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Abstract A measure of hydraulic conductivity is arguably the most important vari-
able to practicing hydrogeologists. However, the amount of readily available hy-
draulic conductivity data at any site is generally small, given the resources required
to adequately sample a spatial domain. However, other hydrogeologic data, such as
grain size distributions and soil descriptions, are often rather easy to obtain. A fuzzy
reasoning algorithm is used to define a relationship between soil grain size and hy-
draulic conductivity. By introducing soil grain distributions and qualitative borehole
log descriptions into this fuzzy inference system, hydraulic conductivity can be es-
timated. The theory is defined, and an application to data from a Superfund site is
provided, where the inference procedure produces accurate hydraulic conductivity
estimates.

Keywords Fuzzy sets - Approximate reasoning - Grain size distributions - Borehole
logs - Qualitative data

Introduction

Large amounts of information often result from a hydrogeologic investigation,
whereas hydraulic conductivity data comprise a relatively small subset because the
tests required to determine conductivity are generally both time consuming and ex-
pensive. Consequently, regional estimates of hydraulic conductivity are inherently
uncertain. Since significant uncertainty in hydraulic conductivity estimates lead to
uncertainty in groundwater flow and transport models, less costly means of acquir-
ing hydraulic conductivity data have been explored. Specifically, several attempts
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have been made to relate other more easily measured hydrogeologic parameters to
hydraulic conductivity. Porosity, particle sorting, texture and soil type have all been
related to hydraulic conductivity. These relationships have intuitive appeal.

The determination of porosity requires little effort and expense when compared
to that of hydraulic conductivity, and relationships between porosity and hydraulic
conductivity have been modeled (Selley 1985). The degree of sorting can be eval-
uated from the soil’s grain size distribution curve and related to hydraulic conduc-
tivity through an empirical equation (Demmico and Klir 2004). Textural charac-
teristics (grain size, ductility) are determined by the examination of a soil sample
and have been related to hydraulic conductivity in sandstone through fuzzy relations
(Fang and Chen 1997). In a very general sense, an understanding of the ranges of
likely hydraulic conductivity values for various soil types has been used to map
these two variables (Domenico and Schwartz 1990). Fuzzy sets have been used to
characterize an expert’s notion of the hydraulic conductivity at unsampled locations
(Bardossy et al. 1989), essentially providing opinion-based imprecise values of hy-
draulic conductivity at different locations in a spatial domain. More appropriate to
the theory presented herein, attempts have been made to relate porosity and grain size
distributions to hydraulic conductivity through petrophysical relations, the Kozeny-
Carman Equation and other pedotransfer functions (Uma et al. 1989; Sen 1992;
Alyamani and Sen 1993; Koltermann and Gorelick 1995).

Though the above methods differ in their approaches, they share the common
goal to expand available hydraulic conductivity data with data derived from com-
plementary sources. These approaches suffer from various shortcomings. Porosity
data, although easily measured in the laboratory is not commonly available in prac-
tical applications. The degree of sorting is simply a convenient measure of consid-
erably greater information from a soil grain distribution curve. The relationship of
the textural measure to hydraulic conductivity has only been evaluated for sandstone.
The soil type-to-hydraulic-conductivity relationship is highly uncertain. Fuzzy set hy-
draulic conductivities provide little help, as fuzzy kriging algorithms produce fuzzy
estimates (Diamond 1989; Bardossy et al. 1989, 1990). Finally, attempts to relate hy-
draulic conductivity to grain size distributions and porosity have not considered the
high degree of uncertainty implicit in such a relationship. So far they have relied upon
deterministic equations. Such a relation is generally recognized as fuzzy and should
be modeled as such.

In this paper, a method is defined whereby hydraulic conductivity values are esti-
mated from grain size distribution curves and qualitative descriptions of soil samples
(for example, describing a soil sample as “a silty fine sand with some clay”). The
approach recognizes that the grain size distribution curve implicitly contains some of
the measures noted above, such as grain size and sorting.

