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Abstract
Sparse-view sampling scans reduce the patient’s radiation dose by reducing the total exposure duration. CT reconstructions 
under such scan mode are often accompanied by severe artifacts due to the high ill-posedness of the problem. In this paper, 
we use a Non-Local means kernel as a regularization constraint to reconstruct image volumes from sparse-angle sampled 
cone-beam CT scans. To overcome the huge computational cost of the 3D reconstruction, we propose a sequential update 
scheme relying on ordered subsets in the image domain. It is shown through experiments on simulated and real data and 
comparisons with other methods that the proposed approach is robust enough to deal with the number of views reduced up 
to 1/10. When coupled with a CUDA parallel computing technique, the computation speed of the iterative reconstruction 
is greatly improved.

Keywords  Image reconstruction · Tomography · Cone beam CT · Sparse view · Low dose

Introduction

Radiation exposure has become one of the major concerns 
in CT scans [1–3]. Dose reduction by optimizing hardware 
settings have been discussed in [4, 5]. However, lower-
ing the radiation dose via reducing either tube current or 
tube voltage will result in degraded projections. Another 
option is to reduce the number of projection angles. This 
approach has been used in dental implant applications 
[6, 7]. A significant benefit of reducing the number of 
projection angles is that the signal-to-noise ratio of each 

projected image can be maintained, while the exposure 
time is reduced. However, the lack of angular sampling 
leads to severe spurious artifacts when using analytical 
reconstructions. Although iterative reconstruction algo-
rithms can alleviate the scattering artifacts to a certain 
extent, fewer observations increase the ill-posedness of the 
reconstruction problem and accordingly the probability to 
fall into local extrema.

In recent years, compressed sensing (CS) theory has 
provided an efficient way of solving inverse problems with 
sparse measurements [8]. It has been widely applied to 
medical image reconstruction since Sildky and Pan intro-
duced the Total-Variation minimization for 3D sparse view 
CT reconstruction in 2008 [9]. Lugstig [10] and Trazasko 
[11] have proposed CS methods for Magnetic Resonance 
Imaging reconstruction from sparse sampling. CS was also 
introduced in bioluminescence and optical coherence tomog-
raphy in [12, 13]. The CS frames have been proven more 
effective than previous methods in sparse scans [14, 15]. The 
TV minimization model, equivalent to L1 minimization, was 
considered in sparse view reconstructions in [15, 16]. A TV-
stoke method was reported by Liu to improve the TV model 
[17]. The TV model is proven to obtain stable reconstruc-
tions for piecewise constant regions of interest (ROIs) [18]. 
The TV reconstruction model in sparse view CT systems 
have been intensively investigated Sidky and Pan’s group in 
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[19–21]. Sidky et al. proposed a non-convex version of TV 
constrained for high sparseness scans [22]. The anisotropic 
TV minimization has been also applied to limited-angle CT 
reconstruction [23]. Chen has extended the theory and pro-
posed PICCS methods for cardiac CT reconstruction from 
highly under-sampled projections [24, 25].

Besides TV-model, the L0 minimization model is also 
frequently applied in sparse view reconstructions. Candes 
et al. pointed out that, with very sparse measurements, the 
semi-L0 norm can provide smoother signal recovery [26]. 
The L0-norm based regularizations have been applied for 
sparse view CT reconstructions in [27, 28]. The L0 norm 
based model is non-convex, therefore the optimization is 
more arduous than for the TV based model. We introduced 
an optimization scheme to approximate the L0 norm con-
straint in [29], and we used a modified Gamma prior to build 
a monotonically decreased cost function [30, 31]. Both of 
these methods lead to better reconstructions than TV model 
in sparse view condition.

Although both TV and L0 norm based model can be 
exploited to sparse view CT reconstruction and have been 
shown efficient, there are still some drawbacks that cannot be 
ignored. The TV based model may lead to degraded results 
as the number of views decreases; the L0 norm based model, 
although having very good performance in phantom study, 
may require a time consuming optimization when dealing 
with real acquisitions due to the increased complexity of 
the scanned object.

