensitive to noise variance compare to o, , so it could be fixed in practical applications so that we need not

take time to find the real optimal one. In this study, the value of o, is set to 2 according to experiments on CBCT data from 17
patients. o, changes with different slices due to the fact that the noise level varies significantly across slices in CBCT images.

The noise level can be estimated using the value at 90% of the histogram of the gradient magnitude of image to be processed.
Therefore, at each iteration, o, is set according to the histogram of the gradient magnitude of temporary image.

Several methods can be used to find the optimal solution by minimizing the PWLS cost function. In this study, we adopted the
Gauss-Seidel algorithm. Therefore, the iterative formula for the solution in (1) is given by

2 edge— preserving o (k+1) edge— preserving (k)
yi+ﬁo-i[za)im fm +Zwim fm j

2
mta’\/,»I meN;

fi</;+1) _ (8)

2 edge— preserving
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where N indicates the upper and left neighbors of f and N7 indicates the lower and right neighbors of f. Index k indicates the

iteration number and the iterations can be stopped by setting a threshold according to the change of objective function or the
iteration number.

2.3 CBCT acquisition

Our study was mainly based on the use of patient specific data, and this study was approved by our hospital's ethics committee.
The study protocol was approved by the institutional review board. Patient informed consent was obtained for being registered
anonymously in the database. The intra-operative CBCT during an EVAR usually includes pre-deployment and post-deployment
CBCT. The former is related to CBCT imaging after the guidewire is introduced into the artery from the femoral artery, and the
latter is related to CBCT imaging after the stentgraft is deployed. In the post-deployment CBCT, both guidewire and stentgraft
can be seen.

The Siemens AXIOM Artis with Syngo DynaCT was used in the operation room and CBCT was performed on a stationary
patient who was undergoing an EVAR. The C-arm CBCT system generated a complete volumetric dataset via a single 200°
rotation around the patient during the 3D acquisition. Three protocols is preset in this system, they are 5sSDSA protocol, 8sDSA
protocol and 20sDSA protocol. Low dose intra-operative CBCT was realized using a 5sDR protocol, which has a 5-second
acquisition time with the frame rate of 30f/s. Other acquisition parameters were: the distance from the X-ray source to detector is
1199 mm, the field of view (FOV) is 100 mm>100 mm, the slice thickness is 0.4804 mm, the size of one slice of the CBCT is
512%512 and pixel spacing is 0.4804 mm *x0.4804 mm. The data of two patients were used in our study, and the related scanning
parameters were 91KV, 243mAs and 99K Vp, 220mAs, respectively.

2.4 Image quality evaluation

The proposed denoising algorithm is evaluated using experiments on pre-deployment and post-deployment CBCT from the
same patient. For quantitative analysis, we defined a local SNR to estimate the noise suppression in a region of interest (ROI)
after denoising. The SNR is defined as the mean pixel value over a ROI divided by its standard deviation and indicates how the
ROI is smoothed. A higher SNR indicates a better smoothing in the ROI. However, even if the image has a high SNR, it is not
useful unless there is a high enough CNR to be able to distinguish among different tissues and tissue types. We used CNR to
measure the contrast between a ROI and the background region. The most common definition of image contrast is:

Cis= |ﬂ,4 —Hp | ©)

where £, is the mean value inside the ROI and 4, is the mean value of the uninform background region. The CNR is defined
as

CNR,, =C,; /oy zlﬂA_ﬂgl/O-n (10)

where o, is the standard deviation of noise and characterized by the standard deviation of a uniform background region. It

should be noted that the noise correlation was not considered in the definitions of SNR and CNR.
Another measure for in-plane spatial resolution is the MTF (Modulation Transfer Function) which is approximately obtained
by using the guidewire in a pre-deployment CBCT slice. The wire was inserted into patient during the operation and is indicated



by the arrow in Fig. 1. In this study, the wire with a small diameter is approximately seen as the point source. A ROI (indicated
by blue square) placed at the center of the wire was extracted and the line spread function (LSF) was then obtained by integrating
the ROI in y-direction, finally the in-plane MTF can be obtained by calculating the Fourier transform of the normalized and zero-
padded LSF.

