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S U M M A R Y
Passive interferometry technology is based on the relation between the reflection and the trans-
mission responses of the subsurface. The transmission response can be received at surface in
the presence of the ambient noise source in the subsurface with the cross-correlation (CC)
or multidimensional deconvolution methods. We investigate the feasibility of electromagnetic
(EM) wave passive interferometry with CC method. We design a 2-D finite-difference time
domain (FDTD) algorithm to simulate the long-duration ground penetrating radar (GPR) mea-
surements with random distribution of passive EM sources. The noise sources have random
duration time, waveform and spatial distribution. We test the FDTD GPR passive interferom-
etry code with above source characteristics and apply the method to light non-aqueous phase
liquid (LNAPL) monitoring. Based on the model simulation data, by using common midpoint
velocity analysis and normal move out correction to process the interferometry retrieve record,
we can accurately obtain the dynamic changing characteristics of the target’s permittivity. The
LNAPL dynamic leakage model can be imaged as well. The synthetic results demonstrate
that the GPR passive interferometry is feasible in subsurface LNAPL monitoring. Our work
provides a foundation for a passive interferometry field application using GPR.
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1 I N T RO D U C T I O N

In the field of exploration geophysics, the interferometry method
can be defined as the process of generating new data with the
cross-correlation (CC) or multidimensional deconvolution (MDD)
method from existing data. This possibility was first proposed by
Claerbout (1968). He showed that for layered acoustic media, the
1-D reflection response at the free surface can be obtained from
the autocorrelation of the observed passive transmission response
at the free surface. This idea was first tested in seismic exploration
field by Baskir & Weller (1975) and was named as ‘daylight imag-
ing’. Scherbaum (1987) applied the acoustic ‘daylight imaging’
technique to seismological data. During the recent years, much has
been published about seismic and electromagnetic interferometry
with CC method for passive noise and active source data (Draganov
et al. 2006; Liu & He 2007; Slob et al. 2007; Slob & Wapenaar
2007a, 2008a; Draganov et al. 2010). What the underlying theories
have in common is that the medium is assumed to be lossless and
reciprocal. The reason for this assumption is that the wave equation
in lossless media is invariant for time-reversal, which accelerates the
derivation (Wapenaar et al. 2008a). Snieder (2007) showed that in
a dissipating medium the Green’s function between two points can

be obtained by CC when uncorrelated noise sources exist through-
out the volume. For a medium in thermodynamic equilibrium the
fluctuation-dissipation theorem predicts that such noise is generated
in any dissipative medium (Rytov et al. 1989). Slob & Wapenaar
(2007b), Wapenaar et al. (2008b) and Slob (2009) developed in-
terferometry by cross-convolution and deconvolution methods for
dissipative media. It is applied not only to seismic, but also to elec-
tromagnetic waves in dissipative media. In our work, we ignore
the influence of media attenuation (small conductivity) and focus
on GPR passive interferometry with the CC method to retrieve the
signal and monitor target dynamic parameter in a lossless medium.

In traditional GPR detection, the background GPR signal is con-
sidered noise. Signal processing is used to reduce it to improve
the signal-to-noise ratio (SNR). Actually, there is much useful in-
formation in the background signal. The theory of interferometry
technology is carried out with the CC or MDD method to calculate
the signal record and retrieve the target response (Snieder et al.
2007). It can improve the SNR and extract some target signal in
complex environments, which the traditional method cannot obtain.

The interest in monitoring temporal changes using geophysical
techniques has increased because the changes provide us with target
dynamic information, for example, fluid flow, dielectric constant,

C© The Authors 2014. Published by Oxford University Press on behalf of The Royal Astronomical Society. 1919

