REGULARIZED 3D ITERATIVE RECONSTRUCTION ON A MOBILE C-ARM CT

Yongsheng Pan and Ross Whitaker * Arvi Cheryauka and Dave Ferguson'
Scientific Computing and Imaging Institute GE Healthcare-Surgery
University of Utah, Salt Lake City, Utah, 84112 Salt Lake City, Utah, 84116
ABSTRACT tion [6] is utilized to regularize the SART algorithm. Reeon

3D iterative CT reconstruction is an active research aredtruction results for both synthetic and real data are ptese
in medical imaging. Compared with analytic reconstruction 1 he paper is organized as follows. Section 2 introduces
methods such as FDK, iterative methods may provide pethe be_lckground mformatlo_n for SART an_d TV re_gularlzatmn._
ter reconstruction results for incomplete and noisy projecGPU implementation details are shown in Section 3. Experi-
tion data. The simultaneous algebraic reconstruction-tecfnental results are provided in Section 4, followed by the-sum
nique (SART), one of the most popular iterative reconstrucary in Section 5.
tion methods, is applied in the cone-beam geometry for high-
resolution reconstruction, with the help of graphics haackv 2. BACKGROUND
(GPU) and total variation (TV) regularization. GPU greatly
improves the efficiency of SART, which is computationally Mathematical details of the SART algorithm and the TV regu-
intense for CPU, and thus makes it suitable for clinical aplarization are provided in this section. These algorithoraf
plications. TV regularization reduces the effects of neisd  the framework implemented in Section 3.
helps the convergence of SART for noisy data. Experimental
results for both synthetic and real data are provided taueval 2.1. Introduction to SART

ate the accuracy and efficiency of the proposed framework. o )
SART [1] takes every pixel in the object to be reconstructed

Index Terms— Cone-beam CT, iterative reconstruction, as an unknown variable, and and it takes each projection mea-

SART, GPU, TV regularization surement as a weighted summation of these variables. SART
accomplishes CT reconstruction by solving the unknown vari
1. INTRODUCTION ables from the acquired measurements. Specifically, SART is

designed to solve the following simultaneous equatioresyst

Iterative CT reconstruction methods such as SART have been
proposed since the late eighties [1]. These methods have N
advantages over analytical reconstruction methods such as pi = Zwiivﬂ' @)
FDK [2] for incomplete and noisy projection data. However, =1
most industrial manufacturers have utilized FDK in theirwhere p; represents theth projection, Wij represents the
products so far because the high computational cost of SAR[eight which the voxeb; contributes its value to the pro-
hinders its practical application. jectioni. Reconstruction is achieved by finding from the

Iterative reconstruction methods have recently become agequation system (1). The weight;; is assumed to be known.
tive again due to the rapid developments of commodity hard- The SART algorithm solves the equation system by itera-
ware, such as GPU [3] [4] and Cell BE processor [5]. Thistively applying a correction array to each voxelas follows
hardware may greatly enhance the efficiency for SART and

make SART appropriate for clinical applications. S {w Pi= Yy WimVy, }
. . % v SN _w
On the other hand, regularizations are usually necessary U;?H — v;,f A m=1Wim @)
for SART to reduce the effects of noise and enhance conver- 225 Wi

gence, especially for projection data with strong noisealfo \ynere is a constant coefficient. This process in Eq. 2 can be
variation (TV) minimization is a good method for the regular decomposed into two steps: the forward projection step and

ization of SART. _ S the backward projection step. The forward projection step
The performance of SART is studied in this paper. Acomputes a correction image for each ray, i.e.,

GPU is utilized to improve its efficiency, while TV minimiza-
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The backward projection step updates each voxel by backpro-
jecting to it the contribution of each correction image,,i.e
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The SART algorithm has advantages over analytic recon-

struction methods based on FDK [2], especially when few

projections are available and when the projections areynois _. . o - .
It is also more stable to the variations in the imaging geom_!:'g' 1. lllustration of TV regularization. (a) Original noisy

etry, such as the moving trajectory of imaging sources angnage- (b) Image rggularlze_d using TV with=0.1. (c) Im-
detectors. However, SART is computationally intense, an§9® regularized using TV with = 0.5.

it may require a lot of memory to store the weight infor-
mation. Furthermore, regularization is usually necesgary
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2.2. Introduction to TV Regularization 1 '“"‘-"_K
Interpalation I | S / y
Total variation regularization [6] is a nonlinear image ueg W pixel
larization method that reduces the total variation of angena Cibjeet B

while keeping the regularized image similar to the original
image. Given an imag¢ defined on domaif?, this method
seeks a regularized imagewhich minimizes the following
energy function

@

Fig. 2. lllustration of ray-based forward projection using
a ) GPU.
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whereq is a constant coefficient. This energy functional hag>Ource to each pixel in the detector plane is spatially deter

. X . mined, and the intersection points of the ray entering and ex
the nice property of preserving straight, sharp edges,tamsl t ... . - .
; . . iting the object are calculated. The projection measureisen
allows solutions to have a piecewise flat property.

