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Radial Basis Function Network for Well Log Data Inversion

Student : Li-Sheng Weng Advisor : Dr. Kou-Yuan Huang

Degree Program of Computer Science

National Chiao Tung University

ABSTRACT

Keywords: radial basis function network, learning rule, well log data inversion.

We adopt the supervised radial basis function network (RBF), and propose the
modified two-layer RBF and the modified three-layer RBF for well log data inversion.
The input of the network is the.apparent-conductivity-(Ca), and the output is the true
formation conductivity (Ct). For the well log data inversion, the number of input nodes
is the same as the number of output nodes. We have experiments in simulation and real
data application. In simulation; there are 31 sets-of simulated well log data. 25 sets are
used for training, and 6 sets are used.for testing.

In the modified two-layer RBF, the first layer is the unsupervised clustering for the
training samples. We use K-means clustering algorithm with pseudo F-statistics test to
determine the optimal number of clusters that becomes the node number. The second
layer is the supervised perceptron. We use the sigmoidal activation function instead of
the linear activation function. The delta learning rule replaces the Widrow-Hoff learning
rule. It becomes non-linear mapping. Comparing the testing results of different input
data length, 10-27-10 can get the smallest error in two-layer RBF.

The best 10-27-10 two-layer RBF is expanded to three-layer RBF. We expand the
one-layer perceptron to a two-layer perceptron. That can get more non-linear mapping.
The number of hidden node is determined by the theorem of Mirchandani and Cao. The
best 10-27-9-10 RBF can get the smallest error in the testing. Also, 10-27-9-10
three-layer RBF has smaller error than 10-27-10 two-layer RBF.

After the training of the best 10-27-9-10 modified three-layer RBF, we apply it for
the inversion of the real field well log data, and the result is acceptable. It shows that the

proposed RBF can perform the task of well log data inversion.
ii
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1. INTRODUCTION

1.1. Statement of the Problem

R FHE- A RBROUEZ FRERR TP ¢ SR S R &
MF ARl oo HFRITHGF AL T FIE K DL B - B FEDOR
2o B 11 5 - 7% PIARE T I (apparent conductivity, Ca) » %idh s = & R R >
Bdh i ARER S o )t T4 5 2 BIRAR 557756722 < E Bl F| i H T

BIF RO ALY o AP RASE FRIF R ET F 0 Rl R kY hE P

o

A

-

o

J?%
-

#fﬁr

;«F’
L9
Z (true formation conductivity, Ct) » 4@ 1.2 #f7% > # 5 ¥ aceh BlF % % - 7 12

Bt s B REFTFSTIES -
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(23
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------- Input real data Ca
— REF Inverted Ct

5500

BE00

W 12 g2 plal BT FEr i 4 A TS -

Briend PlF 2 > 4o Lin 34 41984 #45 1@ * B T3 L kiad p
F 4& [1] - Dyos # 1987 # 3% 1! 4] * maximum entropy & i Bl & 4& > & fe3= & & 5
R DARPF > T E RS EE [2] - Martin & 4 & 2001 & @ *
Levenberg-Marquardt (LM) % % % e K 54 G re kiv pIFfar 2 [3] -
Goswami & 4 % 2004 & ] % g i-2H 8 a3 2 kw2 g TRk 3 [4] - Huang %
7 2008 E o A1 B Fg R SRR R B RIFOR R f [B] o e S E R 0 A
AE R T L EEREEIIRILE T A% o

Powell ++ 1985 # 3% ) & suehd R 45 52 jS A & S e B (Radial basis function
network, RBF) [6] - Hush £2 Horne % 1993 & % 2 RBF &% ¥ a2t & + f#5 7%
F ¢ [7] » Haykin #2008 & » % RBF i¥32 %2 4 47 [8] -



7% RBF 442 5 A s multi-layer perceptron i 5 » ¥ & 5 ¥ a3 5 1 g o
oo Fh A gt RBF 32 | F AL R i o

1.2. Proposed System and Methods

Well log training data pair Feature
—>

Input: Ca selection
Desired output: Ct

A\ 4

RBF learning

TRAINING
TESTING !
A 4
Well log testing data Ca ——» Feature » Inversion _»Output:
selection inverted Ct’

B 1.3 Supervised RBF training-and testing system for well log data inversion.

S 0 RS e RBF S RIS K 4t 2 BF A R fede @] 13 Gl B
AU =TS LR R e s E ) TS PR L
FI* 84 g g RBE R Y - azlits R GERE RSN TR =
P TR R M LR 0 @ N e RBF BB AL~ R

2pPRER S RF R BHER S AT

._,

\¢A

fipAl o AP ig s B e RBF > #0053 3 models > kg F Bl R daena 1T o % -

® model> # P * :x 2 ;N3 K RBF> #-& %o RBF ¢ % = & <1linear activation function

¢z % sigmoidal activation function - % = & model » #* i :2 7 3 & 7 RBF » #-v 44
B 5 = K RBF - % ~ = K 5 - B3 % < perceptron » 14 ey ~ 22 5 A

PERM A > KR PTG J Rt A o
e a g RBF ¥ » ¥ - K end (PR A RAE S A A
2 K-means 4 #;* [9] £ pseudo F-statistic test (PFS) [10] & /& T _# i ek ¥ o =
% % - K ché& gdico * K-means clustering algorithm 4 = A5 8 3 @eid-2 > § K

LT R AR ES AR oo L0 RSB AP * PRStest &



L B iFens e PFS 325 & - 84 45 BT che &% ah separability - £ B~

separability £~ PFens 55 B R i B E e i o

#= Kk 5 - BEE DT E S G perceptron o i L s i e i S AL D
i Sl I R T A BFREREE > @ delta hE YR [11] 0 B8
Widrow-Hoff = Adaline £ 4 ;2 p| [7] [12] > &tk e 2 3% RBF & 7 28 4 i ey
Moo MSd WP S AP HET FER mﬁkj Rt i 18 3] 10-27-10 5 B i e 2
A k& RBF o

ezl B RBF it ? "Bk & 8hehip e, A * 4 Mirchandani &
Cao [13] #r4a -4 ez @ kb2 o

ARRT SO AP E G Sl e PIEA ALY 12PN 25 e
SRR T A R BB IR 0 £ % 26 27 % 31 ERGRIE o F - BT ARD
2| FALE R £48 490 # 3| 589.5 R > @ B~ % & (sampling interval) £_0.5 &
oo Ap A - g P E G 200 BARET I EHAHROE T EET

AN A K RBF e A SRIRE A 4o Bl L4 977 > L £ % 1 e ¥ 25 e fiikt

IFR &80 £ £ % 26 3] %31 B RIF A kORIE R R LA o

HAB R EE

iz 25V = K RBF e A PlREnAz4c R 1.5 #100 » #d id e 2383 & RBF
WELZA » X285 129525 e g iE'J}v”?;q‘ii k'R o L £ % 26 7] %
31 je g e R PO RORIGE R B AR 4 B i nie R E 4o B 12 £ 2 Huang
etal. [5] hB FEfEA SRR T B b i o

Bofe o NPT IR R Sk e A= & RBF B DR EE RIF R GE
LA



Read 31 well log data

'

Choose the modified two-layer RBF networks with different
input data length.

v

Train the modified two-layer RBF networks with #1~25 well
log data.

v

Test the modified two-layer RBF networks with #26~31 well
log data.

v

Find the best network size that gets the minimum mean
absolute error between inverted Ct and the desired Ct.

v

( Stop )

Bl 1.4 :xa ;'3 kRBF a3 32 PIETAR o




Read 31 well log data.