 at D
elft U

niversity of T
echnology on M

arch 19, 2015
http://gji.oxfordjournals.org/

D
ow

nloaded from
 

mailto:chen1926@qq.com
http://gji.oxfordjournals.org/


1920 J. Li et al.

temperature, or stress (Kato et al. 2007). Estimation of tempo-
ral changes using active sources is technically and economically
challenging. The passive interferometry method is appropriate for
time-lapse monitoring because it can record for a long time without
the need of active sources. So, it could potentially contribute to
finding precursors and seismic velocity change of large earthquake
(Minato et al. 2012; Nakata 2013). de Ridder & Biondi (2013) used
ambient seismic noise for daily reservoir-scale subsurface monitor-
ing. Seismic explorations are also useful for monitoring the stability
of CO2 during carbon capture and storage. Draganov et al. (2012,
2013) applied the SI method to retrieve the non-physical arrivals
(ghosts) and to monitor layer-speciffic changes in the velocity and
intrinsic losses in the subsurface. Then, he also demonstrated that
the seismic reflection ghost, which is retrieved by SI can indeed
be used advantageously to monitor changes in the CO2 reservoir.
Xu et al. (2012) reconstructed the subsurface structure from ambi-
ent seismic noise with an example from Ketzin, Germany. In civil
engineering, estimation of time-lapse changes of structure strength
plays a critical role for evaluating the safety of structures (Farrar &
Worden 2007).

Light non-aqueous phase liquid (LNAPL), such as gasoline and
kerosene, whose density is lower than water and is immiscible
with water. At present, the main methods to detect and evaluate
LNAPL include electrical resistivity tomography (ERT), electro-
magnetic induction (EMI), GPR and some other methods (Lopes de
Castro & Gomes Castelo Branco 2003). In many cases, GPR is more
adequate for contaminated areas detection, where background elec-
tromagnetic noise strongly limits the application of other electric
and electromagnetic methods (Hwang et al. 2008; Glaser et al.
2012). However, it is still not routinely used because data acquisi-
tion is time-consuming. The time-lapse measurement mode is ex-
pensive and the information is still incomplete. Here, we introduce
the GPR passive interferometry method for target monitoring. First,
we design a finite-difference (FD) algorithm for the simulation of
long-duration passive source records with random noise signatures.
Then, we use the CC method to process and retrieve the target signal
from the raw data. Combined with the velocity analysis and normal
move out (NMO) correction, we can obtain the dynamic parame-
ter of permittivity, velocity and image target with high resolution.
Compared with other traditional geophysics monitoring methods,
GPR passive interferometry does not need active sources. What’s
more, it can obtain the characteristics of model parameter dynamic
change, such as the electric permittivity.

This paper is organized as follows. Section 2 introduces the basic
theory of passive interferometry using CC method. In Section 3,
the FDTD simulation with random noise sources is presented. In
Section 4, the data processing and parameter dynamic changes are
discussed. In Section 5, we provide a discussion and give conclusion
with ideas for future work.

2 E L E E C T RO M A G N E T I C
I N T E R F E RO M E T RY

2.1 EM interferometry by CC

In the electromagnetic case, the lossless medium is described by
dielectric permittivity ε and magnetic permeability μ. It is assumed
that the time dependence of the permittivity and the magnetic per-
meability can be incorporated in the electric and magnetic con-
ductivities, respectively. It is not always possible to have separate
recordings from the electrical current sources along ∂ D because of

the simultaneously acting noise sources. To overcome this problem,
alternatively one can assume the sources to be mutually uncorre-
lated with an equal power spectrum Ŝ(w). For simultaneously acting
sources, at the observation points xA and xB the recorded electric
fields will be:

Êobs
p (xA, w) =

∮
∂ D

Ĝ E,J e

p,i (xA, x, w)N̂i (x, w)d2x

Êobs
q (xB, w) =

∮
∂ D

Ĝ E,J e

q,i (xB, x ′, w)N̂ j (x
′, w)d2x ′, (1)

where ∂ D mean surface bounding the domain D, N̂i (x ′, w) and
N̂ j (x, w) represent the spectra of the electric source at x and
x ′, respectively, and x is a position vector in Cartesian coordi-
nates. Ĝ E,Je

p,q (xA, xB, w) represents the Green’s function for a sig-
nal of angular frequency w at receiver xA from a source at xB ,
Ĝ E,Je

q, j (xB, x, w) represents the Green’s function at receiver xB from
a source at x . Because the sources are assumed uncorrelated for any
i �= j and x �= x ′, it follows that

〈
N̂ ∗

i (x, w)N̂ j (x
′, w)

〉 = 2

cμ
δi jδ(x − x ′)Ŝ(w), (2)

where c = ( 1
εμ

)
1
2 is the propagation velocity, μ is the magnetic per-

meability. Using the above property, the correlation of the observed
electric fields at points xA and xB is:
〈
Êobs∗

p (xA, w)Êobs
q (xB, w)

