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Application and inference of RMR value using neuro—fuzzy techniques
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Fig. 1. Typical procedures of a fuzzy logic system
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Table 1 Correlation coefficient( | R|) between RMR value and input variables

strength RQD | joint spacing | joint condition | ground water | directional effect; RMR
strength 1 0.75294 0.50107 0.5824 0.2411 0.04631
RQD 1 0.60281 0.70496 0.44685 0.29568
joint spacing 1 (.58953 0.30549 0.63289
joint condition 1 0.54395 0.42865
ground water 1 0.30123
directional effect 1
RMR 066354 | 0.83834 0.77756 0.87465 0.63262 0.58123 1
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Fig. 3. Structure of a RMR fuzzy logic system

Table 2 Linguistic description and properties of input and output variables

Input & Qutput Variables Term Linguistic Names Min | Max | Unit
inl strength very poor poor fair good very good 0 | 2500 |kg/cm”
in2 RQD very low low medium high very high 0 100 %
in3 joint spacing very poor poor fair good very good | 0 | 2000 mm
. . .. highly slightly
ind joint condition soft gouge gouge very rough| 1 5 -

weathered rough
inS ground water flowing dripping wet damp |completely dry{ 1 5 -~
in6 | directional effect very unfavourable fair favourable ver -12 0 -
unfavourable favourable
output RMR very poor poor fair good very good 0 100 -~
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Fig. 40l 24zt 48 2 2885 4245 &4 oF Rolxm glon, gubyoz gol
ALEE = Z-type('\)3} Lambda-type(A) 2 S-type(/ )9 A3l (linear shane)d+2 hEk
Witk 2 FEE9 y-Foe AT 559 244 % (degree of support, DoS)E 0 ~ 17}
Ao AF2 AAAT. 2891 JAFANELGE2ZHE HAFH o g 2EAEE FIHo
RMRE ¥l o3 J7rd+9 HA73Fol&([DoS = 1.0)e 93 Hrtde agx AFNET
o o3 AHFERRE P HF T IMAE A3 v - HAESY 2y

‘l\rary_poov pt fakr good very_good 1v3|y_po01 poor fax good very_good

08 \\‘ //‘
08 ) ya
4 'y
0.2 ¢

Y ~ D.D s 3

00 600.0 12008 1800.0 25001 00 %0 50.0 70 100
kg_per_squ_cm Units
(a) input(strength) (b) output(RMR_ry value)

Fig. 4. Examples of membership function of input variables and RMR_ry value
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Fig. 5. Example of a surface modeling after training of neuro-fuzzy techniques
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Fig. 6. Correlation of input variables for the RMR values
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Fig. 7. Relationship between inferred RMR_ry, RMR_nr and the RMR values
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Table 3 Correlation coefficient between RMR value and RMR_ry, RMR ~r resulting from
fuzzy set theory and neuro-fuzzy techniques

Corr. coeff. Strength| RQD JOH,]t J01.n.t Groundwater Joint Directional RMR | RMR_FU| RMR_NF
(|R) spacing | condition Effect
RMR 06635 | 0.8383 | 0.7775 | 0.8746 0.6326 0.5812 1
RMR_ru 0.7017 | 09149 | 0.6885 | 0.8656 0.6366 0.4744 0.9618 1
RMR_~r 06844 | 0.8607 | 06894 | 0.8298 0.6971 0.4822 0.9542 | 0.9708 1

¥ RBMR_ry ¢ RMR value inferred from fuzzy set theory
RMRB_ne © RMR value inferred from neuro~fuzzy technigues
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