'

Extend the best modified two-layer RBF to modified three-layer RBF
with different number of hidden nodes.

'

Train the modified three-layer RBF networks with #1~25 well log data.

v

Test the modified three-layer RBF networks with #26~31 well log data.

v

Find the best network size that gets the minimum mean absolute error
between inverted Ct and the desired Ct.

v

Apply the modified three-layer RBF network to real field well log data.

A
Stop

Bl 1.5 :xa ;' = K RBF a3 U2 PI3E AR o

1.3. Organization of the Thesis

A2 %R - F 0 AP NS B models fr s k RBF ©ir sz ko
RBF > & 4 %@ * PFES &ki% RBF % - & K-means clustering algorithm . i 4
Bl 2 A RNz k RBF Y R & BB Bohe i h o
FPA > AP A A4 (1) e a & RBF chliRd % 0 (2) it

%

»

\H

=k RBF ehis @ o > (3) M* Bk chic 28 = & RBF »0 9 %2 3l hr

T ELE

S
s
nn—



2. PROPOSED METHODS

AP et e RBF 2 0z R« RBF kiv# Pk 42 > RBF 5 - B

ERAEVEsgas 2[6][14] -
2.1. Model 1: Modified Two-Layer RBF

W 215- B @%a k RBF & forward computation > @ H & ¥ 4o 2.2 #777 o H
o SRR N b - R SBRE: 1 RS RRES N FZ AP
F1#* ¢ model %35 1 input 22 output 2. B ezt ¥R 5 > Bl R dE gk

S0 SEUR B CE B A B R

ml'o-%
X1 01
@ f
+1
X2 mz;o'% s | —»
+1
Input Actual
output
0y
f
X
N mI,GIZ +1 s >
0,1
@V ©
n=1,...,N
1
i =12,...,1,I+1

Bl 2.1 @5 & RBF -



2

my, 07
X1 @ 01 04
w
Jji
Sj f
2 m,, 03 @_, +1 —
® ¢
e - < Actual
output
0y
S; ;
w 2 Z ®—> +1 _ :
mIl O-I < S
+1
Y
j=12,...N
n=1,...,N
1 / v Desired
wii(t+1) = output
i:l72,...,|,|+1 '«

wji(t) +1 ((dj — oj)oi)

B 2.2 HiH & RBF &3 -

A S0 o A2 13 2 5 sigmoidal function > i 22 i ¢ RBF 4] 2.3 #1757 o



X5 —
Input Actual
output
XN N
n=1,...,N

i =12,... L1+l

B 2.3 :x2 ;' = Kk RBF > & * sigmoidal function 4 & 4% o #ic o

A58 K RBF % BN B Y Aol 24406 40T o
R R o kR Uk A 2L sV e (K-means clustering algorithm [9] £
pseudo F-statistic test (PFS) [10] 4 = & & enl #> =2 5 % - K ch& Bhifico & # chcenter
(m;) ¥ variance (07) e4+ % % — k& hidden node + -
2 _ 1 T
== ) x-mT(x—m) 21)

N
Xingroupi

X » — i input pattern -

% - & L35 input sample ¥ & 3 ¢ < chpEYE > £ 35 ¥ Gaussian basis function
€77 response (e :
T
x—m;) (x—m;)
2072

l
F] & & input sample ] £ & hidden node (% ##)response B;4->% input sample ] %

(2.2)

0; = exp|—

YOO AR R IT 0 d 3t Gaussian basis function E_fg &2 TSV AL 0 T

BEALS — 3¢ ehi- RAZANGTERT o & — B hidden node iy 1135 4%



RBF % = J (5 31 )R 4% - J cnfi 18 > o' = [og, 05, +,0,1]7 » 4 &
¥k mﬁzg?] > 8% - K {r% = & oo weighting coefficients % linear combination > %
FlgEkj _mﬁi%] IE

I+1
5= ) wjio (2.3)

i=1
| 5% - K againdex s @ I+l A& F - K SRR < L5 FE DB
o JAY - kegaindex -0 F - K% 1B e"fﬂ,,«;m@:]:‘: I My /%;mﬁg:]/\ )
oW A SR - R aRie s - k&g (weighting coefficient)- & 2t j m@?]
4 % f(sy) » TA 5 #4308 (activation function) > fiz42 34 i i * sigmoidal function

kg ik S @ g A0 E (perceptron) s di 4o

1
0 = f(s) = 0= (2.4)
0 ¥ = % nodej iy 1 > 0% = [0y, 0, wy0,]" e

m %4 S # (error function) E % sum of squared error » @ & 4T

J
1 2
E = EZ(dj ~0) 2.5)
j=1
NEEE A DRl SRR S S T l:". & (desired output) -

A il RBF cng ¥ ¢ > % Widrow-Hoff < Adaline 5 % [7][12] > @ %8 z2eh
RBF ¥ » #4017 o= e i & BodS i eigd 4% S dic - #5410  gradient descent
method > i Ji& t4 =z % weights- 3 sum of squared error function 7 minimum- | delta

B 4 E P B~ 1 Widrow-Hoff en# ¥ 2 Bl izfk e 258 RBF { £ § 228 B

e

Awj; = wyi(t + 1) — wii(£) = = ;’7”; (2.6)

n % learning rate - ™ t &_iteration =% #c o FiEILH o P A K0 N 4o

swy; = —n 0E - OE do; - 0E 60] 651 2.7
owj; doj dwj; doj ds; Owj;

= —n[=(d; — o)1} (s)o: =7 (( = 0))f (s)oi ) = nd;o;
where & = (d; — ;) (s)
S50 A g RBF 3 Bueide 38 AL W4e ] 2.5 467 o

10



Input

Actual
output

i=12,...,11+1

Wji(t + 1) =

wi(© + 7 ((d; = 0))f! (s)o;)

Bl 24 x5\ a K RBF 8% o

11



1
1+e~S’

Define f(s) =

£1(s) = f()(1 = f(5)). Setn.

v

Initialize weighting coefficients to small random numbers: wy;,
i=12,,LI+1j=1,2-,].

v

Classify all samples to | classes by K-means clustering algorithm.

v

Input patterns, x,,X,,+,Xp, and their desired output

dl' dz, tty, dP.

v

Compute mean m; and variance o? of each class:

1 .
GL2 = n_l Zx in group i(X - mi)T (X - mi) =121

v

Compute the output of first layer, o; is the ouput at node i:
oi=exp[— ] i=1,2,---,1,andset 0;;;, =1

x-m)T (x-m)
207

!

