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MODELLING OF MULTILAYERED MEDIA BY COMPUTER 
PROCESSING OF WELL LOGS

Mátyás VERMES*

The determination of the layered model from some well logs recorded in a single borehole is 
discussed. The problem is traced back to the determination of step functions fitting optimally to 
the well logs. The discontinuities of these step functions are correlated and the average width of the 
steps can be regulated. The step functions are given as the realizations of. a multidimensional 
Markov chain. Mutual correspondence can be prescribed between the possible states of the Markov 
chain and the rocks of the investigated area. Using the transition probability matrix such a priori 
information can be introduced to the algorithm wich are characteristic to the combination of the 
applied tools as well as the geological circumstances in the borehole. As a consequence when fitting 
the step functions the algorithm is able to distinguish between physically sensible and nonsensical 
combinations of the parameters. In the last part of the paper models are examined in which the 
slow variation of the petrophysical parameters is permitted inside the layers.
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1. Introduction

Modelling the stratified earth by a stochastic process is not a new concept 
in the technical literature. The Markov chain model seems to be very useful for 
certain practical applications [Dowds 1969]. The Markov chain can be regarded 
as a simple extension of an independent white noise process, allowing some 
dependence of each sample on the preceding sample and only on it [Feller 
1978]. This property makes possible the application of simple combinatoric 
optimizing algorithms for certain fitting problems [Lawler 1982]. The fitting 
of acoustic impedance logs and step functions deduced from the Markov chain 
model was reported by Godfrey et ah, using the dynamic programming tech
nique proposed by Bellman [Godfrey et al. 1980, Lawler 1982]. The results 
reported by the foregoing authors will be generalized from several aspects in the 
present paper.

The use of multidimensional Markov chains makes possible the common 
interpretation of several types of well logs measured in the same borehole. This 
fact significantly increases the effectiveness of the interpretation. Certain poss
ible states of the Markov chain — certain combinations of rock physical 
properties — can be related to certain lithological units existing in the given
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area. It is stressed in this paper that the application of predefined Markov chain 
transition probability matrices gives means to the interpreter geophysicist to use 
the a priori information available for a given area.

2., Modelling with step functions

The structure of the collected experimental data and the properties of the 
mathematical model of a stack of horizontal layers is described below to explain 
the essence of the modelling. Let us suppose that we have L different logs of the 
same borehole, for example SP, acoustic log, etc. Denoting the depth sample 
interval by Az, the depth of each i-th sample can be expressed as iAz(i = 0 ,.. .TV). 
The г-th values of the different log samples are denoted by u}, uf ... u[, 
respectively. Thus, the lower index i relates to the depth, the upper index shows 
the particular type of logging tool applied. The experimental data can be 
denoted in the following compact matrix form:

и  = К 1} (I- = 0,1,..., JV; / = 1,2 ,..„L )

U(1> u<2)

Fig. 1. The recorded logs 

/. ábra. A mérési anyag 

Рис. 1. Материал измерений

Figure 1 shows a lithological column of a borehole, and two acquired logs 
u(1) and m<2) respectively. Initially, the idealized layer stack is assumed as having 
the following properties:
a) Each layer is homogeneous, i.e. all physical parameters are constant within 

a layer. The theoretical value characteristic for each layer is denoted by * 
using the same indices as above. If the lower and upper boundaries of the 
layer are ilAz and i2 Az respectively, then vf] is constant in the case of
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b) At least one of the v\l) functions will change at the layer boundaries. So 
r f l , ф v\l) for one or more / values if there is a layer boundary at depth 
iAz. It follows from the above two conditions that the theoretical v(P 
functions are discrete step functions with possible discontinuities at the 
layer boundaries.

Note: These conditions may seem too restrictive and a very poor approach to 
reality. The main argument may be that there exist layer sequences where the 
layers are not homogeneous and there are geological boundaries where none of 
the given logs have discontinuities. Since only L parts of the logs are used in 
the modelling of the layer stack, there is no possibility of separating such layers 
that are not visible on the logs. Thus the resultant model corresponds to rock 
intervals separated on the bases of physical properties rather than lithological 
section. An important further aim is to reveal the relationship between physical 
properties and lithology. This problem will only be briefly mentioned when 
specifying the transition probability matrix.

