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Soft computing based geoelectrical data inversion differs from conventional computing in fixing the uncertainty problems. It is
tractable, robust, efficient, and inexpensive. In this paper, fuzzy logic clustering methods are used in the inversion of geoelectrical
resistivity data. In order to characterize the subsurface features of the earth one should rely on the true field oriented data validation.
This paper supports the field data obtained from the published results and also plays a crucial role in making an interdisciplinary
approach to solve complex problems.Three clustering algorithms of fuzzy logic, namely, fuzzy 𝐶-means clustering, fuzzy𝐾-means
clustering, and fuzzy subtractive clustering, were analyzed with the help of fuzzy inference system (FIS) training on synthetic
data. Here in this approach, graphical user interface (GUI) was developed with the integration of three algorithms and the input
data (AB/2 and apparent resistivity), while importing will process each algorithm and interpret the layer model parameters (true
resistivity and depth). A complete overview on the three above said algorithms is presented in the text. It is understood from the
results that fuzzy logic subtractive clustering algorithm gives more reliable results and shows efficacy of soft computing tools in the
inversion of geoelectrical resistivity data.

1. Introduction

In recent years, soft computing was bound to play a key
role in the earth sciences. This is in part due to the subject
nature of the rules governing many physical phenomena in
the earth sciences. As our problems related to nonlinear
parameters of earth, it becomes too complex to rely only
on one discipline and we find ourselves at the midst of
information explosion interdisciplinary analysis methods.
To solve complex problems, we need to rely on knowledge
based approach than standard mathematical techniques.
Instead, we need to complement the conventional analysis
methods with a number of emerging methodologies and
soft computing techniques such as expert systems, artificial
intelligence, neural network, fuzzy logic, genetic algorithm,
probabilistic reasoning, and parallel processing techniques.

Many of the researchers [1–13] addressed the problems in
interdisciplinary approach.

Recent applications of soft computing techniques have
already begun to enhance our ability of estimating the
subsurface features of earth. In this paper vertical electrical
sounding (VES) data obtained from the field is fed as an input
to the FIS training, where it generates many synthetic data
necessary for clustering algorithm. After getting the synthetic
data,MATLABbased program runs on the specially designed
major algorithm (Figure 2). The data processing depends on
various parameters, mainly the number of iterations (user-
dependent) and error percentage. The lowest error percent
thus provides the best performance of output (true resistivity
and depth) information of subsurface earth.

2. Geophysical Method

Schlumberger electrode array is used to study the elec-
trical resistivity distribution of the subsurface in order to
understand the groundwater conditions such as resistivity,
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Figure 1: Schlumberger electrode configuration.

thickness, and depth (Figure 1). Usually the depth of penetra-
tion is proportional to the separation between the electrodes
and varying the electrode separation provides information
about the stratification of the ground.

The apparent resistivity value depends on the electrical
conductivities of different rocks andminerals.Thus electrical
prospecting can be carried out to understand the subsurface
earth. The data collected from the field has been interpreted
using fuzzy clustering algorithms.TheFIS algorithmprovides
the necessary database needed for interpretation. Moreover,
the best model of the trained database fits with the apparent
resistivity curve. The corresponding layer model will be
produced as an output with lowest root mean square error
in particular number of iterations.

3. Fuzzy Logic Applications on
Geoscience Data Inversion

Fuzzy logic is considered to be appropriate to deal with the
nature of uncertainty in system and human errors, which are
not included in current reliability theories. The basic theory
of fuzzy sets was first introduced by Zadeh [12].

In recent years, fuzzy logic, or more generally, fuzzy set
theory, has been applied extensively in many geophysical
characterization studies. Fuzzy set theory has the ability
to deal with such information and to combine it with
the quantitative observations. The applications are many,
including resistivity inversion, magnetic studies, seismic and
stratigraphic modeling, and formation evaluation.