〉

=
∮

∂ D

2

cμ

[
Ĝ E,Je

p,i (xA, x, w)
]∗

Ĝ E,Je
q,i (xB, x, w)Ŝ(w)d2x, (3)

where ∗ is the complex conjugation. The governing equation of SI
by the CC method is derived from two-way wavefield reciprocity
and the principle of time-reversal invariance (Wapenaar & Fokkema
2006). It is described in the space–frequency domain as:

2R
{

Ĝ E,Je
p,q (xA, xB, w)

}

= −
∮

∂ D

2

cμ

[
Ĝ E,Je

p,i (xA, x, w)
]∗

Ĝ E,Je
q,i (xB, x, w)d2x . (4)

Compared eqs (3) and (4), it can be written that:

2R
{

Ĝ E,Je
p,q (xA, xB, w)

}
Ŝ(w) ≈ −〈Êobs∗

p (xA, w)Êobs∗
q (xB, w)〉. (5)

It means that the CC of the observed electromagnetic data at
point xA and xB can retrieve the electromagnetic Green’s function
between these two points convolved with the power spectrum Ŝ(w).
These approximations result in the above equation refers mainly to
amplitude errors (Draganov 2007; Draganov et al. 2010). According
to this simple equation, the CC of the observed electromagnetic
noise at xA and xB yields the Green’s function from a source at xB to
a receiver at xA. Multiple sources are distributed along an arbitrarily
shaped, closed-surface ∂ D and integration along this boundary is
evaluated.

The two Green’s functions on the right-hand side of eq. (3) are
changed to observed fields Êobs∗ including the power spectrum Ŝ(w)
of the surface sources as:

Êobs
p (xA, x, w) = Ŝ(w)Ĝ(xA, x, w)

Êobs
q (xB, x, w) = Ŝ(w)Ĝ(xB, x, w). (6)

So, we can retrieve observed response that is convolved with the
autocorrelation of the source power spectrum. The Green’s function
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Simulation of GPR passive interferometry using CC method 1921

on the left-hand of eq. (5) is replaced by W, which represents Green’s
function multiplied by the power spectrum of the surface source:

2R
{
Wp,q (xA, xB, w)

}

=
∣∣∣Ŝ(w)

∣∣∣2
∮

∂ D

2

cμ

[
Ĝ E,Je

p, j (xA, x, w)
]∗

Ĝ E,Je
q, j (xB, x, w)d2x . (7)

The field of W (xA, x, w), which the source (x) to the receiver
(xA), can be retrieved from:

Wp,q (xA, x, w) ≈
N∑

k=1

Êobs
p

(
xA, x (k)

s , w
)
Êobs∗

q

(
x, x (k)

s , w
)
, (8)

where Êobs∗
q (x, x (k)

s , w) is the complex-conjugated wavefield ob-

served from the kth source, and Êobs
p (xA, x (k)

s , w) is the wave-field
at xA from the kth surface source.

3 M O D E L L I N G E X P E R I M E N T S

The modelling experiments in this section try to investigate how
retrieved reflections depend on different passive source configu-
rations. It also illustrates the capabilities of our finite difference
algorithm in GPR passive source interferometry simulation. In the
experiments, we use a population of random sources distributed in a
certain region. In GPR or other electromagnetic detection case, the
Earth’s surface is not a perfect reflector. This means that to retrieve
the refection response, one need to cross-correlate recordings from
sources below as well as above the observation points (Draganov
2007). The main characteristics of the passive noise sources are their
amount, their signature (maximum duration, maximum frequency
and waveform), which is random in temporal and spatial distribu-
tion. The random noise source is created by the Ricker wavelet
plus the random values with random function in each time point.
Then, this signal is truncated different end or start time to design
the source duration (Thorbecke & Draganov 2011). Fig. 1 illustrates

Figure 2. The test ladder model.

such a realization for example randomly distributed noise sources,
a maximum duration of 100 µs and a centre frequency of 300 MHz.

