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Lithology Determination from Well Logs with
Fuzzy Associative Memory Neural Network

Hsien-cheng Chang, Hui-Chuan Chen, and Jen-Ho Fang

_Abstract—An artificial intelligence technique of fuzzy asso- user to interpret or understand the “knowledge” that the neural
ciative memory is used to determine rock types from well-log network has, by simply examining the connection weights and
signatures. Fuzzy associative memory (FAM) is a hybrid of neural thresholds obtained by backpropagation.

network and fuzzy expert system. This new approach combines . . )

the learning ability of neural network and the strengths of fuzzy The purpose of th_'s paper is to introduce a nevy and better
linguistic modeling to adaptively infer lithologies from well-log Neural-network architecture called fuzzy associative memory
signatures based on 1) the relationships between the lithology (FAM) to determine rock types from well logs. The prime
and log signature that the neural network have learned during reason for this paper is that FAM possesses several advantages
the training and/or 2) geologist’'s knowledge about the rocks. The which overcome the shortcomings of the BPNN approach.

method is applied to a sequence of the Ordovician rock units in . . . .
northern Kansas. This paper also compares the performances of They are: 1) FAM is transparent in that the knowledge is

two different methods, using the same data set for meaningful €Xplicitly revealed in the rules; 2) FAM also learns the rules
comparison. The advantages of FAM are 1) expert knowledge from the well-log signatures versus lithology relations during

acquired by geologists is fully utilized; 2) this knowledge is training, or directly from geologists or domain experts; and 3)
augmented by the neural network learning from the data, when A essentially coordinates available knowledge and makes
available; and 3) FAM is "transparent” in that the knowledge is fuzzy inferences based on associative memories in performing
explicitly stated in the fuzzy rules. . : o o ;

recursive learning to mimic human cognition and reasoning
processes.

In the following sections, we give some brief description
ITHOLOGY determination from well-log responses is @n FAM, then outline the FAM architecture, followed by
labor-intensive, ambiguous, and subjective undertakingn implementation of FAM employing the same data set in

Thus, considerable research has been directed toward automa- previous paper [17], so that a direct and meaningful
tion of lithology identification in order to achieve efficiency,comparison may be made between the two neural-network
consistency, and objectivity. The traditional approach in tharchitectures.
endeavor is the use of statistical methods such as princi-
pal component, discriminant function, and/or cluster analysis.
Recently, the techniques of artificial intelligence, especially
that of neural networks have steadily gained prominence over
the statistical methods. Recent papers that employ neufalWhat Is Fuzzy Logic?

networks in the determination of lithologies from well logs Fuzzy logic is an extension of the classical logic (viz. two-
include: [3] and [4] using a self-organizing network; [15]yalued logic) where every proposition is either true or false.
[17], [20], and [21] employing an architecture known ashijs true-false dichotomy is problematic in some propositions
the backpropagation neural network (BPNN). Despite thgnhich are neither completely true nor completely false, but
successful applications of BPNN to lithology determinatiogomewhere in between. In order to deal with such propositions,
as shown by these publications, the BPNN algorithm suffeggiferent degrees of truth are used. This multivalued logic is
from 1) training time is often too long; 2) there are chanceslled fuzzy logic [24]. Fuzzy logic is primarily concerned
that the network never converges; 3) the output can only yigjgth quantifying and reasoning about fuzzy terms appearing
pre-determined groups or clusters; that is, the network canf@lour natural language. These fuzzy terms can be represented
handle cases or examples which lie outside the pre-definggfyzzy sets. The most significant aspect of fuzzy set is the
training set; 4) determination of the numbers of intermediagncept of unsharp boundaries between classes; that is, the
or hidden layers and nodes (in each layer) still depends ggncept of partial membership. An object does not have to
“trial and error;” and 5) most importantly, it is difficult for the completely belong to one set, but can partially belong to the
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through the net and invokes the output layer resulting in the
associated lithology for the given well-logs signatures.

