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(57) ABSTRACT 

An apparatus and method of reconstructing a computed 
tomography (CT) image using multiple datasets of projective 
measurements, wherein the method of image reconstruction 
favors spatial correlations among the images respectively 
reconstructed from each of the corresponding multiple 
datasets. The multiple data sets each contain projective mea­
surements of the same object taken in close temporal prox­
imity, but taken with different detector type or configurations 
( e.g., different spectral components in spectral CT or differ­
ent detector types in hybrid 3rd

- and 4th -generation CT scan­
ners). Reconstructed images minimizing a vectorial total 
variation norm satisfies the criteria of favoring images exhib­
iting spatial correlations among the reconstructed images and 
favoring a sparse gradient-magnitude image (i.e., edge 
enhancing image) for each reconstructed image. 
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Figure 1 
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Figure 2 
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Figure 4 
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Figure 5 
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SPECTRAL X-RAY COMPUTED 
TOMOGRAPHY RECONSTRUCTION USING 

A VECTORIAL TOTAL VARIATION 

BACKGROUND 

[0001] 1. Field 
[0002] Embodiments described herein relate generally to a 
method of reconstructing computed tomography images, and 
more specifically to reconstructing computed tomography 
images using more than one data set acquired using more than 
one detector configuration. 
[0003] 2. Description of the Related Art 
[0004] The past several years have seen technological 
advances that are fueling improvements to X-ray computed 
tomography (CT), including: new iterative image reconstruc­
tion algorithms with novel regularization methods, and rapid 
development of spectral CT. Specifically, there has been a 
growing interest in iterative reconstruction algorithms for CT 
using total-variation (TV) regularization, which can lead to 
high quality reconstructions from highly undersampled pro­
jection data. Simultaneously, the development of spectral CT 
exhibits numerous advantageous over conventional CT. For 
example, spectral CT offers the additional clinical informa­
tion inherent in the full spectrum of an X-ray beam. More­
over, spectral CT facilitates, in discriminating tissues, differ­
entiating between materials such as tissues containing 
calcium and iodine, and enhancing the detection of smaller 
vessels. Among other advantages, spectral CT is also 
expected to reduce beam-hardening artifacts. 
[0005] One well known iterative technique is the Algebraic 
Reconstruction Technique (ART). This technique is essen­
tially a method for iteratively solving the matrix equation 

f~Au, 

where f is a vector of the projection measurements, u is a 
vector of the image values, and A is a system matrix corre­
sponding to the discretized Radon transform of the X-ray 
beams passing through an image object. By recognizing that 

each row vector A, of the matrix A together with the corre­
sponding projection value f, defines an affine space, an image 
of the image object can be found through successive affine 
projections onto the successive affine spaces corresponding 
to the rows of A. This iterative process converges by using the 
previous estimate of the image vector um_/ to solve for the 
current image vector estimate um' using the expression 

um'~um_/-A m-! ifm-1-A m-! -um_/lA m-1 ·A m-1l, 

where each iteration progressively estimates um' for m=2, ... 
, NData, u 1 ° is the initial guess, and the superscript i indicates 
the i th iteration of affine projections for all values of m. The 
iterative process continues until the image estimates converge 
according to some predefined metric. 
[0006] Typically, following a series of affine projections, a 
constraint is imposed in order to ensure that the image u 
converges to a physically meaningful image. For example, in 
absorption imaging, the image value must be non-negative 
because a negative absorption value implies gain, which is not 
physically realistic. Therefore, the final value after each itera­
tion, uNData', is subject to a predefined constraint based on a 
priori knowledge of the image ( e.g., no gain), and the con­
strained final value is then used as the initial value, u1 i+l, for 
the next iteration of affine projections. Periodically subject­
ing the image estimates to a predefined constraint is referred 
to as regularization. 
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[0007] Iterative reconstruction algorithms augmented with 
regularization can produce high-quality reconstructions 
using only a few views and even in the presence of significant 
noise. For few-view, limited-angle, and noisy projection sce­
narios, the application of regularization operators between 
reconstruction iterations seeks to tune the final result to some 
a priori model. For example, enforcing positivity, as dis­
cussed above, is a simple but common regularization scheme. 
Minimizing the "total variation" (TV) in conjunction with 
projection on convex sets (POCS) is also a very popular 
regularization scheme. The TV-minimization algorithm 
assumes that the image is predominantly uniform over large 
regions with sharp transitions at the boundaries of the uniform 
regions. When the a priori model corresponds well to the 
image object, these regularized iterative reconstruction algo­
rithms can produce impressive images even though the recon­
struction problem is significantly underdetermined ( e.g., few 
view scenarios), missing projection angles, or noisy. 
[0008] In addition to the ART iterative image reconstruc­
tion method, the reconstruction problem can be solved using 
the TV semi-norm regularization by using the primal-dual 
algorithm developed by Chambolle and Pock. The Cham­
bolle-Pock (CP) algorithm applied to the TV semi-norm 
solves the problem 

where the last term, the 11 -norm of the gradient-magnitude 
image, is the isotropic TV semi-norm. This expression is 
referred to as the primal minimization. The spatial-vector 
image Vu represents a discrete approximation to the image 
gradient. The expression IVul is the gradient-magnitude 
image, an image array whose pixel values are the gradient 
magnitude at the pixel location. Through a process of first 
finding the convex conjugate of the expressions inside the 
minimization function, one can obtain the dual maximization. 
There are several methods for solving the primal-dual saddle 
point in order to solve the reconstruction problem. The CP 
algorithm uses the forward-backward proximal-splitting 
method to obtain an iterative algorithm that converges to an 
image satisfying the TV minimization problem. For the case 
of the TV semi-norm, the pseudo-code for the resulting itera­
tive algorithm is given in Table 1. 

TABLE 1 

Pseudocode for N-steps of the CP algorithm using the TV semi-norm. 

1: L - ll(a, V)ll 2;,; - 1/L; a- 1/L; 0 - 1; n - 0 
2: initialize u0 , p0 , and q0 to zero values 
3: u 0 -u0 

4: repeat 
5: Pn+l - CPn + o(Aun - f))/(1 + o) 
6: 'ln+i - A(q,, + oVun)/max(Alh lq,, + oVunl) 
7: un+l - Un - -cATPn+l + -cDivcin+1 
8: lin+l ._ lln+l + 8(un-l - Un) 
9: n - n + 1 
10: until n" N 

The constant Lis the f rnormofthematrix(A, V); -rand oarenono-negative CP alogorithm 
paramters, which can be set to 1/L; 8 E [O, 1] is another CP algorithm parameter, which can 
be set to 1; n is the iteration index; u0 can be initialized to an initial guess of the image; Po can 
be initialized to the projection data; q0 can be initialized to the image gradient; and 11 is a 
diagonal matrix with ones along the diagonal; and Div is the divergence operator. 