3.1 Influence of the number of passive sources and the
sources’ duration

The aim of the passive experiments is to study the influence of
passive noise sources on the retrieved reflection response. The char-
acteristics of the passive noise sources include: (1) the number of
sources; (2) the duration of the sources and (3) the spatial distri-
bution of the sources. We use the ladder model as shown in Fig. 2
with random sources distributed above and below the surface to test
the influence of the number of sources and the maximum source
duration. The white dots on the ground surface are the receiving
antennas. The total recording time is 150 µs. Fig. 3(a) shows the
first 50 ns of the recorded data from the total transmission record-
ing. First, at around 4 ns, the wave-field arrives from the sources in
the air. At below 10 ns, the wave-field from the subsurface sources
starts arriving. With the CC equation, by choosing a point along the
receiver gathering, extracting and correlating traces which lie at an

Figure 1. Random source signatures with varying source duration.
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Figure 3. (a) The first 50 ns from a transmission gather recorded of ran-
dom noise source, (b) the reference result with control source. Retrieved
results using different maximum noise source signature lengths: (c) 30 µs,
(d) 50 µs, (e) 80 µs, and (f) 150 µs.

equal distance from this point, one can retrieve a common-midpoint
(CMP) gather. In order to evaluate how well the signal can be re-
trieved with passive interferometry, we would like to compare the
results with the reference result, which is obtained by the traditional
active source GPR measurement.

Fig. 3(b) shows the reference active source recording result,
which is a shot record for a source position in the middle of the
model. Figs 3(c)–(f) show the retrieved result using the noise-
source signature duration varying from 30 to 150 µs each with
the same number of noise sources (50). The source locations have
a uniform random distribution in the subsurface. The comparison
of the retrieved reflection panels (Figs 3c–f) with the reflection re-
sponse from the active source (Fig. 3b) shows that the reflected wave
is not reproduced very accurately by the CC method. Indeed, the
CCs produce many strong artefacts that do not correspond to any

Figure 4. Interferometry results from a varying number of sources. The
sources have random positions in the model. The total number of the noise
sources is (a) 50; (b) 80; (c) 100 and (d) 200.

reflection. Nevertheless, we show that when the recording time in-
creases, keeping the number of sources the same, the reflected wave
is more accurately retrieved. The individual reflection events are
better reconstructed and undesired artefacts are attenuated. For ex-
ample, the comparison of Figs 3(c) and (f) shows that, when increas-
ing the time from 30 to 150 µs the layer reflection is more clearly
retrieved and the strong artefacts and multiple waves above it are
sensibly reduced. In addition, the near-offset responses (horizontal
direction ∼3–5 m in Figs 3c–f) are always better retrieved than
the far-offset responses (horizontal direction ∼0–3 m and 5–8 m)
because of the limited spatial distribution of the sources. In our
model, we set the noise source random distribution in the model.

With the same model above, we now discuss the impact of the
number of noise sources. The maximum duration is now kept con-
stant at 150 µs and we vary the number of the sources using 50,
80, 100 and 200 sources, respectively. Many short noise signatures
emitted by a number of closely situated sources will act as one long
noise signature emitted from one source. The long noise signature
can be thought of as consisting of bursts of short noise signa-
tures originating from the direct surroundings of the single source.
This would also mean that using longer passive measurements, data
from a larger number of passive sources is captured and a more
complete retrieval can be obtained. Figs 4(a)–(d) clearly show that
a larger number of noise sources give a higher resolution of the
retrieved reflections. For example, the comparison of Figs 4(a) and
(d) shows that, increasing the number of sources leads to signifi-
cantly better-retrieved reflections. However, we can also find that
there is no obvious improvement compared with further increasing
the number of sources to 100 and 200. According to Thorbecke &
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Table 1. The quantity evaluation parameter for the passive interferometry simulation result.

Recording time (µs) Signal-to-noise ratio (SNR) Covariance Number of source Signal-to-noise ratio (SNR) Covariance

30 54.7 3.91e4 50 61.9 3.79e4
50 60.2 3.78e4 80 62.4 3.78e4
80 61.2 3.75e4 100 65 3.73e4
150 65.5 3.65e4 200 67.1 3.68e4

reference 72.3 3.55e4 reference 72.3 3.55e4

Draganov (2011), there are mainly three possible explanations. The
source is placed in subsurface, which leads to strong artefacts and
multiple waves; the assumptions for smoothness of the medium
parameters around the boundary are violated and these should also
introduce artefacts; the dipole sources at the source locations cannot
be replaced by scaled monopole sources because the normal on the
surface does not coincide with the direction of the dipole source.