C. What Is Fuzzy Associative Memory?

Kosko [12] coined the name, FAM, denoting a neural
network architecture of associative memory modified with
fuzzy logic and rules. By combining the two approaches,
0 o the advantages of each method are enhanced. The neural
network and fuzzy rules behave as associative memories,
which link input data with corresponding outputs. FAM learns

@) (®) from example and/or geologist's knowledge without requiring
Fig. 1. Numerical \r/]alue verlsus Iinguilstic value. (a) Crio'lsp numelrical r\]/alue fehathematical formulae describing how the output functionally
O e e el = | ASEMTIE! depends on the input data. The knowledge learned by the
0-25, ande = 0 at APl = 50, andy is between 0 and 1 for APE 25-50. neural network is encoded in the connection weights, and the
knowledge in fuzzy rules is described by “if-then” rules. Neu-

Consider a linguistic variable, such as gamma-ray readif§ Ne€tworks acquire knowledge through learning (or training),
whose linguistic values aréow, medium and high. These and the geologist provides the knowledge as fuzzy rules.

linguistic values are defined by membership functions. The

advantages of using linguistic values are 1) it is more general; lll. Fuzzy ASSOCIATIVE MEMORY NEURAL NETWORK
2) it mimics the way in which humans describe attributes; and

3) the transition from one linguistic value to a contiguous. FAM Mappings

linguistic value is gradual rather than abrupt, resulting in
continuity and robustness. Fig. 1 compares the correspond'rlm
linguistic value with a numerical value. In natural languag h
humans may add additional information to a given expressi
by using adverbs such agry, very very or more-or-lessFor
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By combining associative memory and fuzzy logic, Kosko
Q] devised fuzzy associative memory (FAM), which encodes
e fuzzy output set” with the fuzzy input seX’ (see Fig. 2).
(’mus, FAM resembles neural network processing, and yet,

e th di hich has linquisti Iretains fuzzy approach that is characterized by linguistic rules.
exampie, the gamma-ray reading which has Inguistic valye: y,q words, explanations and justifications are done in

low may be mpdnjed tovery lowor very very low TO. account the fuzzy part, but not in the neural network, thus removing
for this modification, some mathematical operations may pﬁz

loved 1o t ¢ h isting f b int e major deficiency of the “opaqueness” of ordinary neural
employed to transform the existing fuzzy seB#Into a new o o1ks The numerical framework of FAM allows us to
fuzzy set—very low or very very low

. : . . . adaptively add and modify fuzzy rules, directly from experts
Fuzzy Iog'lc ha; been W|dely. applied to engineering Contr8ffrom statistical techniques. As shown in Fig. 2, associative
processes, including cement kilns, WOOd.DUIp grlndersf,_se dural networks are simple nets, in which the weights, denoted
treatment plants, elevators, subway trains, air conditione W, are determined by the fuzzy Hebb rule (described
and refrigerators [13]. The theory also has been appliedd der"‘FAM learning” in a following subsection) matrix or

environmental problems—such as, groundwater managemﬁlrét “correlation-minimum encoding” scheme (see Appendix

[14]. and hydrology [1], [2]. During the past several Y€ar% Each association is a pair of vectors connectthgndY
we have applied fuzzy logic to petroleum prospect apprali 'e weight or correlation matriX¥’ maps the inputX to thé
[5], [6], [8], qualitative X-ray analysis [22], and thir]'SeCtionassociated output” by a max—min composition operation™
mineral identification [9]. In this paper, we propose a techniq e Appendix B):

which combines fuzzy logic with a neural network and use It

to determine rock types from well logs. Y=XoW.