The Non-Local means (NLM) filter, shown particularly 
efficient in image denoising [32–34], has also been intro-
duced to tomography reconstruction as a robust regulariza-
tion technique [35, 36]. Li proposed a prior-image induced 
hybrid nonlocal means that makes use of a high-dose CT 
image as a reference image [37]. A combination of Non-
Local means and TV minimization has been reported in [38]. 
However, the application of Non-Local prior is limited espe-
cially in 3D systems, due to its huge computational cost.

In this paper, we propose a fast iterative reconstruction 
algorithm for sparse view cone-beam CT. The method is 
based on the classical maximum a posteriori (MAP) frame-
work with a large-scale Non-Local means prior to constraint 
optimization. The whole algorithm is carried out under the 
CUDA parallelization framework for acceleration. In previ-
ous work, we have already proposed a fast parallelization 
of the projection and back-projection operator [39]. Here, 
we define ordered subsets in the image domain to reduce 
the huge computational cost of 3D NLM prior. The paper 
is organized as follows: In “Reconstruction Model” section, 
we describe the MAP reconstruction model with 3D Non-
Local means prior. “Experiments” describes in detail the 
optimized calculation scheme and the CUDA paralleliza-
tion. The reconstruction results obtained from simulated 
data and real acquisitions together with comparisons to other 

competing methods are given and discussed in “Discussion” 
section. A conclusion is provided in “Conclusion” section.

Reconstruction model

Given the projection measurements y and an X-ray attenua-
tion function f  , according to the Bayesian law, the posterior 
distribution is:

where P(f |y) is the likelihood function.
The MAP estimator is defined by:

The optimization of (2) can be performed using its loga-
rithm form:

where L(f ) = log(P(y|f )) is the log-likelihood and 
U(f ) = log(P(f )) is the prior term, � is hyper-parameter that 
controls the balance between log-likelihood and prior. The 
log-likelihood is usually assumed to be independent and 
obeys a Poisson distribution, but in real cases, it is often 
approximated by weighted Gaussian distributions with the 
following definition:

where A = {aij} is projection operator. The weighting matrix 
D is a diagonal matrix, its coefficients di are proportional to 
detector counts, which are Maximum Likelihoods estimates 
of the inverse of the variance of the projection measurements 
[40]. We use the following definition:

where Ii is the photon intensity, which is assume to be a 
normalized constant in practice without loss of generality; 
yi is a smooth version of projection measurements, and � 
is a constant to prevent the excessive weighting. The most 
commonly considered definition of U(f ) is the Gibbs prior, 
with the following form

where Wj represents the neighboring window of pixel xj; wjk 
is the weight between xkand xj, and is inversely proportional 

(1)P(f |y) = P(y|f )P(f )
P(y)

(2)f MAP = argmax
f

(P(f |y))

(3)f MAP = argmax
f

(L(f ) + �U(f ))

(4)L(f ) =
∑

I

(y − �f )TD(y − �f )

(5)d =
1

�2
yi

≅ Ii exp{−max(yi, �)}

(6)U(f ) =
∑

j

∑

k∈Wj

wjkΦ(fj − fk)
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to their Euclidean distance in the image space. The poten-
tial functions Φ characterize the interaction inside cliques in 
neighborhood regions, like Lp norm: Φ(t) = ‖t‖p.

The definition of the prior term is critical to get effec-
tive reconstructions. In iterative algorithms aimed at solv-
ing highly ill-posed problems, a well-designed prior should 
prevent the solution from falling into local minimal. A fre-
quently considered choice in sparse view scan reconstruction 
is the total variation (TV) prior, with the potential function 
defined as: Φ(t) = |∇t| , known as capable of preserving 
smooth regions and sharp edges.

Non‑Local regularization

Although the TV prior has been considered effective in 
sparse view CT reconstruction, it makes use of low-order 
neighborhood with small patch size. In other words, only 
very local information is used as constraint. As the number 
of projection views decreases, this TV prior does not provide 
enough constraint for the optimization and streak artifacts 
appear in the reconstruction.