Soil type is also implicitly defined when common soil classifications are plotted
along the horizontal axis of the grain size distribution graph. This crisp representation
of soil types, which states that a grain size diameter of 0.002 mm characterizes clay,
but a grain size diameter of 0.0021 mm is characteristic of a silt, implies unwarranted
accuracy. If the soil grain size axis is partitioned so that the soil classification avoids
sharp boundaries (i.e. is fuzzy), and there is a fuzzy rule base that defines an imprecise
relationship between soil type to hydraulic conductivity, the grain size distribution
curve can be used to estimate a hydraulic conductivity value for the sample.
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Table 1 Qualitative field data

in the form of Borehole log Sample Borehole log description

descriptions of the four soil

samples used in the application, 1 Silty Fine Sand

below 2 Silt to Medium Clay Silt, trace Fine Sand
3 Fine Sand, some Clayey Silt, trace Medium Sand
4 Fine Sand, some Silt, trace Medium Sand

This defined estimate of hydraulic conductivity can be further enhanced using an
independent qualitative field description of a soil sample provided by a groundwa-
ter professional. Such descriptions by a geologist are done by inspecting soil sam-
ples taken at borehole locations. The adjectives used to describe a soil sample in the
field, such as sandy or clayey, are inherently imprecise. However, such subjective in-
formation reflects valuable insight into the sample’s makeup and complements the
information obtained by a grain size distribution. This qualitative information, con-
verted into fuzzy sets, will produce results similar to the soil grain distribution data.
The information from the grain size distribution curves and field assessments can be
combined to produce a knowledge base that facilitates hydraulic conductivity esti-
mates. Such an integration of subjective and objective fuzzy geological data is well
founded in mineral potential mapping (Cheng and Agterberg 1999; Brown et al. 2003;
Porwal et al. 2003). This method is developed and tested using data from the CIBA-
Geigy Superfund site in the Toms River, New Jersey.

In the following sections, the creation of the fuzzy sets is discussed. The introduc-
tion and transformations of the qualitative field data (Table 1) and grain size distri-
butions into fuzzy data are explained, as is the juxtaposition of the fuzzy data with
fuzzy rules. Finally, an example with results from the application of this reasoning
mechanism to Toms River data is provided.

Defining Sets and Distributions

The definition of soil grain fuzzy sets is integral to defining the relationship between
soil grain size and hydraulic conductivity. If the soil grain fuzzy sets are poorly de-
fined, then the entire relationship is poorly defined and will produce disappointing
estimates. The fuzzy sets defined on the domain soil grain size (mm) will be named
after the soil types that are generally found on soil grain distribution curves (Coarse
Sand, Medium Sand, Fine Sand, Silt, Clay).

The fuzzy sets that are provided are defined by membership functions and aim to
capture the imprecision inherent in soil type names, like fine sand and clay. These
functions, typically piecewise linear to create triangular or trapezoidal fuzzy sets,
represent, for every soil grain size on the abscissa, the degree to which that soil grain
size belongs to a particular fuzzy set. Given that the fuzzy sets represent soil types,
the membership functions stipulate the degree to which a given soil grain size belongs
to the concepts coarse sand, medium sand, etc.

As a rule of thumb, fuzzy sets should both overlap each other and, when com-
bined, cover the range of reasonable domain values. This serves two purposes. First
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Fig. 1 Fuzzy sets defined by an expert to characterize common soil types (A), and their corresponding
hydraulic conductivities (B). The soil types considered are clay, silt, fine sand (FS), medium sand (M), and
coarse sand (C)

Table 2 Parameters for the soil type and hydraulic conductivity fuzzy sets in Fig. 1

Fuzzy set Soil type parameters Log soil type Log hydraulic conductivity
name (mm) parameters (log mm) parameters (log m/s)

Clay [0.0001, 0.0001, 0.005,0.063]  [—4, —4,—-2.3,—1.2] [-33,-26,—-22,—18]
Silt [0.005,0.032,0.2] [—2.3,—-1.5,-0.7] [—22,-18,—14,—12]
Fine Sand [0.1,0.4,1] [—1,—-0.4,0] [—15,—12,—-10, —8]
Medium Sand ~ [0.4, 1, 4] [—0.4,0,0.6] [—10, -8, =7, =5]

Coarse Sand [1,4,10] [0,0.6,1] [-7,-5,-3,-2]

is semantic continuity, where a realistic definition of soil types must have gradual
and overlapping boundaries. Secondly, overlapping fuzzy sets make for continuous
results when used in a rule base. For gradually changing input soil grain size val-
ues, the hydraulic conductivity estimates that result from the rule-based reasoning
mechanism also gradually change.