3. Results

In this section, we present experimental results to evaluate the efficacy of the proposed method. In the proposed method,
parameters o, and o, are set according to the process described in Section 2.2. Beyond that, three parameters, the smoothing

parameter f, neighborhood size of N, and iteration number £, affect the denoised results as well. As the image quality is

affected by data acquisition protocol, in Section 3.1 and 3.2, we study the effects of changes in these parameters, to see how
parameters affect the results, and what kinds of setting can give good results in the case of low dose acquisition protocol. We
first discuss the effect of changes in the parameters mentioned above and then compare results from the proposed edge-
preserving penalty with the isotropic penalty, TV penalty, Huber penalty and the anisotropic penalty in [16].

3.1 Effect of changes in parameter [ and neighborhood size

The parameter f controls the strength of regularization and determines how the regularization item is penalized to the WLS

measurement. In order to evaluate the effect of # in the proposed algorithm, we first set the neighborhood size of N, as 3x3
and the iteration number k=6 with which we can get a good visual effect, and then a series of denoised images were obtained by
increasing f§ from 10°to 10 with 10 times growth. Fig. 2 presents the denoised results under varying values of £ . Fig. 2 (a) is

the original slice of pre-deployment CBCT and Fig. 2 (b) shows its magnified image on bones and tissues to better illustrate
noise and artifacts. We observe that noise and streak artifacts are apparent in the original image. Fig. 2 (b1)-(h1) show the
magnified denoised results with different values of f, respectively. Obviously, a too small f cannot suppress noise and artifacts,

whereas with a large adjustment of # ( #>107), noise and artifacts are effectively removed and the results are very close in
terms of vision. It seems that from Fig. 2 the effects of results are extremely similar when § equals to 102, 107!, 1, and 10. So in
our paper we set f to 102, In addition, in the case of 55 neighbors, k=2, various results were obtained with different value of
B from 10-%to 10, shown in Fig. 2 (a2)-(h2). The reason that we set k=2 is because bones become blurred when £ is larger.
Further evaluations using SNR and CNR measurements were used to confirm this point that § affects the result little when
the other parameters are fixed. CNR in each denoised image with different § was calculated by using (9) and (10) for the
selected low-contrast region indicated by the blue square in Fig. 2 (a) and the background region indicated by the white square.
Fig. 3 (a) and Fig. 3 (b) depict the SNR and CNR curves with different values of § in cases of 3x3 neighbors, k=6, and 5x5
neighbors, k=2, respectively. The SNR value and CNR value in the original image are also included and indicated in red dot. It is
obvious that in both cases the SNRs in all the denoised images are higher than that in the original image. When f reaches to a

certain value, the SNR doesn’t increase any more even if the value of § increases. It is clear that the CNR displays similar

behavior with SNR.
In addition, from Fig. 3 (a), we can observe that when f is greater than a certain value, SNR in the denoised image obtained

with 3x3 neighbors, k=6 is higher than that in the image obtained with 5x5 neighbors, £=2; on the contrary, it is lower than that
with 5x5 neighbors, &=2. The two SNR curves encounter at around £ =107. We can get similar conclusion from CNR curves in

Fig. 3 (b) as well. In addition, comparing Fig. 2 (d1) with Fig. 2 (d2) ( # =107), it seems that they have similar visions,
whereas when £ >107, images obtained in case of 3x3 neighbors, k=6 look better in the respect of edge preserving. Therefore,

it comes to the conclusion that the proposed algorithm with combination of 3x3 neighbors and k=6 performs better than the
combination of 5x5 neighbors and £=2 according to the SNR, CNR measurements and the visual effect as well.