[0009] Also, rapid advances in energy-discriminating 
detectors have generated a surge of interest in spectral CT, 
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where the broad x-ray tube spectrum is sampled into spec­
trally unique channels of data, which could lead to the elimi­
nation of common artifacts, patient dose reduction, and new 
applications of CT. 
[001 OJ Here, we adopt notation conventions for two differ­
ent kinds of matrix norms in order to avoid confusion. The 
first type is the "entry-wise" p-norm, which for matrix X is 
defined as 

For p=2 we get the common "Frobenius norm." 
[0011] The second type is the "Schatten p-norm," which 
arises when applying the IP -norm to the vector of singular 
values associated with X. Here the uncommon notation ll·llsp 
is used, where specifically for a matrix X, the Schatten 
p-norm is given by 

where a, denotes the ith singular value ofX. Some common 
special cases are the "nuclear norm" (p=l), the Frobenius 
norm (p=2), and the "spectral norm" (p=oo). 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0012] A more complete understanding of this disclosure is 
provided by reference to the following detailed description 
when considered in connection with the accompanying draw­
ings, wherein: 
[0013] FIG. 1 shows a diagram of a cross-section of a 
combined third-generation and fourth generation computed 
tomography apparatus; 
[0014] FIG. 2 shows a schematic of a computed tomogra­
phy system; 
[0015] FIG. 3 shows an implementation of a computed 
tomography system; 
[0016] FIG. 4 shows a flow diagram of an implementation 
of a method to reconstruct CT images using primal-dual 
optimization; 
[0017] FIG. 5 shows an implementation of a split step 
saddle-point optimization update step; 
[0018] FIG. 6 shows a schematic diagram of an implemen­
tation of an image reconstruction processing unit; 
[0019] FIG. 7 shows a cross-section a of an anthropomor­
phic thorax phantom; 
[0020] FIG. 8 shows a series reconstructed images of an 
anthropomorphic thorax phantom using a channel-by-chan­
nel total variation minimization method; and 
[0021] FIG. 9 shows a series ofreconstructed images of an 
anthropomorphic thorax phantom using a vectorial total 
variation minimization method. 

DETAILED DESCRIPTION 

[0022] In one embodiment, a CT scanner combines 
datasets from multiple detector types and configurations, e.g., 
a combination of data from both an energy-integrating detec­
tor array densely arranged in a third-generation geometry and 
from a photon-counting detector array sparsely arranged in a 
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fourth-generation geometry. While it is possible to process 
each unique dataset type independently obtaining a separate 
image for each dataset type ( e.g., a third-generation detector 
image and also a fourth-generation detector image), sepa­
rately processing the projection datasets overlooks the shared 
information among the different dataset types. This shared 
information can be a valuable resource to improve image 
quality. For example, an image of soft tissues within a body 
will exhibit edges at the boundaries between organs, and as 
the organs occupy the same location in each image for each 
dataset type, there will be a high degree of spatial correlation 
among images obtained using different detector types. By 
processing datasets from different detector types collectively, 
the signals (e.g., edges) present in each dataset type are rein­
forced, while uncorrelated noise among different detector 
types average out. Thus, the strong spatial correlations 
between images obtained using different dataset types can be 
exploited by using image reconstruction that favors spatial 
correlations among images obtained using different detection 
methods. 
[0023] By different dataset type we mean that each type of 
projection data is acquired using different detector configu­
rations. The term "different detector configurations" is con­
strued broadly to include different types of detectors (e.g., 
energy-integrating detectors and photon-counting detectors 
in different spatial arrangements) and identical detectors 
( e.g., photon-counting detectors) configured to differentiate 
between detection events (e.g., differentiate X-ray energies) 
such that the collected data can be organized into separate 
dataset types ( e.g., energy bins). 
[0024] In one implementation, the dataset types will be 
material decompositions resulting from spectral CT measure­
ments. In spectral CT, projection images are obtained for 
various X-ray energy spectra. Because two physical pro­
cesses (i.e., photoelectric scattering and Compton scattering) 
with different spectral responses to X-rays dominate the 
attenuation, the attenuation coefficient as a function of energy 
and position can to a good approximation be decomposed into 
two components 

µ(E, X, y)~µPE(E, X, y)+µc(E, X, y), 

where µPE(E, x, y) is the photoelectric attenuation and µc(E, 
x, y) is the Compton attenuation. This two component decom­
position of the attenuation coefficient can be further rear­
ranged into a decomposition of a high-Z material (i.e., mate­
rial 1) and a low-Z material (i.e., material 2) to become 

µ(E, x, y)=µ 1(E)c 1(x, y)+µoCE)coCx, y). 

