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Abstract—  Marine Control  Source Electro-Magnetic
(MCSEM) survey is a technique for remote identification of sub-
sea floor structures of the earth's interior using Electro-Magnetic
(EM) signals. Air wave signal is major problem associated with
the data recorded by this technique in shallow water
environment. The air wave signals are parts of the EM signals
that propagate from EM source via the atmosphere and induced
along air/sea surface. These air wave signals has the ability to
limit and mask the electromagnetic response of a subsurface
resistive body so that signals from subsurface, possibly containing
valuable information about a resistive hydrocarbon reservoir is
hardly distinguishable. This paper presents the application of a
feed forward multi-layer perceptron neural networks model for
estimation of air waves in MCSEM survey data based on offset
and sea water depth values. The proposed model has 3 hidden
layers with sigmoid activation function, an output layer with
purelin transfer function and Levenberg-Marquardt (trainlm) as
the training function. Simulated airwave data for ten sea water
depths from 1000m to 100m at interval of 100m were used as the
training data. Coefficient of multiple determination and Mean
Square Error (MSE) obtained from the multi-layer perceptron
model and the estimation with multiple linear regression model
are compared. Preliminary results demonstrate that multi-layer
perceptron neural networks are a viable technique for the
estimation of air waves in MCSEM data.
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I. INTRODUCTION

A new application of the Controlled Source Electro-
Magnetic method (CSEM) for offshore oil exploration
called Sea Bed Logging (SBL) has recently become an
important complementary tool to seismic exploration
technique to evaluate possible hydrocarbon-bearing prospects.
This technique has the ability to provide information about
resistivity variations beneath the seafloor which is crucial in
off-shore  hydrocarbon  exploration. Traditionally,
measurements of electrical resistivity beneath sub-seafloor in
the oil and gas industry were obtained almost exclusively by
wire-line logging of wells [1, 2]. CSEM technique has
provided encouraging results over the past few years [3, 4].

Theoretically, CSEM surveys is based on the knowledge
that the propagation of an electromagnetic (EM) fields induced
in a conductive subsurface is mainly affected by spatial
distribution of resistivity [5]. The basis of the approach is the
use of a mobile horizontal electric dipole (source) which is
being towed approximately 30 — 40m above the seabed, and
an array of electromagnetic receivers equipped with electric
and magnetic sensors on the seabed to record both the
amplitude and the phase of the received signals. The
transmitting dipole emits an ultra-low frequency (~ 0.1 — 5Hz)
electromagnetic signal both into the seawater column and
downward into the subsurface as shown in Fig. 1.

The airwave component is predominantly generated by the
EM signal component that diffuses vertically upward then
propagates as a “wave” through the air at the speed of light
with no attenuation before diffusing back down vertically
through the water layer to the sea bottom, where it is picked up
by the EM receivers [6].

The contribution of the airwave to the marine CSEM
response is investigated by [7] in a numerical model study for
marine CSEM exploration using an HED source. They point
out that the effect of the airwave component is important at
large offsets, at low frequencies, or in relatively shallow water
depths. However, they do not give any method to compute the
airwave effect other than by numerical modeling. Numerical
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calculations for a 1D model using the Hankel transform as
developed by [8] yield a fast algorithm, but the algorithm does
not give physical insight as to how the airwave component
builds up and behaves in the water layer.

Receivers

Fig. 1. Schematic Diagram of CSEM Survey.

Study by [6] has shown the effect of seawater depth would
be important at large source-receiver separations, low
frequencies, or in relatively shallow water. It was also pointed
out how the airwave component in principle can be suppressed
by a modeling-and-subtraction approach. The effect can be
incorporated into the theory if both water depth and source
location are accurately determined [8].

Features of the effect of the air wave on the amplitude and
phase was described by [2] and reported that the range at
which the air wave dominates the response, and information on
seabed resistivity is lost, increases with decreasing frequency
and water depth.

The petroleum industry has also found significant use of
neural networks to process seismic and potential-field data for
oil explorations [9, 10]. The neural networks has been used in
works such as interpreting well logs, processing of EM
sounding data, recognizing seismic waveforms, function
approximation, electromagnetic, magneto telluric and seismic
inversion purposes and for many other problems [11, 12)] .

Artificial Neural Network (ANN) is a method of
computation and information processing that emulates
biological neural system. The method is good at fitting
functions and recognizing patterns. In fact, there is proof that
a fairly simple neural network can fit any practical function
[10]. The applications of artificial neural network techniques
have in recent times found wide potential use for geophysical
data processing, e.g. prediction, inversion, feature
classification and data compression [14 — 18].

