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In PROPELLER, raw data are collected in N strips, each locating at the center of k-space and consisting
of Mx sampling points in frequency encoding direction and L lines in phase encoding direction. Phase
correction, rotation correction, and translation correction are used to remove artifacts caused by
physiological motion and physical movement, but their time complexities reach O(Mx × Mx × L × N),
O(N × RA × Mx × L × (Mx × L + RN × RN)), and O(N × (RN × RN + Mx × L)) where RN × RN is the
coordinate space each strip gridded onto and RA denotes the rotation range. A CUDA accelerated
method is proposed in this paper to improve their performances. Although our method is
implemented on a general PC with Geforce 8800GT and Intel Core(TM)2 E6550 2.33 GHz, it can
directly run on more modern GPUs and achieve a greater speedup ratio without being changed.
Experiments demonstrate that (1) our CUDA accelerated phase correction achieves exactly the same
result with the non-accelerated implementation, (2) the results of our CUDA accelerated rotation
correction and translation correction have only slight differences with those of their non-
accelerated implementation, (3) images reconstructed from the motion correction results of CUDA
accelerated methods proposed in this paper satisfy the clinical requirements, and (4) the speed up
ratio is close to 6.5.
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1. Introduction

Magnetic resonance imaging (MRI) is popularly used in medical
diagnosis over other modalities for its various advantages, such as no
ionizing radiation, high spatial resolution, the ability to produce
anatomical images at arbitrary cross-sections, and high soft-tissue
contrast [1]. In order to obtain such high quality and diagnostically
interpretable images, a relatively long-time is required for MRI to
collect data and reconstruct images, which makes magnetic
resonance images vulnerable to artifacts caused by physiological
motion (e.g. cardiac and respiratory movements) or physical
movement (patient's voluntary or involuntary movements, e.g. eye
movements, swallowing, and head or limb movements) [2],
especially for children, elderly people or patients suffering from
certain medical conditions (e.g. Parkinson's disease and stroke), who
can hardly keep still during the scan [3].
In order to reduce the misidentification of location information,
promote the vital anatomical details, improve the diagnostic
confidence of the images, and avoid the requirement of scan
repetition, various investigations have focused on reducing the
artifacts from magnetic resonance images which can be classified
into prospective motion correction and retrospective motion
correction. In prospective correction methods, motion and move-
ment are compensated during data acquisition by changing the
scanner coordinate system according to the patient in real-time [4],
introducing additional navigator echoes [5,6], attaching active
markers to the patient [3,7], or utilizing external tracking systems
[8]. This implies a real-time detection of the patient's pose during the
scan, scanning with a variety of k-space trajectory shapes [9–12],
introducing micro radio frequency (RF) coils [13], or using optical
monitors or other hardware such as a mounted camera system and
patient bite bar to provide rapid and slice-wise motion correction
[7,14]. On the other hand, retrospective motion correction, which is
also named post-processing correction, compensates for the influ-
ence of motion by performing image-based registration of multiple
acquired volumes for dynamic scans [15], corrupting individual
slices for segmented scans [16], or acquiring additional data on top of
the regular imaging data to measure and correct motion and
movement [17]. The periodically rotated overlapping parallel lines
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with enhanced reconstruction (PROPELLER) known as a type of self-
navigating data collection and motion correction method was
introduced into clinical practice by J.G. Pipe in [18]. The correlative
characteristics of center oversampling of k-space are used to correct
the artifacts resulting from the translational and/or the rotational
motion that occurred during the scan. In PROPELLER, raw data,
which are used to reconstruct images after motion correction, are
collected in k-space in N strips, each consisting of L parallel linear
trajectories. These linear trajectories correspond to the L lowest
frequency phase encoded lines in conventional methods, in which
data are collected in a Cartesian trajectory. Each strip of phase
encoded lines can be collected with a single radio frequency
excitation in one echo train. The overlap between strips merges
into a central circle in k-space as the overlap decreases at higher
spatial frequencies and peripheral k-space values are measured by a
single strip. Because Contrast Ratio (CR) and Signal Noise Ratio
(SNR) are mainly decided by the low frequency signals which are
located at the center of k-space, images reconstructed by PROPELLER
have a higher CR and SNR. In order to obtain diagnostically
interpretable images, a motion correction procedure is used in
PROPELLER to eliminate artifacts caused by patients' movements or
physiological motion. Because k-space is non-uniformly sampled,
after motion correction, raw data have to be re-sampled on Cartesian
coordinate space and the final image is reconstructed by Inverse Fast
Fourier Transform (IFFT). However, the time complexity of motion
correction slows down the reconstruction, which limits its clinical
application and development.