B. What Is Associative Memory Network? If an input X’ is fuzzy (a degree of membership is provided

- p L
Human memory operates in an associative manner, %ﬁ)emdlcate the closeness af’ to X), the outputY” will also

thing reminds us of another, and that, of still another. Li ca fuz;y set. IiX” is exactly/ identical toX,, then Y™ W'”,

human memory, the associative memory neural network not identical toY". The more.X" resemblesX the more)’

only returns a full and correct memory when an incomple{gsemblesy'

or imprecise memory is supplied to it, but also sends back

a different memory associated with the one provided to tif Proposed FAM System

network. These characteristics are reminiscent of human cogConsider a fuzzy association: “If gamma-ray readinipig,

nitive processes and bring artificial neural networks one stdyen lithology islimestoneor dolomite” The fuzzy association

closer to an emulation of the human brain. is (low, limestong or (low, dolomitd. The input linguistic
Each association is an input-output vector pair. The arariable gamma-ray assumes the fuzzy-set vdtwe The

chitecture of an associative memory neural network may betput linguistic variable lithology assumes the linguistic value

feedforward, bidirectional, or recurrent [10]. In this paper wkmestoneor dolomite In general, a FAM system encodes and

use a feedforward net; well-log data flow from the input layerocesses a set of rules in parallel. Each input to the system
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Fig. 3. A FAM neural network withr rules.

X=(X1>x2)'“’xm)

Y=(1,52,--.,¥n)
W=(w; for i=1,...,m and j=1,..,n)

Fig. 2. Fuzzy mapping. input Fuzzification —>  FAM Translation

will activate each encoded rule to a different degree. The T l
proposed FAM network is composed of three layeks: R, Algorithm f Defuzzification |——>output
andY’, as shown in Fig. 3, which was redrawn from [16]. A

node in theX-layer represents a fuzzy set in the antecedent

part of a fuzzy rule. A node in thE-layer represents lithology. the desired output
Input well-log values are first fuzzified toigh (H), medium (only training phase)
(M) orlow (L), and various degrees of membershipXgfi = Fig. 4. The proposed FAM system.

1, ---, m) become the numerical inputs for the network.

Fuzzy inference is then invoked between thelayer and s “the degree of dolomite is 0.6, and the degree of limestone
the R-layer by themax—min composition operation. Finally, is 0.4 and the degrees of all other lithologies are 0,” then the
the inferred results obtained by each rule are aggregatedomput will be “the lithology is limy dolomite.”
produce a final result for thE-layer. The aggregationis given |n  our system, there are four separate mod-
by adding the associative relationships between RRlayer yles—fuzzification, FAM, translation, and defuzzification. In
and theY-layer. addition, a training module that modifies FAM weights (or
Therefore, the FAM encodes each linguistic associatig@gsociative matrices) to improve system performance is also
or “rule” in a numerical FAM mapping. The FAM thenincluded. The outline of the proposed system is shown in
numerically processes numerical input data, and generategi@ 4. If the rules provided by the geologist are complete,
degree of membership for eadi(j = 1,:--,n). These then the training module may be bypassed. If additional
degrees of membership are then translated into linguistiata sets containing different relationships are available, the
outputs where a popular method of maximum-membershiining module can also learn these different pairs from
defuzzification scheme is used. In this scheme,}allwith the data sets.
memberships greater than 0.6 are candidates, instead of only .
oneY; that has the maximal membership in fidayer. After C. FAM Learning
normalization § " Y; = 1 for j € candidates), th&; with the  The if-then rules encoded in the FAM can either be learned
highest value is considered as the rock type. For exampleaiid/or refined by the given network from a training set [19].
the output is: “the degree of rock type being dolomite is A generalized delta rule, for instance, can be employed to
and the degrees of being all other rock types are 0,” then tlletermine the weights for an FAM network (see Appendix C
linguistic output will be: “the lithology is dolomite.” If output for detail). There are two sets of weight$x r and A ry (See
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Rule 2 If gamma-ray reading Isw or very low; neutron
[l — / porosity is med_ium and.density _porosity isgery
o low, then the lithology is dolomite.
MEDTEM HiGH VERY HIGH Rule 3  If gamma-ray reading Isw or very low neutron
porosity ishigh, and density porosity ilw, then
the lithology is dolomite.
o771 Rule 4  If gamma-ray reading Isw or very low neutron
-10 0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 porosity isvery low and density porosity itow
Gamma-ray (APD) or very low then lithology is limestone.

| /

o |

VERY LOW

\

VERY LOW

) neutron porosity and density porosity are about
/ \ the same, then the lithology is limestone.
VERY HIGH

\/ Rule 6 If gamma-ray reading isigh or very high neu-

(@ Rule 5 If gamma-ray reading i®w or very low and
] L / ML-DIUM,‘ HIGH
i J,\ LOW / Y\

‘\ tron porosity ishigh or very high and density
/ / [\ /\ porosity islow or medium then the lithology is
/ \ fov / \\ shale.

