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ABSTRACT The transient electromagnetic (TEM) method is widely used in shallow surface engineering
geological surveys due to its advantages such as light weight, high efficiency, and strong resolution.
However, interpretation and inversion of TEM data is a complicated process. The traditional algorithm of
TEM inversion employs the ‘‘smoke ring’’ fast imaging method, which can only reflect the approximate
morphology of the stratigraphic model, and the inversion accuracy is low. Therefore, this method cannot
meet the requirements of high-precision inversion. In this article, we present the particle swarm optimization
(PSO) algorithm for TEM inversion. First of all, the response of the rectangular loop source TEM based on
electric dipole integration was calculated and compared with the analytical solution results of the rectangular
loop source and the accuracy of the algorithm was verified. Then, we introduced the solution process
of the particle swarm optimization algorithm and analyzed the influence of particle swarm optimization
algorithm parameter selection on the accuracy of the inversion result and the convergence speed. Next,
a layered medium model was established. The particle swarm optimization algorithm and ‘‘smoke ring’’
fast imaging method were used to perform inversion calculation. The results show that the PSO algorithm
has the advantages of high efficiency and accuracy. Finally, we examined the effectiveness of the particle
swarm optimization algorithm for TEM data processing by inverting survey data from an Air-raid shelter
on the campus of Chongqing University in China and comparing the results with those from the ‘‘smoke
ring’’ fast imaging. The research works in this article provide new methods and techniques for TEM data
processing.
INDEX TERMS Transient electromagnetic method, particle swarm optimization algorithm, fast imaging,
inversion.
I. INTRODUCTION

The transient electromagnetic (TEM) method is a timedomain electromagnetic method based on the difference of
conductivity and magnetic conductivity of subsurface media.
The changing primary field excites the eddy current field generated by the conductive medium after the emission current is
turned off. By observing the change law of the eddy current
field, the geoelectric characteristics of the medium at different depths of underground were analyzed [1], [2]. At present,
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the transient electromagnetic method is widely used in deep
resource exploration as a non-invasive geophysical method
with the advantages of light weight, high efficiency, and
strong resolution [3], [4], Urban Engineering Geological Survey [5], [6], Coal Mine Water Inrush Survey [7], Tunnel Geology Advance forecasts [8] and underground metal objects
Survey [9].
A high-resolution interpretation of geophysical data usually involves the calculation of inverse problem. The depth,
location and field source distribution of the subsurface
anomalies can be obtained by inversion [10]. Initially, geophysical inverse problem calculations were based on linear