In our previous work, a CUDA accelerated reverse gridding
method was proposed to re-sample the raw data uniformly and we
obtained nearly octuple speedup [19]. If not specially specified, we
use this reverse gridding as the default gridding method in this
paper. As a continuous work, we propose a CUDA accelerated
method in this paper to improve the performance of motion
correction methods existing in PROPELLER, which include phase
correction, bulk rotation correction, and bulk translation correction.
This paper is organized as follows. The principles of motion
correction methods and image reconstruction are briefly introduced
in the following section. In section 3, we give a pseudo-code for each
of these correction methods and analyze their time complexities
individually. We then introduce the CUDA model and propose a
CUDA accelerated method for each of these correction methods in
section 4. In section 5, one simulation water phantom, one no-
motion brain data, and onemotion brain data are used to validate the
correctness and evaluate the performance of our method. We
conclude our work in section 6.
2. Motion correction and image reconstruction

In PROPELLER, raw data are collected in k-space with My parallel
linear trajectories, which are also named phase encoding lines.
Each linear trajectory consists of Mx sampling points in frequency-
encoding direction. The k-space is sampled by N concentric rotated
strips, each consisting of the L lowest frequency phase encoded
lines which are located at the center of My. Therefore, the overlap
between strips merges into a central circle in k-space and the
whole k-space is filled with trajectory S. The acquisition assumes a
circular coverage and a circular field of view (FOV) in k-space. In
order to eliminate artifacts caused by patients' movements or
physiological motion, rotation correction is used to compensate for
the trajectory; whereas phase correction and translation correction
are used to correct the raw data. Due to this non-uniform sampling,
after motion correction, raw data have to be uniformly re-sampled
onto the Cartesian coordinate space before the final image is
reconstructed by IFFT.
2.1. Phase correction

Due to the imperfect gradient balancing along the readout
direction and the eddy currents, the point of rotation center is not
exactly the center of k-space. On the basis of Fourier Transforma-
tion, this displacement of rotation center results in a low-frequency
spatially varying phase in image space for each strip. One can
remove the k-space translation and eliminate the motion-related
phase by first windowing the raw data M(n) of strip n, where
1 ≤ n ≤ N, with a triangular function, then transforming the result
and the original raw data M(n) of strip n into complex image I and
IΛ using Fast Fourier Transform (FFT), removing the phase of IΛ
from I, and finally transforming the result back to achieve the
corrected raw data M’(n) using IFFT. The triangular function can be
written as

Λ xð Þ ¼ 2x=T ; for 0≤xbT=2
2 T−xð Þ=T; for T=2≤xbT

�
ð1Þ

which can be easily extended into two-dimension by taking T = Mx

in frequency-encoding direction and setting T = L in phase-encod-
ing direction, respectively. Suppose Ph(•) denotes the phase of
complex •, removing the phase of IΛ from I can be expressed by the
following formula as

I′ p; qð Þ ¼ I p; qð Þj je−iϕ
: ð2Þ

where (p,q) is the pixel index and φ = Ph(I(p,q)-IΛ(p,q)).

2.2. Rotation correction

In Fourier transformation theory, rotation of an object in image
space results in identical rotations of its Fourier transform in k-space.
Thus, the rotation of an object can be assessed by themagnitude of k-
space data. As mentioned above, there is a circle (the diameter is
L/FOV) in the center of k-space, which is spanned into a set of
Cartesian coordinates defined as R (the resolution is RN × RN). A
reference data set MA in k-space is formed by gridding the raw data
M(n) of the n-th strip inside this circle onto R, calculating complex
modulus of the re-sampled result, and averaging the modulus of all
strips together. For each strip, the trajectory S(n) is then rotated by ra
radian (ranging from −RA to RA). Raw data of this strip are re-
sampled from this new trajectory onto R. At last, a real number
matrix Mn is formed by setting its elements to be the module of the
gridding result. The correlation between Mn and MA is measured by
the following equation

