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Optimal Estimation of Rock Mass Properties Using Genetic Algorithm

Changwoo Hong and Seokwon Jeon

Abstract This paper describes the implementation of rock mass rating evaluation based on genetic algorithm(GA)
and conditional simulation technique to estimate RMR in the area without sufficient borehole data. RMR were
estimated by GA and conditional simulation technique with reflecting distribution feature and spatial correlation.
And RMR determined by GA were compared with the results from kriging. Through the analysis of the results
from 30 simulations, the uncertainty of estimation could be quantified.
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Define a purpose and objective area

, Collect the data of objective area
i
I Variogram modeling of the collected data

1

|
|
|
Estimation of unknown area using kriging |
|
|

)
Estimation of estimation uncertainty by conditional simulation
+

Data integration and optimization

Fig. 1. Procedure of geostatistical modeling
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' Generate chromosome and input initial data ]

[ " Generate initial population by SIS I
[ Evalnate the qua{lity of population l
[7 Selection (tournament selection) ]
li Crossover (uniform and 2D 2pt crossover) |
L Mutation (symmgtrical exchange) l
[ Replacement (parent chromaeseme with lower quality) ]

Local optimization?

2-OPT local optimization

Stopping criterion satisfied?

I Choose the best quality chromosome I

(a) Flow chart of geostatistical modeling using genetic
algorithm

l Generate initial population by SIS —l

I Divide the data into indicators and Determine indicator value I

i

L Variogram modeling for each threshold I
I
]

L Select an estimation point using random path

Calculate CDF using the thresholds
]

| Calculate weighting factors using ordinary kriging

Caleulate indicator values at selected point ]
]

Sample from the CDF
and include the vatue as conditioning points

Stopping criterion satisfied?

| YES
L Choose the best quality chromesome ‘

(b) Flow chart of sequential indicator simulation to
determine a initial solution

Fig. 2. Flow chart of geostatistical modeling
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Fig. 6. Contour map of RMR distribution using kriging

RMR Distribution - by Genetic Algorithm
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Fig. 10. Cross validation of RMR values in order to verify
the reliability of estimation

Table 1. Confidence interval of RMR in the planned tunnel area

Property STA. 373110 | 374000 | 375000 376000 377000 | 378000 | 378400
Mean(p) 93.42 94.66 96.07 96.73 89.33 78.50 41.07

SD(0) 3.02 2.56 1.71 2.59 3.82 8.36 8.71
RMR Confidence interval 89.55 - 91.38 - | 93.87 - 93.42 - 84.43 - 67.80 - 29.92 -
(90%) 97.28 97.94 98.26 100 94.22 89.19 5223

Kriging value 90.54 92.47 93.46 81.07 81.01 64.75 36.14
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