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

198307

Z. Xu et al.: Research and Application of the TEM Method Inversion Technique Based on PSO Algorithm

iterative inversion theory. Such as the Marquardt method,
Conjugate Gradient method, Gauss-Newton method, etc.,
these linear iterative methods can maintain rapid convergence
and computational stability [11], [12]. After decades of development, they have been quite mature and widely used. However, the inverse problem of geophysics is nonlinear in nature.
The existing linearized approximate inversion method has
the following problems: (1) Linearized approximate inversion
strongly depends on the choice of the initial model and the
bad initial model often causes the search to fall into local
minimum values; (2) When the inversion parameters or model
parameters increase, the inversion needs to solve large linear equations, especially when solving two-dimensional and
three-dimensional inversion problems, the calculation time is
very long, the computer processor and memory are highly
demanded [13], [14]. Therefore, in the 1990s, researchers
began to transfer the research direction to nonlinear inversion
methods and introduced a series of nonlinear global optimization inversion algorithms. Simulated annealing algorithms,
genetic algorithms, differential evolution algorithms and particle swarm optimization algorithms are all applied to the
inverse calculation of geophysical data [15]–[17].
Inspired by the social activities of birds or fishes, Kennedy
and Eberhart first proposed the Particle Swarm Optimization
(PSO) method, which is one of the most popular swarm based
optimization algorithms and designed to handle the continuous optimization problems [18], [19]. The PSO algorithm
is initialized with a population of candidate solutions called
a swarm. Each candidate solution is called a particle, and
each particle iteratively vacillates across the search space.
In each iteration, each particle is influenced by the position
of the best solution that is found in terms of the objective
function achieved earlier by itself (local best) and by the
best solution among the neighbors of the particle (global
best). Each particle which performance is decided by an
objective function is continually attracted to the local and
global best [20]. The PSO algorithm is one of the most
particularly popular, which shows good performance in terms
of global search ability and convergence speed [21]. It has
been successfully used to solve problems in various areas
such as healthcare [22], finance [23], [24], telecommunications [25], [26], energy [27], [28], image thresholding [29]
and others [30], [31]. Despite its good results, the PSO
method encounter a premature convergence when solving a
complex optimization problem, this is due to the improper
balance between the local and global searches. To solve such
difficulties the quantum version of particle swarm optimization (QPSO) and multi-objective version of particle swarm
optimization was proposed [32], [33].
Its first application of particle swarm optimization
algorithm in geophysical method stems from its successful
application in the solution and appraisal of the vertical electrical sounding inverse problem by Fernández-Á et al. [34].
Then, Fernández-Martínez and other people classified particle swarm optimization algorithms, and discussed parameter
setting selection and algorithm stability and applied it to
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electrical sounding inversion, and gravity field data inversion [35], [36]. In addition, the particle swarm optimization algorithm is also applied to direct current inversion,
inductive polarization inversion and magnetotelluric inversion [37], Prestack seismic inversion, seismic wavelet calculation and spectral inversion [38]. However, there are few
related researches about this method in the field of transient
electromagnetic inversion.
At present, the conventional data processing of TEM
is generally based on late apparent resistivity calculation.
Although the calculation method is simple, the biggest drawback is that the apparent resistivity curve does not converge to
homogeneous earth resistivity under limit conditions, and the
curve is also more complicated. If it is not improved, it will
inevitably affect the detection ability of the TEM method, and
also increase the difficulty of inversion interpretation. The
TEM inverse problem is nonlinear, even for the simplest 1-D
earth model; a linearization of the problem and an iterative
process are generally required for the model solution. The
traditional TEM inversion algorithm employs the ‘‘smoke
ring’’ fast imaging method. This method can only reflect
the approximate morphology of the stratigraphic model and
accuracy is low, and it cannot meet the measurement accuracy requirements. It is easy to cause misjudgment of the
inversion results and misunderstanding of the geological cognition. Because the particle swarm optimization algorithm
has the advantages of high accuracy, fast convergence, and
easy implementation, etc. The particle swarm optimization
algorithm is applied to the data processing and interpretation of the transient electromagnetic method in this article.
We elaborated on the one-dimensional forward theory based
on the integral of the electric dipole along the loop and
introduced the principle of the binary search method and the
‘‘smoke ring’’ fast imaging method. Then, we discussed the
impact of the particle swarm optimization algorithm parameter selection on the accuracy of the inversion results and
the algorithm convergence speed. Finally, we demonstrated
the effectiveness and accuracy of the PSO method for TEM
inversion by both synthetic data and survey data and by
comparing the results with those from the ‘‘smoke ring’’ fast
imaging.
II. ONE-DIMENSIONAL FORWARD THEORY
A. FORWARD ALGORITHM

In this section, the one-dimensional forward theory of the
transient electromagnetic method was carried out in this
article. Starting from the frequency domain response expression of the electric dipole, the time domain response formula in the horizontal layered medium was derived by
integrating along the loop and time-frequency conversion.
The vertical magnetic field intensity value at any point
in the transmitter loop was calculated by using Hankel
transform, Gaussian integration, and cosine transform. Compared with the analytical solution of the square loop in the
homogeneous half-space, the accuracy of the formula was
verified.
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FIGURE 1. Schematic diagram of the layered media model.

Assuming that in the x-direction at the origin O (0, 0, 0) in
Cartesian coordinates, an electric dipole with a length of dl
is located on the surface of the layered medium. The conductivity and depth of each layer are σi and hi , respectively, for a
total of N layers (Figure 1a).
The expression of the vertical magnetic field excited by
a horizontal electric dipole at the surface can be expressed
as [39]:
Z
Idl y ∞
·
(1 + rTE )λJ1 (λρ)dλ
(1)
Hz =
4π ρ 0
where Idl denotes the electric dipole moment; I denotes the
magnitude of the current in the transmitter loop; dl denotes
the length of the electric dipole moment; y denotes the distance from the receiving point to the x-axis; and ρ denotes
the distance from the receiving point to the electric dipole; J1
denotes the first-order Bessel function; λ denotes the variable
of integration; γTE denotes the reflection coefficient, and the
expression is as follows:
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Equations (1)-(3) were calculated expressions for transient electromagnetic response excited by a loop source.
The length of the electric dipole moment dl in formula (2)
is replaced by dx or dy, and subsection integral is conducted along each side of the transmitter loop. As shown in
Figure1 (b), assuming that the coordinates of the endpoint of
the edge AB are (x1 , y1 ) and (x2 , y2 ), the receiving point is
the origin of the coordinate, and the projection point on AB is
(x3 , y3 ). Then the vertical magnetic field response expression
of the side AB at the origin of the coordinates is [40]:
Z L Z ∞
I
y
λ(1 + rTE )J1 (λρ)dλdx
(4)
Hz =
4π 0 ρ 0
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The result of the transformation is a triple integral. The
outermost layer is the conversion from the frequency domain
to the time domain, which is solved by cosine transform. The
secondary outer layer is the line integral about dx and dy,
which is solved by Gaussian transformation. The innermost
layer is the first-order Bessel function, which is solved by
using the Hankel transform.
The cosine transform formula is as follows:
Z ∞



