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Because radiation is harmful to patients, it is important to reduce X-ray exposure in the clinic. For
CT, reconstructions from sparse views or limited angle tomography are being used more frequently
for low dose imaging. However, insufficient sampling data causes severe streak artifacts inimages
reconstructed using conventional methods. To solve this issue, various methods have recently been
developed. In this paper, we improve a statistical iterative algorithm based on the minimization of
the image total variation (TV) for sparse or limited projection views during CT image reconstruction.
Considering the statistical nature of the projection data, the TV is performed under a penalized
weighted least-squares (PWLS-TV) criterion. During implementation of the proposed method, the
image reconstructed using the filtered back-projection (FBP) method is used as the initial value of the
first iteration. Next, the feature refinement (FR) step is performed after each PWLS-TV iteration to
extract the fine features lost in the TV minimization, which we refer to as ‘PWLS-TV-FR".

Although the clinical value of CT is unquestionable, radiation exposure is harmful to patients 2. To date,
many hardware-based scanning protocols have been proposed to reduce the CT scan radiation dose**. Many
software-based image reconstruction techniques have also been used to handle low-dose data from available CT
scanners lacking hardware modifications®~’. In the CT field, the radiation dose is usually reduced by lowering
the X-ray tube current, lowering the X-ray tube voltage, or sampling fewer views or using limited-angle projec-
tion. However, lowering X-ray exposure or using sparse or limited views increases noise and data inconsistency.
Without adequate processing, it is difficult to reconstruct high-quality diagnostic CT images using conventional
algorithms. Generally, a traditional CT algorithm using insufficient data will lead to degraded reconstruction
accuracy and severe image artifacts®. Exact reconstruction methods with noise suppression capabilities intended
to support dose reduction have been widely investigated.

One of the main strategies for low-dose CT image reconstruction restores the line integrals from acquired
low-dose projection data, and a transform-based method has been presented to address the noise properties of
low-mAs CT sinogram data. Li et al. determined a nonlinear relationship between the variance and the mean
of acquired low-mAs sinogram data’, which facilitates low-dose CT image reconstruction. Based on this rela-
tionship, a framework for image reconstruction using low-mAs sinogram data with penalized re-weighted least
squares was investigated by Wang et al.'®. A general series of sophisticated CT image reconstruction methods
were reported by Fessler et al.!l.

Reducing projection views or limiting the scan angle is another strategy that has been used for CT dose reduc-
tion, as reducing the number of projections will clearly reduce the radiation dose®. In this study, we focused on
CT image reconstruction from sparse-view or limited-angle projection data. Many iterative algorithms have been
used for CT image reconstruction, and the actual iterative algorithms are well established'>. Among them, statis-
tical iterative reconstruction (SIR), which is used to model measurement statistics and imaging geometry, can sig-
nificantly maintain the image quality in cases of insufficient sampling data, especially compared with the filtered
back-projection (FBP) reconstruction algorithm!?. The cost function of SIR is usually composed of a data-fidelity
term and a regularization term. The data-fidelity term models the measurement statistics to ensure successful SIR
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image reconstruction, and the regularization term shows the prior information for the desired image intended
to regularize the solution'. The traditional regularization term usually produces unfavorable smoothing effects
on edge regions. To address this issue, several edge-preserving regularization terms have been presented, such as
total variation (TV) regularization with a piecewise constant assumption (PCA)**-'7. Numerous investigations
have shown that high-quality CT images can be reconstructed via TV minimization from sparse-view sampling
data. However, PCA often produces noticeable patchy artifacts in reconstructed images®.

Recently, we developed a statistical interior tomography approach for CT reconstruction'. Its potential use-
fulness have been demonstrated for feature preservation of interior tomography with truncated projection meas-
urements. However, this algorithm is a little bit complex, involving FBP with projection extension, PWLS-TV and
feature refinement and the last component is not very well characterized with the CT interior tomography appli-
cation. Moreover, the algorithm was applied to a scanning configuration which is not practically used (namely
the interior problem).

In this paper, we extend this method to a more practical protocol, sparse-view and limited-angle image recon-
struction. Furthermore, the FBP algorithm is adopted instead of the FBP-EP algorithm which is time-consuming.
To remove the patchy artifacts from the TV-based methods, we improved a statistical iterative image recon-
struction algorithm based on minimizing the image TV that is specifically performed using PWLS criteria
(PWLS-TV), which models the statistical properties of the projection data. Furthermore, after each PWLS-TV
iteration, a feature refinement step (FR) is performed to restore the desired structure details that are lost in the
TV minimization. For simplicity, the presented method is termed “PWLS-TV-FR’. The proposed PWLS-TV-FR
method tends to relieve the PCA requirement by statistical modeling and iterative feature refinement.