Cn ¼
∑RN

i¼1∑
RN
j¼1 MA i; jð Þ−MA

� �
Mn i; jð Þ−Mn

� �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
∑RN

i¼1∑
RN
j¼1 MA i; jð Þ−MA

� �2∑RN
i¼1∑

RN
j¼1 Mn i; jð Þ−Mn

� �2q ð3Þ

where MA and Mn denote the average of elements in MA and Mn,
respectively. The correlation Cn should be largest whenMn is rotated
to the magnitude-weighted average rotation of MA. Once the largest
correction is determined, the rotation angle Ra used to reduce
motion from this strip is estimated and the trajectory of this strip is
rotated by the correction angle Ra to match this estimation.

2.3. Translation correction

It is different from rotation of an object in image space
producing identical rotations of its Fourier transform in k-space
that shifts of an object in image space result in linear phase shifts
in k-space. Translation correction is used to eliminate these shifts
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in PROPELLER. The same as mentioned in rotation correction, there
is a circle in the center of k-space, which is spanned into a set of
Cartesian coordinates defined as R in translation correction. In
translation correction, data in the central circle are compared with
an averaged data set, as done in rotation correction. However, data
are kept as complex and the reference data set DA in k-space is
formed by gridding the raw data M(n) of the n-th strip inside this
circle onto R, and not averaging the magnitude but the complex
results of all strips together. Raw data of each strip are then
gridded on R and formed Dn. The complex matrix Dn and its
conjugate DA

⁎ (formed by setting each of its elements to be the
conjugate complex of corresponding element in DA) can form two
low-resolution images dn and dA⁎, respectively. The translation for
this strip can be found by finding the maximum value of the
convolution of dA⁎ and dn. In the Fourier theory, the convolution of
dA⁎ and dn can be performed by first multiplying DA

⁎ and Dn, and
then taking the Fourier transform of the product. The location of
the maximum is the estimated translation in the frequency
encoding and phase encoding directions. For raw data located at
(u,v) (where u ∈ [1,Mx], v ∈ [1,L]), the corresponding linear phase
can be removed by

M0 nð Þ u; vð Þ ¼ M nð Þ u; vð Þ
� exp −j2π Re S nð Þ u; vð Þð Þ � xc þ Im S nð Þ u; vð Þð Þ � ycð Þð Þ

ð4Þ

where (xc,yc) denotes the location of the selected maximum value,
and Re(•) and Im(•) are real and imaginary parts of complex •.

2.4. Image reconstruction

After phase, rotation, and translation corrections, raw data are
first re-sampled onto the uniform Cartesian coordinates by a
gridding method. Then, the final images are reconstructed from
the uniform Cartesian result by IFFT.

3. Complexity analysis

From the theory mentioned above, we show successively the
pseudo-code and analyze the time complexity for each of these
correction methods as follows in this section.

3.1. Phase correction

The phase correction can be described by the following pseudo-
code as shown in Algorithm 1. We can see that the time complexity
of phase correction reaches O(Mx × Mx × L × N).

Algorithm 1. Phase Correction

Input:
The acquired raw data M

Correction:
1. for i ← 1 to Mx do
2. for j ← 1 to L do
3. calculate the real part of complex Λ(i,j) using Eq.(1).
4. calculate the imaginary part of complex Λ(i,j) using Eq.(1).
5. end for
6. end for
7. for n ← 1 to N do
8. FFT M(n) into complex image I
9. for i ← 1 to Mx do
10. for j ← 1 to L do
11. MΛ(n)(i,j) = 0
12. for k ← 1 to Mx do
13. MΛ(n)(i,j) = MΛ(n)(i,j) + M(n)(i,k)Λ(k,j)
14. end for
15. end for
16. end for
17. FFT MΛ into complex image IΛ
18. for p ← 1 to Mx do
19. for q ← 1 to L do
20. φ = Ph(I(p,q)-IΛ(p,q))
21. I′(p,q) = |I(p,q)|e-iφ

22. end for
23. end for
24. Inverse FFT I′ to achieve M′(n)
25. end for

Output:
The corrected raw data M′
3.2. Rotation correction

From the theory mentioned in last section, rotation correction
can be described in Algorithm 2 and it is obvious that its time
complexity reaches O(N × RA × Mx × L × (Mx × L + RN × RN)).