f
(t)
=
F(ω) cos(ωt)dω



0r

1 π X en1
(6)
f
(t)
=
F(
) · c cos(en1 )

t
2
t




 1 = ln(10)
20
where ccos(en1 ) is the 250-point cosine filter coefficient.
Linear integration is solved by Gaussian integration:
Z 1
n
X
f (x)dx ≈
Ak f (xk )
(7)
−1

Y0 − Y1

λ2 − kn2 , kn2 = −iωµ0 σn , Y0 =

where L denotes the length of side AB; y denotes the distance
from the receiving point to side AB; ρ denotes the distance
from the receiving point to the electric dipole; x denotes the
distance from the electric dipole to point A, and the integral
range is [0, L]; J1 denotes the first-order Bessel function; λ
denotes the variable of integration.
The time-domain step response of the loop source can be
obtained by the following Fourier transform:
Z
2 ∞ ImF(ω)
cos(ωt)dω
(5)
f (t) =
π 0
ω

k=0

In the forward calculation, the 5-point Gaussian quadrature
formula was used.
The first-order Bessel function is solved by Hankel
transform:
Z ∞


f
(ρ)
=
K (λ)J1 (λρ)dλ



0


n

1 X
f (ρ) = [
K (λm )Wm ]
(8)

ρ

m=1




 λm = 1 × 10[a+(m−1)s]
ρ
where a and s are constants, taken a = −3.05078187595, s =
0.110599010095. Wm is the corresponding Hankel transformation coefficients.
B. VERIFICATION OF THE FORWARD ALGORITHM

To verify the accuracy of the loop source TEM forward
algorithm, the loop was set as a square loop, and the
receiving point was at the center of the loop. The homogeneous half-space model and Layered model were established,
respectively. First, the resistivity was set as 100 · m in the
homogeneous half-space model, the side length of the square
loop was set as 10m, and the transmitter current was set as
10A. In this article, the one-dimensional forward algorithm
was used to calculate the magnetic field value at the receiving
198309
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FIGURE 3. The inversion result of ‘‘smoke ring’’ fast imaging.
FIGURE 2. Magnetic field intensity curve.

point, which was compared with the analytical solution for
the square loop in the homogeneous half-space [41]. It can
be seen from Figure 2 that the magnetic field intensity curve
for the analytical solution and the numerical solution were
complete superposition (Figure 2a).
A three-layer model was established. The model parameters were set as ρ1 = 100 · m, h1 = 50m, ρ2 = 20 · m,
h2 = 100m and ρ3 = 100·m, the thickness of the third layer
of the medium was infinite. A loop source was performed as
the excitation source and the radius was set as10m, a square
√
loop with the same equivalent area has a side length of 10 π
m and the transmitter current were set as 10A. It can be seen
from Figure 2 that with the same equivalent area, magnetic
field intensity at the center point of the circler loop and that
of the square loop are the same (Figure 2b). In summary,
the designed forward algorithm was correct.
III. THE PRINCIPLE OF BINARY SEARCH METHOD AND
‘‘SMOKE RING’’ FAST IMAGING
A. THE PRINCIPLE OF THE BINARY SEARCH METHOD