Since SNR and CNR mainly aim at the low-contrast region, MTF evaluation in high-contrast was also performed to study the
effect of the edge-preserving PWLS on spatial resolution. It’s important to maintain this high-contrast MTF in order to distinctly
see relevant features such as the edges of bony structures and the guidewire. The original CBCT slice shown in Fig. 1 is seen as
the baseline image. Fig. 4 (a) shows MTF curves for images after denoising using the proposed method with 3x3 neighbors, k=6
and 5x5 neighbors, k=2, respectively ( f=0.01). We observe that curves calculated from denoised images in both cases are close

to the solid curve from the baseline image. This consequently indicates that the proposed algorithm has similar spatial resolution
property with the baseline image. In other words, the edge-preserving PWLS can achieve noise reduction with good capability of
preserving edges. Furthermore, the MTF curve in case of 3%3 neighbors, k=6 is higher than that in case of 5x5 neighbors, k=2,
indicating that the proposed algorithm has better capability of preserving edge when neighborhood size is 3x3, k&=6. This also
confirms the conclusion that 3x3 neighbors have better performance. As a consequence, a neighborhood size of 3x3 is a better
choice for practical application. Fig. 4 (b) shows the MTF curves of the denoised images obtained using the proposed PWLS



with different smoothing parameters f ranging from 10to 10 in case of 3x3 neighbors, k=6. We observe that MTF curves are
overlapped together with 8 increasing from 10~ to 10, and very close to curves at =107, Fig. 4 (c) shows the corresponding

MTF curves in case of 5x5 neighbors, k&=2. Similarly, these curves are overlapped together. From Fig. 4 (b) and Fig. 4 (c), we
therefore get the conclusion that the resolution loss will not appear even if the smoothing parameter f increases.

3.2 Effect of changes in iteration number k

In order to evaluate the effects of various combinations of iteration number k and neighborhood size in the proposed algorithm,
Fig. 5 (al)-(d1) presents the denoised results under varying values of & for a given £ =0.01 and neighborhood size of 3x3. It
reveals that a small & (kK =2) has small effect on noise and artifacts suppression, while a large & (k =10, 20) leads to an over-
smoothed result in which bones are very blurred, especially in Fig. 5 (d1). Fig. 5 (a2)-(d2) presents the corresponding results
with 5x5 neighbors. We see that the denoised image has a tradeoff between noise suppression and edge preservation at less
iterations (k=2), but more and more blurred with k increases. In addition, images obtained with 5x5 neighbors are more blurred
with those obtained with 3x3 neighbors under the same iteration number. The iteration number £ has a strong effect on the
denoised result, thus it is important to stop the iteration before the image is heavily blurred. We find that for a given £=0.01 the
result has a good tradeoff between noise suppression and edge preservation with A=6 when 3x3 is selected, and k=2 when 5x5 is
selected.

In fact, we need more iterations if a smaller £ is selected no matter what is the neighborhood size, for example, 20 iterations
is needed to achieve a tradeoff for =10 in the case of 3x3 neighbors. Fig. 6 depicts curves of normalized values of the
objective function in (1) with different values of g for 3%3 neighbors and 5x5 neighbors, respectively. From the curves, it is
clear that the objective value decreases with iterations and more slowly with a smaller £ ; thatis, a small £ corresponds to a
large k and vice versa. However, it is not easy to find an optimal S with a certain criterion to stop the algorithm before the
image is over-smoothed. In addition, the estimation of noise variance in (1) is less accurate in the case of 5x5 neighbors because
it contains more information of edges and structures in this case. Because of this, the image is drastically smoothed after few
iterations. In this study we choose £=0.01 with 3x3 neighbors taking computation time into account, and stop the algorithm
according to our experiments shown in Fig. 5.

3.3 Comparison with other penalties

In this section, we compare the proposed edge-preserving penalty with the isotropic penalty, TV penalty, Huber penalty and
the anisotropic penalty in [16].

The slice 169 of CBCT (as shown in Fig. 2 (a)) and the slice 19 were used to test the proposed method. Fig. 7 shows the
filtered images obtained by different PWLS algorithms. Fig. 7 (al) and Fig. 7 (a2) are the original CBCT slices, respectively. It
is obvious that serious artifacts and noise exist in both slices. Fig. 7 (b1)-(f1) displays the filtered images for slice 169 obtained
by the PWLS algorithms with isotropic penalty, TV penalty, Huber penalty, anisotropic penalty and the proposed edge-
preserving penalty. Parameters in each PWLS algorithm were appropriately set so that the noise level in each denoised image
was matched with each other. The noise level was estimated by the SNR measurement for the ROI indicated by the blue square
in Fig. 2 (a). The SNR values of the corresponding ROIs in the filtered images obtained by the five methods are 52.28, 52.01,
52.33, 52.06 and 52.12, respectively. The smoothing parameter f§ was set to 0.078, 5.6 X 102 in PWLS with isotropic penalty,