Nordlund [14] has presented a study on dynamic strati-
graphic modeling using fuzzy logic. Cuddy [15] has applied
fuzzy logic to solve a number of petrophysical problems in
several North Sea fields. Fang and Chen [16] also applied
fuzzy rules to predict porosity and permeability from five

compositional and textural characteristics of sandstone in
the Yacheng Field (South China Sea). Huang et al. [17]
have presented a simple but practical fuzzy interpolator for
predicting permeability from well logs in the North West
Shelf (offshore Australia).The basic idea was to simulate local
fuzzy reasoning [18, 19] proposed by Bois in applying the use
of fuzzy sets theory in the interpretation of seismic sections.

3.1. Fuzzy Inference System (FIS) Training. The fuzzy infer-
ence system is a popular computing framework based on
the concepts of fuzzy set theory, fuzzy if-then rules, and
fuzzy reasoning. It has found successful applications in a wide
variety of fields, such as automatic control, data classification,
decision analysis, expert systems, time series prediction,
robotics, and pattern recognition.

The implementation process of nonlinear mapping
between AB/2 values and apparent resistivity data values by
means FIS is shown in primary class training of Figure 2(a).
This mapping is accomplished by a number of fuzzy if-then
rules, each of which describes the local behaviour of the
mapping. In particular, the antecedent of a rule defines a fuzzy
region in the input space where the imported data stored will
consequently specify the output in the fuzzy region.

4. Clustering Tool to Invert Geoelectrical Data

The idea of data grouping, or clustering, is simple in its nature
and is close to the human way of thinking; whenever we are
presented with a large amount of data, we usually tend to
summarize this huge number of data into a small number of
groups or categories in order to further facilitate its analysis.
Moreover, most of the data collected in many nonlinear
problems related to earth seem to have some inherent proper-
ties that lend themselves to natural groupings. Nevertheless,
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Figure 2: Flowchart showing the specially designed fuzzy clustering algorithm with (a) primary class training and (b) major class training.

finding these groupings or trying to categorize the data is not
a simple task for humans. This is why some methods in soft
computing-clustering technique have been proposed to solve
geoelectrical resistivity inversion problem.

In clustering, three algorithms were employed, namely,
fuzzy 𝐶-means clustering, fuzzy 𝐾-means clustering, and
fuzzy subtractive clustering. For clustering, a large number
of synthetic databases had been developed during the FIS
trainingwhichwill uniquely play a role in data interpretation.
Figure 2(b) thus provides the major class training for the
inversion of synthetic data to layer model based on the
following clustering algorithms.

4.1. Fuzzy 𝐶-Means Clustering. Fuzzy 𝐶-means clustering
(FCM) is a data clustering algorithm inwhich each data point
belongs to a cluster to a degree specified by a membership
grade. Bezdek in 1981 [20] proposed this algorithm as an
improvement over hard 𝐶-means clustering algorithm. Each
of the 𝑛 data pairs belongs to each of the 𝑐 groups with a
membership coefficient, 𝑢

𝑖𝑘
, being the membership degree of

pair 𝑘 to cluster 𝑖. Let𝐷2𝑘𝑖 be the distance between pair 𝑘 and
cluster 𝑖, basically defined as the Euclidean norm and more
generally as

𝐷
2
𝑘𝑖 =

𝑥𝑘 − V𝑖
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𝑥
𝑘
being the 𝑘th data pair used for the clustering, 𝐴 being a

positive definite symmetricmatrix, and V
𝑖
being the prototype

of cluster 𝑖.
FCM partitions a collection of 𝑛 vectors obtained from

the imported field data 𝑥
𝑖
, 𝑖 = 1, . . . , 𝑛, into 𝑐 fuzzy groups and

finds a cluster center in each group such that a cost function
of dissimilarity measure is minimized. To accommodate the
introduction of fuzzy partitioning, the membership matrix
𝑈 is allowed to have elements with values between 0 and 1.
The normalised values of AB/2 and apparent resistivity data
thus plotted with the cluster centres were shown in the GUI
panel of Figures 4 and 8 for the corresponding data. However,
imposing normalization stipulates that the summation of
degrees of belongingness for a data set always be equal to
unity:

𝑐

∑

𝑖=1

𝑢
𝑖𝑗
= 1, ∀𝑗 = 1, . . . , 𝑛. (2)