The remainder of the paper is organized as follows. Section II briefly reviews the CT imaging model and
describes the T'V-regularized PWLS criterion in the image domain and the FR step. The experimental setup and
evaluation metrics are also presented in this section. In section III and IV, the experimental results on a digital
phantom and using micro-CT are reported, followed by a conclusion section.

Methods

PWLS-TV minimization. Based on the statistical properties of the projection data, the iterative PWLS
approach including a data-fidelity term and a penalty term has been applied to the image domain for dual-energy
X-ray CT reconstruction'®-?!. But the PWLS method for low-dose X-ray CT reconstruction are flawed in the sup-
pression of noise and artifacts. According to our previous study, the TV-regularized PWLS algorithm we referred
to as “PWLS-TV” can address this issue, which can be solved using the steepest descent algorithm. Based on the
image gradient magnitude sparseness*, TV of the image is one of the most commonly used techniques:
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in which s and ¢ are the index of the location of the attenuation coeflicients of the desired image and « is a small
constant used for keeping the equation differentiable with respect to image intensity, which is assigned a value of
10"% in this work.

Thus, given the current estimated image 11", a new image p"*! can be calculated by minimizing the cost func-
tion of PWLS-TV, which can be described as follows:
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in which VTV(u") denotes the gradient of TV(u"), " represents the gradient step size and 3 is a smoothing
parameter balancing the degree of agreement between the estimated and the measured data. This can be com-
puted as follows:
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Feature refinement (FR). High-diagnostic CT images reconstructed from limited-angle or sparse-view
acquisitions are very important in clinical practice. However, due to the piecewise constant assumption, some
details in the reconstruction using the TV minimization are likely to be lost; in particular, the residual image
between two successive iterations in PWLS-TV minimization might contain useful structural information, espe-
cially when the dose is very low or the projection data are insufficient. Motivated by this discovery, an FR was
performed after each PWLS-TV minimization iteration to extract the main features of the loss from the residual
image. This is described in the following equation:
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in which the symbol ® denotes point-wise multiplication, P is a non-negative control notation described as
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Figure 1. A flowchart of the proposed PWLS-TV-FR approach.

in which the constants C is introduced for numerical stability. Local statistics 0,, 04 and 0, at pixel i are defined

as follows:
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inwhich P(i) = %Ei () QM) = lzi cq Py Pi and q; denote two local image patches with a size of N x /N

centered at pixel i and extracted flromN,u"+1 anda degraded image /1, obtained by a linear Gaussian filter from "t
respectively. The nature of the presented model structure descriptor is a structure-related map and includes a
contrast variation component and a structure correlation component. The former calculates the reduction of
contrast variation due to the degraded operation, and the latter quantifies the structural correction between the
original and degraded images?. The value of each element in the feature descriptor image f, is in the interval
[0, 1], and the larger the value, the more likely it belongs to part of the structure. In this paper, the proposed sta-
tistical iterative CT image reconstruction algorithm using the FR approach is referred to as “PWLS-TV-FR” and
includes the three main steps shown in Fig. 1.
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Projection number Simulated data Micro-CT data
Idea projection number

of FBP 1160 450

Used projection number of 120 225

PWLS-TV-FR

Table 1. Projection number.
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Figure 2. The head model for XCAT. Unless otherwise noted, all of the phantom images are shown in the same
window [0.004 0.019].

Animal preparation and anesthesia administration. All animal experiments described in this work
were approved by the Institutional Ethical Committee of Animal Experimentation of Shenzhen Institutes of
Advanced Technology (Chinese Academy of Sciences). The experiments (Certificate number: SIAT-IRB-
150203-YGS-QWB-A0088) were carried out strictly in accordance with governmental and international guide-
lines on animal experimentation. All efforts were made to minimize the usage amount of animals and the
suffering during experiments according to the request of Biosafety and Animal Ethics. The mouse was anesthe-
tized by intraperitoneal injection of ketamine (70 mg/kg) and xylazine (7 mg/kg) cocktail during CT scanning.

Data availability. The datasets generated or analyzed during the current study are available from the corre-
sponding author on reasonable request.

