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Abstract: Natural cavities in limestone bedrock (Karst regions) cause sink holes in upper deposits. 
Detection of cavities is one of the most frequently cited applications of gravity survey. Sink-holes are 
seen very frequently in many parts of Iran. They are mainly produced due to a substantial decrease in 
the underground water table. They are vital and risky problems particularly when they exist in urban, 
road and industrial areas. We aim to detect and model the sink-holes which generate from Karstic 
holes in the basement using gravity method. The gravity interpretation methods usually face a non-
linear optimization problem with multi-variable, multi-objective function extremum, multi-solution 
and so on. Therefore, it is necessary that the more stable and efficient algorithms is used in the 
geophysical inversion. Artificial neural network has been used in the gravity data inversion (ANN). 
However, for high-dimensional, multi-peak function problems in gravity anomalies data inversion, the 
effect using ANN method is not good, and it easy to fall into the local minimum. In this paper, we 
propose ANN and least squares method (LS) to solve gravity anomalies data parameter optimized 
inversion. This method is applied to synthetic data with and without random error. Finally, the validity 
of the method is tested on a field example from Karst region in Chaharmahal Bakhtiyari Province, 
IRAN. 
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INTRODUCTION 
 
 The existence of a cavity alters the physical state of the strata and results in a contrast between the cavity 
and the host stratum that can be detected using suitable geophysical methods if the contrasts are large enough 
and the features are of a sufficient size (McDowell, 2002). Microgravity involves measuring minute changes in 
the gravitational pull of the earth and interpreting the presence of subsurface density variations, such as those 
produced by voids and cavities, from an analysis of these readings. A cavity usually has a lower density than the 
surrounding material and may be filled with water, sediment, collapse material, or a mixture of all of these. A 
void therefore represents a mass deficiency in the subsurface and a very a small reduction in the pull of the 
Earth’s gravity is observed, which is called a negative gravity anomaly (see figure 7). Although the method is 
simple in principle, measurement of the minute variations in the gravity field of the Earth to a few parts per 
billion requires the use of highly sensitive instruments, strict data acquisition procedures, stringent quality 
controls, careful data reduction, and sophisticated digital data analysis techniques in order to evaluate and 
interpret the data (Telford et al., 1999). These gravity anomalies are superimposed onto much larger variations 
produced by elevation, topography, latitude earth tides, and regional geological variations and are, usually, 
almost undetectable by conventional gravity investigations. Microgravity surveying has developed considerably 
over the last 10 years with the development of modern, high resolution instruments, careful field acquisition 
procedures, sophisticated data reduction methods, and advanced analysis techniques. Qianshen (1996) presents a 
thorough review of the fundamentals of the microgravity technique although interpretation in particular has 
developed significantly since then. It is now possible to detect and interpret anomalies as small as 10 micro-gals 
(10 µGal) with a repeatability of a few micro-gals. Not only can the isolated anomalies reveal the location of 
mines, caverns and voids, either natural or man-made, but they also provide information on their depths, shapes 
and morphology. Through the use of Euler deconvolution and Gauss’s theorem, the topology and the ‘missing 
mass’ associated with the void can be calculated in order to provide vital information for the development of 
remediation strategies and, ultimately, the costs associated with cavity filling. Through the targeted use of 
repeated post-remediation microgravity surveys, assessments can be made on the success, or not, of the 
remediation process and help verify the location and distribution of materials used to fill the void space. 
 These attributes have led to the method becoming widely used in hydrogeological, engineering and 
geotechnical investigations with the significant advantage of leaving the ground completely undisturbed. 
Conventional site investigation techniques, nowadays sometimes guided by laser cavity scanning, are then 
employed as directed by the microgravity results to verify the areas deficient in mass. Emsley et al. (1992) and 
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Bishop et al. (1997) describe the application of the microgravity method in the detection of both karstic and 
man-made cavities and also describe how the resulting datacan be enhanced by image processing to better define 
the anomalies associated with the targets. 
 Nowadays, there are different methods of modeling the gravity data, but the point is that each one has some 
limitations. A least square method proposed by Abdelrahman (2001) is used to determine the depth of simple 
shapes from residual gravity anomalies along the profile. Another method, the neural network, has been used in 
recent years. For example, the location of buried steel drums is estimated from magnetic dipole source using 
supervised artificial neural network (Salem et al. 2001). Depth and radius of subsurface cavities are determined 
from microgravity data using back propagation neural networks (Eslam et al. 2001). Depth of the deposit was 
determined by applying a neural network (Hajian 2004). A new approach in neural networks, Cellular Neural 
Network (CNN), has been proposed by Chua and Yang (1988), Which is focused on 2D image processing. 
Albora et al. (2001a, b) applied CNN for separation of regional/residual potential sources in geophysics. Forced 
Neural Networks for Gravity Anomaly was proposed by Osman et al. (2006, 2007). In this paper, combine of 
two methods (artificial neural network and least squares method) are applied to the residual gravity data and the 
obtained results are satisfied. These methods are applied to some simple shapes, i.e., sphere, an infinite 
horizontal cylinder, and a semi-infinite vertical cylinder, and then the Gardaneh Rokh tunnel area of Iran as the 
real data. 
 