The idea of Non-Local prior is derived from the Non-
Local means filter in image denoising, The Non-Local 
means filter is a large-scale nonlinear filter based on a rela-
tively wide neighborhood (search window) which consid-
ers the similarity between patches (i.e. the similarity patch-
window). The full use of the similarity structure in the image 
space leads to a better performance in denoising and edge-
preserving. For Non-Local prior and according to Eq. (6), 
the weight wjk between pixel xj and pixel xk is calculated as 
follows:

where ℵj and ℵk are respectively neighborhoods centered 
on voxel xi and voxel xj; v

(
ℵj

)
 and v

(
ℵk

)
 are voxel vectors 

in ℵj and ℵk ; ‖∙‖p is the p-norm function (throughout this 
paper, we choose p = 1 because the L2-norm leads to over 
smoothing effect); h is a parameter controlling the decay of 
the exponential function and Z(i) is a normalization factor 
defined as:

The limitation of Non-Local means prior use in cone-
beam reconstructions is its excessive computation cost. If 
we consider the case corresponding to a reconstructed voxel 
number J, a search window size M and a patch window size 
N, the computational complexity when using Non-Local 
prior is O(JMN) while for the conventional Gibbs prior it 

(7)wjk =
1

Z(j)
e

−‖v(ℵj )−v(ℵk )‖p

h2

(8)Z(j) =
�

k

e

−‖v(ℵj )−v(ℵk )‖p

h2

is O(J). By increasing M and N, the nonlocal prior tends to 
provide stronger constraint thus generating better reconstruc-
tions with effective noise suppression.

For instance and to get a quantitative index, in one 
of our experiments, for an unknown 3D image set to 
512 × 512 × 512 , a detector plane resolution 1000 × 668 
and 120 projections, for each view, the projection and back-
projection takes about 90.45 s in total, with the parallelized 
computation method described in [39]. The computation 
time for Gibbs prior with one order neighborhood takes only 
432 ms (also with CUDA parallelization). For the Non-Local 
prior model with search and patch windows of 21 × 21 × 21 
and 7 × 7 × 7 respectively, the computation cost is 1268.32 s, 
which takes over 93% of the computation time. Thus, the 
acceleration of Non-Local prior model is the main problem 
in practice.

Ordered sub‑window search

The L-p norm in (7) is a similarity measure between patch 
windows weighting the constraint provided by different 
patches. When using a large search window, the patches are 
redundant, that is to say, for a certain search window, we 
can still have a similar constraint with fewer patches. This 
is also the case in the projection step. In [41], the authors 
introduce the OSEM algorithm and proved the convergence 
in the condition of subset balance. The OSEM algorithm 
is based on the idea that the projections are redundant, i.e. 
adjacent projection views carrying almost the same infor-
mation. The projection views are separated into n subsets 
(normally non-overlapping subsets) at each iteration and one 
subset is chosen for the projection and back-projection steps. 
Although the OS algorithms are not globally convergent, 
the reconstruction results are shown to be similar to those 
using the full projection views, but the computational cost 
is lowered to 1/n. This is the reason why the OS algorithms 
have been widely used in reconstruction [42–45].

Inspired by the OS idea, we can as well separate the 
search window into subsets. Suppose that the search win-
dow size is equal to K3 , the size of the patch window to Q3 , 
then each search window contains K3 overlapping patches. 
Thus, we can generate M subsets, each subset having K3 /M 
patches. For each voxel, only one subset is involved in the 
calculation of the prior at each iteration. Such scheme is 
referred to as the ordered subset search (OSS). Similarly to 
the ordered subsets in the projection domain, the alternate 
subsets also lead to varied solutions. In order to prevent the 
convergence problem, in the proposed method, the patches 
in each subset are evenly distributed in the search window, 
with the same sample distance as shown in Fig. 1 in the 2D 
case.

With this OSS scheme, the computation cost of Non-
Local prior is reduced to 1/M when compared to the original 
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implementation. Therefore, we combine in our approach the 
OS in the projection domain with the OSS in the neighbor-
hood region together. The flowchart of our OSS Non-Local 
constrained MAP algorithm is summarized in Table 1.