Experiments

To validate the performance of PWLS-TV-FR, we performed a digital simulation experiment and a physical
experiment. We used digital phantom simulation data that spanned 120 views to verify the effect of PWLS-TV-FR
on sparse-view data. Additionally, sparse-view anesthetized mouse data and limited-angle mouse bone sample
data were acquired from a commercial CT scanner to demonstrate the feasibility of the proposed method in prac-
tical applications for sparse-view or limited-angle sampling data. For both phantom simulation and Micro-CT
data, Table 1 shows the idea projection number needed for FBP and the projection number used for proposed
method.

Digital phantom simulations. A head model of the digital XCAT phantom was chosen as experimental
simulation data (as shown in Fig. 2) to evaluate the performance of the FR step after each PWLS-TV iteration.
To simulate sparse sampling, only 120 views were spanned on a circular orbit of 360°, and the number of bins
per view was 672. The distance from the X-ray source to the detector was 1040 mm, and the distance from the
rotation center to the curved detector was 570 mm.

Micro-CT data. In this experiment, two scans were performed using a Micro-CT Skyscan1076 scan-
ner with a normal-dose (70 kVp, 225 mAs) protocol. One scan was performed on an anesthetized mouse, in
which 450 projections were uniformly collected over a 360° range, and another scan was performed on a mouse
bone sample, in which 291 projections were uniformly collected over a 197.88° range, which can be considered
limited-angle sampling. In this work, 450 projections of the anesthetized mouse were encoded from 0 to 449, and
only even-numbered projections were selected for use as under-sampled data for a final total of 225 projections.
Only the central slice projection was extracted, which is typical for fan-beam geometry. For each projection, 4000
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Figure 3. Reconstructed image of the head model from 120 views using different methods. The images in the
second row are partially enlarged views of the first row. (a) Reference (b) FBP (¢) PWLS-TV (d) PWLS-TV-FR.

detector elements were equally angularly distributed with a total length of 50.12 mm. The distance from the object
to the curved detector was 165 mm, and the distance from the object to the X-ray source was 121 mm.

Performance evaluation. (1) In this work, the root mean squared error (RMSE) was used to evaluate
reconstruction accuracy and is described as:

RMSE — \/ziﬁl(u(m — 1, ()
Q 9)

in which i denotes the reconstructed image, y,  denotes the true image, m indexes the pixels of the image and
Q is the total number of pixels in the image.

(2) To evaluate the noise reduction capability of different reconstruction algorithms, the peak signal to noise
ratio (PSNR) metric was adopted in this paper and is as follows:

MAXZ(Htme)
Y9 (um) — (M) /(Q — 1) (10)

PSNR = 10log,

in which ;1 denotes the reconstructed image, i, denotes the true image, and MAX(y, ) represents the maxi-
mum intensity value of 1, .

Results

Digital phantom result. In this experiment, with sparse sampling data, images were reconstructed using
three methods, FBP, PWLS-TV and PWLS-TV-FR, which are shown with partial magnification in Fig. 3.
From Fig. 3, it is clear that there are severe streak artifacts in the image reconstructed using FBP, whereas the
PWLS-TV results exhibit fewer artifacts but degraded details. Moreover, the image reconstructed using PWLS-
TV-FR showed noticeable improvements over that reconstructed using PWLS-TV by preserving small-scale and
low-contrast structures, as indicated by the arrows in the amplified areas. Figure 4 shows residual reconstructed
images (shown in Fig. 3) resulting from the true image subtracted from the reconstructed image. The smaller
the features of the residual image, the more accurate the reconstructed image. As is clear from Fig. 4, the resid-
ual reconstructed image using PWLS-TV-FR has the smallest features, which indicates that the PWLS-TV-FR
method for sparse-view data retains more details than either the PWLS-TV or FBP methods.

In the process of updating images using the PWLS-TV or PWLS-TV-FR functions, the trend is that the
image gradually becomes clearer and eventually reaches an extreme value as the number of iterations increases.
However, as shown Fig. 5, whether it is evaluated by RMSE or by PSNR, the PWLS-TV-FR method always per-
forms better than PWLS-TV. Figure 6 depicts the horizontal profiles of the reconstructions in Fig. 3 and the
corresponding horizontal residual value. The result reconstructed using PWLS-TV-FR was closer to the reference
profiles, and the residual values reconstructed using PWLS-TV-FR are much smaller than those using PWLS-T'V;
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Figure 4. The residual image of the reconstructed results from Fig. 2. From left to right, the images are the
residuals of results reconstructed by FBP, PWLS-TV and PWLS-TV-EFR. The images are displayed in the
window [—0.0015 0.0015].
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Figure 5. RMSE and PSNR as a function of the total number of image updates. The RMSE function is shown on
the left, and the PSNR function is shown on the right.
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Figure 6. The left graph is profiles located at the pixel positions x from 200 to 300 and y =260 of different
results in Fig. 3. The graph on the right is the residual value corresponding to the left graph.
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Figure 7. Image quality metrics.