Compute the output of second layer, o; is the ouput at node j:
H+1

Olzf(sl)zf(zwjlol) j=1;2;"';]

v

Adjust weights at the second layer:
wji(t +1) « w;() +1 ((d]- - Oj)fj'(sj)f)i) j=12-,]

Terminate computation?
Check MAE < a limit?

Plot error vs. iteration

Bl 2.5 2 ;'3 K RBF "3z 42 -

12
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2.2. Model 2: Proposed Three-Layer RBF

Aqasg ik a § RBF 58 5 = & RBF » 2 w445 & o0 RBF 0% = & 4% B &
- & A K crperceptron> = 5 :x 23N = & en RBF> 1 {7 5| { & cn2b s pk o ol 2.6
oW 27TRIEAFY R Y on S 6 K S gaindexi LF - & & ghhindex
JAE% - K & gkanindex > K A% = & & Bhehindex ; @?J% RagtRici: N> %- & &
BB I+l % R S EREG I+l R RSN SRBES No PR L
F da o 17 input £2 output snzban ¥R o v’ﬂrugﬁl » Ry Lf?ﬁg'flﬂi}éi & BLECP AR o

X1
01

x2 —-p

Input Actual
output
Ok
XN —_
-N
n=1,...,N

=1 LI+ j=12,..3J+1

B 2.6 #c%;= & RBF -
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f
s b 01
.y
(i -
1
A
+1
.......... Actual
—>s Ok
.............. - output
‘1: —»
=8 e SO Ok
—f>s
=0
N NE
Jy Desired
wi(t+1) = | Wit 1) = output
* «——
w;ji (D) +1n6;(t)o;(t) wyj (£) + 16, (t)0;(t)

Bl 2.7 =382 & RBF a5 ' R -

PEY-EEF - A2RFME 5 RS w2 R B aoRE i g gradient
descent method [11] > # ¥ sum of squared error 3 #-] o H ¢ » & B gt mﬁ%] 'S
mi¥ o’ 2 % - k¢ > ¢ * K-means clustering algorithm [9] £ PFS-test » K # #7{%
MEFIED BB W TR F - A SR I E S kSR ]RE o Wy
BEF - kS| EEkSkaigd o

% forward computation 3384 > % - k& A3+ 5 input sample I & 3¢« enkit
BEdE - f 3+ 3 Gaussian basis function 7 response & :

(x—m)"(x—m;)

0; = exp |- oy (2.9)
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I+1

f( ) = m , Sj = ZWjiOi (210)
=1
J+1
1
o = f(si) = TTeSc’ Sk= Z Wy 0 (2.11)

LA FHEL OB FHET Rumelhart & £ 1986 #& ! = back-propagation learning
rule » 2 gradient descent e ;%2 & [11] » # ¥ sum of squared error % & | o
Yo RERZ R 2B oB N T
Aij = 77( (dy — Ok)fk,(sk)oj) = 775k0j (2.12)
8k = (di — 01 fi(si) (2.13)

A %?‘L:%L@ﬁj*ﬁigggg\;\ﬁr—r .

Awj; = n( (Xkz1 Sewies)f (57)0:) = 1804 (2.14)

K
= (Z ‘5ka1>/7(51) (2.15)
k=1

ipA o AP e r TREPE RS g - SRR E o R @A EOR 7
S FAIIEE PR W oE I S o R
Awy;(t) = 16k (t)0;(¢) + BAwy;(t 1) (2.16)

Aw;;(t) = 18;(t)o;(t) + BAw;;(t — 1) (2.17)
n % learning rate » § 5 # £ % #ix(momentum coefficient) o

:x 258 = K RBF 2" SUedg 38 A2 Bl 4o B] 2.8 11 o

15



. 1 /
Define f(s) = 1+e_5'f (s) = f(s)(l —f(s)). Setn.
v
Initialize weighting coefficients to small random numbers:
Wi k=1, Kj=1,.,JJ+1 wy,j=1,,],J+1Li=1,L1+1
v
Classify all samples to | classes by K-means clustering algorithm.
A 4
Input patterns, x;,X,,---,Xp and their desired output d,,d,, -, dp.
v
Compute mean m; and variance o7 of each class, i=1, 2,1
1
of = — (x—m)"(x —m)
n; xin group i
v

Compute the output of first layer, o; is the output at node i:
0i=exp[ M] i=1,-,[,I+1,andset o;,4 =1

v

Compute the output of second layer, o; is the output at node j:

Zf(Sj) =f( HiW;LO) j=1,-,],J+1,i=1,-,1,1+1,and set
0741 =1

v

Compute the output of third layer, o, is the output at node k:

J+1
o =f(sp) =f (ZWKJ OJ> k=1-Kj=1-]]+1

A

v

Adjust weights at the third layer:
Wi (¢ +1) « wi(0) +1 ((de = 0)fil(51)07) + BAw (¢ — 1)

k=1-Kj=1]]+1

v

Adjust weights at the second layer:
K
k=1

k=1,Kj=1]J+1, i=1-,L1+1

Terminate computation?
Check error < a limit?

