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Abstract

CT technology has been widely used in various fields such as medical treat-
ment, industry, and materials. Recently years, cone-beam CT (CBCT) used in
the medical field is replacing the traditional spiral CT slowly due to its unique
advantages. Improving the performance of CBCT and the image reconstruc-
tion algorithms could obtain higher quality of images, meanwhile, these also
reduce the exposure time of X-ray irradiation. And image reconstruction tech-
niques based on sparse angles have benefits for both. This article briefly in-
troduces the advantages of CBCT and the shortcomings of spiral CT, then the
traditional filtered projection algorithm Feldkamp is explained. The devel-
opment of the CBCT reconstruction algorithms based on incomplete data is
analyzed from three aspects: TV model, dictionary learning and compressed
sensing sampling. The advantages and disadvantages of these algorithms are
analyzed for the development of new algorithms.
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1. Introduction

With the discovery of Roentgen rays in 1895, CT technology began to develop.
Subsequently, the Austrian mathematician Radon confirmed the capacity that
the internal information could be reconstructed from its projection data through
the derivation formula of mathematical theory, which is the theoretical founda-
tion for CT imaging [1]. In clinical, the commonly used CT scanning methods
mainly include spiral CT and cone-beam CT (CBCT). Spiral CT scans the hu-
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man body in a continuous rotation through the X-ray tube, while the scanning
bed automatically enters at an even speed. Therefore, the scan line is spiral on
the body surface of patient. CBCT means that the X-ray emitter performs a cir-
cular scan around the object to be inspected. The scan line trajectory in each
projection angle is a cone-beam shape, which has the advantages of high spatial
resolution, short data acquisition time and high utilization efficiency of X-ray.
Compared with a two-dimensional parallel beam and fan-beam CT, a three-
dimensional CBCT system could achieve higher resolution and better use of
photons [2], so it is widely used in radiotherapy positioning, stomatology, and
small animal pre-clinical aspects.

At present, three-dimensional (3D) reconstruction algorithms of CBCT are
divided into analytical algorithms and iterative algorithms. The analytical algo-
rithms could be divided into two types: precise reconstruction algorithms and
approximate reconstruction algorithms [3]. According to the central slice theo-
rem, the Fourier transform of each projection is equivalent to the segment that
passes through the origin in the direction parallel to the detector in the two-
dimensional (2D) Fourier transform of the original image. Therefore, the cover-
ing of the entire Fourier space of the reconstructed image is essential to achieve
high-precision reconstruction, it requires that the projection space contains all
the projection data within the 180-angle range, and all the data in the projection
space is also called a complete projection data set [4].

According to the different conditions of data, incomplete data problems could
be divided into the following three categories: interior problem, exterior prob-
lem, incomplete view problem [5]. Among them, the incomplete angle problem
could be divided into sparse-view problem and the limited-angle problem [6].
The sparse angle problem refers to the problem of a certain interval between ad-
jacent scanning angles. Normally, the scanning angles are equally spaced, mean-
while the total range of scanning angles covers the 180-degree.

The application of sparse angle projection for image reconstruction could sig-
nificantly reduce the times of X-ray projections sampled by the imaging system,
which is an effective way to reduce radiation dose. It could also effectively shorten
the exposure time of each X-ray scanning at the same time. So the motion arti-
facts caused by the shaking, heartbeat and breathing motion of patients are re-

duced. Finally, the imaging quality is improved.

2. Cone-Beam CT
2.1. Limitations of Spiral CT

Multi-slice spiral CT (MSCT) is a common method of image examination be-
cause it could provide sufficient diagnostic information for general anatomical
images. However, the imaging performance of MSCT still has several limitations
[7]:

1) The continuous projection data of any cross-section of the scanned object

cannot be obtained during MSCT scanning, so the longitudinal interpolation
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method is required to approximate reconstruction of the cross-sectional image,
which lead to longitudinal artifacts in the reconstructed image.