Thus, multiple datasets corresponding to different X-ray 
spectra can be converted into two projection datasets corre­
sponding to a material decomposition as discussed in U.S. 
patent application Ser. No. 13/906,110, incorporated herein 
by reference in its entirety. 
[0025] The images reconstructed from datasets arising 
from the material decomposition will exhibit spatial correla­
tions similar to images from datasets from different detector 
configurations, except the images for different materials will 
be negatively correlated rather than positively correlated. Still 
for material decomposition datasets there will be strong spa­
tial correlations because in an image the edges where material 
1 ends correspond to the edges where material 2 begins. The 
vectorial total-variation (VTV) regularization, discussed 
next, is used in a collective image reconstruction method that 
favors image solutions where the edges of each reconstructed 
image are spatially correlated. Therefore the VTV regulariza-
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tion and reconstruction method are applicable to reconstruct­
ing images for datasets that are negatively or positively cor­
related provided the edges of the reconstructed images are 
spatially correlated. Although the VTV method is applicable 
to both negatively and positively correlated reconstructed 
images, the discussion herein is, without loss of generality, 
directed toward the case of positively correlated recon­
structed images. 
[0026] One method of combined data image reconstruction 
that favors spatial correlations among images is iterative 
image reconstruction using vectorial total-variation (VTV) 
regularization. In addition to favoring spatial correlations, 
VTV regularization, like TV regularization, is edge enhanc­
ing and provides high quality images even with few-view 
data. Additionally, VTV regularization is convex, making the 
image reconstruction method numerically robust. 
[ 0027] Thus, in one embodiment, there is provided an appa­
ratus, comprising processing circuitry configured to (1) 
obtain a plurality of projection datasets, wherein each projec­
tion dataset of the plurality of projection datasets is obtained 
from a different detector type or configuration; and (2) recon­
struct, from the plurality of projection datasets, a correspond­
ing plurality of images using a combined image reconstruc­
tion method, wherein the combined image reconstruction 
method increases a spatial correlation among the correspond­
ing plurality of images relative to a spatial correlation among 
a plurality of images that are reconstructed using an indi­
vidual image reconstruction method that individually recon­
structs each of the plurality of images using a respective 
projection dataset of the plurality of projection datasets. 
[0028] Referring now to the drawings, wherein like refer­
ence numerals designate identical or corresponding parts 
throughout the several views, FIG. 1 shows a diagram illus­
trating an implementation for placing the photon-counting 
detectors (PCDs) in a predetermined fourth-generation 
geometry in combination with a detector unit in a predeter­
mined third-generation geometry in a CT scanner system. 
The diagram illustrates relative positions among an object 
OBJ to be scanned, an X-ray source 101, an X-ray detector 
103, and the photon-counting detectors PCDl through PCDN 
in one exemplary embodiment. For the sake of simplicity, the 
diagram excludes other components and units that are neces­
sary in acquiring and processing data as well as reconstruct­
ing an image based upon the acquired data. In general, the 
photon-counting detectors PCDl through PCDN each output 
a photon count for each predetermined energy bin. In addition 
to the sparse photon-counting detectors PCDl through PCDN 
in the fourth-generation geometry, the implementation shown 
in FIG. 1 includes a detector unit such as the detector 103 in 
a conventional third-generation geometry in the CT scanner 
system. The detector elements in the detector unit 103 can be 
more densely placed along the detector unit surface than the 
photon-counting detectors. 
[0029] In one implementation, the photon-counting detec­
tors are sparsely placed around the object OBJ in a predeter­
mined geometry such as a circle. For example, the photon­
counting detectors PCDl through PCDN are fixedly placed 
on a predetermined circular component 110 in the gantry 100. 
In one implementation, the photon-counting detectors PCDl 
through PCDN are fixedly placed on the circular component 
110 at predetermined equidistant positions. In an alternative 
implementation, the photon-counting detectors PCDl 
through PCDN are fixedly placed on the circular component 
110 at predetermined non-equidistant positions. The circular 
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component 110 remains stationary with respect to the object 
OBJ and does not rotate during the data acquisition. 
[0030] Both the X-ray source 101 and the detector unit 103 
rotate around the object OBJ while the photon-counting 
detectors PCDl through PCDN are stationary with respect to 
the object OBJ. In one implementation, the X-ray source 101 
is mounted on a first rotating portion 120 such as the annular 
frame in the gantry 100 so that the X-ray source 101 projects 
X-ray radiation with a predetermined source fan beam angle 
8 A towards the object OBJ while the X-ray source 101 rotates 
around the object OBJ inside the sparsely placed photon­
counting detectors PCDl through PCDN. Furthermore, an 
additional detector unit 103 is mounted on a second rotating 
portion 130 in the third-generation geometry. The rotating 
portion 130 mounts the detector unit 103 at a diametrically 
opposed position from the X-ray source 101 across the object 
OBJ and rotates outside the stationary circular component 
110, on which the photon-counting detectors PCDl through 
PCDN are fixedly placed in a predetermined sparse manner. 
[0031] In one implementation, the rotating portions 120 
and 130 are integrally constructed as a single component, 
such as the annular frame 102, to maintain a 180-degree angle 
between the X-ray source 101 and the detector unit 103 as 
they rotate about the object OBJ with a different radius. In an 
optional implementation, the rotating portions 120 and 130 
are separate components, but synchronously rotate to main­
tain the X-ray source 101 and the detector unit 103 in the 
fixedly opposed positions at 180 degrees across the object 
OBJ. Furthermore, the X-ray source 101 optionally travels a 
helical path as the object is moved in a predetermined direc­
tion that is perpendicular to the rotational plane of the rotating 
portion 120. 
[0032] As the X-ray source 101 and the detector unit 103 
rotate around the object OBJ, the photon-counting detectors 
PCDs and the detector unit 103 respectively detect the trans­
mitted X-ray radiation during data acquisition. The photon­
counting detectors PCDl through PCDN intermittently 
detect with a predetermined detector fan beam angle 8 B the 
X-ray radiation that has been transmitted through the object 
OBJ and individually output a count value representing a 
number of photons, for each of predetermined energy bins. 
On the other hand, the detector elements in the detector unit 
103 continuously detect the X-ray radiation that has been 
transmitted through the object OBJ and output the detected 
signals as the detector unit 103 rotates. In one implementa­
tion, the detector unit 103 has densely placed energy-integrat­
ing detectors in predetermined channel and segment direc­
tions on the detector unit surface. 
[0033] In one implementation, the X-ray source 101, the 
photon-counting detectors and the detector unit 103 collec­
tively form three predetermined circular paths that differ in 
radius. The photon-counting detectors are sparsely placed 
along a first circular path around the object OBJ while at least 
one X-ray source 101 rotates along a second circular path 
around the object OBI Further, the detector unit 103 travels 
along a third circular path. The above exemplary embodiment 
illustrates that the third circular path is the largest and outside 
the first and second circular paths around the object OBJ. 
Although not illustrated, an alternative embodiment option­
ally changes the relative relation of the first and second cir­
cular paths so that the second circular path for the X-ray 
source 101 is larger and outside the first circular path of the 
sparsely placed photon-counting detectors PCDl through 
PCDN around the object OBJ. Furthermore, in another alter-
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native embodiment, the X-ray source 101 also optionally 
travels on the same third circular path as the detector unit 103. 
Furthermore, the above alternative embodiments optionally 
provide a protective rear cover for each of the photon-count­
ing detectors that are irradiated from behind in a short dis­
tance as the X-ray source 101 travels outside the first circular 
path of the sparsely placed photon-counting detectors. 
[0034] There are other alternative embodiments for placing 
the photon-counting detectors in a predetermined fourth-gen­
eration geometry in combination with the detector unit in a 
predetermined third-generation geometry in the CT scanner. 
The X-ray source 101 is optionally a single energy source in 
certain embodiments. By the same token, an additional alter­
native embodiment optionally includes the X-ray source 101, 
which is configured to perform a kV-switching function for 
emitting X-ray radiation at a predetermined high-level energy 
and at a predetermined low-level energy. 
[0035] In general, the photon-counting detectors PCDl 
through PCDN are sparsely positioned along the circular 
component 110. Although the photon-counting detectors 
PCDl through PCDN acquire sparse view projection data, the 
acquired projection data is sufficient for at least dual-energy 
reconstruction with a sparse view reconstruction technique. 
In addition, the detector unit 103 also acquires another pro­
jection dataset, and the projection data from the detector unit 
103 is used to generally improve image quality. In case that 
the detector unit 103 consists of energy-integrating detectors 
with anti-scatter grids, the projection data from the detector 
unit 103 is used to correct scatter on the projection data from 
the photon-counting detectors. In one implementation, the 
integrating detectors optionally need to be calibrated in view 
of X-ray transmission through the predetermined circular 
component 110 and some of the photon-counting detectors. 
In acquiring the projection data, a sampling on the source 
trajectory is optionally made dense in order to enhance spatial 
resolution. 
[0036] FIG. 2 shows a schematic of an X-ray CT scanner 
system 200. The X-ray CT scanner system 200 comprises a 
radiography gantry 100, radiography control circuitry 204, 
memory 206, monitor 208, input device 210, image recon­
struction unit 212, and image processor 214. 
[0037] FIG. 3 shows an example of the outer appearance of 
the radiography gantry 100. As shown in FIG. 3, the radiog­
raphy gantry 2 includes an X-ray source 101, a third-genera­
tion energy-integrating X-ray detector 103, a plurality of 
fourth-generation photon-counting detectors PCDl through 
PCDN arranged on a stationary circular component 110, a 
C-arm 306, a stand 308, a high voltage generator 310, and a 
bed 312. 
[0038] The high voltage generator 310 generates a high 
voltage to be applied between the electrodes of the X-ray 
source 101. Upon receiving the high voltage and filament 
current, the X-ray source 101 generates X-ray radiation. The 
third-generation X-ray detector 103 is a two-dimensional 
array of energy integrating detection elements (pixels) which 
directly or indirectly convert incident X-ray radiation into 
electric charges. The photon-counting detectors in a fourth­
generation geometry are sparsely arranged along the station­
ary circular component 110. In FIG. 3 the stationary circular 
component 110 is shown to be semicircular in shape. In an 
alternative implementation, the shape of the stationary circu­
lar component 110 can be a complete circle. The X-ray source 
101 is mounted on, for example, one end of the floor type 
C-arm 306. The third-generation X-ray detector 103 is 
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mounted on the other end of the C-arm 306. The third-gen­
erationX-ray detector 103 faces the X-ray source 101 through 
an object OBJ to be examined which is placed on the bed 312. 
The C-arm 306 is rotatably supported on the stand 308. 
Repeating radiography with respect to the object OBJ while 
rotating the C-arm 306 makes it possible to acquire X-ray 
images (projection data) in many directions which are 
required for CT image reconstruction. 