Figure 8. The anesthetized mouse data reconstructions from 225 views by different methods. From left to right,
the images of the first row are the results obtained using FBP, PWLS-TV and PWLS-TV-FR method. The images
of the second row are the partial enlarged view of the first row.

it is obvious that PWLS-TV-FR achieves better performance. Figure 7 shows a histogram of the RMSE and PSNR
evaluation results for the reconstructions in Fig. 3. The red column represents the RMSE value, and the blue
column represents the PSNR value. It is important that the RMSE value of PWLS-TV-FR is the minimum and
the PSNR value of PWLS-TV-FR is the maximum, which verifies the validity of the PWLS-TV-FR algorithm for
sparse-view digital phantom data.

Micro-CT result. Figures 8 and 9 show images and zoomed images reconstructed using FBP, PWLS-TV and
PWLS-TV-FR. Figure 8 is a reconstruction using sparse-view sampling of the anesthetized mouse projection data
with 225 views, which shows that the PWLS-TV-FR method can suppress severe artifacts and preserve fine tissue
structure from sparse-view sampling data in the clinic. Figure 9 is the reconstruction using limited-angle sam-
pling data of mouse bone sample projection data using a scanning angle of 197.88°. Image reconstructions using
FBP showed severe streak artifacts resulting in low detail visibility. The images reconstructed using the other two
algorithms show a lower level of streak artifacts. However, the features reconstructed using PWLS-TV-FR are
clearer than those reconstructed by PWLS-TV. In conclusion, the experimental micro-CT data demonstrate that
the presented method can recover structural information lost using the PWLS-TV method for sparse-view or
limited-angle sampling data.

Conclusion and Discussion

To address the global use of high-diagnostic CT images obtained from sparse-view or limited-angle projec-
tion data, we improved on the statistical iterative algorithm by including an FR step. Two key components were
included in this algorithm. One is a TV minimization model using PWLS criteria that account for the statistical
nature of projections. The other is an FR step that is performed after each iteration of PWLS-TV to recover any
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Figure 9. The mouse bone sample data collected over a 197.88° range reconstructions by different methods.
From left to right, the images of the first row are the results obtained using FBP, PWLS-TV and PWLS-TV-FR
method. The images of the second row are the partial enlarged view of the first row.

missing fine features. The improved method is designed to relieve the piecewise constant assumption of TV-based
methods for sparse-view or limited-angle CT image reconstruction. The reconstruction results from a digital
phantom, anesthetized mouse and a mouse bone sample dataset show that the proposed PWLS-TV-FR approach
is a significant improvement over the PWLS-TV method in terms of the preservation of structural details and the
suppression of undesired patchy artifacts. This result demonstrates its potential to reduce CT radiation doses by
decreasing the number of projection views or the rotation angle of the scan.

An iterative reconstruction algorithm usually involves numerous parameters, which can significantly impact
reconstruction properties. In this work, we try our best to select the “optimal” parameters for different algorithms
in order to make a fair comparison on their performance. For example, the smoothing parameter (3 balancing the
degree of agreement between the estimated and the measured data in function (2) should be a small value to avoid
data distortion, however, after testing, we found that 8 = ¢~ % is better. Furthermore, the image patch size in the
feature descriptor designed to distinguish structure from noise and artifacts has to be carefully selected because
the large one leads to better detail-detection ability, while the small one can benefit the computational load.
According our previous study, the patch size of 3 x 3isa good choice for balancing the structure detection ability
and computational efficiency. Additionally, the parameter C is introduced for numerical stability to avoid the
condition that a; + qu is very close to zero. Therefore, it is assigned 1.25 x 10™° as a small constant in our work.

References

1. Linton, O. W,, A, E & Mettler, J. In American Journal of Roentgenology 181 321-329 (2003).

2. Hu, Z. et al. Geometric calibration of a micro-CT system and performance for insect imaging. IEEE transactions on information
technology in biomedicine: a publication of the IEEE Engineering in Medicine and Biology Society 15, 655-660, doi:10.1109/
TITB.2011.2159012 (2011).