2) Although multi-slice spiral CT ccould obtain a 3D image by overlapping a
series of 2D axial images, the spatial resolution of the three axes is not isotropic,
the Z-axis resolution is worse than the axial resolution usually.

3) The patient receives overlapping X-rays during adjacent rotations, high-dose

radiation is also a problem with MSCT.

2.2. Advantages of CBCT

The emergence of cone-beam CT (CBCT) fundamentally makes up for the short-
comings of MSCT, especially when using flat panel detector (FPD) [8]. The FPD
could provide CBCT imaging with advantage of high spatial resolution, high
dynamic range, good linearity, and geometric distortion is avoided. The FPD
bring great development for CBCT in many medical applications. Due to the
large detection area of FPD, FPD-CBCT brings a breakthrough in large-scale 3D
CT imaging and isotropic resolution. One rotation is performed during CBCT
scanning, there is no overlapping radiation to the patient, so the box radiation
dose is reduced compared with MSCT. The above-mentioned characteristics of
FDP-CBCT make it the most promising imaging method in many medical fields
such as small animal imaging, breast imaging and bone imaging. In recent years,
the application of CBCT in medicine has mainly focused on radiotherapy and
diagnosis [9].

With the rapid development of CBCT, the 3D reconstruction algorithm of
CBCT has gradually become the most popular frontier topic in the medical field.
On account of CBCT is widely used in modern medicine and industry, the re-

quirement for reconstruction speed is more stringent.

3. The Feldkamp Reconstruction Algorithm

At present, the mainstream of CT reconstruction algorithms is still the filtered
back-projection reconstruction algorithm. The more famous one is the Feld-
kamp algorithm. The cone-beam image reconstruction algorithm of Feldkamp is
specially designed for the circular focus orbit of the cone beam. It is developed
by Feldkamp, Davis, and Kress. The advantages of the Feldkamp algorithm are
practical and stable. When the cone opening angle of the cone beam is relatively
small (for example, less than 10°), the Feldkamp algorithm can reconstruct a bet-
ter image. The Feldkamp algorithm can be divided into the following steps:

1) Preprocessing the projection data, that is, multiplying by a cosine function
cosa;

2) One-dimensional ramp filtering is performed on the processed data line by
line;

3) Make the filtered data into the weighted back-projection of the conical
beam, and the weight function in the back projection depends on the distance

from the reconstruction point to the focus.
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The slope filtering in the Feldkamp algorithm is performed line by line, with-
out filtering in the direction of the axis of rotation. Assuming that the direction of

the rotation axis is the z-direction, the Feldkamp algorithm can be expressed as:

l 2z D +00 D ~
f(r.p2)== 0,2, 8)h(¢'—¢)ded (1)

where h(¢) is the convolution kernel of the one-dimensional ramp filter, and

Dis the focal length, g(¢,Z,) is the projected data of the sector beam, ¢ is
Dy cos(¢— )

D —-ysin ((p -f )

VD? + /% + 7% are the cosine functions of the angle of incidence of the cone-

beam ray.

the linear coordinate on the detector. S =ysin(p—4), ('=

4. Sparse Reconstruction Algorithm

4.1. TV Minimization Reconstruction Model

Candes et al. [10] first proposed the TV regularization model and achieved high
MRI image reconstruction accuracy under very small sampling conditions in
2006. Based on the research results of Candes, Sidky et al [11] designed a CT
image reconstruction model based on constrained TV minimization and achieved
good reconstruction result under sparse angle sampling. According to the dif-
ferent calculation methods of the gradient operator, it could be divided into iso-
tropic TV and anisotropic TV. The research of Chen et a/ [12] in 2011 and Li et
al [13] in 2014 showed that anisotropic TV adapts to the difference of images in
different directions, so the model will further improve the solution performance.
In 2012, Liu ef al [14] proposed an adaptive weighted TV minimization algo-
rithm, which considers the anisotropic edge characteristics between adjacent
image voxels, it could be adaptively adjusted by local image gradients to preserve
edge details. In 2013, Bian et al [15] proposed an adaptive steepest descent
weighted convex set projection algorithm. In the same year, Zhang et al [16]
proposed an alternate direction TV minimization algorithm, which reformulated
the TV problem as a problem in which the objective function of linear equality
constraints is separable, then through ADM, the augmented Lagrangian function
is minimized and divided into sub-problems to solve.