The core idea of the binary search method is that in the
range of possible values of resistivity [ρa , ρb ], this interval
is divided into half and the resistivity value at its midpoint
ρm = (ρa + ρb )/2 is taken into the uniform half-space
analytical formula to calculate the theoretical magnetic field
Hm (t) at the midpoint. If the measured magnetic field H0 (t)
is bigger than the theoretical magnetic field Hm (t) at the
midpoint, then according to the monotonicity of the magnetic
field curve, the apparent resistivity value should be in the
[ρa , ρm ] interval, rather than in the [ρm , ρb ], which reduces
the search range by half. By analogy, the calculation is not
stopped until the difference between Hm (t) and H0 (t) is less
than a certain threshold, and it is used as the all-time apparent
resistivity value at this moment. By repeating this process,
the all-time apparent resistivity value ρ(t) can be calculated,
which is corresponding to the measured magnetic field H0 (t)
at each moment [40].
B. THE PRINCIPLE OF ‘‘SMOKE RING’’ FAST IMAGING

In the transient electromagnetic field, the magnetic field generated by the eddy current at any time can be equivalent to the
magnetic field generated by horizontal circular line current.
The phenomenon that the subsurface eddy current propagates
198310

downward and outward is called the ‘‘smoke ring’’ effect. The
vertical depth and vertical propagation velocity of the smoke
ring at a certain time are [1]:
r
tρ
4
(9)
dr = √
π µ0
r
2
ρ
v= √
(10)
π µ0 t
If the stratum is a layered medium, the velocity in formula
(10) can be expressed by the following difference formula:
√
√
tj ρj − ti ρi
dj − di
1d
4
v=
=
=√
[
]
(11)
1t
tj − ti
π µ0
tj − ti
From formula (10), we can get:
ρ = v2 π tµ0 /4

(12)

Bring formula (11) into formula (12), we can get the formula of apparent resistivity as:
√
√
tj ρj − ti ρi 2
] tij
(13)
ρr = 4[
tj − ti
where ti and tj is the sampling time of adjacent time channels,
and tj > ti , ρi and ρj are the all-time apparent resistivity of
adjacent time channels, which tij is the arithmetic square root
of ti and tj .
The corresponding depth obtained by formula (13) is:
(dr1 + dr2 )
(14)
2
To verify the accuracy of the inversion procedure of the
binary search method and the ‘‘smoke ring’’ fast imaging
method, we take two-layered and three-layered models as
examples for inversion test calculations in this article. The
two-layered G type geoelectric model parameters were set as
ρ1 = 50·m, h1 = 100m, ρ2 = 100·m; the thickness of the
second layer of the medium was infinite. The three-layer H
type geoelectric model parameters were set as ρ1 = 100·m,
h1 = 50m, ρ2 = 20·m, h2 = 100m and ρ3 = 100·m; the
thickness of the third layer of the medium was infinite. The
three-layer K type geoelectric model parameters were set as
ρ1 = 20 · m, h1 = 50m, ρ2 = 100 · m, h2 = 20m and
ρ3 = 100 · m; the thickness of the third layer of the medium
was infinite.
It can be seen from Figure 3(a) that the curve shape of
the ‘‘smoke ring’’ inversion result is roughly consistent with
the model, while there are some deviations in the thickness
Hr = 0.441
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of the formation. As can be seen from Figure 3(b) and
Figure 3(c) that the ‘‘smoke ring’’ fast imaging method is
sensitive to low resistance anomalies and weakly reflects high
resistance anomalies.

swarm optimization algorithm is greatly enhanced by adding
the inertia factor. The modified speed update formula is as
follows:
k
k
k
k
k
vk+1
i,j = ωvi,j + c1 r1 (pbestxi,j − xi,j ) + c2 r2 (gbestxi,j − xi,j )

(21)

IV. INVERSION THEORY

James Kennedy proposed Particle Swarm Optimization
(PSO) based on a model describing birds or fish for food. The
core idea of the algorithm is to simplify the bird or fish into
particles; the position of the particles represents the possible
solution in the optimization problem; the position of the
food represents the optimal solution and all the particles are
directed to the optimal solution position under certain rules
motion. For geophysical inversion, the distance between the
particle and the optimal solution is the fitness of the objective
function in the geophysical inverse problem [18].
Assuming that the group consists of m particles and the
optimal solution search space is n-dimensional, the speed of
i particle in the n-dimensional search space in the k iteration:
Vik = (vki,1 , vki,2 , . . . , vki,j , . . . , vki,n )

(15)

The position of i particle in the n-dimensional search space:
k
k
k
k
Xik = (xi,1
, xi,2
, . . . , xi,j
, . . . , xi,n
)

(16)