Experiments

The proposed method is evaluated on both simulations and 
real acquisitions. All experiments are carried out on a com-
puter with CORE i5-2400 CPU and Nvidia GeForce GTX 
TITAN Black. The programming environment is Microsoft 
Visual Studio 2012 and CUDA 7.0.

Phantom test

In the phantom test, we use dataset scanned from CAT-
PHAN phantom for reconstruction. The system con-
figuration is as follows: the source-axis distance (SAD) 
is 1000  mm; the source-imager distance (SID) is 
1500.412 mm; the size of detector plane is 1024 × 768 ; 
the detector size is 0.388 × 0.388mm2 ; the reconstruction 
object is with size 840 × 840 × 420 and the voxel size is 
0.33 × 0.33 × 0.33mm3 . The total number of projection 
views is 686, uniformly distributed over 2� . In order to 
evaluate the performance of low contrast area recovering, 
we perform simulate projection on an irregular star shaped 
region, shown in yellow box on the left side of Fig. 2. The 
simulated projection is overlayed to the phantom projec-
tions. Reconstructions are performed on both the original 
and overlayed projections.

We first use full projection view (686 views) sequence 
for reconstruction. Figure  2 shows the reconstruction 
results. The window center is 50 and window width is 
450. Besides the FDK reconstruction from modality, MAP 

algorithm with TV prior, proposed OSS Non-Local and 
conventional Non-Local prior are considered. The size of 
the search window is set to 21 × 21 × 21 and the size of 
similarity patch-window is 5 × 5 × 5 for both the OSS and 
conventional Non-Local prior; the patches are separated 
into 27 subsets for the proposed OSS Non-Local. The 
first row shows the results with original projections; the 
second row shows the results with overlayed projections. 
The red boxes between two rows are zoomed subtraction 
regions marked as blue box in Fig. 2e, the yellow box is 
the original shape of the overlayed object. From Fig. 2 
we can see that the noise level in FDK reconstruction is 
relatively higher than those resulting from iterative meth-
ods. The non-local prior provides better edge recovery 
than the TV prior. The difference between the proposed 
OSS Non-Local prior and conventional Non-Local prior 
is very small (the SSIM [46] ratio between the two images 
is 0.9985).

We then reduced the number of projections to 98, uni-
formly distributed over 2� . Besides the MAP-TV algorithm, 
the TpV minimization method [22] with p = 0.5 is also con-
sidered for comparison. For the proposed OSS Non-Local 
prior, the size of the search window is set to 21 × 21 × 21 ; 
the size of similarity patch-window is 5 × 5 × 5 ; the num-
ber of subset is set to be 27. For iterative methods, recon-
structions are done with different weighting parameters, the 
results with lowest noise ratio are selected and shown in 
Fig. 3.

From Fig.  3, we can see that as the number of view 
decreases, artifacts begin to show up in the FDK reconstruc-
tions, and the star shaped low-contrast area is hard to distin-
guish. For the iterative methods, although the reconstructions 
have good overall visual appearance, we may see that the sub-
tracted star area is distorted in the MAP-TV reconstruction; 
it is smoother in the TpV result, but the angles are not well 

Fig. 1   An example of ordered 
subsets in a 2D image space. 
A is current central pixel, the 
whole grid is the search window 
for pixel A and each red square 
is a patch window with size 
3 × 3: a is the first subset, b is 
the second subset
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recovered; the OSS-Non-Local MAP is more robust and pro-
vides the best recovery among all the methods above.

To complement the visual quality inspection of the recon-
structions provided by the different methods, we use PSNR 
(Peak Signal to Noise Ratio) and SSIM (structural similarity 
index): × being the recovered signal vector and y the reference 
vector, the PSNR is defined as:

where MSE is the mean square error defined as:

(9)PSNR(x, y) = 20 log10

�
max(y)
√
MSE

�

(10)MSE = ‖x − y‖2
2

�
M

 M is the number of voxels/pixels. The SSIM is defined in 
[46]. Both PSNR and SSIM are calculated for the entire 
image.