The TV model is mainly based on the sparsity mining of the first-level domain
of the image. It is difficult to accurately restore the features of the sliced conti-
nuous image that is sparse in the high-level domain, and it produces the block
artifacts and the texture blur. To better protect image edges and texture details,
some sparse models based on high-gradient domains have been studied in recent
years. In 2014, Hu et al. [17] proposed a generalized HDTV (Higher Degree TV)
regularization, model. The sparsity model of the high-gradient domain could
better fit the polynomial function and avoid the staircase effect, however, it is
easy to cause the sharpness of the edge to be reduced. Therefore, some mixed-

order models that integrate a degree of gradient and a high degree of the gra-
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dient are studied. Among them, the classic mixed-order models are the LOT
model and the TV-Stokes model. In 2014, Liu ef al [18] applied the TV-Stokes
model to sparse angle reconstruction and achieved good results in overcoming
the ladder effect of TV. In 2010, Birdies ef al [19] proposed a new first-order
and high-gradient fusion model the total generalized variation (TGV) model. In
2016, Zhang et al. [20] proposed a Generalized model of TGpV (Total Genera-
lized P-variation) to optimize the sparsity of TGV, a good effect was achieved.
However, the second-order TGV model can better maintain the balance between
the first-order degree and the second-order degree by introducing intermediate
variables and is currently considered to be the most excellent model among
many mixed-order models [21]. Yan et al [22] focused on the study of the uni-
queness of the TV minimization model and proposed a method of sampling
quantification for precise reconstruction of a fixed phantom and fixed geometric
parameters with a limited viewpoint. In sparse optimization models such as the
TV minimization reconstruction model, the reconstruction model has and only
one solution means that theoretically accurate reconstruction results can be ob-
tained in the reconstruction model.

In generally, the current mainstream CT image reconstruction model is the
TV regularization model and its improved form. The research of this model has
attracted more attention and has achieved good application results. However,
different models have certain limitations and could not be applied to all prob-
lems. In the field of sparse angle reconstruction, designing a suitable reconstruc-
tion model and reducing the number of projection samples while ensuring the

quality of the reconstructed image is the focus of research.

4.2. Dictionary Learning

With the development and deepening of research, a new branch has emerged on
the way of searching for sparse transformation and sparse expression of images,
namely dictionary learning. It is different from the classic sparse transformation
in the above algorithm, the dictionary learning method solves a set of over-com-
plete bases (a dictionary) through a sparse optimization algorithm. The idea of a
complete dictionary was proposed by Mallat et al. [23] in 1993. The idea pointed
out that the number of atoms in the dictionary is much larger than the dimen-
sion of the signal feature, and a matching pursuit algorithm was proposed to
solve the sparse optimization problem of a complete dictionary. The earliest dic-
tionary learning method is the optimal directions algorithm (MOD), which was
proposed by Engan ef al. [24]. Dictionary learning has always played an impor-
tant role in computer vision and other aspects. Mairal et al [25] deeply studied
the application of dictionary learning in image processing and proved that dic-
tionary learning could solve image processing problems such as image restora-
tion, image desiccation and image classification. It is different from the TV re-
construction model, the reconstruction algorithm based on dictionary learning

focuses more on capturing the local structural information of the image to be
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reconstructed. Literature [26] applied the dictionary learning method to low-dose
CT reconstruction and achieved good reconstruction results. In 2012, the dual
dictionary reconstruction algorithm was used in incomplete angle reconstruc-
tion [27]. In 2013, Zhao K. et al [28] proposed a reconstruction algorithm based
on K-singular value decomposition (KSVD) and orthogonal pursuit (OMP).
With the widespread application of deep learning in the field of image classifica-
tion, in 2016, Snigdha et al [29] proposed the greedy deep dictionary learning
(DDL) method, which aims to obtain effective information of more complex
images. The reconstruction algorithm based on dictionary learning not only
opens up a new direction in the sparse representation of the model, but its mod-
el solving algorithm is also different from the first-order type sparse optimiza-
tion method mentioned above but uses the mainstream algorithm for solving the

h-norm optimization problem.

