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Abstract Conditional data influence the reconstructed results greatly in the reconstruction of spatial
data. Reconstructed results often show a number of uncertainties when only sparse conditional data
are available, so it is suitable to use indefinite interpolation to reconstruct spatial data. As one of the
main indefinite interpolation methods, multiple-point statistics ( MPS) can extract the intrinsic
features of patterns from training images and copy them to the simulated regions. Because the
traditional MPS methods using linear dimensionality reduction are not suitable to deal with nonlinear
data, isometric mapping (ISOMAP) is combined with MPS to address the above issues. A method
using MPS and ISOMAP for the reconstruction of spatial data is proposed for the accurate
reconstruction of unknown spatial data by constructing pattern dataset, dimensionality reduction of
patterns, classification of patterns and extraction of patterns, which has provided a new idea for
dealing with nonlinear spatial data by MPS. The experimental results show that the structural

characteristics of reconstructed results using this method are similar to those of training images.
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(a) Well data(hard conditional data)
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(a) 2D data template (b) 3D data template

Fig. 2 Data template.
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Fig. 3 2D data event and 3D Data event.
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(c) A captured pattern

(b) Scan a training image

Fig. 4 Capture a pattern in a training image.
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(a) Scan the whole training image (b) Captured pattern database

Fig. 5 Build a pattern database from a training image.
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Flow chart of the proposed method.
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Fig. 10 Training image of carbonatite.

Bl 10wl kR

Fig. 11 Hard conditional data of carbonatite.
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Fig. 12 Probability distribution of pore spaces and grains.
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Fig. 13 Reconstructed results of C1.
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Fig. 15 Reconstructed results of C3.
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(c) Average of 10 times of C3 reconstructions

Fig. 16 Average of 10 times of reconstructed carbonatite results under three conditions.
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(a) Variance of 10 times of C1 reconstructions (b) Variance of 10 times of C2 reconstructions (¢) Variance of 10 times of C3 reconstructions

Fig. 17 Variance of 10 times of reconstructed carbonatite results under three conditions.
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Fig. 19  Variogram curves of the training image and
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average reconstructed images of carbonatite.
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Fig. 20 Training image, hard and soft conditional data for reconstructing permeability image.
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Fig. 21 Reconstructed results of Cl1.
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Fig. 23 Reconstructed results of C3.
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Fig. 24 Averages of 10 times of reconstructed permeability results under the conditions of C1, C2 and C3.
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Fig. 25 Variance of 10 times of reconstructed permeability images under the conditions of C1, C2 and C3.
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Table 4 Maximum Memory and Time for Reconstructing
Images with C1, C2 and C3
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Maximum Running Maximum Memory
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Time/s Size/ MB
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