Algorithm 2. Rotation Correction

Input:
The acquired raw data M and the trajectory S

Correction:

1. MA = 0, MA=0
2. for n ← 1 to N do
3. gridding M(n) from non-uniform trajectory S(n) onto Cartesian

coordinates R to generate G.
4. for i ← 1 to RN do
5. for j ← 1 to RN do
6. add the modulus of complex G(i,j) to MA(i,j);
7. add the modulus of complex G(i,j) to MA

8. end for
9. end for
10. end for
11. for i ← 1 to RN do
12. for j ← 1 to RN do
13. MA(i,j) = MA(i,j)/N
14. end for
15. end for
16. MA ¼ MA= RN � RNð Þ=N
17. for n ← 1 to N do
18. Ra = 0, Cm = 0
19. for ra ← -RA to RA do
20. Mn = 0, Mn=0
21. for i ← 1 to Mx do
22. for j ← 1 to L do
23. rotate complex trajectory S(n)(i,j) with ra to generate

S′(n)(i,j) by multiplying it a unit matrix in the right side.
24. end for
25. end for
26. gridding M(n) from non-uniform trajectory S′(n) onto

Cartesian coordinates R to generate Gra.
27. Mn = 0, Mn=0
28. for i ← 1 to RN do
29. for j ← 1 to RN do
30. set Mn(i,j) be the modulus of complex Gra(i,j)
31. add the modulus of complex Gra(i,j) to Mn

32. end for
33. end for
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34. Mn ¼ Mn= RN � RNð Þ
35. Compute Cn via Eq.(3)
36. if Cn N Cm then
37. Ra = ra, Cm = Cn
38. end if
39. end for
40. for p ← 1 to Mx do
41. for q ← 1 to L do
42. rotate S(n)(p,q) with angle Ra to generate S′(n)(p,q)
43. end for
44. end for
45. end for

Output:
The corrected trajectory S′

3.3. Translation correction

From the description mentioned in last section, the pseudo-code
of translation correction can be written in Algorithm 3, we can see
that its time complexity reaches O(N × (RN × RN + Mx × L)).

Algorithm 3. Translation Correction

Input:
The acquired raw data M and the trajectory S
Correction:

1. DA = 0, DA⁎ = 0
2. for n ← 1 to N do
3. gridding M(n) from non-uniform trajectory S(n) onto Cartesian

coordinates R to generate complex matrix D.
4. for i ← 1 to RN do
5. for j ← 1 to RN do
6. DA(i,j) = DA(i,j) + D(i,j)
7. end for
8. end for
9. end for
10. for i ← 1 to RN do
11. for j ← 1 to RN do
12. DA(i,j) = DA(i,j)/N and set DA

⁎(i,j) the conjugate of DA(i,j)
13. end for
14. end for
15. for n ← 1 to N do
16. gridding M(n) from non-uniform trajectory S(n) onto

Cartesian coordinates R to generate complex matrix Dn.
17. DAn = 0
18. for i ← 1 to RN do
19. for j ← 1 to RN do
20. DAn (i,j) = DA

⁎(i,j) × Dn(i,j)
21. end for
22. end for
23. FFT DAn into image dAn
24. xc = 0, yc = 0
25. for i ← 1 to RN do
26. for j ← 1 to RN do
27. if dAn(i,j) N dAn(xc, yc) then
28. xc = i, yc = j
29. end if
30. end for
31. end for
32. for u ← 1 to Mx do
33. for v ← 1 to L do
34. correct the raw data M(n)(u,v) into M′(n)(u,v) with xc and

yc via Eq.(4).
35. end for
36. end for
37. end for

Output:
The corrected raw data M′

From the above analysis, we can see that these three correction
methods are particularly complicated and contain a large number of
matrix operators, such as computing modulus of complex elements,
matrix addition, matrix multiplication, and so on. Rotation correc-
tion and translation correction invoke gridding algorithmmore than
once to re-sample the non-uniform raw data. Thus, it is too time
consuming for PROPELLER to reconstruct images in real time, which
limits its application and development. Therefore, a CUDA acceler-
ated method is proposed in the next section to improve the
performance of PROPELLER reconstruction.