4.5X10? in PWLS with TV penalty, 4.5X 10? in PWLS with Huber penalty, 0.125 in PWLS with anisotropic penalty, and 0.001
in PWLS with the proposed penalty. Similarly, the denoised results (as shown in Fig. 7 (b2)-(f2)) for slice 19 were obtained by
five PWLS algorithms at a matched noise level that measured by the region indicated by the blue square in Fig. 7 (a2). We
observe that the noise and artifacts in the images obtained by five PWLS algorithms are well suppressed compared with the
original images. However, the edges of bone are blurred in Fig. 7 (b1) and Fig. 7 (b2), a similar blur occurs at the inserted
guidewire as well, as indicated by red arrows. There is no doubt that the blurred image is caused by the isotropic weights which
contain no intensity information. Seeing from Fig. 7 (c1)-(f1) and Fig. 7 (c2)-(f2), these four penalties perform well on the edges
of bones and guidewire. However, for TV penalty, the staircase effect appears and the denoising capability is weak as seen in Fig.
7 (c1) and (c2). By comparison, there is no staircase effect appearing in Fig. 7 (d1)-(el) and Fig. 7 (d2)-(e2). It seems that the
Huber and anisotropic penalties yield more sharp edges of bones compared with the proposed edge-preserving penalty, but some
artifacts around bones and terrible streak artifacts in low-contrast regions are not well suppressed by Huber and anisotropic
penalties comparing to those by the proposed penalty, especially in Fig. 7 (d2) and (e2). The results demonstrate that the
proposed edge-preserving penalty has a better capability of suppressing the streak artifacts, which may be crucial for observing
guidewire and stentgraft in the application of intra-operative CBCT in endovascular aneurysm repair.

3.3.1 CNR and profile comparisons

To quantitatively compare the performances of the PWLS algorithms with different penalties, we then calculated the CNR at
the matched noise level for the selected low-contrast ROI (indicated by blue square in Fig. 2(a)). Table I lists the CNR values in
Fig. 7(b1)-(f1), respectively. From Table I we can see that CNR of the denoised image from the proposed edge-preserving is



higher than those from the other penalties. Fig. 8 shows the horizontal profiles through row 275 in Fig. 7(b1)-(f1). The
horizontal profile is indicated by the blue line in Fig. 7(al). Through those profiles, we can see that the proposed penalty
performs better than the other penalties on smoothing in homogeneous region. These observations show that the

proposed edge-preserving penalty has a better performance on streak artifacts suppression than the other penalties.

3.3.2 MTF comparison

In order to further assess the performances of different penalties, we calculated the MTFs for Fig. 1. Fig. 9 depicts the MTF
curves from the five PWLS with proper parameters. Namely, parameters in each algorithm were appropriately set so that the
noise level in each denoised image was matched with each other. The noise level was estimated by the SNR measurement for the
ROI indicated by the red square in Fig.1. The SNR values of the corresponding ROIs in the filtered images obtained by the five
methods are 29.83, 29.96, 30.58, 30.64 and 30.31, respectively. We can observe from Fig. 9 that MTF curves for the proposed
edge-preserving penalty and the anisotropic penalty are very closed and higher than those from the isotropic, TV and Huber
penalties. This means that the anisotropic penalty and the proposed penalty perform similarly on preserving edges and better than
the other penalties at the matched noise level.