The cost function (or objective function) for FCM is then a
generalization of (1):

𝐽 (𝑈, 𝑐
1
, . . . , 𝑐

𝑐
) =

𝑐

∑

𝑖=1

𝐽
𝑖
=

𝑐

∑

𝑖=1

𝑛

∑

𝑗=1

𝑢
𝑚

𝑖𝑗
𝑑
2

𝑖𝑗
, (3)

where 𝑢
𝑖𝑗
is between 0 and 1; 𝑐

𝑖
is the cluster center of fuzzy

group 𝑖; 𝑑
𝑖𝑗
= ‖𝑐
𝑖
− 𝑥
𝑗
‖ is the Euclidean distance between

𝑖th cluster center and 𝑗th data point; and 𝑚 ∈ [1,∞) is a
weighting exponent.

The necessary conditions for (3) to reach a minimum can
be found by forming a new objective function 𝐽 as follows:
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where 𝜆
𝑗
, 𝑗 = 1 to 𝑛, are Lagrange multipliers for the 𝑛 con-

straints in (2). By differentiating 𝐽 (𝑈, 𝑐
1
, . . . , 𝑐

𝑐
, 𝜆
1
, . . . , 𝜆

𝑛
)

with respect to all its input arguments, the necessary condi-
tions for (3) to reach its minimum are
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The fuzzy𝐶-means algorithm is simply an iterated procedure
through the preceding two necessary conditions.

Step 1. Initialize the membership matrix 𝑈 with random
values between 0 and 1 taken with the constraint of not being
losing the essence of the field apparent resistivity data by
satisfying (2).

Step 2. Calculate 𝑐 fuzzy cluster centers 𝑐
𝑖
, 𝑖 = 1, . . . , 𝑐, using

(5).

Step 3. Compute the cost function according to (3). Stop if
either it is below a certain tolerance value or its improvement
over previous iteration is below a certain threshold.

Step 4. Compute a new 𝑈 using (6). Go to Step 2 and repeat
the steps until the performance goal is reached.

The cluster centers can also be first initialized and then
the iterative procedure can be carried out. The performance
depends on the initial cluster centers, thereby allowing us
either to use another fast algorithm to determine the initial
cluster centers or to run FCM several times, each starting
with a different set of initial cluster centers. Therefore, at
each iteration, different cluster centers will be formed and
the centers which focus finally will fall on the exact synthetic
data that correlates with the field data with minimum error
percentage.

4.2. Fuzzy 𝐾-Means Clustering. The 𝐾-means clustering [21,
22] has been applied to a variety of areas, including image and
speech data compression [23], data preprocessing for system
modelling [24], and task decomposition [23].

The 𝐾-means algorithm partitions a collection of 𝑛
vectors which is the input data AB/2 and apparent resistivity
data 𝑥

𝑗
, 𝑗 = 1, . . . ., 𝑛, into 𝑐 groups 𝐺

𝑖
, 𝑖 = 1, . . . , 𝑐, and finds

a cluster center in each group such that a cost function (or
an objection function) of dissimilarity (or distance) measure
is minimized. When the Euclidean distance is chosen as the
dissimilarity measure between a vector 𝑥

𝑘
in group 𝑗 and the

corresponding cluster 𝑐
𝑖
, the cost function can be defined by

𝐽 =

𝐶

∑

𝑖=1

𝐽
𝑖
=

𝐶

∑

𝐼=1

( ∑

𝑘,𝑥𝑘∈𝐺𝑖

𝑥𝑘 − 𝑐𝑖


2
) , (7)

where 𝐽
𝑖
= ∑
𝑘,𝑥𝑘∈𝐺𝑖

‖𝑥
𝑘
−𝑐
𝑖
‖
2 is the cost functionwithin group

𝑖. Thus, the value of 𝐽
𝑖
depends on the geometrical properties

of 𝐺
𝑖
and the location of 𝑐

𝑖
.