The minimization of the energy functional () is numeri- then calculated by accumulating the samples from the object

; . . along the ray between the intersection points using an eguid
cally calculated using the following updating scheme . : e .
tant step size. Interpolation methods such as trilinear-int

Uni1 — Un YV, polation may be applied to specify the object value at each
— Y =V ] a(u—f) (6)  sampling point. In the GPU implementation, the object data
" is stored as a 3D texture to utilize the hardware-accelérate

The minimization is iteratively processed until convergen  interpolation functionality in the graphics card. Furtiere,

Fig. 1 illustrates the regularization effects of TV. Figo)l( GPU computes the weight information on the fly without stor-
shows the TV regularization results from the original imageind it to save GPU memory.
Fig. 1(a) with the coefficient = 0.1, and Fig. 1(c) shows the The mechanism of voxel-based backward projection for
TV regularization results with the coefficient= 0.5. Itcan  Ed. 4 is illustrated in Fig. 3. For each voxel in the objecg th
be seen that the TV regularization results contain lessenoigay determined by the source and this voxel is utilized te cal
than the original image and that the results in Fig. 1(c) argulate the intersection point with the detector plane. Tdre c
closer to the original image with larger. rection value for this voxel is then calculated by interpioig
the values in the detector plane. In the GPU implementation
the correction data from the detector plane is stored as a 3D
texture for fast data access and efficient hardware-aeteber
interpolation.

3. IMPLEMENTATION DETAILS

SART and TV are combined for iterative reconstruction in
this paper. Specifically, Eqg. 3, Eq. 4 and Eq. 6 are applied

sequentially for a specified nhumber of iteration until canve 4. EXPERIMENTAL RESULTS
gence. GPU implementation details for Eq. 3 and Eq. 4 are
illustrated here, utilizing the methods in [7]. Experimental results for cone-beam CT are presented here to

The mechanism of ray-based forward projection for Eq. 3llustrate the GPU implementation of SART. Nvidia CUDA
is illustrated in Fig. 2. For each projection, the ray from th is utilized for the GPU implementation on the Nvidia’'s
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Fig. 3. lllustration of voxel-based backward projection using
GPU.

Geforce GTX 280 GPU, which has 240 processor cores with
1296MHz processor clock, 1GB GPU memory with 1107
MHz memory clock, and 141.7GB memory bandwidth.

Fig. 4 shows the SART reconstruction results for large
real data using GPU. The object is a chest of a mouse of size
256x256x193. 100 projections are generated with the de-
tector size 339339. Fig. 4(a) shows the original image for © @
slice 110 in the mouse data. Fig. 4(b)-Fig. 4(d) represent th

SART reconstruction results after 5, 40, and 200 iteration%ig 4. GPU reconstruction results using SART for large

respectively. The whole 200 SART iterations take 22.9 S€Cx ouse chest data (Object volume: 256x 193, Projec-

onds using the Nvidia Geforce G280 graphics card, with 0. ion data: 100339x 339, no TV). (a) Original image for slice
second for each iteration on the average. Fig. 5 shows the v '

deri £ th di ) il 10. (b) SART results after 5 iterations. (c) SART results af
ume rendering o the corresponding 'reconstruct|on results 4o 40 iterations. (d) SART results after 200 iterations.
Fig. 4 using the same transfer function. These results show

that the GPU implementation of SART may achieve accurate
reconstruction in a very efficient way.

Fig. 6 demonstrates the effects of TV regularization on
SART results for noisy projection data. Fig. 6(a) shows the
110th slice of the original data. Multiplicative noise isded
to the generated projection data. If the value of a projectio
is p, its value is changed to hg1 — 0.3a), wherex is a ran-
dom number between 0 and 1. Fig. 6(b) shows the 1st slice
of the projection data before adding noise, while Fig. 6(c)
represents the same slice after noise is added. Fig. 6(d) and (@ (b)
Fig. 6(f) show the SART reconstruction results from noisy
projection data after 20 and 200 iterations with no TV reg-
ularization. Fig. 6(e) and Fig. 6(g) show the SART results
from noisy projection data after 20 and 200 iterations with
TV regularization. It can be seen that TV regularizatiorpkel
SART achieve much better reconstruction results, which con
tains much less noise. The reconstruction results in Fig. 6
with TV regularization take 25.8 seconds for 200 iterations

(d)

5. SUMMARY

lterative CT reconstruction methods, which are robust to inFig. 5. Volume rendering of GPU SART reconstruc-
complete and noisy projection data, have great potential ifion results for a mouse chest. No TV. (Object volume:
real applications. SART, along with TV regularization, ts u  256x256x 193, Projection data: 160839x339). (a) Orig-
lized in the paper for reconstruction. CUDA GPU is utilized inal volume. (b) SART results after 5 iterations. (c) SART
to speed up the computation. This paper presents the resul@sults after 40 iterations. (d) SART results after 200aiter
on 3D real images. The results show that GPU-acceleratdiPns.



SART algorithm with TV regularization may generate high-
quality reconstructions with high potential for clinicgali-
cations. Future work will be focused on the SART conver-
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(3]
(4]

(5]

(6]

(7]

Fig. 6. 3D SART using TV regularization for mouse
chest data. (Object volume: 25856x193, Projection
data: 10x339x339). (a) The 110th slice from the orig-
inal volume. (b) The 1st slice from the projection data.
(c) The 1st slice from the projection data with added noise.
(d) SART results after 20 iterations with no TV regulariza-
tion. (e) SART results after 20 iterations with TV regulariz
tion. (f) SART results after 200 iterations with no TV reg-
ularization. (g) SART results after 200 iterations with TV
regularization.

gence with respect to noise and new regularization methods.
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