We take Fig. 2d, h as reference images for original and 
overlayed projection reconstruction respectively. Table 2 
shows the PSNR and SSIM values obtained from sparse 
view reconstructions by the different iterative methods. 
These results confirm the visual assessment performed 
above. They point out in particular that the methods based 
on Non-Local priors lead to better values of PSNR and 
SSIM than the MAP-TV and TpV approaches.

Table 1   Flowchart of the 
proposed OSS Non-Local 
constrained MAP algorithm



1122	 Australasian Physical & Engineering Sciences in Medicine (2019) 42:1117–1128

1 3

CBCT acquisition

The CBCT (Cone-Beam Computed Tomography) projection 
images of a human head are collected from Shandong Cancer 
Hospital and Institute (OBI, Varian Medical Systems), with 
650 uniformly sampled projection views. The SAD is equal 
to 1000 mm and the SID to 1500 mm. The detector plane has 

768 × 1024 pixels with a pixel size of 0.388 × 0.388mm2 . 
The reconstructed volume is defined on a 768 × 768 × 384 
grid with a voxel size set to 0.3 × 0.3 × 0.3mm3.

The OSS Non-Local constrained reconstruction per-
formed using the whole projections sequence serves as the 
reference. For comparison and to assess the performance 
of the method, uniformly down-sampled subsets with 130 

Fig. 2   Reconstruction results from 686 projection views. The first 
row are results with original projections and the second row are 
results with overlayed projections: a, e FDK; b, f MAP-TV; c, g OSS 

Non-Local MAP; d, h conventional Non-Local MAP. The red boxes 
show the zoomed subtractions (in blue box)

Fig. 3   Reconstruction results from 98 projections views. The first 
row shows the results obtained with the original projections and the 
second row the results with overlayed projections: a, e FDK; b, f 

MAP-TV; c, g TpV minimization; d, h OSS Non-Local MAP. The red 
boxes show the zoomed subtractions (in blue box)
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projections are used. In the reconstruction process, we set 
the size of the search window to 27 × 27 × 27 , the size of 
similarity patch-window to 7 × 7 × 7 and the number of 
patch subsets to 81.

Figure 4 gives the reconstruction results using 650 pro-
jections. For the iterative methods, the window center is 80 
and window width is 280; the FDK result is scaled to similar 
display window. In Fig. 6, both the proposed OSS Non-Local 
and TV priors provide good reconstructions and very close 
images (SSIM: 0.9835). The difference between OSS and 
conventional Non-Local constrained results are even lower 
(SSIM: 0.9949). The reconstruction obtained through the 
proposed method is kept as the reference image below.

Figure 5 shows the reconstructions with 130 projec-
tions. All the reconstructions are subtracted to the reference 
image in order to get better insights of the degradations 
occurring with fewer projections. It can be seen in Fig. 5 
that, as the number of projections reduced to 20% of the full 
scan views, the TV prior is not capable of providing enough 
constraint and therefore piecewise blocked artifacts appear. 
Such artifacts can be successfully suppressed with the TpV 

minimization. The proposed OSS Non-Local-L1 prior still 
works will and provide smoother piecewise region recovery 
and shaper edges. Table 3 provides the PSNR and SSIM 
values under 130 projection views, to confirm the qualitative 
results described above.

Micro‑CT acquisition

The same experimental process is applied to Micro-CT scan 
(Modality: SkyScan 1176) data of a rat. Compared to CBCT, 
the gray level resolution of Micro-CT is low but the edges 
are sharp and clear. The configuration of the Micro-CT is 
as follows: the SAD is 120.6 mm; the SID is 171.1 mm; the 
total projection number is 1200; the size of these projection 
images is 668 × 1000 with pixel size 0.0504 × 0.0504mm2 . 
The size of the reconstructed volume is 840 × 840 × 420 and 
the voxel size is 0.035 × 0.035 × 0.035mm3.

Here also, the OSS Non-Local means based reconstruc-
tion using the full projection sequence is taken as refer-
ence. To evaluate the performance of the proposed method, 
comparisons are carried out with 120 projections. The size 
of search window is 27 × 27 × 27 with a number of patch-
subsets equals to 81 while the size of the similarity patch-
window is 5 × 5 × 5.