3. McCollough, C. H. et al. Strategies for Reducing Radiation Dose in CT. Radiol. Clin. N. Am. 47, 27-+, d0i:10.1016/j.rc1.2008.10.006
(2009).

4. Hu, Z. L., Zou, J., Gui, J. B., Zheng, H. R. & Xia, D. Region-of-interest reconstruction for a cone-beam dental CT with a circular
trajectory. Nucl Instrum Meth A 708, 39-45, d0i:10.1016/j.nima.2013.01.003 (2013).

5. Liu, Y., Ma, ], Fan, Y. & Liang, Z. Adaptive-weighted total variation minimization for sparse data toward low-dose x-ray computed
tomography image reconstruction. Phys Med Biol 57, 7923-7956, doi:10.1088/0031-9155/57/23/7923 (2012).

6. Hu, Z. et al. Image reconstruction from few-view CT data by gradient-domain dictionary learning. ] Xray Sci Technol 24, 627-638,
doi:10.3233/XST-160579 (2016).

7. Hu, Z. L., Liang, D., Xia, D. & Zheng, H. R. Compressive sampling in computed tomography: Method and application. Nucl Instrum
Meth A 748, 26-32, d0i:10.1016/j.nima.2014.02.026 (2014).

8. Wang, G. & Yu, H. The meaning of interior tomography. Phys Med Biol 58, R161-186, doi:10.1088/0031-9155/58/16/R161 (2013).

9. Li, T. F. et al. Nonlinear sinogram smoothing for low-dose X-ray CT. IEEE Trans. Nucl. Sci. 51, 2505-2513, doi:10.1109/
tns.2004.834824 (2004).

SCIENTIFICREPORTS | 7: 10747 | DOI:10.1038/s41598-017-11222-z 8


http://dx.doi.org/10.1109/TITB.2011.2159012
http://dx.doi.org/10.1109/TITB.2011.2159012
http://dx.doi.org/10.1016/j.rcl.2008.10.006
http://dx.doi.org/10.1016/j.nima.2013.01.003
http://dx.doi.org/10.1088/0031-9155/57/23/7923
http://dx.doi.org/10.3233/XST-160579
http://dx.doi.org/10.1016/j.nima.2014.02.026
http://dx.doi.org/10.1088/0031-9155/58/16/R161
http://dx.doi.org/10.1109/tns.2004.834824
http://dx.doi.org/10.1109/tns.2004.834824

www.nature.com/scientificreports/

10. Wang, J., Li, T,, Lu, H. & Liang, Z. penalized weighted Least-Squares approach to sinogram noise reduction and image reconstruction
for low-dose X-Ray computed Tomography. IEEE Trans Med Imaging 25(10), 1272-1283 (2006).

11. Elbakri, L. A. & Fessler, J. A. In Medical Imaging 2003 Conference. 1839-1850 (Spie-Int Soc Optical Engineering, 2003).

12. Sidky, E. Y., Kao, C.-M. & Pan, X. Accurate image reconstruction from few-views and limited-angle data in divergent-beam CT.
Journal of X-Ray Science and Technology 14, 119-139 (2006).

13. Lauzier, P. T. & Chen, G. H. Characterization of statistical prior image constrained compressed sensing (PICCS): II. Application to
dose reduction. Medical physics 40, 14, doi:10.1118/1.4773866 (2013).

14. Niu, S. et al. Sparse-view x-ray CT reconstruction via total generalized variation regularization. Phys Med Biol 59, 2997-3017,
doi:10.1088/0031-9155/59/12/2997 (2014).

15. Panin, V. Y., Zeng, G. L. & Gullberg, G. T. Total variation regulated EM algorithm. IEEE Trans. Nucl. Sci. 46, 2202-2210,
doi:10.1109/23.819305 (1999).

16. Ma, J. H., Feng, Q. J., Feng, Y. Q., Huang, J. & Chen, W. F. Generalized Gibbs priors based positron emission tomography
reconstruction. Comput. Biol. Med. 40, 565-571, doi:10.1016/j.compbiomed.2010.03.012 (2010).

17. Ma, J. H. et al. Iterative image reconstruction for cerebral perfusion CT using a pre-contrast scan induced edge-preserving prior.
Phys Med Biol 57, 7519-7542, doi:10.1088/0031-9155/57/22/7519 (2012).