[0039] In an alternative implementation, rather than being 
mounted to a C-arm 306, the X-ray source 101, third-genera­
tion X-ray detector 103, and fourth-generation photon-count­
ing X-ray detectors can be mounted to annular frames that 
completely encircle the object OBJ. As shown in FIG. 1, the 
third-generation energy integrating detectors can be arranged 
in a predetermined third-generation geometry, and the pho­
ton-counting detectors can be arranged in a predetermined 
fourth-generation geometry. The annular frame can be fixed 
in space and the X-ray source 101 moves relative to the 
annular frame, as shown in FIG. 1. Also, the energy-integrat­
ing detectors in the predetermined third-generation geometry 
can also move relative to the annular frame, as shown in FIG. 
1. 
[0040] The radiography control circuitry 204 controls the 
rotation of the C-arm 306, the application of high voltages 
from the high voltage generator 310 to the X-ray source 101, 
and the reading of signals from the X-ray detector 304 in 
order to execute rotational radiography and generate X-ray 
projection data. 

[0041] The memory 206 stores a dedicated program for 
executing a VTV-norm-based iterative image reconstruction 
method to be described below. 

[0042] The monitor 208 is a display device such as a CRT, 
plasma display, or liquid crystal display which displays an 
X-ray diagnostic image in a predetermined form in accor­
dance with a signal received from the image reconstruction 
processor 212 or the image processor 214. 
[0043] The input device 210 includes a keyboard, various 
kinds of switches, a mouse, etc. and is used to input a radi­
ography instruction, image selection instruction, etc. The 
image reconstruction processor 212 reconstructs volume data 
from projection images in a plurality of projection directions. 

[0044] The image processor 214 executes predetermined 
image processing such as volume rendering processing and 
image difference processing as needed. 

[0045] The VTV-norm-based iterative image reconstruc­
tion method is similar to the total-variation semi-norm itera­
tive image reconstruction method but applies to multi-detec­
tor configuration datasets, such as spectral CT multi-energy 
datasets. The simplest way to apply the conventional TV­
based reconstruction methods to spectral CT is to separately 
reconstruct the projection data from each spectral channel on 
a channel-by-channel basis, but a superior reconstruction can 
be obtained by using the generalized vectorial TV (VTV) 
norm that leverages the strong spatial correlations in the 
image domain between the various channels. 

[0046] The disclosed VTV-norm-based algorithm is moti­
vated by the notion that images reconstructed from different 
channels should have a common edge structure. For compari­
son, the conventional TV-norm-based algorithm pertains to 
scalar image functions ( e.g., a single projection dataset type) 
and its application to CT reconstruction is motivated by the 
idea that the gradient-magnitude image should be approxi­
mately sparse. The VTV-norm-based algorithm generalizes 
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this approach for vector image functions and is based on the 
nuclear norm of the Jacobian derivative. 