The optimal position of i particle:
k
k
k
k
PbestXik = (pbestxi,1
, pbestxi,2
, . . . , pbestxi,j
, . . . , pbestxi,n
)

(17)
The optimal position group location:
k
k
k
k
GbestXik = (gbestxi,1
, gbestxi,2
, . . . , gbestxi,j
, . . . , gbestxi,n
)

(18)
where the i is particle number (i = 1, 2, . . . , m), the k is
number of iterations (k = 1, 2, . . . , itermax). itermax is the
maximum number of iterations allowed by the particle swarm
optimization process.
At the beginning of the optimization, the particle swarm
algorithm first randomly initializes m particles in the search
area as the initial value of the iteration. The particles then
update their speed and position in real time according to the
following formula:
k+1
k
k
k
k
vi,j
= vki,j +c1 r1 (pbestxi,j
−xi,j
)+c2 r2 (gbestxi,j
−xi,j
) (19)
k+1
k
xi,j
= xi,j
+ vk+1
i,j

(20)

where the j is the dimension of the search space, c1 and c2 are
learning factors, r1 and r2 are two random numbers uniformly
distributed between (0, 1).
Shi optimized and improved the basic particle swarm optimization algorithm, focusing on the impact of the search
efficiency of each parameter in the speed update formula [42].
The speed update formula (19) is improved. The concept of
inertia factor ω is proposed for the first time, which decreases
linearly with the number of iterations. It is proved by correlation experiments that the ability to optimize the particle
VOLUME 8, 2020

where the ω is the inertia factor:
kmax − k
(ωmax − ωmin ) + ωmin
(22)
ω(k) =
kmax
The maximum value of the inertia factor is generally
0.9 and the minimum value of the inertia factor is generally
0.4, kmax denotes the maximum number of iterations.
A. THE SOLUTION PROCESS OF PSO ALGORITHM

The basic solution process of the PSO algorithm is as follows:
1. Initialize the PSO parameter. Set the number of particles
W ; randomly select the initial position (Xik ) and velocity
(Vik ). The maximum iteration number itermax, the range of
speeds for each iteration, the values of c1 and c2, and the value
of the inertia weight coefficient ω.
2. Calculate the fitness value. The fitness value of each
particle is calculated according to the fitness function; then
the optimal position of each particle (PbestXki ) and the optimal position of the population group (GbestVki ) are updated
according to the fitness value. In the first iteration, the optimal position of the individual is the initial position; and the
optimal position of the group is the particle position with the
best fitness. When the fitness of the optimal position is better
than the previous iteration, the optimal position is updated;
otherwise, the original position is retained.
3. Judge whether the calculation result meets the error
requirement range or reaches the maximum number of iterations. If not, proceed to the next iteration, and update the
speed and position through equations (20) and (21), and
calculate the new fitness value, and then proceed to step (2),
and proceed until the termination condition is met; output the
result and save.
B. PARAMETER ANALYSIS OF PSO ALGORITHM

To examine the effect of the particle swarm optimization
algorithm, we select the following function to test the optimization accuracy of the algorithm. This function has a global
minimum f(x) = 1 when x = 0 (Figure 4). Therefore, it can
be used to test the global search ability of the algorithm.
f (x) = x 2 − 2 cos(2π x) + 3

−5≤x ≤5

(23)

To explore the effects of different parameters, only one
variable parameter is changed each time, and each test is
iterated 50 times; each group of tests is repeated 6 times, and
the average result is taken as the final result. The groups are
as follows, where k is the number of iterations:
(a) c1 takes five values ‘‘0, 2, 4, 6, 8’’, c2 = 2, ω = 0.99k ,
and the number of particles is 20;
(b) c2 takes five values ‘‘0, 2, 4, 6, 8’’, c1 = 2, ω = 0.99k ,
and the number of particles is 20;
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FIGURE 6. The inversion result of three-layer H type geoelectric model.
FIGURE 4. Change curve of the test function.

set as 2, the algorithm has fast convergence speed and high
accuracy, and the convergence effect is significantly better
than the other four options. Figure 5(c) and Figure 5(d) show
the influence on the convergence accuracy and the speed of
the algorithm when the number of particle swarms and the
inertia factor are different. It can be seen from Figure 5(c) that
when the number of particle swarms is 40 and 60, the objective function has a good convergence effect and the number of
iteration calculations is small. It can be seen from Figure 5(d)
that when the inertia factor ω takes 0.99k · rand ()/2 + 0.1,
the algorithm has the best convergence effect and the highest
accuracy.
V. MODELING EXAMPLE

FIGURE 5. Change curve of the objective function with the number of
iterations.