The soil type fuzzy sets based on soil grain size are shown in Figure 1A. Notice
that they both overlap and overlay the range of reasonable soil grain sizes. These soil
type fuzzy sets relied upon traditional crisp delineations of soil types as guidelines.
Though there is a precedent for fuzzy soil type definitions (Hsieh et al. 2005), such
fuzzy sets did not guide the definitions of the soil types in Figure 1A. The hydraulic
conductivity fuzzy sets are defined in a similar manner (Fig. 1B), though the expertise
of a hydrogeologist was the only guide in their construction. Information regarding
the soil type and hydraulic conductivity fuzzy sets are provided in Table 2. The data
in this table describe the parameters of the fuzzy sets. For triangular fuzzy sets the
middle value is the median (full membership), while the left and right parameters are
the upper and lower bounds of the fuzzy set (zero membership). Trapezoidal fuzzy
sets differ by having two median parameters that define an interval of values with full
membership.

Fuzzy rules are the means by which an estimate is actually produced for a given
input value. Each rule relating a soil type fuzzy set to a hydraulic conductivity fuzzy
set defines a vaguely defined “point” that, when plotted along with a number of other
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Fig. 2 Grain size distribution curves for the four samples used in the application section, below. The
vertical axis is analogous to probability

rules relating the same variables, defines an imprecise relationship between these
variables. The fuzzy rules provided are very simple in this case. Since the soil grain
fuzzy sets share the same names as the hydraulic conductivity fuzzy sets, the rules
essentially match like-named fuzzy sets. The rules are structured as follows. If the soil
grain size is Coarse Sand then the hydraulic conductivity is that of Coarse Sand. If
the soil grain size is Medium Sand then the hydraulic conductivity is that of Medium
Sand, etc. The collection of the five rules provides the rule base, and the heart of the
fuzzy reasoning process. The reasoning will be discussed later.

The input into each rule is derived from a grain size distribution curve, resulting
from sieve and hydrometer analyses. A grain size distribution is a representation of
the distribution of soil grain sizes for a given sample of soil (Fig. 2). They are cumu-
lative distribution functions (CDF), which are structurally and theoretically distinct
from fuzzy sets. The vertical axis is analogous to a probability value, in that it records
what fraction of the soil sample (by weight) is less or equal in size to each grain size
value along the horizontal axis. The grain size distribution must be transformed from
a probabilistic form to one that is consistent with a fuzzy set representation, without
changing or losing the information contained in the original distribution. To achieve
this goal, the discrete CDF must first be converted to a discrete probability density
function (PDF). The probability values represent the prevalence of each soil grain
size.

Using a tool from the Possibility Theory, a probability-possibility transformation
(Oussalah 2000) is used to transform the PDF to a possibility distribution (PD), 7 (x),
on the variable X (Zadeh 1978). Such a transformation converts uncertain data in
‘probabilistic’ form to uncertain data in ‘possibilistic’ (related to fuzzy logic) form.
The PD is the sister distribution to the PDF, as it is able to characterize the same data
with a different interpretation.
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Fig. 3 Possibility distributions of the four samples used in the application, below, transformed from the
grain size distribution data

The possibility value for a soil grain size represents the degree to which the soil
grain size is possible, given some background information. Possibility distributions
are generally used to characterize a person’s knowledge regarding a matter about
which there is no available evidence from which to make a certain conclusion. Thus,
while fuzzy sets characterize certain but imprecise information, possibility distribu-
tions define uncertain information. Total uncertainty (or ignorance) would be repre-
sented by a possibility distribution where every value along the abscissa has a pos-
sibility of one (everything is possible and nothing can be discounted). Interpretation
is not of significance in this algorithm, as only the structure of the PD is important
here. Fuzzy sets and possibility distributions are generally defined on the same scale,
and the two differ only in interpretation. As such, they are defined on the same range,
since their scales are consistent.