In general, a generic distance function 𝑑(𝑥
𝑘
, 𝑐
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cost function is thus expressed as
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For simplicity, the Euclidean distance is used as the dissimi-
larity measure and the overall cost function is expressed as in
(7).

The partitioned groups are typically defined by a 𝑐 × 𝑛
binary membership matrix𝑈, where the element 𝑢

𝑖𝑗
is 1 if the

𝑗th data point 𝑥
𝑗
belongs to group 𝑖 and 0 otherwise. Once

the cluster centers 𝑐
𝑖
are fixed, the minimized 𝑢

𝑖𝑗
for (7) can

be derived as follows:
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0 otherwise.
(9)
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Restating, 𝑥
𝑗
belongs to group 𝑖 if 𝑐

𝑖
is the closest center

among all centers. Since a given data point can only be
in a group, the membership matrix 𝑈 has the following
properties:
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(10)

On the other hand, if 𝑢
𝑖𝑗
is fixed, then the optimal center

𝑐
𝑖
that minimizes (7) is the mean of all vectors in group 𝑖:

𝑐
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where |𝐺
𝑖
| is the size of 𝐺

𝑖
or |𝐺
𝑖
| = ∑
𝑛

𝑗=1
𝑢
𝑖𝑗
.

For a batch-mode operation, the 𝐾-means algorithm is
presented with a data set 𝑥

𝑖
, 𝑖 = 1, . . . , 𝑛; the algorithm

determines the cluster centers 𝑐
𝑖
and the membership matrix

𝑈 iteratively using the following steps.

Step 1. Initialize the cluster center 𝑐
𝑖
, 𝑖 = 1, . . . , 𝑐. Here in this

approach it has been randomly chosen within the range of
the minimum and maximum values of normalised apparent
resistivity data.

Step 2. Determine the membership matrix 𝑈 by (9).

Step 3. Compute the cost function according to (7). Stop if
either it is below a certain tolerance value or its improvement
over previous iteration is below a certain threshold. Iterations
can be fixed by the user by means of GUI panel.

Step 4. Update the cluster centers according to (11). Go
to Step 2 and repeat the steps until the minimum error
percentage is reached.

The algorithm is inherently iterative, and the performance
of the 𝐾-means algorithm depends on the initial positions
of the cluster centers, thereby making it advisable either to
employ some front-end methods to find good initial cluster
centers or to run the algorithm several times, each with a
different set of initial cluster centers. So thereby providing the
synthetic data will be smoothened in order to correlate with
the actual field data.

4.3. Fuzzy Subtractive Clustering. The subtractive clustering
technique was proposed by [25], in which data points (not
grid points) are considered as the candidates for cluster
centers. By using this method, the computation is simply
proportional to the number of resistivity data points and
independent of the dimension of the inverse problem under
consideration.

Consider a collection of 𝑛 data points {𝑥
1
, . . . , 𝑥

𝑛
} in

an 𝑀-dimensional space. Without loss of generality, the
apparent resistivity data points are assumed to have been
normalized within a hypercube. Since each data point is

a candidate for cluster centers, density measure at data point
𝑥
𝑖
is defined as

𝐷
𝑖
=

𝑛

∑

𝑗=1

exp(−

𝑥
𝑖
− 𝑥
𝑗



2

(𝑟
𝑎
/2
2
)

) , (12)

where 𝑟
𝑎
is a positive constant. Hence, a data point will have

a high density value if it has many neighbouring data points.
The radius 𝑟

𝑎
defines a neighbourhood; apparent resistivity

data points outside this radius contribute only slightly to the
density measure.

After the density measure of each data point has been
calculated, the data point with the highest density measure is
selected as the first cluster center. Let 𝑥

𝑐1
be the point selected

and 𝐷
𝑐1
its density measure. Next, the density measure for

each data point 𝑥
𝑖
is revised by the formula

𝐷
𝑖
= 𝐷
𝑖
− 𝐷
𝑐1
exp(−


𝑥
𝑖
− 𝑥
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2

(𝑟
𝑏
/2)
2
) , (13)

where 𝑟
𝑏
is a positive constant. Therefore, the data points

near the first cluster center 𝑥
𝑐1
will have significantly reduced

density measures, thereby making the points unlikely to be
selected as the next cluster center. The constant 𝑟

𝑏
defines a

neighbourhood that has measureable reductions in density
measure.The constant 𝑟

𝑏
is normally larger than 𝑟

𝑎
to prevent

closely spaced cluster centers; generally 𝑟
𝑏
is equal to 1.5𝑟

𝑎
.