(c) The total number of particles takes five value strategies
‘‘20, 40, 60, 80, 100’’, c1 = c2 = 2, ω = 0.99k ;
(d) The inertia factor ω takes five values of ‘‘0, 1, 0.99k ,
0.99k · rand()/2 + 0.1, 0.99k · rand()/2 + 0.5’’; the latter two are the inertia weight coefficients with damping. c1 = c2 = 2, the number of particles is 20; rand
denotes a random value within [0, 1].
Figure 5 shows the curve of the objective function changing
with the number of iterations. The smaller the value of the
objective function is, the better the convergence effect and
high accuracy of the algorithm, and the larger the value of the
objective function, the weaker the convergence effect of the
algorithm and the low accuracy will be.
Figure 5(a) and Figure 5(b) show the influence on the
accuracy and speed of the algorithm convergence when the
values of the learning factor c1 and c2 are different. It can be
seen from Figure 5(a) that when c1 was set as 2, the objective
function curve drops rapidly and always maintains convergence, and the algorithm has fast convergence speed and high
accuracy. However, in the three cases when c1 was set as 4,
6 and 8, the algorithm has a weak convergence effect and low
accuracy. It can be seen from Figure 5(b) that when c2 was
198312

In this section, the PSO algorithm was used for theory data
inversion. Based on experimental studies, the side length
of the loop was set as 5m, the transmitter current was set
as 10A. The receiving point was located in the center of
the transmitter coil. The forward calculation of the layered
medium geoelectric model was performed and the results
were calculated by using the ‘‘smoke ring’’ fast imaging and
the particle swarm optimization algorithm. The parameters
are as follows: the learning factors c1 and c2 were taken 2;
the inertia factor ω was 0.99k · rand()/2 + 0.1, rand denotes
a random value within [0, 1]; the number of particles was
60 and the number of iterations was 50; the inversion fitting
error limit was1e-6.
The three-layer H type geoelectric model was established
in this section. The resistivity and depth of each layer and
the inversion results are shown in Table.1. Running on an
Intel (R) Core (TM) i9-8950HK laptop with 2.9GHz CPU,
the PSO algorithm inversion took 3.5 minutes. Figure 6 is
the compared results for the ‘‘smoke ring’’ fast imaging
and PSO inversion of the H type. As can be seen from
Figure 6(a) that the curve shape of the ‘‘smoke ring’’ inversion result is roughly consistent with the model, while there
are some deviations in the thickness of the formation. The
apparent resistivity value and thickness retrieved by the PSO
method are more accurate (Table.1). As can be seen from the
Figure 6(b) that the value of the objective function converges
quickly in the 12 iterations, and then gradually converges to
a small constant, which indicates that the PSO method has
completed the search for the optimal solution and has a good
convergence.
VOLUME 8, 2020
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TABLE 1. The table of inversion results of three-layer H type geoelectric
model.

TABLE 3. The table of inversion results of seven-layer KHKHA type
geoelectric model.

TABLE 2. The table of inversion results of four-layer KH type geoelectric
model.

FIGURE 8. The inversion result of seven-layer KHKHA type geoelectric
model.

FIGURE 7. The inversion result of four-layer KH type geoelectric model.

The four-layer KH type geoelectric model was established.
The resistivity and depth of each layer and the inversion
results are shown in Table.2. The PSO algorithm inversion
took 5.7 minutes. Figure 7(a) shows that the PSO method can
accurately reflect formation resistivity and thickness information. However, there is a large error between the ‘‘smoke
ring’’ imaging method and the true model. As can be seen
from the Figure 7(b) that the value of the objective function
converges quickly in the 8 iterations, and then gradually
converges to a small constant, which shows that the PSO
method is fast and efficient. It can be seen from Table.2 that
the PSO method has relatively large inversion errors for the
high resistance body of the second and fourth layers.
To further evaluate the performance of the PSO inversion
method proposed in this article, the seven-layer KHKHA
type geoelectric model was established. The resistivity and
depth of each layer and the inversion results are shown
in Table.3. The PSO algorithm inversion took 12.6 minutes.
It can be seen from Figure 8(a) that the PSO method can accurately reflect formation resistivity and thickness information.
When the number of layers of the inversion model increases,
the ‘‘smoke ring’’ fast imaging method can only distinguish
low-high-low-high trends, and the three layers of information
in the middle of the model cannot be distinguished. It can be
seen from Table.3 that the errors of the inversion results of
VOLUME 8, 2020

each other layer are larger except for the small error of the
first layer. This result shows that when the number of layers
of the inversion model increases, the error of the inversion
result increases.
VI. INVERSION EXAMPLE