Yes

Plot error vs. iteration

Bl 2.8 sz 28 = & RBF 2" ez i A2 ) o
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2.3. Determination of the Node Number in the First Layer

RBF 7% — & &_i¢ * unsupervised K-means clustering algorithm [9] 4 = K #(%f) >

d R TKE- BFAE2Z AT AR KE- TEF A RGNS 27 TR
oo iy BECTE AP E U A - fa A 8T 2 separability © £ P~ separability
Bk P K* > T4 5 K* #v f % B o Separability e+ 5 5 #fend wrggand o
BEHEAR < A%4F @ P S - dF kg0 & - 4 o0 patterns 4% B ¢ A%47 -Vogel £ Wong
*+ 1979 & [10] # ) Pseudo F-Statistics (PFS) » v &_%f K-means clustering algorithm
[9] & K # & $4F 5 »ab B2 > d &+ F-Statistics 7/ k&2 4 §ffic KX - #
¥ PES 23\ 7 & 40T

Sy
K -1 trSB*(n—K)

PFS = trS,  trS, *(K -1) (2.18)
n-K

N5k 4 chiidc > K 5 A #chilicdl

trS,, & trSg2. 48 F 4o ‘o

F AU NBE AR Ky Ky AL he 2KEOP=(P 0 o K)o
Pt 4 - gl o FAPE AR EFnB PSR A Y v g

ZX (2.19)

| xeP,

P A o B

M_—(x1+x2+ 4X)== Zx

xeP

(2.20)

S E_fF — #E IR e e L (within-cluster scatter matrix) » trS,, & Sy, e77%t & 2 (& 4%,
fe 5 SpA_HE 22 4 2. [ eyl 4B L (between-cluster scatter matrix) > trSg 4 Spi¥t & 4n

K
S = Y Y lIx— Myl (2.21)

i=1 X€EP;

K

Sy = Zni M, — M]|2 (2.22)

i=1

d o250 218 gt o A e g B - BPFS vs. Kepeak i 0 i i3 peak & 4 /&
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KRR A Ak L R DA B« AT AL R i (o o

trSz) > @ k- ”iﬁﬁvsamplesﬁi?f ® (#] HtrS,,) °
2.4. Determination of the Number of Hidden Nodes

BNz K RBF P o B A kR B VERE S BB Eo AP
d Mirchandani ¥ Cao [13] #r4& 3 4 k ez 3@ kil 2 o

Mirchandani g2 Cao 45 ot » & 4pe il » Bdics dpF (TF d R 5B 2 "L
TP EHFE P EEIART AHDRFEM

M(H,d) = Z C(H, k) = C(H,0) + C(H,1) + -+ C(H,d)
(2.23)

where C(H,k) =0 H <k
Rypdt— 232> d & 57 4 B S e 417 D R A endic P T <9 lower bound ©
B3k @ & multi-layer perceptron i 2 27-H-10 > H Z "2 5 & & 2L fic > 2R
tha g 500 B (T =500) - @ 4 fecigy > & Bhffe 5 27 (d = 27) > {45202 > AP
MEER AL REERM G
EBRH<dpF>
H =6 M(H,d) = M(6,10) = C(6,0)4€(6,1) + -+ C(6,6)
= 2% = 64 regions
H=7>M(H,d) = M(7,10) =C(7,0)+C(7,1) + -+ C(7,7)
= 27 = 128 regions
H =8> M(H,d) = M(8,10) =C(8,0) + C(8,1) +---+ C(8,8)
= 28 = 256 regions
H=9>M(H,d) =M(910)=C,0)+C(O,1)+--+C(99)
=29 =512 regions ~ T
it oo By~ Bl 27 9% 0 9 B hidden nodes & § 7 a3 S ]S 512 W
¥+ 4 47 500 B input samples #_X_fg e #r0 T R g 5 27-9-10
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3. EXPERIMENTS

BE%SH o AP AL =fE (1) taa k RBF iR d % 0 (2) et
=k RBF e @ sk > (3) B* S ifeiez 2N = § RBF 3 %2 RIFHaF f o
9 T L CPU % Intel Core2 Quad Q9400 2.66GHz » 1% % ¥t % Windows XP » ¢
P 2e4k % 1~25 22" e CPU time -

3.1. Simulation on the Modified Two-Layer RBF
3.1.1. Data transformation

BRIV PF Y 0 R mﬁﬁj » &AL T & (apparent conductivity, Ca) » AR
T Fe % (apparent resistivity, Ra) =i #ic e g el ﬁiaa] ER e KT (true
formation conductivity Ct) o #\ i #-4s ﬁi%] » e Cagadp i} ﬁi%l e Ct I+ AP $62 ik

W AR 0~1 2 B o @) 3 5 H R M Ca e g o

Preprocessing:

Apparent resistivity (Ra) »{ Apparent conductivity (Ca) |»|Scale Ca to 0~1 (Ca’)

B 3.1 # plFat Cachifgd o

Ca ik HUfE N 3872 v 613 T 0~1 2 F e et ™ 47if o Ctendge s 4o ke o
AP TR Y ehdk + @ max o 12 % B & mine f[max, min]¢ iz &, & Ca
Jew Fd T oo cha kg S 20, 1]Y éhCa’ -
Ca'—0 1-0

= s

Ca—min max —min

, Ca —min (3.1)
Ca/ =———
max — min

4o 3.2 #1oF o

19



min Ca max

o L A

B 3.2Ca## 3| Ca'shr LR °

Bfs FfmenE % Ct' > ¥ g 5d T A g VR R (re-scaled) = Ct o
Ct'—0 1-0

Ct —min max — min

b4

(3.2)
Ct = min + Ct'(max — min)

4o 3.3 #7oF o

0 Ct' 1
| | |
I | [
4 V <
| | |
| | [
min Ct max

B 3.3Ct'# 3] Cter & Bl o

3.1.2. Simulated well log data

AN

i - =g en# plF L > d University of Houston = Professor
Liang-Chi Shen (74 2 @#c#) Sd TREFEH B 4780 o & - B pIFAH D
R A 490 B3 5895 B > B HRR L 05 E W o AT E - Y pIE AL
7200 BARHER X2 B4R 200 BEFHEEETFoAPES LS 25 wihfl

RTREL R > % 26 2] % 31 20t L piEE A o B 3.4~F 3.8 5 25wy
RFAY % 171321925 o R AR~ SALET F(Ca) 0 B EIR
LR R R A ETF(CY
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490

a00

a10

520

530

540

&40

860

470

580

580

600

450

500

510

520

530

540

550

560

570

580

550

600

B 3.5 %= B plaiR
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450

500

510

520

530

G40

550

560

570

580

580

600

0z 03 0.4 DA 0E 07 ng 09
------- Ca
Ct
Bl 3.6 3= = pampl R A -
04 05 (I}5] 07 na 0.9

430

500 -

510

520+

530 -

540+

550 -

560

570+

580 -

550

g00 -

Bl 37 %4 B Rl RFAL
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490

500 |

210

520

530+

40+

550

5680

70

580+

580+

B00 -

Bl 3.8 5 LT B2l R o

3.1.3. Pattern length (Input data length)

F- v owy 200 BALER 5(Ca’) 2 HAFR200 BER & K ET S (C)
PR E A ORAT > 5 RN~ SR ITSR M T Bl g S hR R e
e @ Gl P RE R R RS R

B0 AR TR R PR - v 2 0200 BALET FERU RO
BE ARG AFERS LB 2% 4% 5% 10% 20 % 40 & ~50 i ~
100 % ~200 B3 3te & £ 4 L4872 b ehk B 0 & KBRS NEB - B
kb o B REEPIRR A Y P25 § RBF &1:c A5 2 K RBF iy~ 0 1%
Lo EHRFHRL G doB 3.9 17 0 FE 10 BALET FIT L - BRI A 0 R
200 BALE T F £ 7 A 5 20 BRI A o A BE 1-25 X # T A SR A
TR RS RIRR Ml e 31 475 o
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190 01 02 ©03 04 05 06 07 08 09
1 [ Ca
2 500 —t
3 -
4 510
5
6 520 |
=
5 530 |
g
10 st
11
12 )
12
el T
15
16 sl
17
18 el
19
20 ggpf
gool