After the density measure for each data point is revised,
the next cluster center 𝑥

𝑐2
is selected and all of the density

measures for data points are revised again. This process
is repeated until a sufficient number of cluster centers are
generated.

When applying subtractive clustering to a set of input-
output data, each of the cluster centers represents a prototype
that exhibits certain characteristics of the system to be
modelled. These cluster centers would be reasonably used as
the centers for the fuzzy rules’ premise in a zero-order Sugeno
fuzzy model. For instance, assume that the center for the 𝑖th
cluster is 𝑐

𝑖
in an 𝑀 dimension. The 𝑐

𝑖
can be decomposed

into two component vectors 𝑝
𝑖
and 𝑞

𝑖
, where 𝑝

𝑖
is the input

part and it contains the first 𝑁 element of 𝑐
𝑖
; 𝑞
𝑖
is the output

part and it contains the last𝑀-𝑁 elements of 𝑐
𝑖
. Then, given

an input vector 𝑥, the degree to which fuzzy rule 𝑖 is fulfilled
is defined by

𝜇
𝑖
= exp(−

𝑥 − 𝑝𝑖


2

(𝑟
𝑎
/2
2
)

) . (14)

After these procedures are completed, more accuracy can
be gained by using gradient descent or other advanced
derivative-based optimisation schemes for further refine-
ment.

5. Step by Step Procedure

The workflow of the GUI panel works on the path of
algorithm description shown in the flowchart of Figure 2.
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(i) Importing AB/2 and apparent resistivity data needed
for interpretation can be done by the push button
shown in Figure 3(a).

(ii) The corresponding data importedwill be shown in the
table panel of Figure 3(c).

(iii) The user optional slider (Figure 3(b)) used to estimate
the number of iterations needed for the clustering tool
to run.

(iv) Push button of Figure 3(d)will help the user tomodify
the imported table values. After editing the necessary
values, the user can click the push button shown
below the table of the GUI to import the modified
data.

(v) Figure 3(e) provides the different clustering algorithm
push buttons where the corresponding program will
run after importing the necessary data.

(vi) The output layer model and cluster panel graph are
shown in Figures 3(f) and 3(g), respectively.

(vii) Running message will be shown in the GUI panel of
Figure 3(h).

(viii) After iterating the algorithm, the user can save the
respective plots and can exit easily while pushing the
corresponding push buttons.

6. Results and Discussions

For validating the algorithm and comparative analysis, resis-
tivity data of different geological regions and the resultant
performance will conclude the result. The performance mea-
sures show that subtractive clustering algorithm result moves
more positively than the other two algorithms according to
this application. In subtractive clustering technique, the near-
est neighbourhood radius adjustment based on the density
measure of each apparent resistivity data point was converg-
ing in each and every set of iterations, thereby concluding the
good performance. If the raw field data contains more noises
or field errors, the converging rate will be slow, but it can be
achieved by increasing more number of iterations. Moreover,
the adjustments in the dimensionality problems have already
been done in each of the clustering algorithms. Therefore,
there will be no dimensionality problems occurring while
iterating each algorithm.

Data 1 was chosen from the Singhbhum Shear Zone of
Jaduguda, Jharkhand, India [26]. GUI panel of Figure 3 shows
the interpreted model with successful clustering classifica-
tions based on centres.

Figures 4(a)–4(c) show the cluster centres of fuzzy 𝐶-
means, fuzzy 𝐾-means, and fuzzy subtractive clustering
algorithms, respectively.

The performance measure graph is shown in Figure 6.
Data 2was chosen fromKamuli district, EasternUganda [27].
Fuzzy based inverted results ofData 2 are shown inGUI panel
of Figure 7.