The transformation used is the most obvious and most common PDF-PD transfor-
mation. Each probability value is merely divided by the maximum probability value,
which satisfies the constraint that a possibility distribution needs to have at least one
domain value that is entirely possible, m(x) = 1 (Dubois and Prade 1988). The re-
sults of the transformation of the soil grain PDFs into soil grain PDs for the four soil
samples considered in the Application Section are shown in Fig. 3.

Juxtaposing the PD with the soil grain fuzzy sets, it is evident that the former in-
tersects many of the fuzzy sets. Figure 4 provides insight into how the PD for one
sample intersects each of the five soil grain fuzzy sets, which, in turn, reveals how
each of the rules, described earlier, will operate when estimating hydraulic conduc-
tivity. The maximum degree of intersection with each fuzzy set is important. If one

visualizes the intersection of the PD and a certain fuzzy set, the maximum degree
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Fig. 4 The possibility distribution representing the grain size distribution data for sample 1 is intersected
with the fuzzy sets A, coarse sand; B, medium sand; C, fine sand; D, silt; and E, clay (left-most figures).
The maximum degree of intersection between the PD and each fuzzy set defines where each fuzzy set is
cut, and as well as the corresponding cut hydraulic conductivity fuzzy sets (areas below the dotted line in

right-most figures)

of membership of the intersection is the degree to which the corresponding rule will
operate. This is further explained in the following section.

Looking at the left-hand graphs in Fig. 4, it seems rather straightforward to quali-
tatively describe the soil. For the example given, this soil sample maximally intersects
the Fine Sand and Silt fuzzy sets more so than the others. Knowing this, one might
describe the soil sample as fine sandy silt, with trace amounts of clay and medium
sand. Consider now an alternative strategy to describing this soil. Often soil samples
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Fig. 4 (Continued)

are described via visual inspection by the groundwater professional resident during
drilling. A soil type identification is recorded in a borehole log. This information is
helpful provided that it can be presented in a manageable framework. Fuzzy sets offer
a unique approach to exploiting these subjective descriptions, as they generally de-
fine linguistic variables. The geologist’s description of the soil sample is a linguistic
variable of sorts. It may be converted into a fuzzy set by the person preparing the
log or an appropriate expert. For instance, if a soil sample is described as being a
silty fine sand, a fuzzy set resembling that in Fig. 5 (situated between the Silt and
Fine Sand fuzzy sets) may be defined by an expert using a basic understanding of
membership functions. In general, one may feel as though the soil sample: (1) is best
represented by a single soil grain size (full membership), (2) may be characterized
by other grain size values to a lesser degree (membership decreases from unity), and
(3) would not be characterized by other soil grain sizes (zero membership). Thus,
a geologist, knowing the predefined Fine Sand and Silt fuzzy sets in Fig. 1, could feel
comfortable characterizing a soil sample deemed to be a silty fine sand by sketching
the triangular membership function labeled Sample 1 (Fig. 5).

Training and experience would be needed to avoid arbitrary definitions. Therefore,
experts rather than novices should create these fuzzy sets from qualitative descrip-
tions. In this example, most experts would agree that a sample described as a silty
fine sand would be comprised predominantly of fine sand, although the influence of
silt should shift the resulting fuzzy set slightly towards the Silt set. It is important to
note that an expert-defined fuzzy number must have at least one value with full mem-
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Fig. 5 An expert’s interpretation of borehole log data for sample 1 (Table 1), shown in reference to fuzzy
sets Silt and Fine Sand (FS)

bership and any horizontal cuts through the fuzzy set must create closed and finite
intervals along the domain. For example, the Silt fuzzy set in Fig. 1 has at least one
log grain size value (—1.5) with full membership, and a horizontal cut at the zero de-
gree membership results in the closed and finite interval [—2.7, —0.3]. A horizontal
cut through the fuzzy set at any other membership value would produce subsets of
this interval. The manner in which this borehole log information is combined with
the grain size distribution data is explained in the next section.