4. CUDA acceleration

Although desktop PCs are equipped with dual, quad, or even 8-
cores, the CPU, which has the same computational ability with the
Graphics Processing Unit (GPU), is more expensive and it is
impossible for multi-threading to obtain a speedup ratio that is
greater than the core number of the CPU. However, the GPU has
hundreds of cores and it is regarded as a parallel computation device
in CUDA (Compute Unified Device Architecture). The device in-
structions are encapsulated into a kernel function, which is invoked
by the CPU but simultaneously executed by thousands of threads on
the GPU [20]. The GPU is organized as N (16 for G80) SMs (Streaming
Multi-processors). Each SM consists of M (8 for G80) SPs (Streaming
Processors). Each SM has a shared memory and each SP can use a
number of registers per GPU thread. The minimum execution unit is
thread; multiple threads make up a block [21]. Although threads in
one block share the shared memory and can be easily synchronized,
those in different blocks cannot be synchronized [22]. In order to
improve the performance of PROPELLER reconstruction, we acceler-
ate its motion correction methods using CUDA. The accelerated
phase correction, rotation correction, and translation correction are
proposed in the following subsections. If not specially specified, all
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the data are first copied into the global memory in the following
CUDA accelerated methods.

4.1. CUDA accelerated phase correction

In order to facilitate the description, the CUDA accelerated phase
correction is divided into four steps, which include triangular function
creation, windowing raw data, complex image reconstruction, and final
correction as shown in Fig. 1. In the first step, the values of two-
dimensional triangular function are created by Mx × L threads. These
threads are one-to-one correspondencewith rawdata of one strip. They
are organized into ⌈Mx/BW⌉ × ⌈L/BH⌉ thread blocks where BW and BH
denote the width and height of each block. In each block, thread (l,m)
first transforms its indexes (l andm) into i and j to index elements of the
triangular function (Mx columns and L rows) and then calculates the real
part of the complexvaluewith its row indexand the imaginarypartwith
its column index via Eq. (1), respectively. After triangular function
having been created, N processing streams are then created and named
from S1 to SN as shown in Fig. 1. Each stream Sn (where 1 ≤ n ≤ N)
establishes ⌈Mx/BW⌉ × ⌈L/BH⌉ thread blocks. In each block, raw data
M(n) are windowed by multiplying M(n) by the triangular function
(vector multiplication indeed in each thread). The original raw data
M(n) and the windowed result MΛ are then transformed into two
complex images I and IΛ by FFT in the third step. In order to improve the
performance of FFT, CUDAaccelerated cuFFT is used to reconstruct these
two images. In the fourth step, each stream creates Mx × L threads,
which are also organized by BW × BH thread-blocks. Similarly, each
thread(l,m)first transforms itsblock-inner indexes intop (indexed from
1 toMx) and q (indexed from 1 to L) and then removes themotion from
I(p,q) with IΛ(p,q) via Eq. (2) to generate I′(p,q). The corrected raw data
M′(n) are achieved by transforming I′ back using cuIFFT.

4.2. CUDA accelerated rotation correction

Similarly, we divide the CUDA accelerated rotation correction
into three steps and show the first step in Fig. 2 and the other two in
Fig. 4. The 3rd step of CUDA accelerated rotation correction.
Fig. 3 and Fig. 4, respectively. In order to obtain MA and MA , N
processing streams are first created and named from S1 to SN as
shown in Fig. 2. In stream Sn, the raw data of the n-th strip are
gridded onto R. As mentioned earlier, this gridding is a uniform re-
sampling method proposed in our previous work [19]. After all
streams obtained their gridding results (G1 to GN), RN × RN threads
are created and organized into BW × BH blocks. In each block, thread
(l,m) first transforms its indexes into i and j which are both indexed
from 1 to RN and then adds the module of each Gra(i,j) (where ra
ranges from 1 to N) to MA(i,j) and MA . After that, the final reference
data MA is achieved by RN × RN threads which are organized by
BW × BH thread-blocks and each of them divides one element ofMA

with N (total number of strips). The finalMA is achieved by dividing
itself by RN × RN × N.