/ [ j .
/ / \ / | / Rule 7 If gamma-ray reading Isw or very low; neutron

. o ; o M 2’0 2‘5 20 porosity ishigh, and density porosity igery high
Neutron Porosity (%) then the lithology is sandstone.
) Rule 8 If gamma-ray reading lsw or very low, neutron
porosity ismedium and density porosity ikigh,
e /—\ / then the lithology is sandstone.
Y Iy / L/ Rule 9 If gamma-ray reading Isw or very low neutron
Low \( Low \/;/WDIW\;{ HIGH |/ ViRY HIGH porosity islow, and density porosity isnedium
’,f \ / \\ / ‘ then the lithology is sandstone.
\ / \ \ Rule 10 If gamma-ray reading lsw or very low, neutron
\ / porosity isvery low and density porosity ifow,
‘ — L \ then the lithology is sandstone.
® 0 5 0 15 20 25 30 The membership functions used are shown in Fig. 5. There
Density Porosity (%) are five fuzzy sets both for gamma-ray and neutron porosity,
(© and six sets for density porosity. These numbers were chosen
Fig. 5. Fuzzy subsets for well-log responses. based on the available geological information. Although we

expressed the fuzzy sets as trapezoid fuzzy numbers, triangular
Hzzy numbers could be used.

. f
Fig. 3) that can be changed. If the errors between the resu he FAM output for the test example from Doveton [7]

comput.ed by the FAM system a_nd the _desired output are U3€%hown in Fig. 6. Rock types given in [7] are denoted
to modify the rules, thed/r, weights will be updated. If the near the curves. Fig. 7 compares the result with our previous

errors will cause the modification of membership funCtionEaper—the FAM output is shown in the middle; BPNN 1)
then My r weights will be updated. Thus, if we are oty gpy 2) are shown on the left and right, respectively.
completely confident that member§h|p fupctmns are def'n%ae different outputs from BPNN are due to different training
corregtlyi V\lle can learn mer:nbergh!p funlctlons (;‘ron?(;he daé%ts. A cursory examination of these figures reveal that 1)
set. Similarly, we can train the existing rules, and ask for COffsere ig almost perfect agreement between the results from the
ments from the log analysts or geologists. It is pe.rh.aps easﬂﬁéphical method [7] and the FAM output, except that the FAM
for the experts to comment upon these rules than it is for thetﬂ]tput yielded finer details—in FAM, the degree of detail is
to create consistent and all-inclusive, or all-exclusive rU|es'determined by the numbers and complexity of the rules, and
2) FAM does not give more than one determination depending
on the different training sets used, as is the case with the

Three types of well logs (gamma-ray, neutron, and densifgbNN results. This removes some uncertainty associated with
of the lower Paleozoic sequence in Nemaha County, northgfa choice of different training sets.

Kansas were used. Doveton [7] used this suite of logs as an
example to illustrate graphical methods of lithology determi-
nation in his book. The 500-ft section penetrates the Hunton V. CONCLUSIONS
Groups (Silurian), Maquoketa Shale, Viola Limestone, andwe have introduced a new and better neural-network ar-
Simpson Group (Ordovician). chitecture FAM—a hybrid of neural network characterized by
Ten fuzzy rules are encoded in the network: inductive reasoning and fuzzy expert system characterized by
Rule 1  If gamma-ray reading Isw or very low neutron deductive reasoning. FAM has the following advantages over
porosity islow, and density porosity isery very BPNN. First, FAM emulates human knowledge better than
low, then the lithology is dolomite. BPNN. In the latter architecture, the knowledge is modeled

IV. IMPLEMENTATION AND RESULTS
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Fig. 6. The example logs—redrawn from

Neutron/Density limestone porosity percent

Doveton (1986; pp. 125-157) and the FAM output.