The ANN technique was applied to the control source
electromagnetic data processing in a scaled model marine
environment as well as the classification of MCSEM data by
[19, 20] with radial basis function neural network, and the
results indicated superior accuracy, sensitivity and specificity
in classifying the MCSEM data.
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The ANN technique has the advantage of firstly, ability to
be used as an arbitrary function approximation mechanism
which ‘learns’ from observed data. Secondly, it has the
advantage of not being constraint to satisfy any parametric
assumptions. These are two main reasons that forms the
authors motivation in this study to apply this technique for the
estimation of air waves in MCSEM data.

The objective of this paper is to study the feasibility of
using a Multi-Layer Perceptron (MLP) neural network model
for the estimation of air wave in MCSEM data. Synthetic data
from ten different sea water depths (SWD) of CSEM set-ups
were used. The SWD is from 1000m to 100m at an interval of
100m. The paper is organized as follows; Section 11 describes
the architecture of the MLP model, followed by the simulation
set-ups in Section I11. The results and discussion will be given
in Section IV and the conclusions in Section V.

Il.  ARCHITECTURE OF MULTI-LAYER PERCEPTRON

In this study, a feed forward back propagation neural
network was used. The neural network is structured with two
neurons in the input layer, five neurons in the hidden layer and
one neuron for the output layer shown in Fig. 2.

Adr Wave

£

Offset

SWD
Fig. 2. Architecture of Multi-Layer Perceptron Neural Network.
The activation function, logsig, is used in the hidden layer

mentioned in equation (1) and purelin function is used in
output layer mentioned in equation (2).

1
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f(X) = X+ Bias ¥

The algorithm for the minimization of the error function is
carried out using a gradient descent technique. The necessary
corrections to the weights of the network for each moment t
are obtained by calculating the partial derivative of the error
function in relation to each weight w;. A gradient vector
representing the steepest increasing direction in the weight
space is thus obtained. The resulting weight update is then
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computed [17].
presented.

The algorithm for the gradient descent is

Gradient Descent Algorithm

Gradient descent algorithm also known as steepest descent is
a process of making changes to weights and biases in order to
find the global minimum of error for a network. The changes
are proportional to the derivatives of network error with
respect to those weights and biases. This is done to minimize
network error. The combine error measure, E, for n number
of observation is defined as:

E=>E" (2)

The error for the points n, and every individual error is defined
as:

=23 - ) ©

Where t, is the target or desired output, y, is the actual
output, o is the number of the different output unit that is
existing in our neural network system and n is the number of
point over which we are observing.

The gradient is therefore given by:

G

OW. .
1)

G (4)

n
0 n OE
—SE'=Y—
OW:: n OW:.
1] 1
Where wj; is the synaptic interconnection weight.

Applying the chain rule of differentiation

8y0
OW_.
oi

OE  OE
aWoi 8y0

. (5)
Where y, = ZWonj
i

Itimpliesthat%= 0
Moj  OWgj

ZWOJ'XJ' = Xj
i

From equation (2)
OE

6
o, (6)

(to - yo)

Therefore the gradient is:
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Equation (6) is the correction that is applied to the weight.

I1l. SIMULATION SET-UP

Computer Simulation Technology (CST) software was used
to simulate the sea bed environment. The area simulated is
25Km. The transmitter is modeled as a short 1250A AC line
current segment of length 270m of frequency 0.125 Hz is
located 35m above the sea bed. At the external spherical
boundaries, a scattering boundary condition absorbs outgoing
spherical waves. The Maxwell’s electromagnetic field wave
equation in vacuum in the absence of electric or magnetic
sources is solved for the electric field vector E inside the
computational domain.

No-Air Model With-Air Model
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Sea Water
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l
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|

Fig. 3. 1D geo-electric model depicting No Air Model and With Air Model
configurations.

Fig. 3 is a 1D geo-electric model depicting "No Air Model"
and "With Air Model" configurations that were simulated to
obtain the wave data. Note that the only difference between
"No Air Model" and "With Air Model" is the changing of the
sea water depth and replacing the space with air layer. We
changed the sea water depth at interval of 100m from 1000m
down to 100m. Table I present other physical values used for
the simulation domains.

TABLE |
VALUES OF THE DOMAINS PHYSICAL PROPERTIES
Domain Relative Electric Relative
Permittivity Conductivity Permeability
(2r) (o) (ur)
Air 1 1e 1
Sea Water 80 3 1
Sediment 30 1.5 1

The air waves data were computed by the method for
removing the air wave effect as patented by [21] through the
following steps:

1) Constructing a CSEM geometric model of the region
having a top air layer, a middle sea water layer, and a
bottom earth layer, with the model reflecting known

© 2012 GSTF



GSTF Journal on Computing (JoC) Vol.2 No.1, April 2012

bathymetry of the
the air, seawater and earth;

region and known conductivities of

2) Using the model to compute the electromagnetic field at
all receiver locations for each source location;
3) Replacing the air layer in the model with sea water to
create a no-air model,
4) Computing the fields for the same source-receiver
geometries for the no-air model; and
5) Computing the air wave effect by subtracting the No-Air

Model fields from the corresponding fields from the With-
Air Model.