Figure 6 highlights the reconstructions performed with 
1200 projections. The window center is 90 and window 
width is 240. Ring artifacts can be observed in Fig. 6a 
because a consistency correction should be done for each 
projection before reconstruction. However, we do not have 
access to the synchronous collected blank scan, and as a 
result, the response of each detector line is not perfectly 

Table 2   PSNR and SSIM for results in Fig. 4

Algorithm Original projections Overlayed projec-
tions

PSNR SSIM PSNR SSIM

MAP-TV 35.40 0.9461 35.39 0.9460
TpV 39.58 0.9712 39.57 0.9711
OSS Non-Local 47.93 0.9763 47.91 0.9763

Fig. 4   Reconstructions results with 650 projection views, with a FDK; b MAP-TV; c OSS Non-Local MAP; d conventional Non-Local MAP. 
Their corresponding zoomed ROIs (defined by the blue box) are displayed in e and h 
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aligned. In Fig. 8b–d, the priors allow suppressing these ring 
artifacts. As seen in the previous experiment, the TV prior, 
OSS Non-Local prior and conventional Non-Local provides 
similar results with full view scan. The SSIM between TV 
an OSS Nonlocal is 0.9821; the difference between OSS and 
conventional Non-Local is 0.9958. For all the three iterative 
methods, a good performance in artifact removal and bound-
ary preserving can be observed. We take the OSS Non-Local 
result as reference for evaluation.

Figure 7 shows the evolution of the reconstructions when 
decreasing the number of projections with 120 projections. 
In Fig. 7b, the artifacts are not fully suppressed while they 
are cancelled with TpV and OSS Non-Local MAP. Similar 

to the experiment above, the TpV effectively suppresses the 
noise thus provide smooth reconstructions, but the small 
low contrast targets inside the lung cannot be observed in 
Fig. 7g. The OSS Non-Local again shows the best perfor-
mance among the three iterative methods.

The PSNR and SSIM values reported in Table 4, confirm 
that the proposed method performs well in very sparse view 
reconstruction (here also Fig. 8c is used as the reference 
image).

Computation time

Table 5 shows the computation time for Non-Local prior. 
The acceleration ratios are around 27 for the phantom test 
and around 81 for the head cone-beam scan and Micro-
CT scan, which are in accordance with our expectations 
(the number of subsets involved). We change the num-
ber of subsets to 27 and 243 respectively and perform 
the reconstruction using the Micro-CT scan data. The 
reconstructions using these different subset settings are 
shown in Fig. 8 and they look very similar; the subtrac-
tions to Fig. 8c are also close to each other. Taking Fig. 6c 

Fig. 5   Reconstruction results with 130 projection views: the first 
row displays the reconstructions with: a FDK, b MAP-TV, c TpV, d 
OSS Non-Local prior; the second row displays the respective zoomed 

ROIs (indicated in the blue box); the third row depicts the corre-
sponding subtracted images according to the reference in Fig. 4d

Table 3   PSNR and SSIM of results in Fig. 6

Algorithm 130 angles

PSNR SSIM

MAP-TV 37.32 0.8681
TpV 42.78 0.9186
OSS Non-Local 45.33 0.9429
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Fig. 6   Reconstruction results with 1200 projections views: a FDK; b MAP-TV; c OSS Non-Local MAP; d conventional Non-Local MAP. e–h 
are the zoomed ROIs (specified by the blue box) in a–d 

Fig. 7   Reconstruction results with 120 projections views: a FDK; b MAP-TV; c TpV; d OSS Non-Local MAP. e–h display the zoomed ROIs (in 
blue box). i–l are the subtraction of these images with the image in Fig. 6d
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as reference, the PSNR of the three reconstructions are 
respectively 46.34, 46.03 and 45.68 from left to right. So, 
using fewer patches in each dataset does not degrade the 
overall image quality. But the noise suppression ability 
is slightly weakened according to the PSNR because the 
more subsets we use, the less patches contained in one 
subset. The computation costs shown in Table 6 indicate 
that the acceleration will increase with the number of sub-
sets used.