From Figs 3 and 4, we can evaluate the qualitative imaging result.
In order to get a more precise evaluation index, we compute SNR and
data covariance matrix for the abovementioned profile. The SNR can
reflect the power spectrum ratio of the target signal and background
noise in the image; it is a key parameter to evaluate image resolution.
Mean square error is a measurement of the degree of dispersion of
the mean value. Generally, the larger the mean square error is,
the greater the data dispersion; and the smaller the mean square
error is, the more stable the data. We can evaluate the result of the
image according to the mean square error indirectly. Table 1 lists
the quantitative evaluation of the retrieved result as a function of
the change in recording time and in the number of noise sources.
We have compared the SNR and data matrix covariance in different
recording time windows and different noise source dynamic source
interference imaging result. From the table, we can see that with
increasing the number of noise sources and extending the recording
time windows, the SNR has been improved greatly. Compared with
the active source reference, when the recording time window is
150 µs or when the number of noise sources exceeds 100, the
SNR is close to that of the reference data. The mean square error
values are achieved by normalizing all the data within the range of
[−10 000, 10 000]. From this, we can also reach the conclusion that
with increase the recording time window and the number of noise
sources the mean square error value is decreasing gradually, which
means that the data stability increases.

The above model test results demonstrate that longer duration
sources and a large number of sources give high-resolution reflec-
tion retrieval. The benefit of increasing the source duration and
number is visible as improved interferometric retrieval. In addi-
tion, the influence of sources duration is greater than that of source
number in passive interferometry.

4 A P P L I C AT I O N T O L NA P L M O D E L
M O N I T O R I N G

LNAPLs are hydrocarbons that exist as a separate immiscible phase
when in contact with water and which have densities less than that
of water (Cassidy 2007). There has been growing interest in detec-
tion of LNAPLs in the subsurface using non-invasive geophysical
methods in recent years (Liu et al. 2008; Zhu et al. 2010). GPR
has been proven its potential in detecting LNAPL contamination
(Steelman & Endres 2012). On the one hand, the dielectric constant
of LNAPL is about 2.2 and the conductivity is also very low. It
satisfies the requirement of GPR detection. Besides, the operating
frequencies (10–2000 MHz) give it the potential to detect LNAPL
and result in information on the thickness of contamination layer.

Figure 5. The five layer LNAPL monitoring model.

Traditional GPR uses time-lapse measurement mode, which cannot
be routinely used because data acquisition is time-consuming. Ac-
cording to the above model test, passive GPR interferometry can
obtain great result without active sources. It satisfies the dynamic
target monitoring. Here, we carry out the numerical simulation to
test the application of GPR with passive noise source in LNAPL
monitoring.

First, a 1-D-layered Earth is used to illustrate the LNAPL model
for practical applications. The model configuration is shown in
Fig. 5, where the electric permittivity and conductivity of a layered
half-space below the surface with four layers of finite thickness and
different parameter values are indicated in the layers. The magnetic
permeability of all layers in the model has the free space value.
The second thick layer (0.5 m) represents the dynamic LNAPL con-
tamination. We change the physical parameters according to the
complex refractive index method (CRIM) to describe the percent-
age composition of LNAPL contamination, water and soil (Roth
et al. 1990).

ε = [
θεa

l + (1 − ϕ)εa
s + (ϕ − θ )εa

w

] 1
a

σ = [
θσ a

l + (1 − ϕ)σ a
s + (ϕ − θ )σ a

w

] 1
a , (9)

where subscript εl , εs , εw and σl , σs , σw represents the permittivity
and conductivity of LNAPL, soil and water, θ is the volume content
of LNAPL, ϕ is the porosity of soil. Typical soil porosity values
for the measurement sites considered in this thesis range between
0.3 and 0.5, depending on perpendicular or parallel orientation of
the electrical field with respect to a layered medium. Assuming
isotropic media allows to set a = 0.5.

The dynamic change percentage of LNAPL contaminate area
content is 20, 30, 40 and 50 per cent, respectively. The permittivity
and conductivity of soil is 4 and 0.01 S m–1. That of LNAPL is 2.2
and 10−6 S m–1, while that of water is 81 and 0.05 S m–1 at 20 ◦C.
The bulk permittivity and conductivity parameters of the LNAPL
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Table 2. The bulk permittivity and conductivity of LNAPL layer.