Training of the Neural Network

The two inputs parameters are offset distance (meters) and
sea water depth (meters) and one output parameter is the
computed air wave values. Data normalization is important
due to the nature of log sigmoid training function [10]. Range
of the data after normalization is [0 1].

Selected data is given to the network during the training
session with log sigmoid training function.
used in training session.

IV. RESULTS

MCSEM Simulations was carried out along ten different sea
water depths. The plot of the normalized values of air wave
versus offsets in the ten sea water depths are presented in Fig.

).6

—SWD100m ||
===5WD200m
SWD300m |
== SWD400m
SWDS00m
» SWDG0OM |
+ SWD700m
* SWDS0Om |
o—SWD900m
#—SWD1000m

Air Wave (V/AnT in dB)

L L
0.5 0.6

Offset (Meters)

0.7 0.8

Fig. 4. Plot of the air waves values versus offsets for the sea water depths of
1000m to 100m.

The trend of the plot for the air wave values versus offsets
shows that the air wave values are increasing as the offset
increases. The pattern of the curves roughly suggest linearity
in the relationship between the air waves values and the offset
making it possible to the Multiple Linear Regression (MLR)
model to the study data for performance comparison of the
models.

In order to accomplish the Multiple Linear Regression
(MLR) model for estimating the air wave. We express air
wave value (YY) as the response of the linear combination of

Test data is not

131

the model terms f(X;) (i = j = 1, 2) representing the
corresponding offset and sea water depth values at each of the
observations, i.e. (X1, Xz, Y1), ..., (Xp, Yyn) as shown in
equation (8).

f(x) (%) Y & Y1
S E T ®)
fl(xn)"' fm (Xn) o, &y Yn

X o £ Y

Table Il displays the parameters obtained for the multiple
linear regression model.

TABLE II
MODEL PARAMETERS

o, -0.3431
a, 0.7705
& 0.2916

Mean Square Error
(MSE) 0.0011
R-Square 0.9859
Adjusted R-Square 0.9855

The air wave data are first divided into training set (70%),
validation (15%) and testing (15%) for the ANN model.
Training data were used to train the application; validation
data were used to monitor the neural network performance
during training and the test data were used to measure the
performance of the trained application. Fig. 5 and 6 shows the
neural network performance plot and the training, testing,
validation and the overall neural network regression plot
respectively.

Best Validation Performance is 0.0010138 at epoch 3
T T T T

— Train
— Validation
— Test

Mean Squared Error (mse)

10k

15 2 25
3 Epochs

7
Fig. 5. Artificial Neural Network Performance Plot.

The neural network performance plot shown in Figure 5
indicated that the neural network achieved the best
performance of 0.0010 after only 3 epoch.
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Fig. 6. (a) Training Regression Plot for the MLP. (b) Validation

Regression Plot for the MLP. (c) Testing Regression Plot for the MLP. (d)
Overall Regression Plot for the MLP.

Fig. 6(a) — (d) displays the networks training, validation,
testing and the overall networks performance with 0.99415,
0.9925, 0.99274 and 0.99346 as the coefficient of multiple
determination respectively. The comparative results of MLP
and MLR models are presented Table IV

TABLE IV
PERFORMANCE COMPARISON BETWEEN MLP AND MLR
Mean Square Error

(MSE) R-Square
MLP Model 0.00017 0.9935
MLR Model 0.0011 0.9859

The results from the neural network indicate a lower error
Mean Square Error of 0.00017 compared to using the
conventional statistical method of multiple linear regression
method with Mean Square Error of 0.0011. It is also observed
that the overall coefficient of multiple determination for the
MLP model is slightly better than that for the MLR model.

V. CONCLUSION

The purpose of this study was to investigate the applicability
of Multi-Layer Perceptron neural networks in estimating air
waves in MCSEM survey data. Simulations were carried out
along ten different sea water depths and the air waves were
computed by subtracting the response of the no-air background
model from the response of the with-air background model.
The research data was divided into training set (70%),
validation (15%) and testing (15%) for the MLP model.
Coefficient of multiple determination and Mean Square Error
(MSE) from the results of the MLP neural network and the
conventional multiple linear regression model were used to
compare the performance of the two models. Performance of
the MLP model having better coefficient of multiple
determination and smaller mean square error demonstrate it
potential to estimate air waves in MCSEM data.
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