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ABSTRACT

In the present study, a few of recently developed geostatistical models are comparatively studied. The models are two-
point statistics based sequential indicator simulation (SISIM) and generalized coupled Markov chain (GCMC), multi-point
statistics single normal equation simulation (SNESIM), and object based model of FLUVSIM (fluvial simulation) that
predicts structures of target object from the provided geometric information. Out of the models, SNESIM and FLUVSIM
require additional information other than conditioning data such as training map and geometry, respectively, which
generally claim demanding additional resources. For the comparative studies, three-dimensional fluvial reservoir model is
developed considering the genetic information and the samples, as input data for the models, are acquired by mimicking
realistic sampling (i.e. random sampling). For SNESIM and FLUVSIM, additional training map and the geometry data are
synthesized based on the same information used for the objective model. For the comparisons of the predictabilities of the
models, two different measures are employed. In the first measure, the ensemble probability maps of the models are
developed from multiple realizations, which are compared in depth to the objective model. In the second measure, the
developed realizations are converted to hydrogeologic properties and the groundwater flow simulation results are
compared to that of the objective model. From the comparisons, it is found that the predictability of GCMC outperforms
the other models in terms of the first measure. On the other hand, in terms of the second measure, the both predictabilities
of GCMC and SNESIM are outstanding out of the considered models. The excellences of GCMC model in the
comparisons may attribute to the incorporations of directional non-stationarity and the non-linear prediction structure.
From the results, it is concluded that the various geostatistical models need to be comprehensively considered and
comparatively analyzed for appropriate characterizations.
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(c) Training image (2-lith)

(d) Training image (3-lith)

Fig. 1. Hypothetical domain with dimension of 200 m x 200 m x 30 m: (a) 2-lithofacies (b) 3-lithofacies, and training image with

dimension of 200 m x 200 m x 30 m: (c) 2-lithofacies (d) 3-lithofacies.
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(b) Training image

hs| 0 | hy

(c) Template

Fig. 4. (a) Construction of a search tree for SNESIM from (b) a training image with two lithofacies using (c) template.
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Fig. 6. (a) A site of pumping well at x =65 m, y =100 m and 12

observation wells at x =120 m, 150 m; y =50 m, 100 m, 150 m;
z =10 m, 20 m, (b) Boundary condition (areal view of Fig. 6a).
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Table 2. Comparisons of percent fitness and unfitness from the SISIM, GCMC, SNESIM, FLUVSIM ensemble probabilities

Fitness (%)

Unfitness (%)

Lith. 1 Lith. 2 Lith. 1 Lith. 2
SISIM 91.66 50.53 49.47 8.34
GCMC 86.57 80.63 1937 13.43
SNESIM 88.38 5430 4570 11.62
FLUVSIM 90.39 3525 64.75 9.61
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Fig. 8. Comparisons of history curves in hypothetical domain and the curves at observation obs. 2 and obs. 8 from groundwater flow

simulation of 100 single realizations.
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