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A Development of Generalized Coupled Markov Chain Model for Stochastic
Prediction on Two-Dimensional Space

Eungyu Park*
Department of Geology, Kyungpook National University

ABSTRACT

The conceptual model of under-sampled study area will include a great amount of uncertainty. In this study, we investigate
the applicability of Markov chain model in a spatial domain as a tool for minimizing the uncertainty arose from the lack of
data. A new formulation is developed to generalize the previous two-dimensional coupled Markov chain model, which has
more versatility to fit any computational sequence. Furthermore, the computational algorithm is improved to utilize more
conditioning information and reduce the artifacts, such as the artificial parcel inclination, caused by sequential
computation. A generalized 2D coupled Markov chain (GCMC) is tested through applying a hypothetical soil map to
evaluate the appropriateness as a substituting model for conventional geostatistical models. Comparing to sequential
indicator model (SIS), the simulation results from GCMC shows lower entropy at the boundaries of indicators which is
closer to real soil maps. For under-sampled indicators, however, GCMC under-estimates the presence of the indicators,
which is a common aspect of all other geostatistical models. To improve this under-estimation, further study on data fusion
(or assimilation) inclusion in the GCMC is required.
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Fig. 1. Schematic drawing for one-dimensional coupled Markov
Chain calculation.
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Fig. 2. Schematic drawing for two-dimensional coupled Markov
Chain calculation.
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Fig. 3. Schematic drawing of calculation using generalized two-
dimensional coupled Markov Chain probability equation.
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Fig. 4. Randomly chosen sampling location maps of each frequency: (a) 1/100 m? frequency; (b) 1/1000 m? frequency.
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Fig. 5. Reconstructed map out of the data from the original soil map with 1/100 m? sampling frequency at randomly chosen locations: (a)
original soil map; (b) reconstruction of the map using sequential indicator simulation algorithm; (c) reconstruction of the map using zero
angle tolerance coupled Markov Chain algorithm; (d) reconstruction of the map using generalized two-dimensional coupled Markov
Chain algorithm (each indicators does not need to match with a particular lithology or soil type).
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Fig. 6. Correlation decaying(with distance) matrix of x-positive-direction transition probability(the horizontal axis is lag distance from 1
to 400 m and the vertical axis is correlation from 0 to 1 where 1 means perfect correlation and 0 is no correlation).

Fig. 7& Monte Carlo ZALE 53 A=g 2+ A=}
o] gg E¥olt}. ol2 &l 17H/1000 m*e] ¥lz=E 4
EF3 HolHE ol83iven, F 30719 AP st
Act. Fig 75 53 duiskd A4 Markov Chaind th
Fao] AA[Rof] sl EYF o dFEE B 4 drth
I8}t Fig. 7eofiA He Ad o] AHiz=g AE8
(under-samplingy® Z|AIA}Ol] thaiA] HojF o= FHokghs
E ¢ ot ofegt dg sids] A =go] dA
A% Folr), BRH wlolElE g% Hloly $3
(data fusion or assimilationy’} 1 thQlo.Z2 HE Fof
At

4. 2

E A= 221 GOMC 88529 7 o2 &8s}
= it daElEY A, aja HFSHoE 23

GoMC B9 7yl Eoped] RERoER Sk A7
$A) Zlste) ulm % Oioky A 7EA Toel s
4 ANE BHo et B 978 B ARA AR

Journal of KoSSGE Vol. 10, No. 5, pp. 52~60, 2005

H 23 GCMC FEAL 71E eMC EE2)el vE|
Ho} fsh 3= AW &8 73S /A 54 A
T2 71E CMC FE20] AEHATE 3 A A
o] 2191H 5 A e B AA of dHlolgl

<& Y=g st TR AxlolA 2 HeE o8t
it daelsol ET. e 2l rge] 23

4 B A8 Hlen 7 AEA 71 sisel
Hls] £40] Gl ARE ATEAl 7R TRt o
Z o84 F = 7Fede ARIEI

e HIeg AEY " AR tise 71E A
A 717 7R E 487 Hunderestimate) Ea 34
Uelton o Bkl flsle LAXE doBlE 3
T TRt 4220 HofE §% T8 HlEoRE g ASH
QI A7t e7ET) e B mdo] AshiA] it
ZE-S 913 33 B o] a7HH oo tigh
A7t dA) J& Folrt.

B e Avfle A4EFe o3 Sl slef, 219
FES] A e}, Ak A 7 Het § thdst
FAEA Sl S-8o] 7Fssitt

-
of

o




T4 A ZFAAE o183 231 TR FAEA 57 A 59

a. (indicatorl)

100
x(m)

¢. (indicator3)

100 200
x(m)

e. (indicator5)

b. (indicator2)

x(m)

Fig. 7. Probability maps of each indicator analyzed from multiple realizations through Monte Carlo analysis (red color indicates high
probability and blue color is low probability): (a) probability map of indicatorl; (b) probability map of indicator2; (c) probability map of
indicator3; (d) probability map of indicator4; (e) probability map of indicator5.
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