Figure 2 shows a schematic lithological column and the idealized model of 
well logs 1 and 2 along the same borehole as in Fig. 1. Functions r(1) and v(2) 
represent the theoretical values of the physical parameters measured by logging 
tools 1 and 2. Steps are present only at layer boundaries. Although there are 
no steps at every layer boundary, steps of the different functions are correlated.

Fig. 2. The layered model 

2. ábra. A rétegmodell 

Рис. 2. Пластовая модель

Until the last part of this paper we accept the concept of homogeneous 
layers. Since, it implies neglecting the inner variations and regarding the major 
changes only provided by the actual resolution, we take it that the concept of 
homogeneous layers is fundamental from several aspects, as related to the 
problem of fitting a model to measured data.

The differences between the corresponding functions of Figs. 1 and 2 can 
be regarded either as measurement errors or the effect of the inhomogeneity
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within the assumed “layers”. The aim of the interpretation is to find those 
functions vm, ..., v<L> belonging to the measured functions u(l\  ..., u(L) that fulfil 
the following requirements:

a) The average length of steps of function v(l) must easily be able to be con
trolled.

b) The functions v(l> of the given average step length must be optimally 
fitted in the statistical sense to the original data u(l).

c) The steps of functions vil) must be correlated. Thus, every layer boun
dary is defined as one or more steps in functions v{,). In ideal cases the lithology 
can be deduced from values v(l) as in the case of Fig. 2.

Finally, what, can be done with such layer sequences in which the physical 
parameters change gradually within the layers? This problem is faced in the last 
part of the paper. It will be shown that the mathematical model (Markov chain) 
can also be generalized into the case of inhomogeneous layers. A method will 
be given to reduce this general case to the more simple case of homogeneous 
layers.

3. Construction of the Markov chain

As was shown above, construction of the mathematical model means a 
search for such a step function that fulfils requirements a), b) and c). Now, the 
mathematical representation of functions r<0 will be discussed. These functions 
will be regarded as the realization of an L dimension Markov chain. The idea 
of modelling with a Markov chain was taken from the paper of G odfrey et al. 
[1980]. The generalization of Godfrey’s solution into several dimensions has 
proved to be important from practical aspects rather than from the mathemat
ical point of view.

The alternative formulation of the problem of modelling leads to further 
differences. As a consequence, certain parameters of the Markov chain will have 
a meaning here that is different from that in G odfrey et al. [1980]. These 
difference will be stressed later in the text. Let the z'-th sample of the L dimension 
series {y,}fL0 be

where vt is an L dimensional column vector. In the case of fixed upper index /, 
М',)}Г=о is a function characterizing the /-th physical parameter. For simplicity, 
the set of values of step functions v(l) is supposed as being discrete. The possible 
values of v(l> are denoted as x{(\ х%\ ..., x^(, which means that the /-th physical 
parameter can have m discrete values only. This restriction is hardly critical if 
the values x*/’, ..., x® are dense enough in the range of practically occurring
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parameter values. It can be concluded from this restriction that the set of 
possible values of the parameter combinations of models {r,} will also be 
discrete. The possible values of vectors vt will be samples of a state space of 
M  = m im2...mL elements. If the elements of this state space are arbitrarily 
ordered, then the possible values of vt can be assigned (omitting the upper index) 
by Xj ( j  = 1,2 ...M). One combination of physical parameters may be for 
example:

Vt = Xj

r d)лк
v <2)Xji
UL) 

Lxh .

jl= 1. —.»*1 (2)

if the state represented by the right hand side column vector of Eq. (2) comes 
to the y'-th place during the ordering process.

Let us start with the description of statistical parameters. Denoting the 
probability independent from i with <Xj

ctj = Pr{Vi = x})  (3)
M

where £  a j = 1. The column vector containing the elements a,- is denoted as
j= 1

oc; the value of ct} shows the probability of state Xj of the physical parameters 
of a particular layer. This probability is the parameter of the interpretation 
algorithm so it must be specified independently from the actual measured data 
U. In the simplest cases the probability distribution dc can be regarded as 
uniform; a, = 1 /М. Of course there are more interesting possibilities.