3.3.3 Clinical patient examples

Although we compared results from different methods in Fig. 7 in which only two slices were tested, we need more slices and
CBCT data of different patients to demonstrate the good capability of noise suppression and edge-preserving of the proposed
algorithm. CBCT data from 17 patients were tested in our study, the data includes both pre-deployment and post-deployment
data, and thus a total of 34 CBCT datasets were tested. In this section, we selected pre-deployment and post-deployment CBCT
data from two patients and processed these data using different PWLS algorithms. CBCT were acquired using the 5sDR protocol
of the Siemens AXIOM Artis with slices of 263 and 365. Fig. 10 displays full layout results obtained by applying five penalties
on the post-deployment CBCT. We observe that although the isotropic penalty suppresses much noise, the stentgraft and bones
structures are blurred seriously (Fig. 10 (b)). In Fig. 10 (c)-(e), bones and stentgraft are well maintained but plenty of noise still
remained, not only seen in axial view, but also in sagittal and coronal views. In contrast, the proposed algorithm has a good
tradeoff between noise suppression and edge preservation in Fig. 10 (f).

Fig. 11 shows the pre-deployment CBCT of another patient. Filtered results obtained by isotropic penalty, TV penalty, Huber
penalty, anisotropic penalty and the proposed edge-preserving penalty are displayed in Fig. 11 (b)-(f), respectively. Obviously,
the isotropic penalty leads to an over-smoothed result with blurred bones; the TV, Huber, and anisotropic penalties performs well
on preserving edges, but fails to remove artifacts; by contrast, the proposed edge-preserving penalty can effectively suppress
artifacts at the same time preserve edges.

4. Discussion

Developing low-dose X-ray imaging protocols in medicine is a topical subject. In vascular diseases, the number of
endovascular procedures is yearly growing, and concerns about radiation are more topical than ever. While determinist risks are
finally uncommon for patients, medical staff and young surgeons especially have a lifelong X-ray exposition. Beyond reducing
radiation risks of decades exposition, works dealing with low-dose X-ray imaging protocols are appropriate for optimization of
the clinical use of this acquisition. Several methods have been proposed to improve the quality of CBCT images involving
suppressing noise and artifacts for projections and the reconstructed images. However, edges in projections are not well defined,
leading to some loss of sharpness in the reconstructions, while the spatial structures are better defined and evident in the
reconstructed images. In this study, we have proposed an improved PWLS with edge-preserving penalty to reduce noise and
artifacts meanwhile preserving details in CBCT images. The edge-preserving weight function in quadratic form takes both
intensity similarity and spatial closeness among neighboring pixels, and performs like a bilateral filter. Thus, noise and artifacts
are effectively suppressed at the same time edges are better preserved. In Section 3, we found that with a fixed iteration number
the resolution loss would not appear even if the smoothing parameter f increases, while when f is fixed, the image becomes

blurred as iterations progress, but this just means that £ is too high. Given the computation time, the most practical approach is
to only perform a few iterations coupled with a large .

A limitation of the proposed method is that only the variance at every point in the reconstructed image is used to estimate the
noise property. A more accurate way is to use the noise property of projection data, however, it requires additional calibration.
Moreover, in automatic exposure control system using CBCT, the radiation dose referring to the low-dose protocol is adaptively
adjusted according to the shape and weight of the patients. Thus, the noise level varies significantly for different patients and
changes across slices even in one CBCT. The proposed PWLS algorithm is therefore based on the assumption that noise in
CBCT is signal-dependent and estimated using the local variance of each pixel, thus forming a noise map in the proposed
algorithm. However, this estimation is less accurate in case of 5x5 neighbors because the estimated noise variance not only
contains information of noise and artifacts, but also useful information of edges and structures in this case. Because of this, the
proposed algorithm drastically smooths the image after few iterations and we must stop it before it is converged, or the result will



be blurred. Therefore, one of our later studies is to make an accurate estimation of noise. Moreover even if the proposed method
already gives significant improvement over no denoising, more sophisticated methods are possible and could be considered and
tested in future work. In addition, the proposed method was only applied to each 2D slice of the 3D image, making the
information from the successive slices was not concerned. However, the extension of the proposed PWLS to 3D CBCT
application will take more time compare to the performance on 2D image. Considering the practical application, we processed
the CBCT data slice by slice.