Model LNAPL content Air content Bulk permittivity Bulk conductivity

Model 1 0.5 0.0 3.03 0.0075
Model 2 0.4 0.1 6.2 0.0075
Model 3 0.3 0.2 10.5 0.0075
Model 4 0.2 0.3 15.9 0.0076

Figure 6. The dynamic velocity spectrum of the LNAPL thin layer in Table 1 (a: Model 1, b: Model 2; c: Model 3; d: Model 4).

Table 3. The result of LNAPL thin layer velocity analysis.

Model Traveltime (ns) Layer velocity (m ns–1) Real permittivity Estimate permittivity

Model 1 0.62 1.608 3.03 3.48
Model 2 0.85 1.178 6.2 6.479
Model 3 1.04 0.96 10.5 9.68
Model 4 1.32 0.76 15.9 15.67

model with different percentage content are shown in Table 2. We
can see that the mixed permittivity is changed from 3.03 to 15.9
according to the different of LNAPL contaminated area. The dif-
ferent permittivity can reflect the effect on propagation velocity or
reflectivity.

There are 80 receiver antennae, represented by the dots, at the
Earth’s surface from horizontal distance 1 m until 9 m, with spacing
of 10 cm. The receiver antennae record the signal from two source
antenna arrays, one of which is in the subsurface and another one
in the air above the receivers. Each source array consists of 151
randomly distributed antennae. The sources are mutually uncorre-
lated, and emit simultaneously for 120 µs. A technique for obtaining
information about the vertical profile from surface GPR measure-
ments utilizes the velocity analysis of the offset distance–traveltime
relationship for subsurface reflection events in CMP data. The re-
sults of velocity analysis and NMO correction are subsequently
used to determine the layer velocities and image the target shape in
the subsurface. It has been originally developed for application to
seismic reflection data in the literature (Steelman & Endres 2012).
Recently, their application to GPR data for obtaining subsurface
EM wave velocity information has been examined (Yilmaz 2001;
Booth et al. 2010). To address this point, we have undertaken the

passive interferometry data to examine the use of velocity analysis
and NMO correction applied to CMP data for monitoring LNAPL
layer variations.

4.1 Velocity estimate and NMO correction

In the GPR velocity estimation, we usually assume the medium is
homogeneous and the reflection interface is horizontal. The GPR
signal at different antenna offsets is reffiected from the same point
and the two-way traveltime of the reflected signal is a hyperbolic
function of the antenna offset x, as given by the following equation
(Liu et al. 2014).

t(x) = 2
√

(x/2)2 + d2

v
, (10)

where t is the traveltime of the transmitted signal, v is the electro-
magnetic velocity in the medium and d is the depth to the subsurface
interface. The two-way traveltime is related to the zero-offset trav-
eltime, as expressed by the following equation:

ti (τ, v) =
√

τ 2 + x2
i

/
v2, (11)
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Figure 7. The horizontal stack profile of dynamic change thin layer LNAPL (Table 1) with passive interferometry monitoring: (a) Model 1; (b) Model 2;
(c) Model 3 and (d) Model 4.

where is the ith antenna offset, τ is the two way vertical zero-offset
traveltime of the reflected signal and it is related to the depth to the
reflecting interface as given by

d = vτ. (12)

In the velocity spectrum, we can pick the stacking velocity. It can
be approximated as the rms velocity. Then, the interval velocity in
each layer can be calculated by the following Dix equation.

V 2
N = tN v2

N − tN−1v
2
N−1

tN − tN−1
, (13)

where VN is the interval velocity (m s–1); vN and tN are the rms
velocity and traveltime up to the bottom of layer N; vN−1 and tN−1

are the rms velocity and traveltime up to the bottom of layer N – 1.
The rms velocity can be written as:

v2
N =

N∑
n=1

tnυ
2
n/t, (14)

where vN and t are the rms velocity and traveltime between the
surface and the base of layer N; tn and υn are the vertical one-way

traveltime and propagation velocity in layer n. With knowledge of
the traveltimes or arrival times at different antenna offsets, we can
estimate the different layer velocities by regression. The electric
permittivity defines the propagation velocity of electromagnetic
waves as relative magnetic permeability is about 1,

v = c√
μrεr

, (15)

where c is the EM velocity in free space (0.2998 m ns–1). εr is the
estimated permittivity.