M 3.9 2 AFA SEER . U FH LR 10 5 0 -

% SATTE E R el 1 o

Input data length | Number of training patterns
1 5000
2 2500
4 1250
5 1000
10 500

20 250
40 125
50 100
100 50
200 25
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3.1.4. Determination of the size of two-layer RBF

L% > AP PFS & jd-% RBF 1% - & K-means clustering algorithm #
K*eig o B 3.10~% 3.14 &~ % 2 N=1~2-~10-~50~200 P PFS vs. k-clusters s % o
BRI E~EART 0 PFS i e KX ERltedinh 32008 APEH T
Fﬁﬁa?] *»EREToREOR - K EEEREORE G B R A B G 1-2426-12-14-2 -
4-7-4 ~ 5-44-5 ~ 10-27-10 ~ 20-7-20 ~ 40-2-40 ~ 50-2-50 ~ 100-2-100 rz 2 200-4-200 -
AR i B RER EDTRE B EBRREEL B iR G B e K RBF

B o

# 3.2 7 FE#EI% 2L o PFS B+ pFen K> 8 o

N Training patterns K*
1 5000 2426
2 2500 14
4 1250 7
5 1000 44
10 500 27
20 250 7
40 125 2
50 100 2
100 50 2
200 25 4
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PFS

| | | | 1 1 1 1 1
i} 500 1000 1500 2000 2500 3000 3500 4000 4500 5000
MNumber of clusters

Max PFS:1.222706e+133, Cluster Mumber 2426

Bl 3.10 Feature length N=1, PFS vs. #of cluster » K*=2426 -

® 10

1 1 1
0 a00 1000 1500 2000 2500
Mumber of clusters
Max PFS2 669434e+004 | Cluster Murnber: 14

Bl 3.11 Feature length N=2, PFS vs. # of cluster » K*=14 -
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PFS

PFS

1800

1600 F

1400

1200 {

1000

800

600

400

200

a0

100

150 200 240

Mumber of clusters

300

350

400

Max PF3:1.762116e+103, Cluster Mumber 27

450 500

Bl 3.12 Feature length.N=10, PFS vs. # of clusters » K*=27 -

120

100

Gl

G0

40

20

1 1 1 1 1
10 20 30 40 a0 B0 70 a0 80 100
Murmber of clusters
Max PFS:1.050726e+H102, Cluster Murmber:2
Bl 3.13 Feature length N=50, PFS vs. # of clusters » K*=2 -
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PFS
e

D 1 |
0 5 10 15 20 25

Mumber of clusters
Max PFS:7.646098e+000, Cluster Mumber 4

Bl 3.14 Feature length N=200,- PESvs. # of clusters » K*=4 -

3.1.5. Parameter settings inithe training of RBF and testing error

Ay bk 10 B A R ol e R R R 3 o B EL D U iteration =X Bkt *Y
®AE 20000 % 0 F yd F oy 06 BB AHS 5 0.4 (7 A58 = K HRBF) -
sum of squared error 3% % @& F #§ (error threshold) % %_3% 0.002 - H@@?J ALY
TF(C) Ry LI L K ETFCY

PIRE A 0 L ARIE 26 21 % 31 SRR TR MF LRl o 1 iRE -
B e B chip|3E L (testing error) » Bl E A B ] iR G B i DB o B AR

B Timg st 4 (mean absolute error, MAE)

1 P K
MAE = ﬁz Z|dpk — Opi| (3.3)

p=1k=1

P L~k Pt o K I BB HED o O Op A B A H D R~ A
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3.1.6. Training and testing in the modified two-layer RBF

tiza g RBF e B > &5 - Biep > » % 5 1-2426-1~2-14-2~4-7-4 ~
5-44-5-~10-27-10~20-7-20 ~ 40-2-40 ~ 50-2-50 ~ 100-2-100 ~ 200-4-200 - @] 3.15~F] 3.24
200 10 B A e oeniE B2 RPF o error vs. iteration o

477 B RBF g2 s o A w0y 26 25 % 31 BRI TR FRIE
# 33741 - 1 10-27-10 RBF e i& 44> % 26 2.3 % 31 e g T4 F e chs - 2
WHFLEER oM LB ANS K RBFIRE F ochi - BT IRRREL %
Pliesdriesd 3479 -

et BRRPIREOTIEEHEFL 0 &) 05 R 10-27-10 RBF &
0.048003 » F]pt 2 e g e e+ o] 10-27-10 5 B i a2 2383 RBF g% o

Final MAE=0.018645
016 T T T T T T T T T

T
1

0.14

012 .

0.1F .

0.08 .

MAE

0.06 p .
0.04 L .
0.02r =

D 1 1 1 1 1 1 1 1 1
0 02 04 0B 08 1 12 14 16 18 2

lteration v 104

B 3.15 3 §: 5 1-2426-1 pFenerror vs. iteration o
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Final MAE=0.045808
0.1 T T T T T T T T

0.09 -

0.08 -
% o007}
=

0.06 -

0.05 k

004 1 1 1 1 1 1 1 1
0 02 04 0B 08 1 12 14 16

lteration

B 3.16 3§t 5 2-14-2 pFeherror vs. iteration o

Final MAE=0.043006

0.095 T T T T T T T T

0.09

0.085

0.08

0.075

0.07

MAE

0.065

0.06 -

0.055

D:b5:k__

0045 1 1 1 1 1 1 1 1
0 02 04 0B 08 1 12 14 16

lteration

B 3.17 g 5 4-7-4 P enerror vs. iteration o
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MAE

MAE

0.11

0.1

0.09

0.08

0.07

0.06

0.05

0.04

0.03
0

0.11

0.1

0.09

0.08

0.07

0.06

0.05

0.04

0.03
0

Final MAE=0.032716

T T T T T T T T T

T
1

1 1 1 1 1 1 1 1 1
0.z 0.4 0B 0.8 1 1.2 1.4 16 1.8 2
lteration v 104'