Up to now {v\l)} was considered as the function characterizing the /-th 
physical parameter, neglecting its actual meaning. Sometimes the probabilities 
of certain lithology and the corresponding parameter combinations are known 
a priori in the case of a given set of logging tools based on geological and 
geophysical considerations. Similarly the low probabilities of certain unaccept
able (senseless) combinations are also known. If one has such an unacceptable 
measured data set at a certain depth it seems reasonable to regard the data as 
“noisy” and take them into consideration with smaller weight.

For example let us suppose that we have used two logging tools, both 
sensitive to resistivity (L = 2). Obviously the combinations will have
large a priori probability ctj, all the others will have a small (Xj or zero. In this 
way the interpreter can put in the algorithm significant a priori information by 
giving the ex. distribution.

Markov chain modelling was introduced by G odfrey et al. as a noise 
cancelling procedure. The probabilities a, were estimated by the relative fre
quencies computed from the measured data. So the distribution dc is the param
eter of the experimental data U in their approach. Here a quite different 
approach is used. Let us suppose for example that we want-to detect a thin layer



192 M. Vermes

between two thick ones. Merely because of the geometrical conditions, the 
relative frequencies would result in very small value oq for the physical para
meter combination of the thin layer — which would exclude the data connected 
with the presence of the thin layer from the interpretation. It is obvious from 
the example that the distribution tx must represent the interpretability of a given 
combination Xj as real physical parameters of some lithology rather than the 
probability of some lithology.

Fixing the probabilities oq and assuming an independent (white) noise 
process, the a priori probability of a given realization V = (v0, tq, ...vN) = 
= xj0, ..., xjN in the case of equal oq values (cq = 1 /М) would be:

(  1 \ N + 1
Pr(V) = Pr(v0 = xj0)...Pr(vN = xjN) = Í — J

Since Pr(V) is equal for every realization, and the bulk of them represent fast 
abrupt variations between states xq, such types of functions do not fulfil the 
restriction made on step-like behaviour. To ensure this latter property, some 
further statistical properties of the process must be taken into consideration and 
the restriction made on the independence of samples must be weakened. The 
most general expression of the previous probability Pr( V) is:

N

Pr(V) = П Pr(Vi\Vi-u Vi-2, ..., tf0)
> = 0

where the conditional probabilities express that the samples depend on all the 
previous samples. We limit ourselves to the case for which each sample iq 
depends only on the previous sample

Pr(V) = Pr(v0)Pr(vl \v0)...Pr(vN\vN. 1) (4)
This expression takes the form of

Pr(V) = xiPr(vl = xj \v0 = x i)Pr(v2 = xk\v1 = Xj)...
N+ 1 factors

using a given realization V = (xt, xp xk, ...) and the notation Pr(v0 = xi) = a;. 
Expression (4) is just the definition of a Markov chain. Let us introduce the 
annotation:

Pjk = Р Ф , = X k I !>,■_ j = Xj) (5)
Pjk is the probability of state .Yt of a random process {n,} with the condition that 
the state of the previous sample was Xj-Pjb like the distribution ct, is regarded 
to be independent from index /' (the depth). In other words Pjk is the probability 
of the jump of the process from state j  to k, thus

M
Z  pjk = 1k= 1

(6)



Modelling o f multilayered media ... 193

The matrix built up from elements is called a transition probability matrix 
and is denoted by P. This matrix gives a means of controlling the average 
thickness of “layers”. The more dominant the elements of the main diagonal, 
the thicker the layers. For example if Pjj approaches unity, then the process is 
able to stay in an Xj state for a long time.