18. Hu, Z. et al. A feature refinement approach for statistical interior CT reconstruction. Phys Med Biol 61, 5311-5334, doi:10.1088/0031-
9155/61/14/5311 (2016).

19. Wang, J. et al. An experimental study on the noise properties of x-ray CT sinogram data in Radon space. Phys Med Biol 53,
3327-3341, doi:10.1088/0031-9155/53/12/018 (2008).

20. Ma, J. H. et al. Variance analysis of x-ray CT sinograms in the presence of electronic noise background. Medical physics 39,
4051-4065, doi:10.1118/1.4722751 (2012).

21. Sukovic, P. & Clinthorne, N. H. Penalized weighted least-squares image reconstruction for dual energy X-ray transmission
tomography. Ieee Transactions on Medical Imaging 19, 1075-1081, doi:10.1109/42.896783 (2000).

22. Candes, E. J., Romberg, J. & Tao, T. Robust uncertainty principles: Exact signal reconstruction from highly incomplete frequency
information. IEEE Trans. Inf. Theory 52, 489-509, doi:10.1109/tit.2005.862083 (2006).

23. Yuemin, Z., Jianhua, L. & Qiegen, L. Adaptive Image Decomposition by Improved Bilateral Filter. International Journal of Computer
Applications 23, 16-22, doi:10.5120/2900-3798 (2011).

Acknowledgements

The authors would like to thank the editor and anonymous reviewers for their constructive comments and
suggestions. This work was supported in part by the National Natural Science Foundation of China (81401410,
81527804, 11575285), the Natural Science Foundation of Guangdong Province in China (2017A030313743), the
Shenzhen Overseas High-Level Talent Peacock Team of China (KQTD2016053117113327), the Basic Research
Program of Shenzhen in China (JCYJ20160608153434110, JCYJ20150831154213680), the Applied Science and
Technology Project of Guangdong Province in China (2015B020233014), the Key Laboratory for Magnetic
Resonance and Multimodality Imaging of Guangdong Province (2014B030301013).

Author Contributions

Zhanli Hu and Juan Gao carried out the experiments and drafted the manuscript. Na Zhang participated in the
design of the study and revised the manuscript. Zhanli Hu and Dong Liang conceived the approach and design of
the study. Yongfeng Yang, Xin Liu and Hairong Zheng gave valuable advice. All authors reviewed the manuscript.

Additional Information
Competing Interests: The authors declare that they have no competing interests.

Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

T | jcense, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2017

SCIENTIFICREPORTS |7: 10747 | DOI:10.1038/541598-017-11222-z 9


http://dx.doi.org/10.1118/1.4773866
http://dx.doi.org/10.1088/0031-9155/59/12/2997
http://dx.doi.org/10.1109/23.819305
http://dx.doi.org/10.1016/j.compbiomed.2010.03.012
http://dx.doi.org/10.1088/0031-9155/57/22/7519
http://dx.doi.org/10.1088/0031-9155/61/14/5311
http://dx.doi.org/10.1088/0031-9155/61/14/5311
http://dx.doi.org/10.1088/0031-9155/53/12/018
http://dx.doi.org/10.1118/1.4722751
http://dx.doi.org/10.1109/42.896783
http://dx.doi.org/10.1109/tit.2005.862083
http://dx.doi.org/10.5120/2900-3798
http://creativecommons.org/licenses/by/4.0/

	An improved statistical iterative algorithm for sparse-view and limited-angle CT image reconstruction

	Methods

	PWLS-TV minimization. 
	Feature refinement (FR). 
	Animal preparation and anesthesia administration. 
	Data availability. 

	Experiments

	Digital phantom simulations. 
	Micro-CT data. 
	Performance evaluation. 

	Results

	Digital phantom result. 
	Micro-CT result. 

	Conclusion and Discussion

	Acknowledgements

	Figure 1 A flowchart of the proposed PWLS-TV-FR approach.
	Figure 2 The head model for XCAT.
	Figure 3 Reconstructed image of the head model from 120 views using different methods.
	Figure 4 The residual image of the reconstructed results from Fig.
	Figure 5 RMSE and PSNR as a function of the total number of image updates.
	Figure 6 The left graph is profiles located at the pixel positions x from 200 to 300 and y = 260 of different results in Fig.
	Figure 7 Image quality metrics.
	Figure 8 The anesthetized mouse data reconstructions from 225 views by different methods.
	Figure 9 The mouse bone sample data collected over a 197.
	Table 1 Projection number.




