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GPU acceleration for kernel regression algorithm of three-dimensional medical image
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Abstract: Kernel regression which has been widely used in the field of medical image processing and medical image $
reconstruction, achieving many significant results, includes classic kernel regression (CKR) and steering kernel regression (SKR).

Three-dimensional (3D) SKR has better denoising effects and edge-preserving results than 3D CKR. At present, GPU-based 3D

CKR algorithm has been used on medical image reconstruction, while the computational complexity of 3D SKR algorithm limits

the application of 3D SKR algorithm. The realization of GPU-based 3D CKR algorithm is a valuable research topic and remains

challenging. In this experiment, the calculation process of 3D SKR algorithm is firstly optimized, and then CUDA programming

is used to implement the GPU-based 3D SKR parallel acceleration algorithm. The experiments show that the speedup ratio of
3D SKR algorithm based on GPU is about 244.9-246.3 as compared with single-threaded CPU-based 3D SKR algorithm, and
about 123.0-137.4 as compared with the multi-threaded CPU-based 3D SKR algorithm.

kernel regression
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Keywords: GPU acceleration; CUDA programming; three-dimensional classical kernel regression; three-dimensional steering
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Tab.1 Pseudo code of covariance matrix kernel function

Algorithm1: covkernel<<<blocks,thread>>>

Input: the gradient information matrix: G, , G, | G. the analysis
window size: w, , the length of G, : L, the height of G, : H, the depth
of G,:D;
Output: The total covariance matrixes €', C* . C".C* . C*.C”;
Auxiliary function: The function for obtaining the local data array M
centered at (m, n, k) with the analysis window size w, :
M, =ExtractM, m, n, k,w) ;
The function for the singular value decomposition: [s,v]=SVD(J,,);
do {

1. int x = threadldx.x + blockldx.x X blockDim.x ;
int y = threadldx.y + blockldx.y X blockDim.y ;
int offset =x + y X blockDim.x X gridDim.x ;
k= offset/(L X H);
n=(offset=kx (LXH))/L;
m=offset—nXL—-kX(LxH);
G, =Extract(G,, m, n, k, w);
G

= Extract(G,, m, n, k, w);

......

e A R

G.,.=Extract(G_, m, n, k, w);
10, Jou=1600 6,060
11.  [S.V]=SVDUJ.,.);

21 21 3,31, 31

12. C'=(@v!'"s +@v'v +ov'v ) p,
B €= (glula v gl
4. CP=(@lv!'o +@lv!"v + @00 ) m,
5. €= (gl v g gl
16, € =(dl oo gl
A

18. offset += (blockDim.x X gridDim.x + block Dim.y X gridDim.y);
} while (offset < LXHXD)

TERZ AN TH N RBUS T TR, 77 2441 ] CUDA
JFE ) cudaMalloc(s) PRECK Ay A BCA i it Bl oy
FEAF, Bl

cudaMalloc((void**)R,, iSize’)

cudaMalloc((Void**)ISo, oSize) (29)

cudaMalloc((void**)C, ,,iSize")

SRIGFFH CUDA FEH ) cudaMemepy () 55 A%
P N EHLE BB e . AR R AT A pR
BTSSR BE SR B B AL
FAitt , 1 -



b

121 TR, 45 =P PG A% 35 20 GPU N5 - 1421 -

cudaMemepy(C,,, C,,,iSize", cudaMemcpyHostToDevice)
cudaMemcpy(R,, R, iSize , cudaMemcpyHostToDevice)
cudaMemcpy(R, R,, 0Size , cudaMemcpyDeviceToHost)

(30)
X3, € T —A BT 28, R 2
FHLm A AR, R, 2 AL &

2 IR R 2 AR R AR R DA
W, o7 AT AR 2 R M OB R %
Extract(R,, m, n, k, k) ZRHECLL (m, n, k) k#0001 SKR
% bR P BB B A 5 5 8 AT AR 2 R 6 > B s
250 P Nty By R K,.0) KRB W5 55 917
ARSI ARG A 2 (19) SRS TR IR R 265 10~13 47
AR ZARPE A (22) SR BOH 0B BEAF B 56 141718
22 P T BRI S TR

=2 FREGIHZRBH ARG

Tab.2 Pseudo code of voxel kernel function

Algorithm 2: voxkernel<<<blocks,thread>>>

Input: the input matrix R, the feature matrix X, , the SKR kernel size
k, , the length of volume L', the height of volume H", the depth of
volume D" ;
Output: the output matrix R, ;
Auxiliary functions: The function for obtaining the local data array
centered at (m, n, k) with the SKR kernel size £, :
R, =Extract(R, m,n, k, k) ;
The function for SKR function: K H() , and the relative parameters are
NN NG NN
do {

1 int x = threadldx.x + blockldx.x X blockDim.x ;

2 int y = threadldx.y + blockIdx.y X blockDim.y ;

3. int offset =x +y X blockDim.x X gridDim.x ;

4 k= offset/(L" x H');

5. n=(offset—kx (L' xH)/L';

6. m=offset—nxL —kx(L'xH');

7. R, =Extract(R,, m, n, k, k.);

8. W=diagK, (X,~X),--K, (X, -X)];

9. R,=e/(X;WX,) X;WY ;

10. G =e)(X;WX,) X;WY ;

1. G =e(X!WX,) X!WY ;
T

-1

)*l
(W)

12, G.=el(X;WX,) X;WY ;

13, B=l6.6.G';

14.  offset+= (blockDim.x X gridDim.x + blockDim.y X gridDim.y);

} while (offset< L' xH xD")
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b: T1w 7% c: T1lw 9%

d: T2w 0%

g: PD 0% h: PD 7% i: PD 9%

1 T1w,T2w.PD T [ElIEEFLR 8 MRI 12
Fig.1 Magnetic resonance imaging (MRI) data with different noise ratios for T1w, T2w, and PD

d: T1w 9%, CKR e: T2w 9%, CKR f: PD 9%, CKR

2 Tlw,T2w.PD T EIRAEFHRE CKR ERREER
Fig.2 T1w, T2w and PD MRI denoising results by classical kernel regression (CKR) algorithm for different noise ratios
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d: T1w 9%, SKR

e: T2w 9%, SKR

f: PD 9%, SKR

&3 Tiw,T2w,PD A REIEFEHF LRI SKR KELER
Fig.3 T1w, T2w and PD MRI de—noising results by steering kernel regression (SKR) algorithm for different noise ratios

#*3 EF CPUMGPUK CKREZEITHTEIELER
Tab.3 Comparison of running time of CKR algorithms based on CPU and GPU, respectively

Processor  Single-threaded CPU/s Multi-threaded CPU/s ~ GPU/s

Single-threaded CPU vs GPU  Multi-threaded CPU vs GPU

Tiw 7% 962.035 813.542 30.555
T1w 9% 954.674 845.940 30.469
T2w 7% 959.573 832.095 30.332
T2w 9% 962.043 825.939 30.144
PD 7% 961.306 808.412 30.344
PD 9% 960.458 844.640 30.274

315 26.6
31.3 27.8
31.6 27.4
31.9 27.4
31.7 26.6
31.7 27.9
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