Reasoning

The approach taken is most common in interpreting fuzzy IF-THEN rules, using the
‘conjunction-based’ model. These models are desirable because they treat a rule as
defining a fuzzy point in a fuzzy relationship between two or more variables. A col-
lection of these rules becomes a series of fuzzy points that define a complete impre-
cise relationship, such that any feasible input value will produce a reasonable output
value. This is the precise intention of this algorithm, where the two variables are soil
grain size and hydraulic conductivity.

Once the possibility distribution is intersected with each fuzzy soil type, the de-
gree to which each rule operates is determined by the maximum point of intersection
between the possibility distribution and each predefined fuzzy set. Since the rules re-
late soil grain size to hydraulic conductivity, the membership of the horizontal ‘cuts’
of the soil grain fuzzy sets direct the ‘cuts’ of the hydraulic conductivity fuzzy sets.
For example, if the PD intersects the Silt soil fuzzy set to a degree of 0.6, then the
Silt hydraulic conductivity fuzzy set is cut at degree 0.6 membership. This member-
ship at which maximum intersection occurs between the PD and a soil type fuzzy set
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Fig. 6 Fuzzy sets resulting from inputting A, the grain size distribution PD, and B, the fuzzy characteriza-
tion of the borehole log data, into each fuzzy rule and aggregating the resulting cut hydraulic conductivity
fuzzy sets using the union operator

dictates the degree to which the corresponding rule pertains to the soil sample repre-
sented by the PD. The degree of intersection between the PD and soil grain fuzzy sets
guides the degree to which the corresponding hydraulic conductivity fuzzy set oper-
ates should be intuitive. If one views the intersection as the degree to which the soil
type applies to the given soil sample, then the hydraulic conductivity fuzzy set should
only apply, or contribute, to the soil sample’s true hydraulic conductivity value to the
same degree (Fig. 4).

Each rule will operate to a degree between zero and unity, depending upon how
strongly each soil grain fuzzy set matches the soil sample’s PD. This results in five hy-
draulic conductivity fuzzy sets, whose peaks are cut off at various degrees (right-hand
side of Fig. 4). These abridged fuzzy sets are combined to produce a fuzzy hydraulic
conductivity value for the soil sample, using the union operator. The union operator
works by assigning to each hydraulic conductivity value along the abscissa the max-
imum membership degree from the five cut sets for that hydraulic conductivity value
(Klir and Yuan 1995). The formula is

Ku (k) = max{K; (b)) )

forall k,i =1,...,5. Ky represents the union of the five cut hydraulic conductivity
fuzzy sets, K;, resulting from the rules, and k are the hydraulic conductivity values
along the abscissa over which this operation is performed. For example, given the five
rules relating the soil types and hydraulic conductivities in Fig. 1, the union operator
in (1) produces the fuzzy hydraulic conductivity value in Fig. 6A based on the cut
hydraulic conductivity fuzzy sets on the right-hand side of Fig. 4.

The fuzzy input from the borehole log data provided by the groundwater profes-
sional resident at the drilling site will produce another fuzzy hydraulic conductivity
result (Fig. 6B). The soil grain fuzzy set is then transposed over the soil type fuzzy
sets, as had been done with the PD in Fig. 4. The two hydraulic conductivity fuzzy
results need to be combined to produce a single result. This is accomplished through
a weighted mean, which aggregates the two fuzzy sets to produce a single representa-
tive fuzzy value. The weighted mean equation, acting on fuzzy sets, is a function on
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vidual fuzzy results from grain size data and borehole log data (Fig. 6)

a domain element’s (k) membership values (u g (k)) from different fuzzy sets (K;)

pk ()=o), )

for all hydraulic conductivity values k along the domain, where o; represents the
weight given to the ith fuzzy set. This weight measures how influential each infor-
mation source (borehole log and soil grain distribution) will be to the final answer.
These weights must have a value of between zero and unity, and they must sum to
one.

Intuitively, the soil grain distribution data, an objective characterization of the soil
sample should be weighted more heavily than the subjective characterization from
the borehole log data. However, the latter should not be discounted completely, as it
is viable data. As such, reasonable weights would be the following

OBorehole Log = 0.4,

OGrain Size Distribution = 0.6.