Figures 8(a)–8(c) show the cluster centres of fuzzy 𝐶-
means, fuzzy 𝐾-means, and fuzzy subtractive clustering
algorithms, respectively.

Table 1: Accuracy of the three fuzzy clustering algorithms for data
1.

Number of
iterations

Accuracy
Fuzzy
𝐶-means
clustering
algorithm

Fuzzy
𝐾-means
clustering
algorithm

Fuzzy subtractive
clustering
algorithm

10 91.6558 96.819 97.5692
20 94.1628 93.8174 97.7233
30 92.6629 96.1407 97.8978
40 85.8052 96.8152 97.8215
50 96.2261 96.73 97.91
100 95.551 96.7432 97.976
Overall
performance 92.6773 96.17758 97.8163

Table 2: Accuracy of the three fuzzy clustering algorithms for data
2.

Number of
iterations

Accuracy
Fuzzy
𝐶-means
clustering
algorithm

Fuzzy
𝐾-means
clustering
algorithm

Fuzzy subtractive
clustering
algorithm

10 95.7703 93.3317 95.7389
20 96.1838 95.2137 96.2132
30 93.3317 94.9628 96.5828
40 95.5473 95.5139 97.0132
50 95.6231 96.1325 97.1101
100 95.71 96.1435 97.7123
Overall
performance 95.36103333 95.21635 96.72841667

Figures 9 and 10 show the output panel and performance
plot for data 2 (see Figure 5 for data 1 output panel). One
of the major causes for successful interpretation of fuzzy
subtractive clustering technique is that, each and every time
while iterating the algorithm, the cluster centre has been
revised on the basis of densitymeasure of each resistivity data
problem. In this geoelectrical-computational approach, it is
very much essential to update the density measures of each
data point, as an apparent resistivity curve can fit with many
models while iterating. The algorithm stops running after
getting the reliable model by limiting the root mean square
error as much as possible for reducing the computational
time.

Theperformance of these techniqueswas compared using
the two different datasets along with their lithologs. The
performance measures of data 1 and data 2 were tabulated
in Tables 1 and 2, respectively, which proclaims that the sub-
tractive clustering inversion technique seems to be the best
algorithm for the inversion of geoelectrical resistivity data
comparatively. On the other hand, fuzzy 𝐶-means clustering
suffers inconsistency in the performance. Fuzzy 𝐾-means
provides similar favourable accuracy on comparing with the
fuzzy subtractive clustering, but it suffers in producing more
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Figure 3: GUI panel showing the fuzzy subtractive clustering inversion for data 1.
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Figure 4: Formation of fuzzy cluster centers while interpreting data 1: (a) fuzzy 𝐶-means clustering, (b) fuzzy 𝐾-means clustering, and (c)
fuzzy subtractive clustering.
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Figure 5: Output panel showing the fuzzy subtractive clustering inverted model for data 1.
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Figure 6: Performance measurement of data 1 for the three algorithms: (a) fuzzy 𝐶-means clustering, (b) fuzzy 𝐾-means clustering, and (c)
fuzzy subtractive clustering.

Figure 7: GUI panel showing the fuzzy subtractive clustering inversion for data 2.
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Figure 8: Formation of fuzzy cluster centers while interpreting data 2: (a) fuzzy 𝐶-means clustering, (b) fuzzy 𝐾-means clustering, and (c)
fuzzy subtractive clustering.

accurate results because the adjustment of cluster centers
and updating it. Therefore the overall result proves that
fuzzy subtractive clustering performance is satisfactory for
this problem under consideration. This may cause loss of
original information of the field data. Therefore the overall
result proves that fuzzy subtractive clustering performance is
satisfactory.