The Method: 
1. Least squares Approach: 
 The general gravity anomaly expression produced by a sphere, an infinitely long horizontal cylinder, and a 
semi-infinite vertical cylinder is given in Abdelrahman (2001) as 
 

V(Xi, Z, q) =
KZ

(Xi
2 + Z2)q        i =  1, 2, 3, … , N                                                                                                                  (1) 

 
 In equation (1), Z is the depth, q is the shape factor, X is the position coordinate and K is Amplitude 
coefficient. Using normalized equation and Taking the logarithm of normalized equation, we obtain for all 
shapes: 
 

T(A) = q Ln
Z2

(A2 + Z2)
          Xi = A                                                                                                                                    (2) 

 
Substituting equation (2) into logarithmic equation, we obtain the following nonlinear equation in the depth (Z): 
 

W(Xi, Z) =
Ln Z2

(Xi
2+Z2)

Ln Z2

(A2+Z2)

                                                                                                                                                           (3) 

 
The unknown depth (Z) in equation (3) can be obtained by least square. Setting the derivative of minimizing 
quation to zero with respect to Z leads to: 
 

T(Z) = �[
N

i=1

L(Xi) − T(A) ∗ W(Xi, Z, )] W∗(Xi, Z) = 0                                                                                                   (4) 

 
 Where L(Xi) denotes the logarithm of the normalized observed gravity anomaly at Xi and W* is dW/dZ. 
Equation (4) can be solved for Z using neural network method for solving nonlinear equations (Mathia and 
Saeks, 1995). 
 
2. Neural Network Approach: 
 The back propagation neural network consists of an input layer, an output layer and one or more intervening 
layers also referred to as hidden layers (figure.1). The hidden layers can capture the nonlinear relationship 
between variables. Each layer consists of multiple neurons that are connected to neurons in adjacent layers. 
Since these networks contain many interacting nonlinear neurons in multiple layers, the networks can capture 
relatively complex phenomena (Mathia and Saeks, 1995). 
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Fig. 1: Structure of back propagation neural network (Hajian, 2004). 
 
 The model parameters (connection weights and node biases) will be adjusted iteratively by a process of 
minimizing the forecast errors. For each training iteration, an input vector, randomly selected from the training 
set, was submitted to the input layer of the network being trained (Liu et al, 1995). The output of each 
processing unit (orneuron) was propagated forward through each layer of the network, using the equation. 
 

nett = �wti xi + bt

N

i=1

                                                                                                                                                             (5)  

 
Where net is an output of unit t; wti is the weight on connection from the ith to the tth unit; xi is an input data 
from unit i (input node) to t; bt denotes a bias on the tth unit; and N is the total number of input units. A bias or 
activation threshold of a proper magnitude can affect output activation in the same manner as imposing a limit 
on the network mapping function. A sigmoid transformation was then applied to the summation of Eq. (2) for 
each unit in a hidden layer (see Eq. (6)), 
 

yt = f(nett) =
1

1 + e−net i
                                                                                                                                                      (6) 

 
 The activity of each output unit was also computed by Eq. (2), using the weights on the connections from 
the last hidden layer. But, unlike any output from the hidden unit activity, NET was not transformed by the 
sigmoid function. An error δi

(L) for the jth output unit was calculated by 
 
δj

L = Tj − netj                                                                                                                                                                          (7) 
 
where L denotes the number of the output layer (Eq. (7)). For example, L=3, j=1, 2. . .k, k is the number of 
output unit, and T is the target or the desired activity of the output unit. This error was propagated back to the 
lower hidden layers as follows: 
 