Applying these weights and (2), a fuzzy hydraulic conductivity value that represents
both sources of hydraulic conductivity values, a weighted average of the fuzzy sets
in Fig. 6, is generated (Fig. 7). This fuzzy result in Fig. 7 provides a vague under-
standing of the estimated hydraulic conductivity value for the given soil sample, and
is considered a fuzzy estimate. Its use in geostatistical estimation is not obvious and
requires non-traditional estimation procedures (Bardossy et al. 1989, 1990; Diamond
1989).

Because ordinary and simple kriging are considerably more prevalent and popular
approaches to estimation than those founded in fuzzy logic, it is more convenient if
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the hydraulic conductivity value that results from the above reasoning mechanism is
a crisp value. The fuzzy estimate must be ‘defuzzified’ or reduced to a crisp (non-
fuzzy) value. The most common defuzzification method is called the Center of Grav-
ity (COG) method. The fuzzy set is considered to be a uniformly thin sheet of metal,
and the horizontal component of the center of gravity is the defuzzified value. The
finite form of the COG equation is

>k (k)) - k;
>k (kj)

where pg is the membership function of the hydraulic conductivity fuzzy set, and k ;
are the finite number of domain values used in the calculation. In the case of the fuzzy
set in Fig. 7, the defuzzified value, or log hydraulic conductivity estimate for this soil
sample is —16.85. The exponential applied to this value (¢~10-8%) gives a hydraulic
conductivity estimate of 4.8 x 10~8 m/s. The defuzzified value will change with the
discretization of the K -axis (k; € K) in (3).

COG = 3)

Application

The reasoning described above was applied to four soil samples from the CIBA-
Geigy Superfund site in Toms River, New Jersey, for which both soil grain distribu-
tion data and hydraulic conductivity values were available. At this site, many borehole
logs were available, a number of which were accompanied by soil grain distribution
curves. Hydraulic conductivity measurements were few compared to the number of
soil grain distribution curves. Since there were numerous sample locations with soil
grain distribution curves but without hydraulic conductivity values, it was an ideal
site for the practical application of the method described.

The particle size distributions of the four soil samples for which hydraulic conduc-
tivity measurements were available had been determined by both sieve and hydrom-
eter methods, so that the soil grain distribution curves were complete. In cases where
hydrometer analysis has not been performed on a soil sample, a geologist can use ex-
pert judgment to complete the curve. The soil type and hydraulic conductivity fuzzy
sets have been defined, therefore, the fuzzy relationship is already in place. The input,
however, needed to be transformed into the appropriate possibility distributions for
the inferential reasoning. Each of the four soil grain distribution curves (Fig. 2) was
changed into PDF form and then PD form (Fig. 3) using the aforementioned transfor-
mations. Each of these inputs activated the five rules in different ways, resulting in a
set of four fuzzy hydraulic conductivity output values (Fig. 8).

Similarly, an expert characterized the borehole log descriptions of these soil sam-
ples using fuzzy sets (Table 3), simply by applying his understanding of such descrip-
tions and a basic understanding of triangular membership functions. These fuzzy set
versions of borehole log data were also fed through the fuzzy rule base to produce an-
other set of four fuzzy hydraulic conductivity estimates (Fig. 9). Corresponding fuzzy
hydraulic conductivity estimates (resulting from the grain size distribution curve and
borehole log description of each soil) were combined (Fig. 10) using the weighted
mean approach, described in the previous section.