[0047] In addition to introducing a desirable coupling 
between the spectral channels, the VTV-norm-based algo­
rithm has a simple dual formulation and can be handled 
readily by many of the conventional primal-dual algorithms 
with virtually no increase in computational burden. These 
conventional primal-dual algorithms include: the forward­
backward proximal splitting method ( discussed in P. L. Com­
bettes and J.-C. Pesquet, "Proximal Splitting methods in sig­
nal processing," in Fixed-Point Algorithms for Inverse 
Problems in Science and Engineering, Springer, p. 185 
(2011 ), incorporated herein by reference in its entirety, and 
discussed in D. P. Bertsekas, Nonlinear Programming, Sec­
ond Edition, Athena Scientific (1999), incorporated herein by 
reference in its entirety), the Douglas-Rachford splitting 
method (discussed in P. Lions and B. Mercier, "Splitting 
algorithms for the sum of two nonlinear operators," SIAM 
Journal of Numerical Analysis, 16, p. 964 (1979), incorpo­
rated herein by reference in its entirety), the alternating direc­
tion method of multipliers ( discussed in E. Esser, "Applica­
tions of lagrangian-based alternating direction methods and 
connections to split bergman," CAM Reports 09-31, UCLA, 
Center for Applied Math (2009), incorporated herein by ref­
erence in its entirety), the Korpelevich extragradient method 
( discussed in G. M. Korpelevic, "An extra gradient method for 
finding saddle points and forother problems," Ekonom, I Mat. 
Metody, 12, p. 747 (1976), incorporated herein by reference 
in its entirety), theArrow-Hurwicz method ( discussed in K. J. 
Arrow, L. Hurwicz, and H. Uzawa, Studies in linear and 
nonlinear programing, Stanford University Press (1958), 
incorporated herein by reference in its entirety), the Nester­
ov's smoothing method (discussed in Yu. Nesterov, "Smooth 
minimization of non-smooth functions," Math. Program Ser. 
A, 103, p. 127 (2005), incorporated herein by reference in its 
entirety), and the Chambolle-Pock primal-dual method ( dis­
cussed in A. Chambolle and T. Pock, "A first-order primal­
dual algorithm for convex problems with applications to 
imaging," Journal of Mathematical Imaging and Vision, 40, 
p. 120 (2011 ), incorporated herein by reference in its entirety, 
and discussed in E. Y. Sidky, J. H. Jorgensen, and X. Pan, 
"Convex optimization problem prototyping for image recon­
struction in computed tomography with the Chambolle-Pock 
algorithm," Physics in Medicine and Biology, 57, p. 3065 
(2012), incorporated herein by reference in its entirety). 

[0048] Now, the theoretical motivation for using the gener­
alized VTV is discussed. Also discussed are update equations 
for VTV constrained spectral CT reconstruction using the 
Chambolle-Pock primal-dual method, as well as a demon­
stration of the improvement of the VTV-norm-based recon­
struction method over the TV-norm based reconstruction 
method. 

[0049] For conventional non-spectral CT, the basic frame­
work for TV-based image reconstruction is summarized by 
the optimization problem 

argmin{llullJV} such that IIAu - !11 2 :;; E 
u 

where A is the projection matrix, u is the desired image, and 
E is a parameter that balances the trade-off between data 
fidelity and regularity. 
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[0050] Next, we define the conventional TV semi-norm 
ll·llrv and develop the motivation for using the generalized 
VTVnorm. 
[0051] The total-variation semi-norm employed for CT 
reconstruction is given by 

llullrv = I 11'171ull2 , 

j=l 

The operator VJ the discrete approximation to the gradient at 
pixel j. Additional details regarding the conventional TV 
semi-norm ll·llrvare given in E. Sidky, et al., "Accurate image 
reconstruction from few-views and limited-angle data in 
divergent beam CT," J Xray Sci Technol, 14, p. 119 (2008), 
incorporated herein by reference. In addition to the usefulness 
of the TV semi-norm in handling sparse data, the penalty 
imposed by the TV semi-norm is both edge-preserving and 
convex, which are important properties that are also present in 
the VTV norm. 
[0052] Now the ideas of the TV-norm reconstruction 
method to CT are extended using multiple dataset types. 
While the discussion focuses on spectral CT, the method is 
general and can be applied to other forms of image recon­
struction having multiple dataset types. For spectral CT, the 
image and data vectors consist ofM different spectral chan­
nels given by 

In one implementation, the VTV norm is given by 

liullvrv = I IID}.ill51 · 

j=l 

Since iJ is now a vector function, where each pixel corre­

sponds to a vector of "color" values, the quantity DJ iJ is the 
discrete approximation of the MxN Jacobian matrix at pixel j, 
where M and N refer to the number of spectral channels and 
spatial dimensions, respectively. We have replaced the 
12 -norm of the gradient with the nuclear norm (a.k.a. Schatten 
I-norm) of the Jacobian. At pixel j, the Jacobian has the 
following structure: 

where each row is given by the discrete gradient of the cor­
responding spectral channel. 
[0053] Consistent with the methodology of the TV semi­
norm, wherein the edges are preserved by penalizing solu­
tions for which the gradient of the image was not sparse, the 
penalty for sparse spectral CT reconstruction should mini­
mize the rank of the Jacobian over all pixels. The rank of the 
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Jacobian will be zero in constant-valued regions of the image, 
and it will be one when the gradient vectors of each spectral 
channel point in the same direction. Such a rank-minimizing 
penalty encourages gradient-sparse solutions in the same way 
as the conventional TV, and it also favors solutions having 
common edge directions in all channels. 
[0054] A true rank-minimizing penalty seeks to minimize 
ll·llso, but this leads to an optimization problem that is non­
convex and NP-hard. Instead ofusing the norm 11· 1 lso, the norm 
ll·llsi is used as a convex surrogate. 
[ 0055] Using this VTV norm, the primal optimization prob­
lem is given by 

argmin{IIJ.illvrv} such that IIAu -111
2 

:;; E, 

u 

where the operator A is the CT projection matrix applied to 

each channel of u. In one implementation, the image recon­
struction problem is solved using the primal-dual algorithm 
proposed by Chambolle and Pock. 

[0056] The basic premise of the Chambolle-Pockmethodis 
to recast the primal optimization problem into a saddle-point 
problem and to alternate between gradient descent steps in the 
primal variable and ascent steps in the dual variables using a 
proximal splitting scheme. The saddle-point problem equiva­
lent to the primal optimization problem is 

minmax{-(u, Div(?))+ (7f, Au - l)-6s(?)- cllqll~} 
u ?,q 

where /ls( t) is an indicator function defined as 

Os(?)= { 00

0 
CTmaA?):;; 1 

otherwise 

and the Div operator is the discrete divergence operator 

applied to each spectral channel of u. The update equations 
follow from this saddle-point problem in a straight-forward 
manner as discussed in the previous reference by E. Y. Sidky, 
J. H. Jorgensen, andX. Pan detailing the application of the CP 
algorithm to related optimization problems. 