Now we examine some properties of matrix P and fix it to suit our 
purposes. Let us regard the following probability distribution to be known for 
a given:

Pj(i) = Priv^Xj) j  -  1,..., M  (7)
It can easily be shown that the probability distribution of the next sample i + 1 
can be computed by pfi)

p T(i+ 1) = p T(i)P (8)
using the notation p(i) for the column vector built up from elements pß)  and 
T  for transposition. As expected, the effect of the first state will vanish so the 
limit value

lim p T(i + n) = lim p T(i)P" (9)n —» 00 n —* 00
is independent of p(i). This is true and it can be shown that

lim p TPn = äT (10)

FILE:EC53 M: 2-2 YAC920e korr. elgi 39-

for all p and
äTP = ä T (И )

According to Eqs. (10) and (11), a is the so called invariant distribution of the 
Markov chain. Let us specify matrix P in the form:

P = Xl+(\-X) ( 12)

where /  is the unit matrix and X is a scalar. This definition is valid only if P fulfils 
Eqs. (6) and (11). It can easily be shown that the matrix P defined by Eq. (12) 
satisfies (6) and (11). Since À controls the magnitude of the elements in the main 
diagonal of matrix P, X is directly related to the average layer thickness. For 
example 2 = 0 is the case of the independent random (white) process with 
minimum thickness. In the case of X -* 1 the medium will contain only one 
“layer’’ or, in other words, the process {^} will stay in state Xj for all i-s. This 
is the case of maximum thickness. Now taking Vi = Xj, the probability of the 
process remaining in the same (/-th) state along n — 1 steps, can be calculated:
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Pr(vi = vi+l = ... = vi + n_ 1=Xj ,vi+nï  X j )  =
(13)= P..P... P Л - p = П -p . . )P nr 1

1 Jj JJ 1 JJ ' 1 j j f  V 1 r j j ) r JJ

The average thickness of the layer of state Xj can be expressed by calculating 
the expected value of n steps:

'oo

W j - V - P j j )  I  nPïj
1 _ 1

l - P j j  ~ ( l - A ) ( l-a j )  ' (14)

Hence, Eq. 14 gives a simple tie between Я and the average layer thickness wy 
Let us refer again to the paper of G odfrey et al. [1980], where Я is also regarded 
as a parameter of the experimental data U, and the evaluation at Я from U is 
detailed. Я in this paper is used as a simple parameter affecting the resultant 
average layer thickness only. Since the desired resolution of the model depends 
on the aim of the interpretation, Я must be chosen independently from the 
experimental data U. For seismic purposes resolution between 10 and 500 m 
seems desirable.

Summarizing the above concept, if the probabilities oq and a parmeter Я are 
prescribed, the transition probability matrix P can be constructed and an L 
dimension Markov chain can be defined. Functions derived in this way 
fulfil requirements a) and c) formulated in Section 2. In other words these are 
step functions with controllable step length and the steps are correlated along 
different function implementations. These functions {r,} have a priori probabili
ties according to Eq. 4.

4. Matching of step functions

The next step is to select the implementation from set {u,} whose functions 
v{l) fit best the original experimental data U. according to requirement b) in 
Section 2. Let us examine the so called additive model of experimental data 
[Holtzman 1971]:

U = V+N  (15)
where U is the matrix of the measured data, V is the matrix containing the 
theoretical values of physical parameters of the possible rock column, and N 
is the difference between the previous two quantities. V will be chosen so that 
N  should be sufficiently small. Elements of N will be regarded as noise and 
obviously n(P = u\l) -  v(‘] and Pr(N) = Pr(U\ V). Elements of TV are supposed to 
be independent with normal distribution, zero mean and standard deviation ar 
However, it should be noted that there are other acceptable alternatives for the 
independence and the distribution type, which could be incorporated in the 
following derivations with minor changes. For example n,_j and и, may be 
correlated and a, may vary with the depth, or other types of distributions can 
be applied [Godfrey et al. 1980].



Modelling of multilayered media ... 195

The a posteriori probability Pr(V\U) is maximized to find the optimal 
solution. This solution matrix V is characterized by large a priori probability 
(Eq.4) and results in small noise N:

V =  V{m&xPr(V\U)}. (16)
Using the Bayes theorem

V =  V jmax
Pr(U\ V)Pr(V)} 

Pr(U) j (17)

Taking into consideration that the maximum does not depend on the denomina
tor, and by taking the negative logarithm of the terms we may write:

V = F{max Pr(U\ V)Pr(V)} = F{min [ - ln  Pr(U\ V)~ lnPr(U)]}. (18)
Using the condition of independence and Eq. (4):

г Г  N L N "П
V= V{ mm “ I E  In Pr(u^\v\l)) -  X In Priv^v^f) (19)

i = 01=1 i — 0
All terms on the right hand side of Eq. (19) are known and are computable.