In the second step, N processing streams are created. In stream Sn,
trajectory strip S(n) is copied 2 × RA + 1 times and packaged into a
trajectory matrix as shown in Fig. 3. The ra-th L lines of this matrix
are then rotated ra-RA-1 radian anticlockwise and the result is saved
into trajectory S′(n)ra. This rotation is implemented by Mx × L
threads which are also organized into ⌈Mx/BW⌉ × ⌈L/BH⌉ blocks. In
each block, thread (l,m) first transforms its indexes l andm into i and
jwhere1 ≤ i b Mx and1 ≤ j b L. It thenmultiplies trajectory S(n)(i,j) by
a unit matrix on the right side. The result is written into S′(n)ra(i,j). The
unitmatrix ismadeupof the sin and cosof ra. After all elements of S′(n)ra
are obtained, M(n) are re-sampled by gridding from non-uniform
trajectory S′(n)ra onto Cartesian coordinates. In order to implement the
modulus and addition operations, RN × RN threads are created and
organized into ⌈RN/BW⌉ × ⌈RN/BH⌉ blocks. The block-inner indexes of
thread (l,m) are first transformed into i and j which are used to
index the gridding result Gra. Then each thread copies the
corresponding gridding result Gra(i,j) into Mn(i,j), calculates its
module, and adds the module to Mn . At last, the final Mn is
achieved by dividing itself by RN × RN.

For each stream (stream n, for example), 2RA + 1 Mns and Mns
are achieved at the end of the second step. We represent them by
Mn_ra and Mnra where ra ranges from 1 to 2RA + 1. They are used to
Fig. 5. The 1st step of CUDA accelerated translation correction.
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generate 2RA + 1 correlation coefficients via Eq. (3), which are
named from C1 to C2RAþ1 as shown in Fig. 4. For each Mn_ra, RN × RN
threads are created, in which the block-inner indexes (l,m) for each
thread are first transformed into i and j. Then this thread computes
MA i; jð Þ−MA , Mn i; jð Þ−Mn , and their square and saves these values
into three matrices. Cra is finally obtained via Eq. (3). The maximum
Cm is then selected by comparing these correlation coefficients and
the corresponding rotation angle is considered as the correction
angle for this strip. The nth strip of trajectory S(n) is then corrected
by multiplying each of its elements (complex number) by a unit
matrix (which consists of the sin and cos of the correction angle) on
the right side. The final correction is also implemented by Mx × L
threads, which are organized into ⌈Mx/BW⌉ × ⌈L/BH⌉ blocks. Before
correcting the trajectory via Eq. (3), each thread (l,m) still needs to
transform its block-inner indexes into p and q (1 ≤ p ≤ Mx and
1 ≤ q ≤ L).

4.3. CUDA accelerated translation correction

Similarly, as mentioned in the CUDA accelerated rotation
correction, CUDA accelerated translation correction is also divided
into three steps, which can be shown in Fig. 5 (the first step) and
Fig. 6 (the second and third steps). In the first step, the calculation
1
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of reference data DA is almost the same as MA computed in the first
step of CUDA accelerated rotation correction as shown in Fig. 2.
There are three differences between these two motion correction
methods in this step which can be seen by comparing Fig. 5 with
Fig. 2: DA is a complex matrix; there is no need to compute the
modulus for its elements and average them together; but a
complex matrix DA

⁎ is achieved by setting its elements to be the
conjugate of elements in DA. After the first step, raw data of each
trip, which is denoted by M(n), are first re-sampled by a gridding
(reverse gridding, our previous work [19]) using RN × RN threads.
These threads are organized into ⌈RN/BW⌉ × ⌈RN/BH⌉ blocks. Each of
these threads (p,q) first transforms its block inner indexes (p and q)
into i and j, which index the whole RN × RN coordinate space. The
corresponding data are then re-sampled by gridding to generate
result Dn(i,j). Dn(i,j) and DA(i,j) are finally multiplied together and
the result is saved into DAn(i,j). After the whole DAn matrix is
obtained, it is transformed into image dAn by cuFFT. The maximum
of this image can be indexed by (xc,yc). At last, Mx × L threads are
created and organized into ⌈Mx/BW⌉ × ⌈L/BH⌉ blocks. In each block,
thread (l,m) first transforms its indexes into u (from 1 to Mx) and v
(from 1 to L) and then corrects raw data M(n)(u,v) via Eq. (4). The
final corrected raw data of trip n are achieved after all threads
complete their computation.
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5. Results and discussions