B 3.18 #§: 5 5-44-5 pFeherror vs. iteration o

Final MAE=0.031394

T T T T T T T T T

1 1 1 1 1 1 1 1 I

0.2 0.4 0B 0.8 1 1.2 1.4 16 1.8 2
lteration i 104

B 3.19 %p: 5 10-27-10 pFenerror vs. iteration o
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L
o«
=

MAE

0.1

0.09

0.08

0.07

0.06

0.05

0.04
0

0.18

0.178

0.176

0.174

0.172

0.17

0.168

0.166

0.164
0

Final MAE=0.045767

T T T T T T T T T

- _

0.z 0.4 0B 0.8 1 1.2 1.4 16 1.8 2
lteration v 104'

B 3.20 3§t 5 20-7-20-p= £ error vs. iteration o

Final MAE=0.164247

I T I I T T I I T

0.2 0.4 06 0.8 1 1.2 1.4 16 1.8 2
lteration i 104

Bl 3.21 4§t i 40-2-40 PFsherror vs. iteration o
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Final MAE=0.160658

0185 T T T T T T T T T
018 F s
01751 .
L
=
=
017 F s
0.165 e
016 1 1 1 1 1 1 1 1 1
0 0.z 0.4 0B 0.8 1 1.2 1.4 16 1.8 2
lteration v 104
B 3.22 3§t 5 50-2-50 F%F £ error vs. iteration o
Final MAE=0.190826
03 T T T T T T T T T
028+ .
026+ i
€ 0.24F -
022 s
02F s
018 1 1 1 1 1 1 1 1 1
0 0.2 0.4 0B 0.8 1 1.2 1.4 16 1.8 2
lteration i 104

B 3.23 % §t 5 100-2-100 pFerverror vs. iteration °
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Final MAE=0.191159

0.55 T T T T T T T T T
05k 4
0451 2
04} .
L 035+ -
03F 2
025+ 4

1 1 1 1 1 1 1 1 1
0 02 04 06 08 1 12 14 16 18 2
lteration w10t

Bl 3.24 3§ 5 200-4-200-FF =2 error vs. iteration o

490 0.6 0.7 0.8 0.9 1

510

820 -

840 -

950 -

560 -

570 -

890 -

BO0 -

Bl 325 %= L= e plFafl* 10-27-10 pEeF o Cr e ¢ 1 Cto
MAE=0.051753 -
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490

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
H T T T 1

------- Desired Ct
Inverted Ct

210 -

820+

830 -

B850 -

I

570 -

290 -

BO0 -

B 326 %= - - e plF A 10-27-10 5 F e CUE ¢ 1 Cto
MAE=0.055537 -

450 0.6 0.7 0.8 0.9 1

T
------- Desired Ct
Inverted Ct

500 -

510

820+

930 -

840 -

B850 -

560 -

570 -

580 -

890 -

BO0 -

B 327 %= L~ e plF il 10-27-10 pEaF £ CrE # ¢ 1 Cto
MAE=0.041952 -
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06 07 0.8 09 1

490 T T T T 1

a00 —

520

530 -

540

250 -

a60 —

570

550 —

BO0 -

Bl 3.28 % - -4 = pIF 44 * 10-27-10 i F fach CUEH 1 Ct o
MAE=0.040859 -

05 0.6 0.7 0.8 0.9 1
T T T T 1

------- Desired Ct
Inverted Ct

490

500 -

210 -

830 -

240 -

250 -

560 -

280 -

890 -

B00 -

B 3.29 % =+ pFaf1* 10-27-10 e F o cn C e 8 ¢ 0 Cto
MAE=0.047587 -
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0.4 0.4 06 07 08 09 1
T T T T T 1

------- Desired Ct
Inverted Ct

430

500

510

520

530

540

550

560

570

580

5990

Bl 330 %=+ - e pFaEglr 10-27-10 5t F focn CU B H ¢ 1 Cto
MAE=0.050294 -

# 33 - B:A A K RBF(10-27-10)c007 42 P88 L 8 % o

Well log data MAE ‘of well log data inversion
#26 0.051753
#27 0.055537
#28 0.041952
#29 0.040895
#30 0.047587
#31 0.050294
Average error 0.048003
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% 34 #rF L BN a k RBF Gl K fpliRin L 8 % o

Network N“”.‘b.er of | MAE after Average MAE| Training CPU time
size training . 20’0.00 of 6 test data |(hours:minutes:seconds)
patterns iterations
1-2426-1 5000 0.018645 0.123119 01:43:15
2-14-2 2500 0.045808 0.071876 00:22:25
4-7-4 1250 0.049006 0.069823 00:11:18
5-44-5 1000 0.032716 0.058754 00:11:07
10-27-10 500 0.031394 0.048003 00:05:26
20-7-20 250 0.048767 0.073768 00:03:22
40-2-40 125 0.164247 0.174520 00:01:28
50-2-50 100 0.160658 0.165190 00:01:45
100-2-100 50 0.190826 0.185587 00:01:33
200-4-200 25 0.191159 0.277741 00:01:13

3.2. Simulation on the Modified Three-Layer RBF

AP b kAN Ak RBF(10-27-10) 45 EE1= & > fic 28 a & RBF @3

P oo NP ED Y - K ehé Bl > §v K-mean clustering algorithm 4 #1¢5 » £ *
PFS-test % 2| %7 separability-m /& <_> F &% 5 K*=27 - F]pt > :x 2 ;8 = § RBF 1
fepe o] 5 10-27-H-10 > B FA PR A2 oI B A cha gL B H o

4% Mirchandani ¥ Cao *:.1989 & &4t ) k ez 3@ kg el =

[E-

!

RBF ("2 g & chna-gLip B H - g'fﬁig?lﬁ £ R 5 10 data enpFiz - 25 0 £ ¢, &
7 200 @ data> F]pt & v 2 5 20 B3R A 025 ¢ ¥ x5 500 B34k &> T=500 o
#- 1 10-27-H-10 p =15 A < multi-layer perceptron 2 ﬁig?] >R R E 27T R d=27
g o 58 2.23 7 4w
H=9>M(Hd) =M(9,27) = C(9,0) + C(9,1) + -+ C(9,9)
= 2% = 512 regions = T(= 500)

5 A e 10-27-9-10 F & F ez A5 = K RBF g o

AFEY S AP LRI H=T B -8B 9B 108 11 % -2 12 BEFRSH
B Bk G O Tt e e pliEid % o B 3.31~% 3.36 5 0t~ g (10-27-7-10~
10-27-8-10~10-27-9-10~10-27-10-10~10-27-11-10~10-27-12-10) 3" R i #%.=1 error vs.
iteration o

fI* - 1 10-27-9-10 RBF i 4% 26 I 31 e BIF ALK 4& 0 k kg & 4o Fl

38



3.37~@ 3.42-

%4 35 74— B 10-27-9-10 sec 2 = & RBF %% 26 2 % 31 v 2 7 jaz
testing MAE errors - % 3.6 7|41~ Bz 2 ;' = & RBF 3" Pl MAE » 2 %
BPPEF o d £ 360 AP T rF IR 10-27-9-10 chie i BRI A AT Y 22 B
B LA A N S I