7. Conclusion

Three clustering algorithms, namely, fuzzy 𝐶-means clus-
tering, fuzzy 𝐾-means clustering, and fuzzy subtractive
clustering, have been applied in this paper for the inversion
of geoelectrical resistivity data. These approaches solve the
problem in categorizing the results to predict the appropriate
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Figure 9: Output panel showing the fuzzy subtractive clustering inverted model for data 2.
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Figure 10: Performance measure of data 2 for the three algorithms: (a) fuzzy𝐶-means clustering, (b) fuzzy𝐾-means clustering, and (c) fuzzy
subtractive clustering.

layer model. The FIS training provides enough synthetic
data necessary for framing the clusters. Three clustering
algorithms have been implemented and tested with the field
data based on the cluster centers and the results obtained
from all the three algorithms do not deviate from the earlier
results. It was obvious that from the inverted results the
fuzzy 𝐶-means algorithm fails to provide appropriate results
compared to the other two algorithms. Subtractive clustering
seems to be a better performance algorithm on comparing
with fuzzy 𝐾-means algorithm, since the density measure

calculated at each number of iterations is verymuchhelpful in
modelling the subsurface parameters. Finally, the clustering
techniques discussed here in this paper can be used as a
standalone approach for the interpretation of subsurface layer
model.

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.



International Journal of Geophysics 11

Acknowledgment

The authors would like to thank the reviewers for their
valuable comments and suggestions, which have improved
the paper.

References

[1] F. Aminzadeh and M. Jamshidi, Soft Computing: Fuzzy Logic,
Neural Networks, and Distributed Artificial Intelligence, Prentice
Hall PTR, Englewood Cliffs, NJ, USA, 1994.

[2] H. Flathe, “A practical method of calculating geoelectrical
model graphs for horizontally stratified media,” Geophysical
Prospecting, vol. 3, no. 3, pp. 268–294, 1955.

[3] W. K. Kosinski and W. E. Kelly, “Geoelectric soundings for
predicting aquifer properties,” Groundwater, vol. 19, no. 2, pp.
163–171, 1981.

[4] M. Nikravesh and F. Aminzadeh, “Mining and fusion of
petroleum data with fuzzy logic and neural network agents,”
Journal of Petroleum Science and Engineering, vol. 29, no. 3-4,
pp. 221–238, 2001.

[5] U. Singh, D. Singh, and H. Singh, “Application of Neurofuzzy
pattern recognition method in borehole geophysics,” Acta Geo-
daetica et Geophysica Hungarica, vol. 45, no. 4, pp. 417–425,
2010.

[6] Y. Srinivas, A. Stanley Raj, D. Hudson Oliver, D. Muthuraj, and
N. Chandrasekar, “An application of artificial neural network
for the interpretation of three layer electrical resistivity data
using feed forward back propagation algorithm,”Current Devel-
opment in Artificial Intelligence, vol. 2, no. 1, pp. 11–21, 2011.

[7] Y. Srinivas, A. Stanley Raj, D. Hudson Oliver, D. Muthuraj,
and N. Chandrasekar, “Estimation of subsurface strata of earth
using Adaptive Neuro-Fuzzy inference system (ANFIS),” Acta
Geodaetica et Geophysica Hungarica, vol. 47, no. 1, pp. 78–89,
2012.

[8] Y. Srinivas, A. S. Raj, D. H. Oliver, D. Muthuraj, and N. Chan-
drasekar, “A robust behavior of Feed Forward Back propagation
algorithm of artificial neural networks in the application of ver-
tical electrical sounding data inversion,” Geoscience Frontiers,
vol. 3, no. 5, pp. 729–736, 2012.

[9] S. Niwas and D. C. Singhal, “Estimation of aquifer transmissiv-
ity from Dar-Zarrouk parameters in porous media,” Journal of
Hydrology, vol. 50, no. C, pp. 393–399, 1981.

[10] M. Sugeno, Industrial Applications and Fuzzy Control, Elsevier,
New York, NY, USA, 1985.

[11] P. M. Wong, F. Aminzadeh, and M. Nikravesh, Soft Computing
for Reservoir Characterization, Studies in Fuzziness and Soft
Computing, Physica, Heidelberg, Germany, 2001.

[12] L. A. Zadeh, “Fuzzy sets,” Information and Computation, vol. 8,
pp. 338–353, 1965.