All mentioned correction methods are implemented on a general
PC with CUDA 1.1, where the CPU is Intel® Core(TM)2 E6550
2.33 GHz and the GPU is NVIDIA GeForce 8800 GT. The reason that
we implement the accelerated correction methods with CUDA 1.1 is
that CUDA is downward compatible. Thus, our implementation can
directly run on more modern GPU: Geforce, Quadro, or even Tesla
series, which supports higher version of CUDA, and obtain a greater
speedup. Although GeForce 8800 GT is 5-years old, the advantages
for us to make use of it are that its price is low and we do not need
update our hardware. One simulation data (water phantom) and
two voluntary data (no-motion brain and motion brain) are used to
validate the correctness and performance of our CUDA acceleration.
The sensitivity of motion correction methods to the reconstruction
parameters has already been validated before they are used in our
Neusoft Ltd. Superstar 1.5 T MRI system. In order to validate the
correctness of our acceleration and analyze the errors in the
implementation, we compare the results based on the default
parameters selected by our MRI system. Therefore, the experimental
data are all collected under propeller trajectory by Neusoft Ltd.
Superstar 1.5 T MRI system with the same N, L, and Mx by setting
N = 17, L = 24, and Mx = 960. Besides that, we use the following
parameters in this paper: RN = 96, RA = 25, BW = 16, and BH =
16. The CUDA accelerated phase correction has only slight differ-
ences with the non-accelerated phase correction at the sixth or more
decimal place. This error is possibly introduced by the cumulative
error of floating point calculation. Therefore, only the comparison
between the non-accelerated and CUDA accelerated rotation
correction and the comparison between the non-accelerated and
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phase encoding directions (C and D) for no-motion brain.
CUDA accelerated translation correction are given in this section. We
first give these two comparisonsmentioned above, then compare the
final reconstructed images, and finally show the speedup ratio.

In order to validate the correctness of our CUDA accelerated
rotation correction, its correction angle measured in radian for each
strip is compared with that of non-accelerated correction as shown
in Fig. 7. There is not any theoretical motion or movement for water
phantom, which means that no motion should be removed. In
Fig. 7(A), the correction angle remains invariant with 0 for each strip,
which means no motion is removed in non-accelerated rotation
correction. However, the correction angle of CUDA accelerated
rotation correction is 1 radian for the 12-th strip as shown in
Fig. 7(B). As mentioned earlier, a CUDA accelerated reverse gridding
proposed in our previous work is invokedmore than once in rotation
correction. As described in our previous work, the re-sampling result
of this CUDA based reverse gridding has little differences with that of
traditional CPU based gridding. In addition, single-precision floating
point operations are supported by CUDA 1.1, but double-precision
floating point operations are not. Therefore, the cumulative error
results in these differences. For the no-motion brain, the volunteer
was told to keep his/her head during the data collection. However,
we cannot ensure the volunteer to keep still all the time; he/she may
move a little during the scan. Therefore, although there is no motion
that should be reduced in theory and this is what non-accelerated
rotation correction displays as shown in Fig. 7(C), due to the possible
movements of the patient and the cumulative error mentioned
above, our CUDA accelerated method respectively obtains 1 and −1
radian correction for the 5-th and 11-th strips as shown in Fig. 7(D).
For motion brain, the curve of non-accelerated rotation correction in
Fig. 7(E) and the curve of CUDA accelerated rotation correction in
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Fig. 7(F) are the same in variation trend but slightly different for
most strips except for the 5-th strip where the difference reaches 4.

The correctness of our CUDA accelerated translation correction is
validated by comparing its correction coordinates xc and yc for each
strip with those of non-accelerated translation correction. There is no
theoretical motion for water phantom as mentioned earlier, which
means that there is nomotion needed to be removed. But in frequency
encoding direction, the coordinate xc in non-accelerated translation
correction is 1 for strip 8 to 11 and 13 as shown in Fig. 8(A). Similarly,
in phase encoding direction, the yc of non-accelerated translation
correction is 1 for strip 13 and 14 as shown in Fig. 8(C). However, as
shown in Fig. 8(B) and Fig. 8(D), the coordinates xc and yc of the CUDA
accelerated translation correction are always 0 for each strip.
Therefore, our CUDA accelerated translation is more in accord with
the no motion fact and more credible.
water phantom

no-motion brain

motion brain

0 899

0.875

0.939

0 2 4

.