NMO correction compensates the effect of the offset between
transmitter and receiver antennae. It converts the data acquired by
the actual bistatic antenna system into that by the virtual monostatic
one. Therefore, the traveltime is non-linearly related to the reflector
depth d. If we know or assume the velocity, we can easily account for
the effect of antenna offset x, in other words make x zero, and then
traveltime is converted to the reflector depth. Fig. 6 shows the ve-
locity spectrum of the interferometric data with the above dynamic
change thin LNAPL layer model. From the velocity spectrum we
can extract the velocity and thickness of each layer. It almost fully
agrees with the model parameters given in Fig. 5. In addition, we
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Figure 8. The dynamic LNAPL leakage model for passive interferometry GPR monitoring: (a) without LNAPL; (b) only residual phase; (c) including the
residual phase and dissolve phase and (d) only the dissolve phase.

also calculate the dynamic parameter of the LNAPL layer, shown
in Table 3, and compare the results with the model parameters. We
use the same source number and recording time in the above four
model simulation experiments. The estimated relative permittivity
is almost in agreement with the real value. The maximum error is
about 14 per cent. Meantime, with the NMO correction method, we
can also obtain the horizontal stacked section. It reflects the layer
interface accurately as can be seen in Fig. 7. Moreover, the dynamic
change of the thin LNAPL layer is also imaged from the result.

The following second model is the typical LNAPL contamination
leakage. The model size is 20 m long and 12 m deep. There are 85
receiver antennae at the Earth’s surface from horizontal distance
2–19 m, with spacing of 20 cm. The random source consists of
151 antennae with random distribution. The noise source recording
time is about 150 µs. The LNAPL contamination leakage includes
residual phase and dissolved phase and is located on the interface.
It is floating on the water level with lower density than that of water.
The dissolved phase will migrate into water-bearing stratum and
pollute the groundwater. Figs 8(a)–(d) shows the models of dynamic
migration of LNAPL contamination. The model includes vadose
sand, saturated sand and clay layer. With the same parameters in the
previous model, we use passive GPR interferometry to monitor the
model response. After processing with CC interferometry followed
by NMO correction, we can obtain the horizontal stacked section
of the LNAPL leakage model. From the profile we can obviously
image the dynamic migration of the LNAPL contamination. For
example, Fig. 9(a) only reflects the interface of vadose sand and
saturated sand clearly. Figs 9(b)–(d) can image the dynamic change
of residual phase and dissolved phase. The shape and position are

almost in agreement with the model. It demonstrates that passive
GPR interferometry has the feasibility of target monitoring.

5 C O N C LU S I O N S

In this paper, we design a FD time domain modelling code to simu-
late the dependence of the retrieved reflection response by passive
GPR interferometry of noise sources present in the air and sub-
surface. First, we analyse the basic equation of interferometry by
the CC method. The retrieved results from the simulation data with
the CC methods agree well with the data from a traditional GPR
reflection survey. To retrieve the reflection response from natural
noise sources, the cross-correlated transmission observations re-
quire very long recording times. The test result demonstrates that
the longer the recorded noise and the larger the number of noise
sources, the better the retrieved reflection responses are and higher
target resolution is achieved. Based on the advantage of passive
interferometry without active sources, we apply it to LNAPL model
monitoring and use velocity analysis and NMO correction to ex-
tract the dynamic parameter and image the target dynamic shape.
We can accurately obtain the dielectric permittivity, EM velocity
and the dynamic change characteristics of LNAPL model. It indi-
cates that the passive GPR interferometry is feasible for retrieving
target response signals without using active sources to monitor the
LNAPL or other subsurface targets. However, the existing practical
commercial GPR measurement system cannot carry out the passive
source collection mode. Our work has to focus on the model simula-
tion and data processing method. It provides an idea and foundation
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Figure 9. The horizontal stack profile of the dynamic LNAPL leakage passive interferometry monitoring: (a) without LNAPL; (b) only residual phase;
(c) including the residual phase and dissolve phase and (d) only the dissolve phase.

for field application of passive GPR interferometry. With the devel-
opment of GPR systems, passive interferometry could have wide
application in GPR and other electromagnetic detection methods.
We will continue our study in this field on 3-D model simulation
and MDD method in GPR passive interferometry.
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