in the connection weights, which are opaque to the user,Further studies using different lithologic sequences with
but in FAM, in addition to the weights, “transparent” fuzzydiverse _degrees of complexity will be needed to validate our
rules are also employed. Second, BPNN acquires knowledgclusions.

through training. Thus, the training set must be adequate and APPENDIX A

exhaustive. Otherwise, the network may make inaccurate (and REPRESENTATION BY FUzzy SETS

may even erroneous) decisions. Whereas in FAM, the traininga  ¢risp (conventional) set is expressed a¥ =

is augmented by expert knowledge manifested in fuzzy rule{; 2,3, 4, 5) indicating that the set is made up of five
Finally, FAM can be tuned to yield different degrees of detailsnembers or elements, with the membership of each element



778 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 35, NO. 3, MAY 1997

BPNN (1) FAM BPNN (2)
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[~ dolomitic limestone
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— 2300
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5 dotomitic limestone
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shale ——— e
. _— L _____dolomtic limestone shale
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. - —d Im 1€ T ; o
77700"“_"0 estone | shaly limestone
. dolomite —
dolomute anded
dolomite
- shale
sandstone sandstone shaly sandstone
— 2700

Fig. 7. Comparison between the FAM and BPNN outputs.

equals to one. In other words, a crisp set is defined ghip associated with the corresponding integers given in the

such a way to dichotomize the individuals as members &enominators.” Note that the fuzzy sets allow grades of

nonmembers; that is, the grade or the degree of membershipigmbership to assume fractional values between zero and one.

either one or zero. A fuzzy set, on the other hand, is written asThus, we can represent a linguistic valoeev for, say, the
gamma-ray readings:

low =
<1.0 1.0 1.0 1.0 1.0 0.8 06 0.4 0.2 0.0)
? 5 .

where the “denominators” are integers (1 through 5 of the bl
57107 157 207 257 307 357 407 45’ 50

crisp set) and the “numerators” are the grades of member-
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Another type of fuzzy representation is as follows: represented by the matri¥,, where the componentsy(;)
09 03 00 are degrees of interrelationship between nods layer Ay
gamma-ray readingr <;, _ —) and nodej of layer By. If a vector A, is input to the FAM,
low” medium” high By, is finally associated by taking the fuzzy inner product of
meaning that the gamma-rayl@v with membershig: = 0.9, vector A, with the jth column of Wy
is mediumwith x = 0.3, and ishigh with ;4 = 0.0. The
fuzzy rules given in the text are of this type. For example,
gamma-ray @) is very-lowor low, the neutron porosity¢(y) .
is almost low and the density porositypp) is low or near Thus, we can say that the FAM system exhibits “perfect recall”

very-low then the lithology L) is limestone. This fuzzy rule in the fqrward dire_qtion. Thisan—Inin operation i§ called
is translated into the fuzzy representations as “max—min composition operation” [11]. Mathematically, we
denote this operation by

if v = 1pax {min (u, wi;)}.

If

< 1.0 1.0 0.0 0.0 0.0 ) By = Ay o Wy
G = merar loan’ Toan’ A > pioh) 2t B
verylow: low” medium high™ very high If the input vectorAj, is not exactly identical tad;, even
PN = <L7 £7 0'2 7 O"O 7 0'0. ) in fuzzy terms, the FAM maps inputt) to B;, a partially
verylow ™ low medium™ high™ very high activated version oBy. The moreA; matchesA;, the more
bp = < 0.5 1.0 0.0 0.0 0.0 ) B; resemblesB;,. The above concept can be applied for all
~\werylow’ low’ medium’ high’ veryhigh )’ rules in the system.