@ Springer



Math Geol (2007) 39: 765-780 771

0.6 0.7
o 05 o 0.6
2 2
& gh 0.5
j9) j)
g 04 A
o a 04
=03 =
0.2
%E) é 02
0.1 01
0 0
350 300 25 200 <15 -10 -5 0 35 300 25 200 <15 -10 -5 0
Log-Normalized Hydraulic Conductivity (m/s) Log-Normalized Hydraulic Conductivity (m/s)
A B
0.8 0.8
0.7 0.7
3 3
5, 06 5 0.6
Q Q
Q05 Q05
& B
= 04 = 04
4 2
_&é’ 0.3 _“.é 0.3
S 02 L 02
= =
0.1 0.1
0 0
350 300 25 200 <15 -10 -5 0 350 300 25 200 <15 -10 E] 0
Log-Normalized Hydraulic Conductivity (m/s) Log-Normalized Hydraulic Conductivity (m/s)
C D

Fig. 8 Fuzzy sets that result from inputting the transformed soil grain distribution from A, sample 1; B,
sample 2; C, sample 3; and D, sample 4, into the fuzzy rule base

Table 3 Shapes and parameters of expert-provided fuzzy sets interpreted from Borehole log descriptions

Sample Fuzzy set shape Parameters (log grain size)
1 Triangular [—1.5,—0.85, —0.4]

2 Trapezoidal [-2.8,—1.8,—1.5,—-0.7]
3 Trapezoidal [—2.3,—1.1,—0.85,0.2]
4 Trapezoidal [—1.35,-0.7, —0.45,0]

Table 4 Hydraulic conductivity estimates from the combination of two types of soil data and the corre-
sponding measurements from pump tests

Sample Aggregate estimate (m/s) Measurement (m/s)
1 48 %1078 25x%x 1077
2 2.3 x 1077 1.6 x 1079
3 7.8 x 1078 1.8 x 107°
4 3.6x 1077 1.6 x 1076
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Fig. 9 Fuzzy sets that result from inputting the fuzzy characterizations (Table 3) of the borehole log data
from A, sample 1; B, sample 2; C, sample 3; and D, sample 4, into the fuzzy rule base

Table 5 Hydraulic conductivity estimates from Borehole log and grain distribution data

Sample Borehole log Grain distribution Measurement
1 32x 1078 6.5x 1078 25x%x 1077
2 1.1 x107° 52x 1079 1.6 x 1072
3 2.6x 1078 3.5%x 1077 1.8x 1070
4 7.5 %1077 1.9 x 1077 1.6 x 1070

Results and Conclusions

Crisp estimates were obtained by defuzzification of the fuzzy estimates (Table 4).
The table also gives the measured hydraulic conductivity values for the samples. All
estimated values were within two orders of magnitude of the corresponding measured
value, which is considered reasonable. Hydraulic conductivity values may vary by up
to five orders of magnitude if there are small differences in the percentages of the fine
fractions (Koltermann and Gorelick 1995).

Also relevant is the interpretability of the results. With the fuzzy reasoning
process, one can understand how the estimates are calculated. For instance, it is
evident that the second hydraulic conductivity estimate in Table 5 is lower-valued
than the other three estimates because the aggregate estimated hydraulic conductivity
fuzzy set in Fig. 10B has high memberships for lower hydraulic conductivity values.
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Fig. 10 Fuzzy sets that result from the combination of the fuzzy sets from borehole log data and grain
size distribution data for A, sample 1; B, sample 2; C, sample 3; and D, sample 4

When this fuzzy set is defuzzified, the lower values of hydraulic conductivity are
weighted more heavily than in the other samples’ estimated hydraulic conductivity
fuzzy sets in Fig. 10. The higher memberships for lower-valued hydraulic conductiv-
ity values in this fuzzy set directly result from the significant overlapping of the grain
size distribution and borehole log description fuzzy sets with the Clay soil type fuzzy
set during inference.

In many applications, borehole log data is not only more prevalent than grain size
data, but it is often the only type of data available. Considering this, an investiga-
tion was made into the reliability of estimates resulting from just the expert fuzzy
characterization of borehole log descriptions of the soil samples. For completeness,
the scenario where only grain size distribution data was available was also evaluated.
The results of these investigations are summarized in Table 5. In general, for this set
of data, it is difficult to distinguish which form of data is more accurate. However,
estimates stemming from both forms of data are still within two orders of magni-
tude of the measurements. Both types of data are not required to produce acceptable
estimates. It has been shown that the use of only one data type in the fuzzy rea-
soning process can still lead to relatively accurate results. Ideally, for the generation
of realizations in groundwater modeling, measures of uncertainty should accompany
hydraulic conductivity estimates. However, the issue of uncertainty in the results is
not addressed, and definitive answers regarding the uncertainty of the fuzzy estimates
are unavailable. A thorough description of the uncertainty of fuzzy sets would be req-
uisite and is beyond the scope of this research.