The following expression can be derived for the function to be minimized 
by taking into consideration the restrictions made on the distribution type of 
quantities n\l\  using the annotations a, and Pjk in the case of an actual realiz
ation V = (Xj0,Xj l , ...), viz.

C(V)
1 N L

? !  1
A i =  0 l =  1

,<o _ x (f)
In а,о X In Pj._ (20)

The terms of Eq. (19) independent from V have been omitted since these have 
no influence on the position of the minimum. The solution V can be evaluated 
by minimizing the cost function (Eq. 20). The following notations are in
troduced:

u P - x f ^ 21 L
Djx = T I  

Z  1=1

i =  0, = 1 , 2 , M
(21)

where Djti is the cost increment originating from the difference between the 
measured u\l) and the theoretical rf1 = х{-] values at the /-th point. Let us take

Tjx = “ In Pjk
j, к = 1,..., M ( 22)

where Tj k is the cost increment originating from the transition from state 
vi- 1 = xj to state Vi = xk. Let us introduce the following recursion scheme:
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Cj, о 
Cj,i+i

i
j , k

If the end point of V is fixèd at vN = x„ then the minimum cost computed by Eq. 
(20) will be equal to C; N. This property of the above recursion can be proved 
by complete induction on index N.

In the case N = 0 this statement is trivial. Now, if the validity holds for 
Q jv -i (к = 1, • ••, M), then the minimum cost value of an implementation of 
end points vN_ l =.xk and v„ = Xj is CktN_x + Tkj  + Dj<N. Since the optimum 
implementation with end point vN = Xj is also a member of this set, the cost 
belonging to this is the same as the к minimum. Q. E. D.

To find the optimum function {«,.} CjA costs must be computed for every 
j  = 1, ..., M  and i = 0, ..., N, while keeping the indices к giving the minimum 
in Eq. (23). The optimum {i>,} can be found by tracking indices к backwards 
from the point having minimum cost Cj N. The resultant coordinates give the 
step functions {г)'1}.

-In  oij+Dj'0 
min {Ck
0*1, ..., N  
1 , 2 , M

+ TL ,1 + Dj. i+  1 (23)

5. Examples

A synthetic example is shown in Fig. 3. The idealized step functions A, B, 
C and D are four components of a realization of a Markov chain described in 
Section 3. The components consist of 1000 samples, each of them with four 
possible values. So the state space consists of M = 44 = 256 points. The distribu
tion dë was chosen to be uniform, Я determining the average step length was 0.97. 
Functions E, F, G and H were produced by adding Gaussian, zero mean 
independent noise to A, B,C and D. Functions E, F, G and H were used as input 
for the algorithm. Functions /, J , К and L are the results which can be regarded 
as estimates of functions А, В, C and D. The good fit shows — there are only 
minor differences — the superior performance of the algorithm.

Figures 4 and 5 show a (four component) field example processed with 
different parameters. The four components (А, В, C and D) are compensated 
y-y, y-ray, neutron-neutron, and resistivity logs respectively. The length of the 
functions is 150 m, with 1 m sampling rate. The result is represented by the step 
functions E, F, G and Я, with value sets of 3, 5, 4 and 8 respectively. So, the 
state spaces consist of 3 x 5 x 4 x 8  = 480 points. In both cases сё distribution 
was assumed to be uniform and Я = 0.98 was used. The difference between the 
two results — the model exhibited in Fig. 4 is more detailed than in Fig. 5 
— was caused by the different standard deviation term of noise applied. <r( was 

greater in the latter case. If the parameter is increased, then the weight of the 
deviation term (in Eq. 20) becomes smaller, so the solutions of fewer steps 
become more probable, or in other words the resolution is decreased. It is quite
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natural that increased noise results in smaller resolution. al is also regarded to 
be a parameter of the interpretation similarly to cc and A.