4.3. Compressed Sensing Sampling Reconstruction

Reconstruction algorithms based on sparse optimization have achieved good ap-
plication results in incomplete angle reconstruction. However, there is a lack of a
perfect theoretical basis for the sampling conditions used in the actual imaging
process. In 2009, Pan et al [5] tried to explain the meaning of compressed sens-
ing (CS) for image reconstruction, they wanted to establish the connection be-
tween CS and CT reconstruction, and a preliminary RIP analysis of the discre-
tized system matrix is conducted. In 2011, Jergensen et al [30] proposed the
concept of hadamard full sampling and proposed the simulation experiment es-
timation method for the amount of data required in CT reconstruction by using
CS theory, which provides a certain basis for the estimation of the range of data
required by the sparse reconstruction algorithm. In 2012, Jorgensen et al [31]
further discussed the sufficient sampling conditions (SSCs) of the amount of da-
ta required by iterative reconstruction and CS theory, which provides a further
reference for the estimation of the amount of data required in actual reconstruc-
tion. In 2014, Wang et al [32] provided the necessary conditions for sampling
angle estimation, which, combined with sufficient sampling estimation, made
some progress in the research on the quantitative relationship between image
sparseness and the minimum number of projection angles. However, due to the
limitation of system matrix size and computational complexity, this method
cannot be directly applied to the system matrix of 3d imaging. In 2016, Kulkarni
et al. [33] proposed an invisible net based on Convolutional Neural Network
(CNN) to realize the non-iterative compressed perception image reconstruction.
Compared with the traditional algorithm, the biggest advantage of the method is
that it reduces the computational complexity. In 2017, Yao et al. [34] modified
ReconNet architecture by adding residual connections to improve reconstruc-
tion performance. Dai et al [35] enforced the previously captured long-term
spatially dependent images, and the improved method can obtain better image

quality reconstruction.
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5. Discussion

CBCT applied in the medical field is replacing the original spiral CT due to its
unique advantages. To obtain high-quality images and reduce exposure time of
X-ray, in addition to improving the performance of CBCT, it could also start
with image reconstruction algorithms. Image reconstruction technology based
on sparse angles has great benefits for both. Both analytical algorithms and tra-
ditional iterative algorithms are difficult to obtain high-quality reconstruction
results for the sparse angle reconstruction. The reconstruction technology based
on sparse optimization mines the inherent sparse characteristics of the image,
then a sparse optimization model is established. The corresponding reconstruc-
tion algorithm is designed to reduce the amount of sampled data. The algorithm
has been successfully applied in sparse angle reconstruction. In this reconstruc-
tion algorithm, research on to relax the number of system samples is the main
research direction. To reduce the system samples, the main research point is
studying the relationship between imaging systems and image sparse characte-
ristics to mine sparse prior characteristics furtherly. However, the core of this
problem is to design better reconstruction models and develop more efficient

solving algorithms.

Conflicts of Interest

The authors declare no conflicts of interest regarding the publication of this pa-

per.

References

[1] Zhang, Z.Q. (2018) Research on Reconstruction Algorithm and Visualization of
Cone-Beam CT Based on GPU. Dalian University of Technology, Dalian.

[2] Xiao, H., Gao, L.F., Yao, J., et al (2014) Application of Cone Beam Computed To-
mography and Its Quality Control Method. China Medical Devices, 29, 66-70.

[3] Yan, B, Han, Y., Wei, F., ef al (2013) Review of Algorithms for over FOV Size Ob-
ject in Cone-Beam CT. Computerized Tomography Theory and Applications, 22,
373-384.