Wiz K B it o0 RBF (10-27-9-10) 25 & & i ¢0 RBF (10-27-10) » 4 3.7 5] )
= & B i3 e0 10-27-9-10 RBF (¢ % 3.6) &2/ & & i ¢h 10-27-10 RBF (¢ # 3.4) =
PITREPREESE R 0 223N = B RBF R8s £ #et 2585 & RBF chip3fs4 > 1
4.1% > EVRPPEFER EPH AT T B o

Fl % 10-27-9-10 ehie a7 B P B B L > AP RER L Ao
10-27-9-10 z 2 ;8= & RBF » o S0t » o * 309 %2 pIFRaFr £ -

Final MAE=0.017231

018 T T T T T T T T T
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L
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0.04 F .
0.02 k\_ .
U 1 L L 1 1 L L 1 1

0 0.2 0.4 06 0.8 1 1.2 1.4 16 1.8 2
lteration i 104

B 3.31 %p: 5 10-27-7-10 FF=herror vs. iteration o
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Final MAE=0.017714
I:I1B T T T T T T T T T

0.16

0.14

0.1

MAE

0.08 - .

0.06

0.04

0.02 - =

I:I 1 1 | | 1 1 1 | 1
1] 02z 04 0B 08 1 1.2 14 1.6 1.8 2

[teration . 1III4

B 3.32 p 5 10-27-8-10 FF s1error vs. iteration o

Final MAE=0.015523
018 T T T T T T T T T

0.16

0.14 .

012F .

0.1

MAE

0.08 .
0.06 - $
0.04 .

0.02 H_ .

D 1 1 1 1 1 1 1 1 1
0 02 04 06 08 1 12 14 16 18 2

lteration J 104

B 3.33 #p 5 10-27-9-10 pF e error vs. iteration o
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Final MAE=0.015981
0.18 T T T T T T T T T

016 .

0.14

T
1

012 .

01F .

MAE

0.08 .

0.06 - .

0.04 .

0.02r .

D 1 1 1 1 1 1 1 1 1
0 02 04 0B 08 1 12 14 16 18 2

i 4
lteration « 10

B 3.34 §: 5 10-27-10-10 pF<ioerror vs. iteration o

Final MAE=0.0195848
D. 1 8 T T T T T T T T T

016 .

0.14

T
1

012F .

0.1

MAE
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0.02r
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lteration % 104

B 3.35 fp: 5 10-27-11-10 pF e error vs. iteration o
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Final MAE=0.021564
018 T T T T T T T T T

0.16

T
1

0.14 .

0.12

T
1

0.1

T
1

MAE

0.08 4
0.06 .

0.04 - .

N_\—"-‘——H_\_
002 1 1 I I I 1 T 1 1
0 02 04 0B 08 1 12 14 16 18 2

i 4
lteration w10

B 3.36 §: 5 10-27-12-10 pF i error vs. iteration o
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B 337 %= L e pF gl 10-27-9-10 it F facn CU&E B Y cn Cto
MAE=0.041526 -
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0.6 0.7 0.8 0.9 1
T T T 1
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Inverted Ct
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Bl 3.38 % - - - e pF {0 10-27-9-10 e f F dach C 8 +n Cto
MAE=0.059158 -
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0.6 0.7 0.8 0.9 1
T T T 1

------- Desired Ct
Inverted Ct
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560
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Bl 3.40 % - -4 = pIF 440 10-27-9-10 e fe F dach C 8 0 Cto
MAE=0.043017 -
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T T T T 1

------- Desired Ct
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490

500 -
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B 3.41 % =+ e pIFaf1* 10-27-9-10 fpF £ CUEH ¥ HCt o>
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0.5 0.6 0.7 0.8 0.9 1
T T T T 1

------- Desired Ct
Inverted Ct

490

500 -

210 -

820+

830 -
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560

570 -

280 -

Bl 3.42 % = -+ - e pIF 4% 10-27-9-10 e fe F dach C e 8 «h Cto
MAE=0.042763 -

% 35 - B2 ;N2 & RBF(10-27-9-10) s dapiRF£ 5 % o

Well log data MAE of well.log data inversion
#26 0.041526
#27 0.059158
#28 0.046744
#29 0.043017
#30 0.046546
#31 0.042763
Average error 0.046625
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% 36> Bz = &k RBF e F fo enipl3ds 4 % % o

Average
Network N“”.‘b?r MAE at MAE of 6 Training CPU time
. of training| 20,000 i .
size . 3 well log data |(hours:minutes:seconds)
patterns | iterations | . .

inversion
10-27-7-10 500 0.017231 | 0.050430 00:31:02
10-27-8-10 500 0.017714 | 0.050313 00:29:40
10-27-9-10 500 0.015523 | 0.046625 00:29:45
10-27-10-10| 500 0.015981 | 0.048452 00:30:37
10-27-11-10| 500 0.019848 | 0.048173 00:29:59
10-27-12-10| 500 0.021564 | 0.053976 00:29:27

Z 37 B2 a g RBF & ifec 282 & RBF 't F Jas £ 2 vh i o

Number of | MAE at | Average MAE - i
Neftwork training 20,000 of 6 well log Tra|.n|r_19 CPfJ time
size i . . ) (hours:minutes:seconds)
patterns iterations | data inversion
10-27-10 500 0.031394 0.048003 00:05:26
10-27-9-10 500 0.015523 0.046625 00:29:45

3.3. Comparison with-Higher Order Neural Networks

Huang et al. [5] f1* % rg#pad &8 (Higher Order Neural Network, HONN)
A RIE e M E - R D LT R T AL TS R BR A > DI BGEARR
>4 0 #7* &0 models 4 %] G H & perceptron ~ = F# H & perceptron ~ = P H &
perceptron ~ — F# = & perceptron ~ = F# = & perceptron ~ £2 = Ff % & perceptron o
Huang #7§ % % P~3"5 20,000 =t 1 » £ g% = L 2 23] % = -+ - e O T4 2 )
FoEMNOTHEGHEL NS ek 38~% 3130 F - POk ELBE A
B~ 5 10 hF