Figures 6 and 7 show a density and an acoustic log (A , B) and the two 
different step function models (C, D) fitted to the input data. The result was used 
for seismic interpretation purposes.
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Fig. 3. A synthetic example including four channels 

3. ábra. Szintetikus példa négy csatornával 

Рис. 3. Синтетический пример с четырьмя каналами
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/•’/с/. 4. Borehole Visonta F-389/0; 
step functions fitted to compensated 

y-y, y-ray, neutron-neutron and 
resistivity logs

4. ábra. Visonta F-389/0 mélyfúrás; 
kompenzált y-y, természetes y, 
neutron-neutron és ellenállás 

szelvényekhez illesztett lépcsős 
függvények

Puc. 4. Скважина F-389/0 Вишонта, 
ступенчатые зависимости 

совмещенные с кривыми ГГКП, 
ГК, ННК и КС

Fig. 5. Borehole Visonta F-389/0; 
step functions fitted to compensated 

y-y, y-ray, neutron-neutron and 
resistivity logs

5. ábra. Visonta F-389/0 mélyfúrás; 
kompenzált y-y, természetes y, 
neutron-neutron és ellenállás 

szelvényekhez illesztett lépcsős 
függvények

Puc. 5. Скважина F—389/0 
Вишонта, ступенчатые зависимости 

совмешенные с кривыми ГГКП, 
ГК, ННК и КС
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Fig. 6. Borehole AL-745; step functions fitted to density and acoustic logs

6. ábra. AL745 mélyfúrás; sűrűség és akusztikus terjedési idő szelvényhez illesztett lépcsős
függvények

Puc. 6. Скважина AL- 745, ступенчатые зависимости, совмещенные с кривыми плотности 
и интервального времени упругой волны

А

1-------- 1-------- 1-------- 1-------- 1-------- 1-------- г

С
1---------г

~I-------- 1----------г

D
7

Fig. 7. Borehole AL-745; step functions fitted to density and acoustic logs

7. ábra. AL-745 mélyfúrás; sűrűség és akusztikus terjedési idő szelvényhez illesztett lépcsős
függvények

Puc. 7. Скважина AL-745, ступенчатые зависимости, совмещенные с кривыми плотности 
и интервального времени упругой волны

6. Slowly varying layer parameters

In this part the restriction of homogeneity is omitted, allowing slow varia
tions within the layers. The abrupt change of any physical parameter is still 
regarded as a layer boundary. It is useful to transform the measured data in
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order to be able to handle them similarly to homogeneous layers, and to apply 
the previous methods. To achieve this aim the well log functions are factored 
into two terms; a slowly varying term, and a step function. The first will be 
described as a piecewise linear continuous function, while the second com
ponent will be the same step function already discussed. The information 
connected with the layering will be carried by the latter. If we remove the slowly 
varying component we get secondary experimental data fulfilling the original 
three requirements pertaining to homogeneous layers.

Our starting point is a two component Markov chain (see Section 3).

М Г  =  0, r, (24)

The additive model of the experimental data can simply be constructed:

w,. = M +  I  M + « .
7 =  0

i — 0, ..., N
(25)

where w{ denotes the values of the well log to be factored. If we choose an 
appropriate value set for M ’} and {M}, the proper slowly varying and step 
function feature of the first two terms on the right hand side of Eq. (25) can be 
ensured. The third term is the same difference (noise) component as discussed 
earlier. The aim is to find the functions M*} and {t>j-2)} matched optimally to 
the measured data set {w,}. The principle chosen is again the maximum a 
posteriori probability. Equations 16-20 can be applied with minor changes.

Let us suppose that the i— 1-th sample is in the А-th, and the z'-th sample 
is in the y-th state of the realization of the process described by Eq. (24). If the 
value belonging to the i— 1-th sample and A-th state of the slowly varying 
component is denoted by Skh], the cost of the difference is:

° kj > = 2 ? (Wi ~ Xt]" ~  x(jZ) ~ Sk' m)2 (26)
where a is the standard deviation parameter of the noise. The expression of the 
total cost now takes the form:

Cj,i+1 = min {Ck',+ TkJ+Dkjj +i} (27)к
where the term Tki is the same as in Eq. (22). The recursive expression of SJ4 is 
simply:

Su  = Я ,_ , + М  (28)
A is the index in this case which ensures the minimum in Eq. (27). So the whole 
problem has been reduced to the case discussed in the previous sections.