[0057] FIG. 4 shows a method for iterative image recon­
struction using a primal-dual optimization step or variation 
thereof. The first step S410 is obtaining the projection data. 
For example, the data can be obtained by taking a series of 
projection measurements at predetermined angles, or the data 
can be previously obtained and stored on a computer-readable 
memory from which it is retrieved in step S410. 

[0058] The second step 420 is a process whereby the 

images u and related values are updated. There are many 
methods for iterative image reconstruction based on dual­
primal optimization, one of which is Chambolle-Pock algo­
rithm discussed in the flow diagram shown in FIG. 5. While 
the Chambolle-Pock method is particularly efficient for solv-
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ing the present problem, other methods for calculating 
updated images that accomplish the same primal-dual opti­
mization include the forward-backward proximal splitting 
method, the Douglas-Rachford splitting method, the alternat­
ing direction method of multipliers, the Korpelevich extra­
gradient method, the Arrow-Hurwicz method, and the Nest­
erov's smoothing method. 
[0059] The third step S430 inquires whether the recon­
structed image has sufficiently converged according to a pre­
determined convergence criterion. For example, the conver­
gence criterion can be whether the distance between the 
previous and current images is less than a predetermined 
value, where the distance is defined by some predetermined 
distance measure such as an 12-norm taken on the difference 
between the previous and current images. If the image has not 
adequately converged, then method 400 proceeds back to 
process 420. Otherwise, the iterative loop is complete and 
method 400 proceeds to the post processing step S440. 
[0060] In the final step S440, post processing of the data is 
performed. This post processing can include filtering steps, 
image processing such as volume rendering and image dif­
ference processing, image-domain material decomposition, 
and determining various basis-image representations, such as 
maps of the attenuation, density, or effective Z. 
[0061] FIG. 5 shows a flow diagram of the primal-dual 
optimization process 420 of calculating the updates to the 
image and related values. The first step 510 of process 420 is 
to update the image and related values according to an ascent 
of the dual. The second step 520 of process 420 is to update 
the image and related values according to a descent of the 
primal. In the Chambolle-Pock method, update equations 
achieving the objectives of steps 510 and 520 are performed 
by proximal mappings of the resolvent operators, as dis­
cussed in discussed in the previous reference by A. Cham­
bolle and T. Pock. 

[0062] The primal optimization problem has one free 
parameter, E, that controls the trade-off between data-fidelity 
and regularity. In practice, the best choice of E will depend on 
how noisy the data is and the particular clinical task. 

[0063] In an alternative implementation, the 

[0064] FIG. 6 shows an implementation of the image recon­
struction processor 212 that performs the method 400. In FIG. 
6, the image reconstruction processor 212 includes a CPU 
600 which performs the processes described herein. Process 
data and instructions may be stored in memory 602. Processes 
and instructions may also be stored on a storage medium disk 
604 such as a hard drive (HDD) or portable storage medium 
or may be stored remotely. Further, this disclosure is not 
limited by the form of the computer-readable media on which 
the instructions are stored. For example, the instructions may 
be stored on CDs, DVDs, in FLASH memory, RAM, ROM, 
PROM, EPROM, EEPROM, hard disk or any other informa­
tion processing device with which the image reconstruction 
processor 212 communicates, such as a server or computer. 
[0065] Further, aspects of this disclosure may be provided 
as a utility application, background daemon, or component of 
an operating system, or combination thereof, executing in 
conjunction with CPU 600 and an operating system such as 
Microsoft Windows 7, UNIX, Solaris, LINUX, Apple MAC­
OS and other systems known to those skilled in the art. 
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[0066] CPU 600 may be a Xenon or Core processor from 
Intel of America or an Opteron processor from AMD of 
America, or may be other processor types that would be 
recognized by one of ordinary skill in the art, such as an 
ARM-based processor. Alternatively, the CPU 600 may be 
implemented on an FPGA, ASIC, PLD or using discrete logic 
circuits, as one of ordinary skill in the art would recognize. 
Further, CPU 600 may be implemented as multiple proces­
sors cooperatively working in parallel to perform the instruc­
tions of the inventive processes described above. 
[0067] The image reconstruction processor 212 in FIG. 6 
also includes a network controller 606, such as an Intel Eth­
ernet PRO network interface card from Intel Corporation of 
America, for interfacing with network 630. As can be appre­
ciated, the network 630 can be a public network, such as the 
Internet, or a private network such as an LAN or WAN net­
work, or any combination thereof and can also include PSTN 
or ISDN sub-networks. The network 630 can also be wired, 
such as an Ethernet network, or can be wireless such as a 
cellular network including EDGE, 3G and 4G wireless cel­
lular systems. The wireless network can also be WiFi, Blue­
tooth, or another wireless form of communication. 
[0068] The image reconstruction processor 212 further 
includes a display controller 608, such as a NVIDIA GeForce 
GTX or Quadro graphics adaptor from NVIDIA Corporation 
of America that respectively interface with a corresponding 
display 610, such as a Hewlett Packard HPL2445w LCD 
monitor. 
[0069] The image reconstruction processor 212 further 
includes a general purpose I/O interface 612 interfaces with a 
keyboard and/or mouse 614 as well as sensors 616. The 
general purpose I/O interface 612 can also connect to a vari­
ety of actuators 618. The general purpose I/O interface 612 
can also connect to a variety of peripherals including printers 
and scanners, such as an OfficeJet or DeskJet from Hewlett 
Packard. 
[0070] A sound controller 620 is also provided in the image 
reconstruction processing unit 212, such as Sound Blaster 
X-Fi Titanium from Creative, to interface with speakers/mi­
crophone 622 thereby providing sounds and/or music. 
[0071] The general purpose storage controller 624 connects 
the storage medium disk 604 with communication bus 626, 
which may be an ISA, EISA, VESA, PCI, or similar, for 
interconnecting all of the components of the image recon­
struction processing unit 212. A description of the general 
features and functionality of the display 610, keyboard and/or 
mouse 614, as well as the display controller 608, storage 
controller 624, network controller 606, sound controller 620, 
and general purpose I/O interface 612 is omitted herein for 
brevity as these features are known. 
[0072] FIGS. 7-9 demonstrate the advantages of the VTV 
method applied collectively to multiple channels compared to 
the TV method applied separately to each channel FIG. 7 
shows an anthropomorphic thorax phantom composed of 
bone and soft-tissue (water). Simulated CT data was created 
from this phantom creating 100 views of noisy projection data 
at 60, 80, and 100 keV with a detector sampling of 896 bins. 
FIG. 8 shows the channel-by-channel image reconstructed 
using the TV iterative image reconstruction method. FIG. 9 
shows the VTV reconstructed images.All images were recon­
structed onto a 512-512 grid with 1 mm pixels. Table 2 gives 
the root-mean-square error (RMSE) for each of the recon­
structed images. The same values of E are used between the 
two cases in order to make a valid comparison. 
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TABLE2 