[4] Zhang, H.M. (2017) Computed Tomography Image Reconstruction with Incom-
plete Projection Data. Information Engineering University, Zhengzhou, China.

[5] Pan, X.C, Sidky, E.Y. and Vannier, M. (2009) Why Do Commercial CT Scanners
Still Employ Traditional, Filtered Back-Projection for Image Reconstruction. /n-
verse Problem, 25, Article ID: 123009.

https://doi.org/lO.1088/0266—5611/25/12/123009
[6] Kouris, K., Tuy, H., Lent, A., Herman, G.T. and Lewitt, R. M. (1982) Reconstruction

from Sparsely Sampled Data by ART with Interpolated Rays. JEEE Transactions on
Medical Imaging, 1, 161-167. https://doi.org/10.1109/TMI.1982.4307567

[7] Han, M., Cheng, X. and Li, D.W. (2017) Fast 3D Reconstruction Algorithm of Mul-
ti-Resolution Cone Beam CT Image Based on Wavelet Transform. Journal of Elec-

tronics and Information Technology, 39, 2437-2441.

[8] Gilboa, H., Zuck, A., Dagan, O., Vilensky, A., Breen, B.N,, Taieb, A., Ready, S., et al
(2003) Medical Imaging with Mercuric Iodide Direct Digital Radiography Flat-Panel

DOI: 10.4236/0alib.1106675

7 Open Access Library Journal


https://doi.org/10.4236/oalib.1106675
https://doi.org/10.1088/0266-5611/25/12/123009
https://doi.org/10.1109/TMI.1982.4307567

X. H. Liuetal.

(21]

X-Ray Detectors. X-Ray and Gamma-Ray Detectors and Applications IV, Volume
4784. https://doi.org/10.1117/12.450503

Jaffray, D.A., Siewerdsen, J.H., Wong, J.W. and Martinez, A.A. (2002) Flat-Panel
Cone-Beam Computed Tomography for Image-Guided Radiation Therapy. Inter-
national Journal of Radiation Oncology Biology Physics, 53, 1337-1349.
https://doi.org/10.1016/S0360-3016(02)02884-5

Candes, E.J., Romberg, J. and Tao, T. (2006) Robust Uncertainty Principles: Exact
Signal Reconstruction from Highly Incomplete Frequency Information. /EEE
Transactions on Information Theory, 52, 489-509.
https://doi.org/10.1109/TTT.2005.862083

Sidky, E.Y., Kao, C.-M. and Pan, X.C. (2006) Accurate Image Reconstruction from
Few-Views and Limited-Angle Data in Divergent-Beam CT. Journal of X-Ray
Science and Technology, 14, 119-139.

Chen, Z., Jin, X,, Li, L. and Wang, G. (2013) A Limited-Angle CT Reconstruction
Method Based on Anisotropic TV Minimization. Physics in Medicine and Biology,
58,2119-2141. https://doi.org/10.1088/0031-9155/58/7/2119

Li, H., Chen, X., Wang, Y., Zhou, Z., Zhu, Q. and Yu, D. (2014) Sparse CT Recon-
struction Based on Multi-Direction Anisotropic Total Variation (MDATYV). Bio-
Medical Engineering OnlLine, 13, 92. https://doi.org/10.1186/1475-925X-13-92

Liu, Y., Ma, J., Fan, Y. and Liang, Z. (2012) Adaptive-Weighted Total Variation Mi-
nimization for Sparse Data toward Low-Dose X-Ray Computed Tomography Image
Reconstruction. Physics in Medicine and Biology, 57, 7923-7956.
https://doi.org/10.1088/0031-9155/57/23/7923

Bian, J., Wang, J., Han, X., Sidky, E.Y., Shao, L. and Pan, X. (2012) Optimiza-
tion-Based Image Reconstruction from Sparse-View Data in Offset-Detector CBCT.