δt
(l) = � δi

l+1wti
(l)f́(nett

(l))
N

i=1

                                                                                                                                                    (8) 

 
wherewti

(l) is the weight from the ith unit in layer l to the tth unit in layer (l + 1), l=1, 2, . . .,L-1, and 𝑓𝑓(0)́ is the 
first derivative of the sigmoid function.In order for the network to learn, the value of each weight had to be 
adjusted in proportionto each unit’s contribution to the total error in Eq. (8). The incremental change in each 
weight for each learning iteration was computed by (Eqs. (9) and (10)) 
 
∆wti

(l) = c1δt
(i+1)f�nett

(l)�+ c2mti
(l)                                                                                                                                       (9) 

 
 
where c1 is a learning constant that controls the rate of learning; c2, a positive constant that, being less than 1.0, 
is the momentum term to smooth out the weight changes, and 
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mti
(l) = ∆wti

(l−1)                                                                                                                                                                        (10) 
 
The procedures for developing the neural network BP model are as follows (su et al., 1997): 
(A) Normalize the learning set; 
(B) Decide the architecture and parameters: i.e., learning rate, momentum, and architecture. There are no criteria 
in deciding the parameters except on a trial-and-error basis; 
(C) Initialize all weights randomly; 
(D) Training, where the stopping criterion is either the number of iterations reached or when the total sum of 
squares of error is lower than a pre-determined value; 
(E) Choose the network with the minimum error; 
(F) Forecast future outcome. 
 
3. Combine Theann and LS: 
 Here, we illustrate how the idea of depth determination using a new approach based on combining neural 
network and least squares method. This procedure is described with the aid of the schematic figure in Fig 2.we 
layout the optimized gravity data procedure which has four steps: (1) Product of improved data using neural 
network (data filtering), (2) Take improved data as initial data in least squares approach, (3)solving nonlinear 
using ANN, (4)Finally determination of depth using ANN-LS method (final response). 
 

 
Fig. 2: Process of the ANN-LS method. 
 
3.1    Synthetic Data: 
 Synthetic examples of spheres, vertical cylinders and horizontal cylinders buried at different depths (profile 
length30 meter, density 600 Kg/m3, sample interval 1 meter) were interpreted using the ANN-LS method to 
determine depth. In all cases examined, the exact values of Z were obtained. However, in studying the error 
response of the ANN-LS method, synthetic examples contaminated with5% random errors were considered. The 
results are demonstrated in Table (1). The results of Table 1 show good agreement between assumed and 
evaluated depth, which obviously indicates the high efficiency of the proposed method. The curves of 
synthesized gravity data are displayed in Figure. 3. 
 
Table 1: Interpretation of a synthetic gravity anomaly due to a sphere model, a vertical cylinder and a horizontal cylinder model with an 

additional ± 5% random error. 
The vertical cylinder The horizontal cylinder The sphere  

Using data with random 
errors ±%5 

Using data with random 
errors ±%5 

Using data with random errors 
±%5 

using synthetic 
data 

Model depth 
(m) 

40.0516 40.0410 40.0804 40 40 
35.0089 35.0057 35.0059 35 35 
30.0042 30.0036 30.0340 30 30 
25.0026 25.0029 25.0023 25 25 
20.0011 20.0015 20.0019 20 20 
15.002 15.0002 15.0003 15 15 
10.0000 10.0000 10.0000 10 10 
4.8813 4.9518 4.9513 5 5 

Determination of depth using ANN-
LS

Solving 
Nonlinear 
Equations 

Using 
ANN

Take 
improved 

data as 
initial data 

in LS

product of 
improved 
data using 

ANN
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Fig. 3: Compare observed gravity anomaly and calculated gravity anomaly based ANN-LS. 
 
Field Data: 
 The fast algorithm has been adapted for interpreting residual gravity anomalies related to three different 
types of structures, e.g., a sphere, a vertical cylinder, and a horizontal cylinder. The standard error (μ) is used in 
thispaper as statistical preference criteria in order to compare the observed and calculated values. This μ is given 
by the following mathematical relationship: 
 

μ = �∑ [g(xi) − gc(xi)]2N
i=1

N
                                                                                                                                               (11) 

 
where g(xi) is the observed gravity values and gc(xi) is the calculated gravity values. A residual gravity field 
anomaly taken from Iran has been interpreted using the proposed technique in order to examine its applicability 
and stability. 
 