Then

I— 1.0 0.0 0.0 0.0 ' APPENDIX C
limestone’ dolomite’ shale’ sandstone GENERALIZED DELTA LEARNING FOR FAM

Note that the fuzzy representation ¢f; has a degree of 1.0 Given a collection of input—output pairs of data
for low, a degree of 0.2 fovery lowand a degree of 0.2 for {(x1, 11), (z2, ¥2), -+, (z+, ¥+)}, we construct a simple
mediumto reflect the fuzzy conceptafmost low” The term procedure to modify the weightswf; for ¢ = 1, m, and
almost is a hedge used for fine-tuning the primary fuzzy set = 1, n) of the FAM with a “supervised learning.” The

low [18]. standard learning procedure usually encompasses a series
of iterations to minimize an error function (denoted &)
APPENDIX B which may be the mean-squared error, or the total error
FuzzYy VECTOR-MATRIX COMPOSITION RELATION incurred in the network. Mathematically, this learning scheme

. . can be described as
Given a system of- rules, we consider thé&th rule: If

Ay then By, where Ay, = (uy /a1, ug/az, -+, um/ay,) and Aw;; = —A oF
By = (v1/by, va/ba, -+, vn/by) are two fuzzy setsA; is ! dw;;
the antecedent an8;, is the consequence of a given rule. We h i< the i ” d)is a | .
form an associated paitd¢, By), and the fuzzy associativewhereA.wﬁj 'S]E ilncremerilt N ”'han A 'S.f‘?‘ earning rate.
memoryW;, which is defined by the minimums ef andwv;: The weights of the network are then modified by

Wi, = (w“ for i = 1,m andj =1, 7’L) new.w;; = O|d_wij + Awij, for all 1, 7.
where w;; = min (u;, v;) for ¢ = 1, m andj = 1, n, and For .the FAM pmpf)sed here, we adjust weight;,
W) is called the “correlation-minimum encoding” matrix. FoMvhich is the connection between node and nodey;,
example, (as shown in Fig. 2), after presentation of each training-
data pair. Given a pair of training dataX{, Y1) where
A :< 0.1 05 09 1.0 0.3 ) X1 = (ui/z1, ug/x2, -+, um/zm) is a fuzzy input, and

verylow’ low’ medium’ high’ very high Yy = (v1/y1, va/y2s -+, vn/yn) is a desired fuzzy output,
B — 0.5 1.0 0.2 0.8 we first compute outputs of FAM with a set of pre-determined
*~ \ limestone’ dolomite’ shale’ sandstone w;; (either provided by the expert or randomly generated)

and inputX;. It is assumed that the error is defined as the

we can obtain squared differences between the desired outguand the

0.1 01 01 0.1 actual outputo;:
0.5 05 02 05

Wi= 05 09 02 08]. E=(vj—o0;)% forj=1,n.
0.5 1.0 02 08

Note thato; is the output produced by nodg. Applying a

generalized delta learning rule, we obtain the gradient afs
Fuzzy associative memory (FAM) can be treated as a kind

of neural network consisting of two layer$;, and By. The oF — _2[(1,]. - 0)) ﬂ}

combination intensity between the nodes 4f and Bj is Ow;; Qw

03 03 02 03
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Recall (see “Fuzzy vector—matrix composition relation” ini4] Y. W. Lee, M. F. Dahab, and I. Bogardi, “Fuzzy decision making in
Appendix B) that

. 15
0; = IISniEgn{mm (us, wij)}. 191

Let s; = min (u;, w;;), we can rewrite the above equation fort16]
o; in a new form as

[17]
05 = max{sl, 52, "y Siy Sm}

while the calculations involved are standard generalized delt&]
rules, the computation of the derivative of the maximum opefl-9
ation needs special attention [25]. In this maximum operation,

0; can be either 1p; # s; or 2) o; = s;.

[20]

In case of 1), we have

an [21]

=0.
8wij

[22]

However, in case of 2), we obtain

If do;/0w;; = 1, the weight adjustment becomes

an
8wij

L,
0,

if u; < Wi

_ { 23]

[24]

new.w;; = old_w;; + )\(Uj - Oj). [25]

Recall that the initial weights can be provided by the experts in
the “if-then-rule” forms or can be generated from any random
value between zero to one, if no expert knowledge available.

The above learning scheme has to be repeated until E
acceptably small for each of the training pairs.

(1]
(2]

(3]

(4]

(5]
(6]

(7]
(8]
(9]

[10]

(1]

[12]

[13]
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