AP BRA SRRETANA K2 2 F RBE kit o dod 314 -
EZ 314 A SRR FERT 0F % B 5 D H k& perceptron {8 33
RpE ko] T30 G 8L L 0.018248 0 - F4 H g perceptron iF |3 P ehd ] eh
T30 ¥4 5 0.0136485 :x 2 5% =  RBF thd | enT 355 4438 4 p| £ 0.015523 -
e = B RBF ' % > 7 5 v H K perceptron 2 & & RBF 4 » &2 - FF 5 &
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perceptron 4p 4 o 4p 2 U < perceptrons (= Fg ¥ & perceptron-~ = f# ¥ & perceptron -

- F¢ = k& perceptron ~ = F# = & perceptron ~ = f# = k& perceptron) » B &+t e £ o

7 3.8 H & perceptron 7 2% % % > & error=0.018248 -

Network N“”.‘b.er of . .
size training MAE at 20,000 iterations
patterns
1-1 5000 0.055739
2-2 2500 0.055430
4-4 1250 0.046294
5-5 1000 0.026866
10-10 500 0.018248
20-20 250 0.021283
40-40 125 0.022017
50-50 100 0.023346
100-100 50 0.023534
200-200 25 0.744285

7 3.9 - F¢H K perceptron 7§ S % % 2 & -] error=0.013648 -

Network Ntligilgfr:g()f MAE at 20,000 iterations
31z€ patterns
2-1 5000 0.055296
4-2 2500 0.055375
8-4 1250 0.045936
10-5 1000 0.026701
20-10 500 0.013648
40-20 250 0.018926
80-40 125 0.020748
100-50 100 0.022741
200-100 50 0.023167
400-200 25 0.780082




% 310 = r# H & perceptron e % % % > | error=0.008408 -

Network Ntlig;gfr:g()f MAE at 20,000 iterations
Slze patterns
3-1 5000 0.047405
6-2 2500 0.045860
12-4 1250 0.034748
15-5 1000 0.019202
30-10 500 0.008408
60-20 250 0.008766
120-40 125 0.010990
150-50 100 0.009827
300-100 50 0.011308
600-200 25 0.780082

% 311 - r¢ = K perceptron 5 B %% > #-] error=0.001996 -

Number of
Network size training MA_‘E at .20’000

patterns iterations
10-7-10 500 0.002318
10-8-10 500 0.001921
10-9-10 500 0.002155
10-10-10 500 0.001996
10-11-10 500 0.002059
10-12-10 500 0.002141
10-24-10 500 0.002672

# 3.12 = F#S K perceptron i % % % > &) error=0.001598 -

Iterations of

Network size Number of MAE at 20,000 convergence

training patterns iterations (threshold =
0.002)

20-7-10 500 0.002034 Over 20,000
20-8-10 500 0.001598 8,286
20-9-10 500 0.001649 8,880
20-10-10 500 0.001753 9,904
20-11-10 500 0.001994 13,740

20-12-10 500 0.002074 Over 20,000
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% 313 = F¢a K perceptron R B 5% % » B error=0.001574 -

Network size I\Iturz:lri] rtl) ier:gmc M,Ai\tlirztti%(r)]fOO clzt)er:\a;ggl:sngz
patterns (threshold=0.002)

30-7-10 500 0.002022 Over 20,000
30-8-10 500 0.001574 3,372
30-9-10 500 0.001719 4,386
30-10-10 500 0.001667 3,444
30-11-10 500 0.001808 11,427
30-12-10 500 0.001736 10,917

# 314 % FHEA SRR HRIEE R o

Model Network size !\Iymber of MA.‘E at .20’000

training patterns iterations

H & perceptron 10-10 500 0.018248

= Fr¢ H k& perceptron 20-10 500 0.013648
= F¢ H & perceptron 30-10 500 0.008408
- F¢ = & perceptron 10-10-10 500 0.001996
=~ f¢= k& perceptron 20-8-10 500 0.001598
Z F&a K perceptron 30-8-10 500 0.001574
:z2 ;'3 & RBF 10-27-10 500 0.031394
sz ;' = & RBF 10-27-9-10 500 0.015523

3.4. Application to the Real Well Log Data Inversion

st data s B Yoo AP IR g2 10-27-9-10 2r 2 2N = K RBF iR o

il

P EIho] RN B8 HE A A PR B R R T 2
TR F 4t -
B 343 5 B ok 2 plevit § T F 0 SRR 5 55775 ¥ ] 6,722 # s B

W S 05 # R > frr b g H R TR 5 2290 BARER F -

AP gy 1 e % 25 fe ek ok 10-27-9-10 :x 2 38 = & RBF &
PR R EARETFEABERL 100 AR EAKR > BIF DL F S K E

TE R 3445 FHE MBI HF et R R ET T
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4. CONCLUSIONS AND DISCUSSIONS

i g F R g 52 S A % S gk i (Radial basis function network, RBF)
BN A g RBF 25 U502 RBF 202 I TR AR 4 o B Pl » 12
Bl 3T % (apparent conductivity, Ca) » @ #i5:h £ 2 F & & H T % (true formation
A ER P EApR e A
St o ElCER & £ 31

-1}

conductivity, Ct) » d >t plF 32 > b’L’rJ‘zﬁi%J 8 31?1
ez o A G PR TR RE R o pIF e
g en? ;‘E'J?;q‘ii » H ¥ 25 fm AR 0 6 B RAUP]ER o

BN A g RBFE Y % - K & H R A R E At aha o 24 i K-means
A 3% 22 pseudo F-statistic test k-2 & & s e & 5 % - K e Bhiice % - Kk
& — 1B H & enE s 0 perceptron » A i 2 -7 e e S e AU el Sl R
delta 7% ¥ 2 BB~ % Widrow-Hoff 75 ¥ /2 B » iz e 238 RBF & 5 2244
et o &d g % 0 AP R A m@?] » i s 2% 10-27-10 RBF #
T B PR AL 0 » 2 5 S K RBF P A iE cniER o

A g i 60 10-27-10073 & RBF #%t 3 = & RBF > #-3 & RBF 1% = & J#
E 5 - B3 K perceptrons & Zee 250 = & RBF > o (7 3| { & enzb s gm0 3
£ 12 Mirchandani £ Cao #% fle@ o - 2ee 2t 2 & RBF ¢ "2k & 813 i -
d W enF S % % 0 10-27-9-1005 B F ez 2N = & RBF - @ * 10-27-9-10 &%

& = & RBF # 10-27-10 = 2 5% 5 & RBF 4 $i| e384 o

AP g & 61 10-27-9-10 2x 2 3% = K RBF (S s e AL s o e 0 F
A RIFRF o B R AT ER G A7 AP TR A et LV RBRE F
11 A p| F LR JE o

B S&RDERT  FREFFIAGELT N TR RREL D BN A
0 AR U GEL Bl B RIVRT RS RIF % D

W5 o
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