Image root-mean-square error (RMSE) for the conventional 
TV method applied channel-by-channel (TVs) and 

the VTV method applied simultaneously to all channels. 

TVs VTV 

EIE* 0.2 0.5 1.0 0.2 0.5 

60 keV image 0.057 0.025 0.G15 0.048 0.023 
80 keV image 0.040 0.017 0.010 0.036 0.016 

100 keV image 0.035 0.014 0.008 0.032 0.013 
bone image 0.560 0.228 0.074 0.477 0.216 
water image 0.752 0.303 0.086 0.649 0.288 

1.0 

0.011 
0.007 
0.005 
0.045 
0.039 

[0073] Since, in this simulation study, the ground truth 
image is available, the ground truth image is used to establish 
a baseline for reasonable E values. Particularly, the reference 
value, E* is calculated as 

e*~IIAu <rue - ]lb, 

where u true is the ground truth image data and f is the noisy 
projection data. Then the reconstruction is performed by 
selecting ErE*, where 0<y<l. For this study, values of 0.2, 
0 .5, and 1. 0 are used for y in order to evaluate the impact of our 
VTV for different levels of regularization. 
[0074] In FIGS. 8-9, the 60, 80, and 100 keV energy chan­
nel images were reconstructed, and a post-reconstruction, 
image-domain material decomposition was performed. Since 
the simulations used perfectly monochromatic data, the 
decomposition amounts to solving a trivial linear system (i.e., 
there is no issue for beam hardening or related complications 
encountered in practice). 
[0075] Qualitatively, it can be observed that using the VTV 
regularizer has a universally positive impact on the images, 
reducing artifacts and producing much cleaner edges. This 
trend is consistent for all energy channels and E values. Addi­
tionally, it can be observed that the overall image accuracy is 
improved, which can be seen from the RMSE values in Table 
2. 
[0076] Generally, the VTV method possesses many of the 
desirable properties of the conventional TV penalty approach, 
and additionally introduces a coupling between spectral 
channels that encourages a consistent edge structure. Using 
the VTV penalty results in cleaner edges and reduced artifacts 
compared to separately reconstructing each channel. An addi­
tional benefit is that the resulting optimization problem is no 
more difficult than the conventional constrained TV minimi­
zation problem, by using simple update equations based on 
the primal-dual CP algorithm. 
[0077] While certain implementations have been 
described, these implementations have been presented by 
way of example only, and are not intended to limit the teach­
ings of this disclosure. Indeed, the novel methods, appara­
tuses and systems described herein may be embodied in a 
variety of other forms; furthermore, various omissions, sub­
stitutions and changes in the form of the methods, apparatuses 
and systems described herein may be made without departing 
from the spirit of this disclosure. 

1. An apparatus, comprising: 
processing circuitry configured to 

obtain a plurality of projection datasets, wherein each 
projection dataset is obtained from a different detec­
tor type or different detector configuration; and 
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reconstruct, from the plurality of projection datasets, a 
corresponding plurality of images using a combined 
image reconstruction, wherein the combined image 
reconstruction increases a spatial correlation among 
the corresponding plurality of images relative to a 
spatial correlation among a plurality of images that 
are reconstructed using an individual image recon­
struction that individually reconstructs each of the 
plurality of images. 

2. The apparatus according to claim 1, wherein the pro­
cessing circuitry is further configured to reconstruct the plu­
rality of images using the combined image reconstruction, 
which uses a vectorial-total-variation norm of the plurality of 
images. 

3. The apparatus according to claim 1, wherein the pro­
cessing circuitry is further configured to obtain the plurality 
of projection datasets, which include a first projection dataset 
from an energy-integrating detector and a second projection 
dataset from a photon-counting spectrally-discriminating 
detector. 

4. The apparatus according to claim 3, further comprising: 
an X-ray source radiating X-rays; 
the energy-integrating X-ray detector configured to detect 

the X-rays that are radiated from the X-ray source and 
generate the first projection dataset; and 

the photon-counting spectrally-discriminating X-ray 
detector configured to detect the X-rays that are radiated 
from the X-ray source and generate the second projec­
tion dataset. 

5. The apparatus according to claim 1, wherein the pro­
cessing circuitry is further configured to obtain the plurality 
of projection datasets, which include a first projection dataset 
from an energy-integrating detector arranged in a closely 
packed third-generation geometry and a second projection 
dataset from a photon-counting spectrally-discriminating 
detector arranged in a sparsely distributed fourth-generation 
geometry. 

6. The apparatus according to claim 1, wherein the pro­
cessing circuitry is further configured to obtain the plurality 
of projection datasets, which include a first projection dataset 
obtained using a detector configuration to detect a first spec­
trum and a second projection dataset obtained using a detec­
tor configuration to detect a second spectrum, wherein the 
energy expectation value of the first spectrum is greater than 
the energy expectation value of the second spectrum. 

7. The apparatus according to claim 1, wherein the pro­
cessing circuitry is further configured to obtain the plurality 
of projection datasets, which include a first projection dataset 
from a photon-counting detector post-processed to include 
detection events corresponding to a first spectrum and a sec­
ond projection dataset from a photon-counting detector post­
processed to include detection events corresponding to a sec­
ond spectrum, wherein the energy expectation value of the 
first spectrum is greater than the energy expectation value of 
the second spectrum. 

8. The apparatus according to claim 2, wherein the pro­
cessing circuitry is further configured to reconstruct the plu­
rality of images by solving a primal optimization problem by 
minimizing the vectorial-total-variation norm of the plurality 
of images such that a first condition is also satisfied. 