In this study, we also included the results obtained by the PWLS with isotropic penalty, TV penalty, Huber and the PWLS
with anisotropic penalty proposed in [16]. All the experiments were performed on a clinical CBCT system with 5sDR protocol

on patients, who underwent EVAR. The comparisons of profiles and CNRs demonstrate the fact that the proposed edge-

preserving penalty has better ability to preserve edges and structures when reducing noise and artifacts compared with the other
four penalties. For further comparison, we approximately estimate the MTF of different results from the five PWLS algorithms
using the inserted guidewire. The MTF curves show that at the matched noise level the anisotropic penalty and the proposed
edge-preserving penalty have similar effects on preserving edges. The anisotropic penalty generates more sharp edges in some
slices; however, it is not suitable to all the slices of a CBCT, thus can be used commonly.

Our study aims to process the intra-operative CBCT at low dose so that a more accurate segment and registration, on the one
hand, can be carried out, thus to guide and monitor the insertion procedure. On the other hand, a post-procedural CBCT with
good noise reduction helps assessment of early complications and eliminates the time needed to transfer a patient from the
angiography suite to a conventional computed tomography scanner. The proposed method has been demonstrated to be effective
for all the CBCT acquisition during the operation, no matter pre-deployment or post deployment, with contrast agent or without.

Although the proposed method can reduce noise and artifacts, and be used for the improvement of low-contrast regions
without degrading the spatial resolution of high-contrast regions, computational time has also to be considered. It takes about 5.5
min to process a CBCT data of 365 slices using mixed programming with MATLAB and C language under the environment that
0S: 32-bit; Windows 7; CPU: Intel Core(TM) 2 Duo, 4G RAM. Nowadays, there is a trend toward the use of graphical
processing unit (GPU) in order to accelerate image processing at a low cost!*#], Consequently, the computational time of
performing the proposed method is believed to be reduced by using GPU.

5. Conclusion

In this paper, we have proposed an edge-preserving penalty based PWLS algorithm for intra-operative CBCT with low dose
radiation under the assumption that the noise is non-stationary Gaussian distributed. The proposed method not only suppresses
noise and artifacts, but also improves the contrast for low-contrast regions. Comparisons with results from the isotropic, TV,
Huber and anisotropic penalties have shown that the proposed method has good performance for the CBCT in an EVAR
procedure.
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FIG. 1. The slice of the pre-deployment CBCT with the blue square selected to calculate the MTF. Display window is [-1024 HU, 1476 HU].
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FIG. 2. Tmages of CBCT slice: (a) the original image, (al)-(h1) denoised images with different /8 in case of 3x3 neighbors, k=6, (a2)-(h2) denoised images

with different g in case of 5x5 neighbors, &=2. The blue square and white square in (a) indicate the low-contrast ROI and the background region, respectively.
Display window: [-1024 HU, 1476 HU].
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FIG. 3. SNR and CNR curves with different £ in case of 3x3 neighbors, k=6 and 5x5 neighbors, k=2, respectively. (a) SNR curves, (b) CNR curves.
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FIG. 7. CBCT slices of the abdominal vasculature: (al) slice 169 of CBCT; (b1)-(f1) filtered CBCT slice obtained by PWLS algorithms with isotropic penalty,
TV penalty, Huber penalty, anisotropic penalty and the proposed edge-preserving penalty, respectively. (a2) slice 19 of CBCT; (b2)-(d2) filtered CBCT slice
obtained by PWLS algorithms with isotropic penalty, TV penalty, Huber penalty, anisotropic penalty and the proposed edge-preserving penalty, respectively.
Display window: [-1024 HU, 1976 HU].
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FIG.10. Post-deployment CBCT: (a) original CBCT, (b) result from the isotropic penalty, (c) result from the TV penalty, (d) result from the Huber penalty, (e)
result from the anisotropic penalty, (f) result from the proposed edge-preserving penalty.



FIG.11. Pre-deployment CBCT: (a) original CBCT, (b) result from the isotropic penalty, (c) result from the TV penalty, (d) result from the Huber penalty, (e)
result from the anisotropic penalty, (f) result from the proposed edge-preserving penalty.
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TABLE I CNRs of the low-contrast ROI in Fig. 2 (a)
Isotropic TV Huber  Anisotropic ~ Our penalty
CNR  13.28 1227 1147 1223 13.71