[13] L. A. Zadeh, “Fuzzy logic, Neural networks, and soft comput-
ing,”Communications of the ACM, vol. 37, no. 3, pp. 77–84, 1994.

[14] U. Nordlund, “Formalizing geological knowledge—with an
example of modeling stratigraphy using fuzzy logic,” Journal of
Sedimentary Research, vol. 66, no. 4, pp. 689–698, 1996.

[15] S. Cuddy, “The application of mathematics of fuzzy logic to
petrophysics,” in Proceedings of the SPWLA Annual Logging
Symposium, Paper S, 1997.

[16] J. H. Fang andH. C. Chen, “Fuzzymodelling and the prediction
of porosity and permeability from the compositional and

textural attributes of sandstone,” Journal of Petroleum Geology,
vol. 20, no. 2, pp. 185–204, 1997.

[17] Y. Huang, T. D. Gedeon, and P.M.Wong, “Practical fuzzy inter-
polator for prediction of reservoir permeability,” in Proceedings
of theIEEE International Fuzzy Systems Conference (FUZZ-IEEE
’99), Seoul, Republic of Korea, August 1999.

[18] P. Bois, “Some applications of pattern recognition to oil and
gas exploration,” IEEE Transactions on Geoscience and Remote
Sensing, vol. 21, no. 4, pp. 687–701, 1983.

[19] P. Bois, “Fuzzy seismic interpretation,” IEEE Transactions on
Geoscience and Remote Sensing, vol. 22, no. 6, pp. 692–697, 1984.

[20] J. C. Bezdek, Pattern Recognition with Fuzzy Objective Function
Algorithms, Plenum Press, New York, NY, USA, 1981.

[21] P. R. Krishnaiah and L. N. Kanal, Classification Pattern Recog-
nition and Reduction of Dimensionality, vol. 2 of Handbook of
Statistics, North-Holland, Amsterdam, The Netherlands, 1982.

[22] J. Makhoul, S. Roucos, and H. Gish, “Vector quantization in
speech coding,” Proceedings of the IEEE, vol. 73, no. 11, pp. 1551–
1588, 1985.

[23] C. Chinrungrueng, Evaluation of heterogeneous architectures for
artificial neural networks [Ph.D. thesis], University of California,
Berkeley, Calif, USA, 1993.

[24] J.Moody andC. J. Darken, “Fast learning in networks of locally-
tuned processing units,” Neural Computation, vol. 1, no. 2, pp.
281–294, 1989.

[25] S. L. Chiu, “Fuzzy model identification based on cluster estima-
tion,” Journal of Intelligent and Fuzzy Systems, vol. 2, pp. 267–
278, 1994.

[26] K. S. Banerjee, S. P. Sharma, A. K. Sarangi, and D. Sengupta,
“Delineation of subsurface structures using resistivity, VLF
and radiometric measurement around a U-tailings pond and
its hydrogeological implication,” Physics and Chemistry of the
Earth, Parts A/B/C, vol. 36, no. 16, pp. 1345–1352, 2011.

[27] A. G. Batte, A. Muwang, and W. P. Sigrist, “Evaluating the use
of vertical electrical sounding as a groundwater exploration
technique to improve on the certainty of borehole yield in
Kamuli district (Eastern Uganda),” African Journal of Science
and Technology, vol. 9, pp. 72–85, 2008.



Submit your manuscripts at
http://www.hindawi.com

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Climatology
Journal of

Ecology
International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Earthquakes
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com

Applied &
Environmental
Soil Science

Volume 2014

Mining

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Journal of

Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

 International Journal of

Geophysics

Oceanography
International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

  Journal of 
 Computational 
Environmental Sciences
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Journal of
Petroleum Engineering

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Geochemistry
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Journal of

Atmospheric Sciences
International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Oceanography
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Advances in

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Mineralogy
International Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Meteorology
Advances in

The Scientific 
World Journal
Hindawi Publishing Corporation 
http://www.hindawi.com Volume 2014

Paleontology Journal
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Scientifica
Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Geological Research
Journal of

Hindawi Publishing Corporation
http://www.hindawi.com Volume 2014

Geology  
Advances in