Geological Background: 
 The Sanandaj-Sirjan zone is a narrow strip of the SW of central Iran located in the NE of the Main Recent 
Fault of the Zagross range (Aghanabati, 2004). The lithological units of the area include grey massive too thick-
bedded orbituline-enriched limestone, brecciated limstone, marly limestone and conglomerate. The units belong 
to Cretaceous to Eocene age. Due to folding, and presence of the major and minor faults, the strata does not 
show particular or consistent values of dip and strikes and the structural geology of the area is very complex. 
Two main fault systems (almost parallel) are identified in the study area (North and South Rokh faults with NW-
SE direction) (Figure 4). The fault systems presence and karst cavities have led to the heavily crushing of the 
almost all lithological units nearby the tunnel area.  
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 The Gardaneh Rokh Tunnel is located in the Isfahan-Shahrekord highway at the border of Isfahan and 
Chaharmahal-Bakhtiyari provinces at the latitude/longitude of E: 32 °, 21 ′, 20 ″; E: 51 °, 20 ′, 23 ″. The tunnel is 
being excavated with the length of 1300m its axis striking of N28. The height of tunnel section is 8.6m and its 
width is 13m. 
 

 
Fig. 4: Geological map of the study area (Aghanabati, 2004). 
 

 
 
Fig. 5: Residual anomalies (µGal) of Karst region in Chaharmahal Bakhtiyari Province, Iran. 
 
Geophysical Study: 
 The practical utility of the proposed method was demonstrated using one field example from Iran. For field 
example, the depth is estimated using ANN-LS method. Residual gravity anomalies map of the study area is 
shown in figure 5 and analytic signal map (in order to edge detection) is shown in figure 6 respectively. Data 
were collected with a CG3-m gravity meter with a sensitivity of approximately 1μGal. The results showed that a 
vertical cylinder model located at a depth of 8.05 m probably approximates the source of this anomaly (table. 2). 
The application of the proposed method to these field data by using a sphere model, a vertical cylinder, and a 
horizontal cylinder model respectively, yields to the estimation of the depth from the surface to the body as 
shown in Table 2. The depth obtained (z=8m) in this case is found to be in very good agreement with that 
obtained by Euler depths of the anomaly computed through GEOSOFT software (z=7.5m) and drilling 

Tunnel 
Cavity 

1 

2 



J. Appl. Sci. & Agric., 8(3): 164-171, 2013 

170 
 

information (z=8.1m) by geology and mineral explorations organization of Iran. Also Table 2 shows that the 
smallest value of µ = 1.003 is obtained for the vertical cylinder, meaning that the gravity anomaly is preferably 
to be modeled as a vertical cylinder.  
 

 
 
Fig. 6: Analytic signal map (µGal/m) of Karst region in Chaharmahal Bakhtiyari Province, Iran. 
 
Table 2: Interpretation of gravity field anomaly over the Gardaneh Rokharea. 

sphere Vertical cylinder Horizontal cylinder parameter 
9 8.05 8.09 Depth (m) 

2.984 1.003 2.004 Standard error (µ) 

 
Fig. 7: Residual gravity field anomaly over the two-dimensional Gardaneh Rokh tunnel. The valuated curve by 

the proposed method is shown for a simple model. 
 
Conclusion: 
1. From the previous experiments and analysis the following can be concluded: ANN exhibits rapid initial 
convergence without the need of set initial parameters, but its performance deteriorates as it approaches the 
desired global optimization solution. The diversity gradually diminishes in the process of search of global 
solution, ANN divert to the local solution, causing premature convergence. ANN-LS procedure combines 
selected advantage from ANN and LS to achieve weak dependence on initial parameters, multi-point global 
searching, fast convergence and high accuracy. Therefore, this method maybe became a choice to solve the 
gravity inverse problem. 
2. The near-surface anomalies such as sink holes and cavities can be detected through micro-gravity data even 
in industrial and urban areas where a variety of noises exist. The inversion of gravity anomalies using ANN-LS 
can provide valuable information about the geometry and depth of these anomalies. 

Edge detection 
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