Fig. 11. Comparison of imaging quality (upper andmiddle) and time performance (lower) b
water phantom (left), no-motion brain (middle), and motion brain (right).
Similarly, there is no theoretical translation motion for no-
motion brain which is collected by requiring the volunteer to keep
still during the scan. But xc is 1 at strip 3, 8 to 11, and 13 for non-
accelerated translation correction, which can been seen in Fig. 9(A).
At the same time, yc is 1 at strip 4 and 5 for non-accelerated
translation correction as shown in Fig. 9(C). On the contrary,
although there are non-zero xc and yc in our CUDA accelerated
translation correction as shown in Fig. 9(B) and Fig. 9(D), the
number of non-zero values is less than that in non-accelerated
translation correction, which means that our accelerated correction
is more reasonable and more credible.

Fig. 10 shows the comparison of translation correction between
non-accelerated and CUDA accelerated methods for motion brain in
both frequency and phase encoding directions. It is obvious that the
xc and yc curves of non-accelerated correction are the same with
5.568

5.782

6.187

6.363

6.158

speedup ratio

CUDA

CPU

6 8

5.562

etween non-accelerated (upper) and CUDA accelerated (middle) correctionmethods:
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those of CUDA accelerated correction in variation trend except that
there are slight differences for some strips.

In order to intuitively view the effect of CUDA acceleration on
imaging quality, we compare the images in Fig. 11, which are
reconstructed after motion correction made by the non-accelerated
and our CUDA accelerated methods. After the CUDA accelerated
motion correction, we use a reverse gridding method, which is also
accelerated by CUDA, to re-sample the raw data as proposed in our
previous work [19]; whereas, for non-accelerated motion correction,
we use traditional gridding to re-sample the corrected result [19].
The uniform raw data are finally reconstructed into MR images by
IFFT. As mentioned above, there are errors between the CUDA
accelerated motion correction and the no-accelerated motion
correction. There are also errors between our CUDA accelerated
reverse gridding and the traditional gridding as analyzed in [19], but
there is no obvious difference between the final images as shown in
Fig. 11. At the bottom of Fig. 11, we compare the time performance
between the CUDA accelerated motion correction and the non-
accelerated correction and give the speedup ratio. The time cost for
non-accelerated correction, including phase correction, rotation
correction, and translation correction, to remove the physiological
motion and physical movement from water phantom is 5.562 s.
However, it only takes CUDA accelerated correction 0.899 s to
remove motion and movement from these data, which means that
the speedup ratio is greater than 6. For no-motion brain, it costs non-
accelerated correction methods 5.568 s and CUDA accelerated
methods 0.875 s to remove motion and movement. Thus, the
speedup ratio reaches 6.363. For motion brain, the time costs are
5.782 s and 0.939 s, and the speedup ratio is 6.158.

6. Conclusion

MR images are easily affected by physiological motion and
physical movement, which produce artifacts on images and lower
their diagnostic confidence. In PROPELLER, these artifacts can be
effectively reduced by three correction methods, but these methods
are particularly complicated and contain a large number of matrix
operators. In addition, rotation correction and translation correction
invoke gridding to re-sample raw data from non-uniform trajectory
onto Cartesian coordinates more than once. Thus, the PROPELLER
is too time consuming to reconstruct images in real time and is
urgently needed to be accelerated. A CUDA accelerated method is
proposed to accelerate the correction methods in PROPELLER.
Although we have implemented our method on a general PC with
Geforce 8800GT and Intel Core(TM)2 E6550 2.33 GHz, it can directly
run on more modern GPUs and achieve a better performance
without being changed. Experiments demonstrate that the result of
our CUDA accelerated phase correction is exactly the same with
that of non-accelerated phase correction, there are only slight
differences between the accelerated and non-accelerated rotation
and translation correction methods, the speedup ratio is close to
6.5, and the images reconstructed from this acceleration satisfy
clinical requirements.
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