Discussion

There is a consensus in using high-dose FBP reconstruction 
as reference for low-dose CT denoising method assessment 
[47]. This is the case for instance in dictionary training and 
sample labelling based on deep learning [48, 49]. However 

in our case, the X-ray images are sheltered by objects such 
as the scan bed out of the FOV reconstruction. The X-ray 
attenuation in these objects leads raised background value in 
FDK reconstructions. Besides, the lack of blank scan results 
in ring artifacts in the FDK reconstructions. Thus, we choose 
to use Non-Local constrained reconstructions with full view 
scan as reference image to evaluate the performance of 
sparse view scan in the three experiments above. Although 

Fig. 8   Reconstructions performed using 120 Micro-CT views with: a 27 subsets; b 81 subsets; c 243 subsets; the second row shows the corre-
sponding subtracted images using the reference in c 

Table 4   PSNR and SSIM of results in Fig. 8

Algorithm 120 angles

PSNR SSIM

MAP-TV 36.87 0.8998
TpV 43.22 0.9339
OSS Non-Local 46.03 0.9457

Table 5   Computation times (in seconds) for the above experiments

Dataset Non-Local (s) OSS 
Non-
Local (s)

Phantom tsest 1002.2 40.2
CBCT 1695.1 20.8
Micro-CT 2249.0 27.6

Table 6   Computation times 
when varying the number of 
subsets for the Micro-CT scan 
(in seconds)

Number of subsets OSS 
Non-
Local (s)

27 80.5
81 27.6
729 3.09
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using Non-Local reconstructions as reference may lead to 
bias toward Non-Local means based sparse view reconstruc-
tion, the first experiment demonstrates that the Non-Local 
constrained results better matches the ground truth. In the 
sparse view reconstructions, the TpV shows excellent perfor-
mance in providing smooth reconstructions, yet the proposed 
method seems to be superior in recovering detail features, 
such as low contrast area and small sharp angles.

Instead of introducing adaptive parameter decision 
scheme, all the results are chosen from the best results 
obtained via manually selected parameters. For the proposed 
method, besides subset count, there are four parameters to 
set before iteration: size of search window, size of patch win-
dow, weighting parameter, as � in (3), and variance param-
eter, as h in (7). Theoretically, large search window and large 
patch window should lead to better results, yet we should 
notice that on the one hand, the size of search window and 
patch window are direct proportion to the computation cost; 
on the other hand, a large patch window is not always ben-
efit to the reconstructions, especially for complex area with 
irregular texture. In this paper, we the search window size is 
between 21 × 21 × 21 to 27 × 27 × 27 , the patch window size 
is 5 × 5 × 5 or 7 × 7 × 7 . We have tried with larger window 
sizes, but the results varies slightly. The weighting param-
eter � controls the balance between projection fidelity and 
prior penalty, large � brings over-smoothed reconstructions, 
while too small � fails to provide enough control to the noise 
and artifacts. The variance parameter controls the convex-
ity of the potential function. Generally speaking, small h 
tend to provide strong edge preserving ability, but accompa-
nied with higher probability of divergence; large h is more 
likely to offer over-smoothed result. The parameter h has to 
be chosen according to the variance of scanned target, for 
example, use a small h for target with small variation so as 
to get piecewise smooth reconstructions; use a large h for 
target with large variation so as to prevent divergence. Self-
adaptive scheme on the variance parameter based on local 
variance in small patches will be discussed in future work.

Conclusion

In this paper, we propose an approach exploiting a Non-
Local means prior model for iterative cone-beam CT recon-
struction. It relies on an ordered subset search for the com-
putation of the prior term. For each voxel, the search window 
is divided into non-overlapping subsets, each of them con-
taining a number of patch windows. The subsets are then 
use alternatively over iterations. The experiments conducted 
on CBCT and Micro CT scans show that, when compared 
to the TV prior, the Non-Local means prior provides much 
better reconstructions in real sparse-view scans. Although 
the computational cost of this prior is high, the proposed 

OSS scheme leads to significantly reducing this cost while 
preserving the reconstruction quality.
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