The result is shown on the synthetic example of Fig. 8. Curve A is a step 
function burdened by additive noise, curve В is a slowly varying piecewise linear
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function. Curve C is the sum of the previous two functions and it is the input 
of the algorithm. The resultant functions D and E correspond to processes {r‘n} 
and {v\2)} respectively. The integral of function E would approach function B. 
D is practically the same as the noise-free component of function A. (The 
vertical scales of the curves are different because of the different normalization 
applied.)

E

Fig. 8. Synthetic example containing inhomogeneous layers 

8. ábra. Szintetikus példa inhomogén rétegekkel 

Рис. 8. Синтетический пример с неоднородными пластами

7. Conclusions

A method is shown for constructing multilayered models based on arbit
rary types of well logs measured in the same borehole. The layer boundaries 
were assumed to exhibit abrupt changes in one or more logs of the combination 
used. The problem was solved by optimum fitting of step functions with cor
relating discontinuities and controllable step lengths. The step functions were 
represented as realizations of multidimensional Markov chains. There is corre
spondence between the different states of the Markov chain and the possible 
lithological units, although this problem is beyond the scope of this paper. The 
distribution d and the transition probability matrix P give a means of formula
ting and using a priori information for the interpreter, characterizing the par
ticular logging tool combination and the geological conditions. In this way the 
algorithm is capable of discriminating between the interpretable and unaccept
able cases of physical parameter combinations. Specifying the correspondence 
between the log combinations and lithology, and the distribution Æ for the 
frequently used logging tool combinations is an important future research goal 
to support routine interpretation.
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RÉTEGSOR MEGHATÁROZÁS KAROTÁZS SZELVÉNYEK SZÁMÍTÓGÉPES
FELDOLGOZÁSÁVAL

VERMES Mátyás

A dolgozatban egyetlen mélyfúrásban mert több karotázs szelvény alapján rétegmodell szerkesz
téssel foglalkozunk. A feladatot olyan lépcsős függvények illesztésére vezetjük vissza, amelyek 
optimálisan illeszkednek a karotázs szelvényekhez, ugrási helyeik korrelálódnak, a lépcsők átlagos 
szélessége pedig szabályozható. A lépcsős függvényeket egy többdimenziós Markov-lánc realizáció
ként állítjuk elő. A Markov-lánc lehetséges állapotaihoz az adott kutatási területen előforduló 
kőzetfajták hozzárendelhetők. Az átmenet-valószínűségi mátrix felépítése révén az algoritmussal 
olyan a priori információt közölhetünk, amely jellemző a fúrásban alkalmazott szonda-kombináció
ra és a geológiai viszonyokra. Ily módon a lépcsős függvények illesztésekor az algoritmus képes 
különbséget tenni a paraméterek fizikailag értelmes és értelmetlen kombinációi között. A dolgozat 
utolsó részében olyan rétegsorokat vizsgálunk, amelyeknél megengedjük a kőzetfizikai paraméterek 
lassú változását egyetlen rétegen belül is.

ОПРЕДЕЛЕНИЕ ГЕОЛОГИЧЕСКОГО РАЗРЕЗА С ПОМОЩЬЮ ОБРАБОТАННЫХ 
НА ЭВМ КАРОТАЖНЫХ ДАННЫХ

Матяш ВЕРМЕШ

В работе описывается определение пластовой модели с помощью нескольких, полученные 
в одной скважине каротажных кривых. Задача состоит в получении таких ступенчатых 
зависимостей, которые оптимально аппроксимируют каротажные кривые, места скачков 
коррелируются, а средняя ширина ступеней регулируема. Ступечатые зависимости определя
ются как реализации многомерной цепи Маркова. Представляется возможность соместить 
возможные состояния цепи Маркова с типами пород данной территории разведки. Строение 
переходновероятностой матрицы дает возможность алгоритму содержать априорную ин
формацию, характерную для геологических условий скважины и комбинации примененных 
зондов. При подгоне ступенчатых зависимостей алгоритм может различать имеющие или 
неимеющие физический смысл комбинации параметров.

В последней части работы исследуются и такие разрезы, в которых происходит медленное 
изменение физических свойств в пределах одного пласта.