Physics in Medicine and Biology, 58, 205-230.
https://doi.org/10.1088/0031-9155/58/2/205

Zhang, H., Wang, L., Yan, B., ef al (2013) Image Reconstruction Based on To-
tal-Variation Minimization and Alternating Direction Method in Linear Scan
Computed Tomography. Chinese Physics B, 22, Article ID: 078701.
https://doi.org/10.1088/1674-1056/22/7/078701

Hu, Y., Ongie, G., Ramani, S. and Jacob, M. (2014) Generalized Higher Degree To-
tal Variation (HDTV) Regularization. JEEE Transactions on Image Processing, 23,
2423-2435. https://doi.org/10.1109/TIP.2014.2315156

Liu, Y., Liang, Z.R., Ma, J.H., Lu, H.B., Wang, K., Zhang, H. and Moore, W. (2014)

Total Variation-Stokes Strategy for Sparse-View X-Ray CT Image Reconstruction.
IEEE Transactions on Medical Imaging, 33, 749-763.

https://doi.org/10.1109/TMI.2013.2295738

Bredies, K., Kunisch, K. and Pock, T. (2010) Total Generalized Variation. SIAM
Journal on Imaging Sciences, 3, 492-526. https://doi.org/10.1137/090769521

Zhang, H., Wang, L., Yan, B, Li, L., Cai, A. and Hu, G. (2016) Constrained Total
Generalized p-Variation Minimization for Few-View X-Ray Computed Tomogra-
phy Image Reconstruction. PLoS ONE, 11, e0149899.
https://doi.org/10.1371/journal.pone.0149899

Guo, W., Qin, J. and Yin, W. (2014) A New Detail-Preserving Regularization
Scheme. SIAM Journal on Imaging Sciences, 7, 1309-1334.
https://doi.org/10.1137/120904263

Yan, B,, Zhang, W, Li, L., Zhang, H. and Wang, L. (2016) Quantitative Study on
Exact Reconstruction Sampling Condition by Verifying Solution Uniqueness in Li-

DOI: 10.4236/0alib.1106675

8 Open Access Library Journal


https://doi.org/10.4236/oalib.1106675
https://doi.org/10.1117/12.450503
https://doi.org/10.1016/S0360-3016(02)02884-5
https://doi.org/10.1109/TIT.2005.862083
https://doi.org/10.1088/0031-9155/58/7/2119
https://doi.org/10.1186/1475-925X-13-92
https://doi.org/10.1088/0031-9155/57/23/7923
https://doi.org/10.1088/0031-9155/58/2/205
https://doi.org/10.1088/1674-1056/22/7/078701
https://doi.org/10.1109/TIP.2014.2315156
https://doi.org/10.1109/TMI.2013.2295738
https://doi.org/10.1137/090769521
https://doi.org/10.1371/journal.pone.0149899
https://doi.org/10.1137/120904263

X. H. Liuetal.

(23]

(25]

(27]

(28]

(34]

mited-View CT. Physica Medica, 32, 1321-1330.
https://doi.org/10.1016/j.ejmp.2016.07.094

Mallat, S.G. and Zhang, Z. (1993) Matching Pursuits with Time-Frequency Dictio-
naries. [EEE Transactions on Signal Processing, 41, 3397-3415.
https://doi.org/10.1109/78.258082

Engan, K., Aase, S.0. and Husoy, J.H. (1999) Frame Based Signal Compression Us-
ing Method of Optimal Directions (MOD). ISCAS99. Proceedings of the 1999 IEEE
International Symposium on Circuits and Systems VLSI, Vol. 4, 1-4.

