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Abstract The application of spatial data is becoming increasingly large. Interpolation can effectively
reconstruct the unknown data in space, which is actually a process of data reproduction, and also a
process of reproducing data with higher resolution from original data. Interpolation methods are
divided into two branches: definite interpolation and indefinite interpolation. On one hand, the
uncertainty of indefinite interpolation shows in selecting certain stochastic interpolation ways; on the
other hand, the uncertainty is reflected by selecting the interpolation parameters using probability
principles. Multiple-point simulation ( MPS) is an important indefinite interpolation method in
reconstructing spatial data, and single normal equation simulation (SNESIM), as a frequently used
MPS method, has been used in three-dimensional reconstruction of categorical spatial data in many
fields currently. However, due to the large burdens on CPU and memory brought in by SNESIM, its
practical application has been limited greatly. To overcome this limitation, SNESIM is parallelized
using compute unified device architecture(CUDA). A proper size of data template is chosen using the
entropy theory of training image (T1) and the reconstruction quality is improved by the integration of
soft data and hard data. Compared with the CPU-based SNESIM method, the CUDA-based one shows

the better reconstruction efficiency of spatial data.
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(a) 2D data template (b) 3D data template

Fig. 1 Data templates.
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A captured pattern

Scan a training image

Fig. 2 Capture a pattern in a training image.
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Fig. 3 Capture a pattern database from a training image.
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Fig. 4 Flowchart of parallel CUDA-based SNESIM.
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D void calculate _ckdn().
[ EESH
training image[ti_x][ti_y][ti =] Rl K&
e (ti_xoti_y ti ) IRSE
sim_pos_xssim_pos_y,sim_pos_z KA
MLE
sim_grid[ simgrid_x][simgrid_y][simgrid _
2 | AR AL ¥ HE (simgrid . simgrid vy, sim_

pos_2) KL PR AE 5
data_template length F 8RR K B ;
state_code JPIRSEIC S
cid, result[ data template length ][ state
code MR L ARSAE N state_code HAEHLK
N data_template length BF R, * |
@ i pos x=blockldx. x X blockDim. x +
threadldx. x;
@ 4 _ pos_y=blockldx. y X blockDim. y +
threadldx. y;
@ ti  pos =z =blockldx. = X blockDim. = +
threadldzx. z;
® state_code=training imagel ti_pos x| ti_
pos_yllti_pos z];
©® data_template length=1;
@ while data_template length<<

floor( /(0.4 Xmax{N,,N,,N.})*) do
ti _data_event nodeval = get ti_data _

event _val (training _image,ti _pos_x,

ti_pos _y.ti_pos_z.,data template
length) ;

©  sg_data_event _nodeval = get_sg_data _

event_val (sim _grid, sim _ pos_x, sim _

pos_ vy, sim _ pos _ =z, data _ template _
length) ;

if (ti_data event nodeval = sg data _

event _nodeval) or (sg _data _event _

nodeval FXH1)

W) AtomicAdd (ckdn _ result [ data _
template length ][ state code],1);

@ data_template_length++;

@ else

2) data_template_length——;

® break;

@® end if

@ end while
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@D void draw _node_value().
[ * EEZSHL
data_template length PR K E ;
optimal _template size N MBI AT R 5
state_num j{l’l}\?&ﬁ%ﬁ%,
sim_pos_x.sim_pos_y,sim_pos_z HNFFREALTT
UL
sim_grid[ simgrid_x ][ simgrid _y ][ sim_pos_
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cwd, result [ data template length ][ state
code BN AR AE N state_code HAEMR
KN data template length W B EH 2 5 ;
cd, result[ data_template length | h R AR K &
data_template length W 1) &2 5 ;
soft_datal sim_pos x ][ sim_pos_y ][ sim_pos_
2 I NEEAEE (simgrid _x . simgrid _y,sim
pos_ DA HPRAS (. «/
@ cd,[data_template_length |=0;
@ data_template length=1;
@ sim_val=—1;
® while data_template length <
floor(/(0.4Xmax{N,,N,,N.})* ) do
cd,[data_template length |=0;

for i=1 to state_num do

® Qe

d,[ data_template length |=cd,[ data_
template length | + c,d, result[ data _
template length]li];

©® end for

data_template length—++;

@ end while

@ optimal template size=get_optimal_size
(cd, e, d, result,+++);

@ simval =draw_node_ simval with_
harddata_so ftdata(cd, sc,d, _result,
optimal_template_size,soft_data,-+);

@ sim_grid[ sim_pos_x |[sim_pos_vy ][ sim_
pos_z |=simual.
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INCET @) . S5 Jm ) 45 8 B8 5030 A A5 Y i 5 R 0
draw _node_simval_with_harddata_so ftdata() , &
BB SRS (A7 @) o I AR 2 455 400 90 4% 1Y
FHI AL B (FT@).

5 WMo

5.1 REHFEES

A SCR) P AL A 00 45 A 0E A7 s TR 09
MBI, 250k I 2 FLA B b i A R AR 1
FLBREE N 0.17 245, [/ 5Ca) (b) () 45 L T /b A Ak
AR 3 5K T K] e o R FLBR R
35 o 2 A L.

(c) Section 3

(a) Section 1 (b) Section 2

Fig. 5 Three sections of the sample.
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Fig. 6 Variograms of TI and the target image in x,y and z directions.
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Fig. 13 GPU-based reconstructed sandstone images using soft data and hard data.
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GPU-based reconstructed sandstone images using hard data only.
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Fig. 15 GPU-based unconditional reconstructed sandstone images.
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Fig. 16 Histogram percentage of different variances in

three conditions.
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Table 1 Average Porosity in Three Conditions

1 SMBELTHEILRE

Ttem Average Porosity
With Soft Data and Hard Data 0.174
With Hard Data Only 0.165
Unconditional 0.134
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Fig. 17 Variograms of the target image and the

reconstructed images in three conditions.
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(b) num =14, node number is 52

(¢) num =26, node number is 132 (d) num =32, node number is 181

Fig. 18 GPU-based reconstructed pore spaces using

different templates.
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Fig. 19 3D reconstructed results on CPU using

different data templates.
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Fig. 20 Simulation time and memory usage on CPU and
GPU.
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Fig. 21 Ratios of simulation time and memory on CPU

and GPU.
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Table 2 Permeability of the Target Image and the Images

in Three Conditions
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Ttem Permeability /1073 um?
Target Image 1. 754
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