Particle Swarm Optimization was applied to a TEM data
set collected by the FCTEM-60 system (Figure 9a) on a
survey from an Air-raid shelter on the campus of Chongqing
University, China. When it is very hot in summer, some
residents live in the air-raid shelter to enjoy the cool, and
there are laying electric wires, drinking water pipes, and other
metallic facilities. The purpose of this investigation is to test
the effectiveness of particle swarm optimization algorithms
in processing field data.
Figure 9(a) shows the experimental site, instrument and
equipment. Figure 9(b) shows the 3D perspective model.
It depicts the location of an iron water pipe and air-raid shelters, the direction of the measuring line. It contains 51 measuring points spaced 1 m apart. The water pipe is located 5 m
below point 47 and the air-raid shelter is located 10 m below
point 27. The following acquisition parameters were selected:
the diameter of the coil was 0.5m, the current was 50A,
the frequency was 16Hz, and the number of data iterations
was 200.
Figure 10(a) shows the measured signals. The data at each
point decaying to the same moment are plotted in the same
line. The measured data corresponding to the low resistance
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the results of the ‘‘smoke ring’’ fast imaging for the same data
set. In comparison, the PSO inversion method with a welldesigned starting model took about five minutes, while the
‘‘smoke ring’’ imaging took negligible time. From the results
shown in Figure 10(b) and Figure 10(c), at distance 27m and
47m, with depths between 10m and 5m, the PSO inversion
produces a high resolution and some more details than the
‘‘smoke ring’’ fast imaging. The shape and location of the
air-raid shelter and low-resistance water pipe are investigated
accurately obtained by the PSO method.
VII. CONCLUSION

FIGURE 9. FCTEM60-1 transient electromagnetic system (a) and 3D
schematic diagram of the experimental site (b).

FIGURE 10. The inversion results from the survey data in the air-raid
shelter of Chongqing University. (a) Measured signals; (b) The ‘‘smoke
ring’’ fast imaging; (c) Particle Swarm Optimization method.

anomaly of the air-raid shelter is shown in the dashed red box
A, and those to the low resistance anomaly of the water pipe is
shown in the dashed red box B. Figure 10(b) and Figure 10(c)
show inversion result from the survey data in the air-raid
shelter of Chongqing University. For comparison, we present
198314

The traditional algorithm for transient electromagnetic
method inversion employs ‘‘smoke ring’’ fast imaging, which
only reflects the approximate morphology of the stratigraphic
model and accuracy is low. Hence, we have presented the
particle swarm optimization algorithm for TEM inversion in
this article. We discussed the feasibility of applying particle
swarm optimization algorithm in transient electromagnetic
inversion and analyzed the influence of particle swarm optimization algorithm parameter selection on the accuracy of
the inversion result and the algorithm convergence speed. The
model tests with both theoretical and practical measurements
demonstrated that the designed PSO procedures and parameters offer a more robust solution to the earth structures than
the ‘‘smoke ring’’ fast imaging. In the end, it is concluded
that the PSO algorithm is an excellent algorithm that can
be used for transient electromagnetic data processing, and
has the characteristics of high efficiency and accuracy. The
research work provides new methods and techniques for data
processing and interpretation of the transient electromagnetic
method.
However, this method is currently only limited to onedimensional inversion research. For high-dimensional inversion such as two-dimensional or three-dimensional inversion,
the PSO algorithm is not yet practical. The main reason is
that the parameters (resistivity, thickness) carried by each
particle in the PSO algorithm will increase exponentially
with the total number of particles. If the number of modeling
layers or the total number of particles increases, the calculation speed of the algorithm will decrease. At present, there
have been many researches about designing efficient PSOs
for solving high-dimensional and large-scale optimization
problems and obtained promising results [43]–[46]. In addition, some new PSO variants have also been rapidly developed [47]–[51]. Therefore, how to further improving the
calculation speed of particle swarm optimization and solve
high-dimensional inversion problems is the goal of our future
research.
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