Mairal, J., Bach, F. and Ponce, J. (2012) Task-Driven Dictionary Learning. /[EEFE

Transactions on Pattern Analysis and Machine Intelligence, 34, 791-804.
https://doi.org/10.1109/TPAMI.2011.156

Xu, Q., Yu, H.Y., Mou, X.Q., Zhang, L., Hsieh, J. and Wang, G. (2012) Low-Dose
X-Ray CT Reconstruction via Dictionary Learning. /EEE Transactions on Medical
Imaging, 31, 1682-1697. https://doi.org/10.1109/TMI.2012.2195669

Zhao, B., Ding, H., Lu, Y., Wang, G., Zhao, J. and Molloi, S. (2012) Dual-Dictionary
Learning-Based Iterative Image Reconstruction for Spectral Computed Tomogra-
phy Application. Physics in Medicine and Biology; 57, 8217-8229.
https://doi.org/10.1088/0031-9155/57/24/8217

Zhao, K., Pan, J.X. and Kong, H.H. (2013) Incomplete Projection Reconstruction
Algorithm Based on Dictionary Learning and Iterative Algorithm. Proceedings of
the 13th Chinese Conference on Body Vision and Image Analysis, Taiyuan, 23-25
September 2013, 422.

Tariyal, S., Majumdar, A., Singh, R. and Vatsa, M. (2016) Greedy Deep Dictionary
Learning. https://arxiv.org/abs/1602.00203

Jorgensen, J.S., Sidky, E.Y. and Pan, X. (2014) Analysis of Discrete-to-Discrete Im-
aging Models for Iterative Tomographic Image Reconstruction and Compressive
Sensing. http://arxiv-web3.library.cornell.edu/pdf/1109.0629v1.pdf

Jorgensen, J.S., Sidky, E.Y. and Pan, X. (2013) Quantifying Admissible Undersam-
pling for Sparsity-Exploiting Iterative Image Reconstruction in X-Ray CT. [EEE

Transactions on Medical Imaging, 32, 460-473.
https://doi.org/10.1109/TMI.2012.2230185

http://mstracker.com/MSS/jxst/40191-13-55-R.pdf

Kulkarni, K., Lohit, S., Turaga, P., Kerviche, R. and Ashok, A. (2016) ReconNet:
Non-Iterative Reconstruction of Images from Compressively Sensed Measurements.
IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, 27-30
June 2016, 449-458. https://doi.org/10.1109/CVPR.2016.55

Yao, H., Dai, F.,, Zhang, S., Zhang, Y., Tian, Q. and Xu, C. (2019) DR2-Net: Deep
Residual Reconstruction Network for Image Compressive Sensing. Neurocomput-
ing, 359, 483-493. https://doi.org/10.1016/j.neucom.2019.05.006

Dave, A., et al. (2017) Compressive Image Recovery Using Recurrent Generative

Model. 2017 IEEE International Conference on Image Processing, Beijing, 17-20
September 2017, 1702-1706. https://doi.org/10.1109/ICIP.2017.8296572

DOI: 10.4236/0alib.1106675

9 Open Access Library Journal


https://doi.org/10.4236/oalib.1106675
https://doi.org/10.1016/j.ejmp.2016.07.094
https://doi.org/10.1109/78.258082
https://doi.org/10.1109/TPAMI.2011.156
https://doi.org/10.1109/TMI.2012.2195669
https://doi.org/10.1088/0031-9155/57/24/8217
https://arxiv.org/abs/1602.00203
http://arxiv-web3.library.cornell.edu/pdf/1109.0629v1.pdf
https://doi.org/10.1109/TMI.2012.2230185
http://mstracker.com/MSS/jxst/40191-13-55-R.pdf
https://doi.org/10.1109/CVPR.2016.55
https://doi.org/10.1016/j.neucom.2019.05.006
https://doi.org/10.1109/ICIP.2017.8296572

	Development of Sparse Reconstruction Algorithm of Cone-Beam CT
	Abstract
	Subject Areas
	Keywords
	1. Introduction
	2. Cone-Beam CT
	2.1. Limitations of Spiral CT
	2.2. Advantages of CBCT

	3. The Feldkamp Reconstruction Algorithm
	4. Sparse Reconstruction Algorithm
	4.1. TV Minimization Reconstruction Model
	4.2. Dictionary Learning
	4.3. Compressed Sensing Sampling Reconstruction

	5. Discussion
	Conflicts of Interest
	References