9. The apparatus according to claim 8, wherein the pro­
cessing circuitry is further configured to reconstruct the plu­
rality ofimages such that the first condition is a constraint that 
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IIAu'-fl~<E, 

wherein u is a vector of image values, 7 is a vector of the 
plurality of projection datasets, A is a system matrix relating 
the image values to the projection datasets values, and E is an 
error bound of a p-norm of a system matrix equation. 

10. The apparatus according to claim 1, wherein the pro­
cessing circuitry is further configured to reconstruct the plu­
rality of images by solving a primal optimization problem 
according to one of 

argmin{liullVJ11 such that IIAu -111 < e}, 
u p 

argrmn{liullVJll + W1(I IID1u11;)q such that IIAu - lllp < e), 
u J+l 

and 

argmin{liullVJll + Wj IIAu -111: + w2(I IID1u11;n, 
U j+l 

wherein u is a vector of image values, 7 is a vector of the 
plurality of projection datasets; A is a system matrix relating 
the image values to the projection datasets values; i, j, k, m, n, 
p, and q are parameters in the range [O, oo], E is an error 
threshold limiting the solution error of the system matrix 
equation, and w 1 and w 2 are predetermined weight factors to 
balance the relative significance of the terms in each minimi­
zation expression. 

11. The apparatus according to claim 8, wherein the pro­
cessing circuitry is further configured to solve the primal 
optimization problem, which has been expressed as a primal­
dual saddle-point problem, using one of: a forward-backward 
proximal splitting method, a Douglas-Rachford splitting 
method, an alternating direction method of multipliers, a 
Korpelevich extragradient method, a Arrow-Hurwicz 
method, a Nesterov's smoothing method, and a Chambolle­
Pock primal-dual method. 

12. A method, comprising: 
obtaining a plurality of projection datasets, wherein each 

projection dataset of the plurality of projection datasets 
is obtained from a different detector type or configura­
tion; and 

reconstructing, from the plurality of projection datasets, a 
corresponding plurality of images using a combined 
image reconstruction, wherein the combined image 
reconstruction increases a spatial correlation among the 
corresponding plurality of images relative to a spatial 
correlation among a plurality of images that are recon­
structed using an individual image reconstruction that 
individually reconstructs each of the plurality of images 
using a respective projection dataset of the plurality of 
projection datasets. 

13. The method according to claim 12, wherein the recon­
structing step comprises reconstructing the plurality of 
images using the combined image reconstruction, which uses 
a vectorial-total-variation norm of the plurality of images. 

14. The method according to claim 12, wherein the obtain­
ing step comprises obtaining the plurality of projection 
datasets, which include a first projection dataset representing 
projection data from an energy-integrating detector and a 
second projection dataset representing projection data from a 
photon-counting spectrally-discriminating detector. 
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15. The method according to claim 12, wherein the obtain­
ing step comprises obtaining the plurality of projection 
datasets, which include a first projection dataset representing 
projection data from an energy-integrating detector arranged 
in a closely packed third-generation geometry and a second 
projection dataset representing projection data from a pho­
ton-counting spectrally-discriminating detector arranged in a 
sparsely distributed fourth-generation geometry. 

16. The method according to claim 12, wherein the obtain­
ing step comprises obtaining the plurality of projection 
datasets, which include a first projection dataset representing 
projection data obtained using a detector configuration to 
detect a first spectrum and a second projection dataset repre­
senting projection data obtained using a detector configura­
tion to detect a second spectrum. 

17. The apparatus according to claim 11, wherein the 
obtaining step comprises obtaining the plurality of projection 
datasets, which include a first projection dataset representing 
projection data from a photon-counting detector post-pro­
cessed to include detection events corresponding to a first 
spectrum and a second projection dataset representing pro­
jection data from a photon-counting detector post-processed 
to include detection events corresponding to a second spec­
trum, wherein the energy expectation value of the first spec­
trum is greater than the energy expectation value of the sec­
ond spectrum. 

18. The method according to claim 12, wherein the step of 
reconstructing the plurality ofimages is performed by solving 
a primal optimization problem by minimizing the vectorial­
total-variation norm of the plurality of images such that a first 
condition is also satisfied. 

19. The method according to claim 17, wherein the first 
condition is that 

wherein iJ is a vector of image values, 7 is a vector of values 
of the plurality of projection datasets, A is a system matrix 
relating the image values to the projection data values, and E 

is an error bound of the p-norm of a system matrix equation. 
20. The method according to claim 17, wherein the step of 

reconstructing the plurality of images comprises solving the 
primal optimization problem, which has been expressed as a 
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primal-dual saddle-point problem using one of: a forward­
backward proximal splitting method, a Douglas-Rachford 
splitting method, an alternating direction method of multipli­
ers, a Korpelevich extragradient method, a Arrow-Hurwicz 
method, a Nesterov's smoothing method, and a Chambolle­
Pock primal-dual method. 

21. A non-transitory computer-readable medium storing 
executable instructions, wherein the instructions, when 
executed by processing circuitry, cause the processing cir­
cuitry to perform a method, comprising: 

obtaining a plurality of projection datasets, wherein each 
projection dataset of the plurality of projection datasets 
is obtained from a different detector type or configura­
tion; and 

reconstructing, from the plurality of projection datasets, a 
corresponding plurality of images using a combined 
image reconstruction, wherein the combined image 
reconstruction increases a spatial correlation among the 
corresponding plurality of images relative to a spatial 
correlation among a plurality of images that are recon­
structed using an individual image reconstruction that 
individually reconstructs each of the plurality of images 
using a respective projection dataset of the plurality of 
projection datasets. 

22. An apparatus, comprising: 
processing circuitry configured to 

obtain a plurality of projection datasets, wherein each 
projection dataset represents projection data of a cor­
responding energy range; 

decompose the plurality of projection datasets into a 
plurality of material projection datasets representing a 
material decomposition of the plurality of projection 
datasets; and 

reconstruct, from the plurality of material projection 
datasets, a corresponding plurality of images using a 
combined image reconstruction, wherein the com­
bined image reconstruction increases a spatial corre­
lation among the corresponding plurality of images 
relative to a spatial correlation among a plurality of 
images that are reconstructed using an individual 
image reconstruction that individually reconstructs 
each of the plurality of images. 

* * * * * 