@ Springer



780 Math Geol (2007) 39: 765-780

The soundness of this approach to hydraulic conductivity estimation relied greatly
upon the definition of the original soil type and hydraulic conductivity fuzzy sets that
were used for reasoning. More accurate estimates could be produced had more data
from the CIBA-Geigy Superfund site been available. With more data, the soil type and
hydraulic conductivity fuzzy sets could have been constructed to respect the site data,
thus producing better hydraulic conductivity estimates for that particular site. This
would be true for any site with sufficient soil data. Since experts in hydrogeology
defined these fuzzy sets, the reasoning process is considered sound and generally
applicable to any site with reasonable accuracy.

References

Alyamani MS, Sen Z (1993) Determination of hydraulic conductivity from complete grain-size distribution
curves. Ground Water 31(4):551-555

Bardossy A, Bogardi I, Kelly WE (1989) Geostatistics utilizing imprecise (fuzzy) information. Fuzzy Sets
Syst 31(3):311-328

Bardossy A, Bogardi I, Kelly WE (1990) Kriging with imprecise (fuzzy) variograms. Math Geol 22(1):63—
94

Brown W, Groves D, Gedeon T (2003) Use of fuzzy membership input layers to combine subjective
geological knowledge and empirical data in a neural network method for mineral-potential mapping.
Nat Resour Res 12(3):183-200

Cheng Q, Agterberg FP (1999) Fuzzy weights of evidence method and its application in mineral potential
mapping. Nat Resour Res 8(1):27-35

Demmico R (2004) Fuzzy logic and earth science: an overview. In: Demmico R, Klir G (eds) Fuzzy logic
in geology. Elsevier, Amsterdam, pp 63—-102

Diamond P (1989) Fuzzy kriging. Fuzzy Sets Syst 33(3):315-332

Domenico PA, Schwartz FW (1990) Physical and chemical hydrogeology. Wiley, New York, 824 p

Dubois D, Prade H (1988) Possibility theory: an approach to computerized processing of uncertainty.
Plenum, New York, 263 p

Fang JH, Chen HC (1997) Fuzzy modeling and the prediction of porosity and permeability from the com-
positional and textural attributes of sandstone. J Petrol Geol 20(2):185-204

Hsieh B, Lewis C, Lin Z (2005) Lithology identification of aquifers from geophysical well logs and fuzzy
logic analysis: Shui-Lin area, Taiwan. Comput Geosci 31:263-275

Klir G, Yuan B (1995) Fuzzy sets and fuzzy logic. Prentice-Hall, Upper Saddle River, 574 p

Koltermann CE, Gorelick SM (1995) Fractional packing model for hydraulic conductivity derived from
sediment mixtures. Water Resour Res 31(12):3283-3297

Porwal A, Carranza EJM, Hale M (2003) Knowledge-driven and data-driven fuzzy models for predictive
mineral potential mapping. Nat Resour Res 12(1):1-25

Oussalah M (2000) On the probability/possibility transformations: a comparative analysis. Int J Gen Syst
29(5):671-718

Selley RC (1985) Elements of petroleum geology. WH Freeman, New York, pp 234-239

Sen Z (1992) New statistical grain-size method for evaluating the hydraulic conductivity of sand aquifers—
comment. J Hydrol 130:399—-403

Uma KO, Egboka BCE, Onuoha KM (1989) New statistical grain-size method for evaluating the hydraulic
conductivity of sandy aquifers. J Hydrol 108:343-366

Zadeh L (1978) Fuzzy sets as a basis for a theory of possibility. Fuzzy Sets Syst 1(1):3-28

@ Springer



	Hydraulic Conductivity Estimation via Fuzzy Analysis of Grain Size Data
	Abstract
	Introduction
	Defining Sets and Distributions
	Reasoning
	Application
	Results and Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for journal articles and eBooks for online presentation. Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice


